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Genetic and Evolutionary Computation
for | b . | Analvsi

Stefano Cagnoni, Evelyne Lutton, and Gustavo Olague

1.1. What s this book about?

After a long incubation in academia and in very specialized industrial environ-
ments, in the last ten to fifteen years research and development of image processing
and computer vision applications have become mainstream industrial activities.
Apart from the entertainment industry, where video games and special effects for
movies are a billionaire business, in most production environments automated
visual inspection tools have a relevant role in optimizing cost and quality of the
production chain as well.

However, such pervasiveness of image processing and computer vision appli-
cations in the real world does not mean that solutions to all possible problems
in those fields are available at all. Designing a computer application to whatever
field implies solving a number of problems, mostly deriving from the variability
which typically characterizes instances of the same real-world problem. Whenever
the description of a problem is dimensionally large, having one or more of its
attributes out of the “normality” range becomes almost inevitable. Real-world ap-
plications therefore usually have to deal with high-dimensional data, characterized
by a high degree of uncertainty. In response to this, real-world applications need
to be complex enough to be able to deal with large datasets, while also being robust
enough to deal with data variability. This is particularly true for image processing
and computer vision applications.

A rather wide range of well-established and well-explored image processing
and computer vision tools is actually available, which provides effective solutions
to rather specific problems in limited domains, such as industrial inspection in
controlled environments. However, even for those problems, the design and tun-
ing of image processing or computer vision systems is still a rather lengthy pro-
cess, which goes through empirical trial-and-error stages, and whose effectiveness
is mostly based on the skills and experience of the designer in the specific field of
application. The situation is made even worse by the number of parameters which
typically need to be tuned to optimize the performance of a vision system.
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The techniques which are comprised under the term “soft computing”
(namely, neural networks, genetic and evolutionary computation, fuzzy logic, and
probabilistic networks) provide effective tools which deal specifically with the
aforementioned problems. In this book, we focus on genetic and evolutionary
computation (GEC) and try to offer a comprehensive view of how the techniques it
encompasses can solve some of the problems which have to be tackled in designing
image processing and computer vision applications to real-world problems.

In the rest of this chapter, we will offer a brief overview of the contents of
the book. First, we will provide a quick introduction to the main EC paradigms,
in order to allow subsequent chapters to concentrate more specifically on the de-
scription of each application and on the peculiarities of the approach they describe
rather than on the basic approaches. Then, we will illustrate how the book, which
does not necessarily require sequential reading, has been organized, to make it
easier for readers to navigate through it and to find the topics which are more
interesting to them.

1.2. When and how can genetic and evolutionary computation help?

From the point of view of artificial intelligence (AI), which focuses on mimicking
the high-level “intelligent” processes which characterize living beings, genetic and
evolutionary computation, as the other soft computing paradigms, is a way to pro-
vide computers with natural skills (self-improvement, learning, generalization, ro-
bustness to variability, adaptivity, etc.) based on nature-inspired paradigms. This
point of view might seem too utopian to many, who might look upon natural pro-
cesses, and even more on their imitation, as ill-defined and hardly deterministic
process, which could be only partially kept under control by their users. However,
things might look more convincing to a more down-to-earth audience, even if
much less “romantic” and fascinating to others, if we turn to a more “mathemat-
ical” point of view stating that evolutionary computation comprises a wide set of
powerful search and optimization methods, loosely inspired by the evolutionary
processes which can be observed in nature. A third, intermediate, and very prac-
tical point of view, which is the one by which this book is addressing the topic, is
an “engineering” point of view: GEC provides designers with a useful set of tools,
inspired by natural evolution, which can help designing or refining the design of
solutions to hard real-world problems.

Several factors are involved in the design of good solution to practical projects;
the most important of which is definitely having extended “a priori” knowledge on
the domain of interest. If one had full knowledge about the domain of interest, de-
signing a solution would “just” require that the laws regulating its phenomenon
be modeled in some manageable way. However, this is virtually never the case. As
measurement theory teaches us, even the most indirect interaction with a phe-
nomenon we are measuring is somehow able to alter the measure we are making.
Therefore, having full knowledge of a problem domain means at least taking into
account such perturbations. However, in general, the problem is by far more com-
plicated. The representation we adopt is almost inevitably incomplete, as what we
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actually observe derives from the overlap of several other concurrent events, most
of which are unknown or unpredictable, with the phenomenon with which we are
dealing. To make things worse, many problems do not allow for precise mathe-
matical models to be defined, but they can be described only through extremely
general concepts, whose instances are characterized by high variability.

In such situations (virtually always), there is no hope of finding a solution
which will be equally good for all instances of the problem. Therefore, the actual
skill of a designer is to find a good compromise which will be “good enough” in
all or in most situations. This means being able to find the best solution, not only
based on knowledge of the problem, but also relying on experimental clues which
can be derived from observations, for the part of the problem for which knowledge
is too limited or unavailable. These are typically skills that humans possess, at least
as far as the domain of the problem is of limited extension, or subject to possible
partial simplifications based (again) on knowledge.

When this is not the case, or when a nonexpert is facing such problems, the
so-called meta-heuristics can provide effective help. Such a term refers to search
methods which operate at a higher level of abstraction with respect to the prob-
lem under consideration, and can therefore be applied to a variety of tasks with-
out requiring explicit knowledge (or requiring very limited knowledge) about the
problem domain. Most often, these methods fit a general model to a dataset which
describes the problem, by minimizing an error function or maximizing some score
related to the quality of the solution they are searching, based on the performance
of candidate solutions on a set of instances of the problem to be solved. This can
be interpreted as “inductive learning,” if one feels more comfortable with the Al
point of view, or as “function optimization,” if one prefers to use a more math-
ematical point of view. Among meta-heuristics, GEC techniques have attracted
growing interest from several scientific communities. There are several reasons for
that interest, which would require a ponderous book to be discussed extensively. In
this section, we will just give a very general justification, which, however, is already
by itself a good reason to approach such techniques.

In exploring a search space, that is, the domain of a function for which we
are seeking some “interesting” points, such as the global maximum or minimum,
there are two “extreme” strategies which can be adopted: blind/random search and
greedy search. In the former, one explores the search space by randomly moving
from one point to another relying just on luck. In the latter, one moves to the
best point, which is accessible from the last visited one. In fact, resorting to some
search method implies that we can only have knowledge about a limited portion of
the search space at one time, which is typically a neighborhood of the last visited
point. In random search, therefore, no sort of domain knowledge is exploited,
and the space is just “explored,” while in greedy search, search is exclusively based
on the exploitation of some, previously acquired or presently accessible (local)
knowledge. For this reason, the problem of devising a good search strategy is often
referred to as the “exploitation versus exploration dilemma.”

On the one hand, random search is the only way of exploring domains in
which randomness is dominating and no assumptions can be made on the location
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of good points based on local information. On the other hand, as soon as the
search domain presents some regularities, exploiting local information can be cru-
cial for success.

As will be shown in the next section, in which the main GEC paradigms
will be described, each of these has both exploration (random) and exploitation
(knowledge-based) components, associated to specific user-defined parameters
which the user can set. This makes GEC paradigms particularly flexible, as they
allow users to balance exploitation and exploration as needed.' This translates
into highly effective and efficient searches by which good solutions can be found
quickly.

The paradigms covered in the next sections are a nonexhaustive sample of
GEC techniques, but wide enough to let the reader understand their basic princi-
ples and the algorithm variants which have been sometimes used by the authors of
the following chapters.

1.3. A quick overview of genetic and evolutionary
computation paradigms

The transposition into computers of the famous Darwin’s theory consists of
roughly imitating with programs the capability of a population of living organ-
isms to adapt to its environment with selection/reproduction mechanisms. In the
last forty years, various stochastic optimization methods have been based on this
principle. Artificial Darwinism or evolutionary algorithms is a common name for
these techniques, among which the reader may be more familiar with genetic algo-
rithms, evolution strategies, or genetic programming.

The common components of these techniques are populations (that represent
sample points of a search space) that evolve under the action of stochastic oper-
ators. Evolution is usually organized into generations and copies in a very simple
way the natural genetics. The engine of this evolution is made of

(i) selection, linked to a measurement of the quality of an individual with
respect to the problem to be solved,

(ii) genetic operators, usually mutation and crossover or recombination, that
produce individuals of a new generation.

The efficiency of an evolutionary algorithm strongly depends on the param-
eter setting: successive populations (generations) have to converge toward what
is wished, that is, most often the global optimum of a performance function. A
large part of theoretical research on evolutionary algorithms is devoted to this
delicate problem of convergence, as well as to trying to figure out what prob-
lem is easy or difficult for an evolutionary algorithm. Theoretical answers exist;
these algorithms converge [2, 12, 26, 40, 55]; but other important practical ques-
tions, like convergence speed, remain open. One can therefore say that the inter-
est into evolutionary techniques is reasonably funded theoretically, which justifies
forty years of successful experimental developments.

1On the actual meaning of “as needed” in the case of genetic and evolutionary search, much can
be debated, but let us keep our discussion as general as possible.
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Moreover, evolutionary techniques are zero-order stochastic optimization
methods, that is, no continuity nor derivability properties are needed: the only in-
formation which is required is the value of the function to be optimized at the sam-
ple points (sometimes, even an approximation can be used). These methods are
thus particularly adapted to very irregular, complex, or badly conditioned func-
tions. Their computation time, however, can be long.

Evolutionary techniques are usually recommended when other more classical
and rapid methods fail (for very large search spaces, mixed variables, when there
are many local optima, or when functions are too irregular). Other problems, like
dynamic or interactive problems, can also be addressed with evolutionary algo-
rithms; and finally, these methods can be successfully hybridized with classical op-
timization methods (e.g., gradient descent, tabu search).

Despite the attractive simplicity of an evolutionary process, building an effi-
cient evolutionary algorithm is a difficult task, as an evolutionary stochastic pro-
cess is very sensitive to parameter and algorithm setting. The elaboration of an
efficient evolutionary algorithm is based on a good knowledge of the problem to
be solved, as well as on a good understanding of the evolution mechanisms. A
“black box” approach is definitely not recommended.

Industrial “success-stories” are numerous and various,? also in the domain of
image analysis and robot vision.

1.4. Basic concepts of artificial evolution

Evolutionary algorithms have borrowed (and considerably simplified!) some prin-
ciples of natural genetics. We thus talk about individuals that represent solutions
or points of a search space, also called environment. On this environment, a maxi-
mum of a fitness function or evaluation function is then searched.

Individuals are usually represented as codes (real, binary, of fixed or vari-
able size, simple or complex), they are chromosomes or genomes, that is, genotypes.
The corresponding solutions (i.e., the vectors of the search space) are phenotypes.
An evolutionary algorithm evolves its population in a way that makes individuals
more and more adapted to the environment. In other terms, the fitness function is
maximized.

What is described below is a basic canvas; a “canonic” evolutionary algorithm.
Real-life applications are of course much more complex, with the main problem
being to adapt, or even create, operators that correspond to the problem at hand.

1.4.1. The evolution loop

The first element is a generation loop of populations of individuals, with each
individual corresponding to a potential solution to the considered problem (see
Figure 1.1 and [17, 5, 11, 16, 38]).

%See [17, pages 126-129] for examples of applications developed before 1989, and on http://
evonet.lri.fr or [1, 10, 21, 29, 43, 54] for more recent applications.
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Initialization

Extraction of the population
of the solutionk\

Parents

Crossover
mutation

Offspring

FiGure 1.1. Organigram of a simple evolutionary algorithm.

Initialization is usually random (other strategies are sometimes used, partic-
ularly in complex or high-dimensional search spaces). Initial solutions (obtained,
e.g., using a classical optimization technique) can also be integrated into the ini-
tial population. If the initial population content has theoretically no importance
(the limit distribution of such a stochastic process is always the same), it is no-
ticed experimentally that initialization has a big influence on variance of the results
and speed of convergence. It is often very efficient to inject “a priori” information
about the problem at the initialization stage.

Selection decides which individuals of the current population are going to
reproduce. It is based on the notion of “quality” of an individual, embedded in the
fitness function.

The main parameter of selection is the selective pressure, usually defined as
the quotient of the probability of selecting the best individual over the probability
of selecting an average individual. The selective pressure has a strong influence
on the genetic diversity of the population, and consequently on the efficiency of
the whole algorithm. For instance, an excessive selection pressure may produce a
rapid concentration of the population in the vicinity of its best individuals, with a
risk of premature convergence toward a local optimum.

The simplest selection is the proportional selection, implemented with a biased
random shot, where the probability of selecting an individual is directly propor-
tional to its fitness value:

fitness(7)

P(i) = : .
( iiﬁsme ﬁtness(k))

(1.1)

This scheme does not allow to control the selective pressure. Other—and more
efficient—selection schemes are, for example,

(i) scaling, that linearly scales the fitness function at each generation in or-
der to get a maximal fitness that is C times the average fitness of the
current population. C measures the selective pressure, usually fixed be-
tween 1.2 and 2 [17];
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(ii) ranking, that allocates to each individual a probability that is propor-
tional to its rank in a sorted list according to fitness;

(iii) fournament, that randomly selects T individuals in the population (in-
dependently to their fitness values) and chooses the best. The selective
pressure is linked to the size T' of the tournament.

Reproduction generates offspring. In the canonic scheme “a la Goldberg”
[17], 2 parents produce 2 children; a number of parents equal to the desired num-
ber of offspring is thus selected. Of course, many other less-conventional schemes
can be programmed (2 parents for 1 child, n parents for p children, etc.).

The two main variation operators are crossover, or recombination, that recom-
bines genes of parents, and mutation, that slightly perturbs the genome. These op-
erations are randomly applied, based on two parameters: crossover probability p.
and mutation probability p,,.

Intuitively, selection and crossover tend to concentrate the population near
“good” individuals (information exploitation). On the contrary, mutation limits
the attraction of the best individuals in order to let the population explore other
areas of the search space.

Evaluation computes (or estimates) the quality of new individuals. This oper-
ator is the only one that uses the function to be optimized. No hypothesis is made
on this function, except for the fact that it must be used to define a probability or
at least a rank for each solution.

Replacement controls the composition of generation n + 1. Elitism is often
recommended for optimization tasks in order to keep the best individuals from a
population into the next one. Usual strategies directly transmit a given percentage
of the best individual in the next population (e.g., generation gap of [27]). Evolu-
tion strategies (4,4) and (4 + 1) [4, 22, 23] produce A offspring of a population of

« »

p individuals. The “,” strategy controls elitism via the difference 4 — A (the p — A
best individuals are kept and completed by A offspring), while the “+” strategy is
more adaptive: from an intermediate population of size 4 + A, made of the current
population of size y and A offspring, the y best individuals are selected for the next

generation.

In the case of parallel implementations, it is sometimes useful to use another
scheme instead of the one based on generations: the steady state scheme adds di-
rectly each new individual in the current population via a replacement operator
(reverse selection) that replaces bad individuals of the current population by new
ones.

Stopping the evolution process at the right moment is crucial from a prac-
tical viewpoint; but if little or no information is available about the value of the
searched optimum, it is difficult to know when to stop. A usual strategy is to stop
evolution after a fixed number of generations, or when stagnation occurs. It is also
possible to test the dispersion of the population. A good control of the stopping
criterion obviously influences the efficiency of the algorithm, and is as important
as a good setting of evolution parameters (population size, crossover and mutation
probabilities, selective pressure, replacement percentage, etc.).
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Parents Offspring
1 ——
1 point crossover RN
2 1 ] [
Parents Offspring
1 e———
2 points crossover RN
20 ]
Parents Offspring
1 — [ —
Uniform crossover —
2 C——————— [ — i u

FIGURE 1.2. Binary crossover.

An evolutionary algorithm (EA) is a partially blind search algorithm, whose
blind/random component has to be cleverly tuned, as a function of what is known
as “a priori” about the problem to be solved: too much randomness is time con-
suming, and too little may let the process be blocked in a local optimum.

1.4.2. Representations and operators

Genetic operators directly depend on the choice of the representation, which, for
example, makes the difference between genetic algorithms, evolution strategies,
genetic programming, and grammatical evolution. We quickly present below the
most usual representations, operators, selection and replacement schemes. Many
other schemes for nonstandard search spaces can be found in the literature as for
instance, list or graph spaces.

1.4.2.1. Discrete representation

Genetic Algorithms are based on the use of a binary representation of solutions,
extended later to discrete representations.’

Each individual of the population is represented by a fixed-size string, with
the characters (genes) being chosen from a finite alphabet. This representation is
obviously suitable for discrete combinatorial problems, but continuous problems
can be addressed this way thanks to a sampling of the search space. In this case, the
sampling precision (related to the chromosome length) is an important parameter
of the method [34].

The most classical crossover operators used in optimization tasks are
described in Figure 1.2. The one-point crossover randomly chooses a position on
the chromosome and then exchanges chain parts around this point. The two-point
crossover also exchanges portions of chromosomes, but selects two points for the
exchange. Finally, the uniform crossover is a multipoint generalization of the previ-
ous one: each gene of an offspring is randomly chosen between the parents’ genes

3Even if there exists now real encoded genetic algorithms, the discrete encoding is the historical
characteristic of the “genetic algorithms trend.”
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Parent Offspring
[010011010011101001111011110] E— l01001I010011101001111011110

FIGure 1.3. Binary mutation.

at the same position. Other specialized crossovers exist, like in the case of travelling
salesman problems or scheduling problems, which take into account the specific
structure of the gene encoding.

The classical binary mutation flips each bit of the chromosome with a prob-
ability p,, (see Figure 1.3). The mutation probability p,, is usually very low and
constant along the evolution, but some schemes exist where the mutation proba-
bility decreases along generations.*

1.4.2.2. Continuous representation

The continuous representation, or real representation, is historically related to
evolution strategies. This approach performs a search in R” or in a part of it. The
associated genetic operators are either extensions to continuous space of discrete
operators, or directly continuous operators.

The discrete crossover is a mixing of real genes of a chromosome, without
change of their content. The previous binary crossover operators (one point, two
points, uniform) can thus be adapted in a straightforward manner.

The benefit of continuous representation is surely better exploited with spe-
cialized operators, that is, continuous crossover that mixes more intimately the
components of the parents vectors to produce new individuals. The barycentric
crossover, also called arithmetic, produces an offspring x” from a couple (x, y) of
R" thanks to a uniform random shot of a constant « in [0,1] (or [—€,1 + €] for
the BLX-€ crossover) such that

Viel,...,n, x;=ax;+(1—-a)y. (1.2)

The constant « can be chosen once for all coordinates of x’, or independently for
each coordinate.

The generalization to a crossover of more than 2 parents, or even the entire
population set (“global” crossover) is straightforward [45].

Many mutation operators have been proposed for the real representation. The
most classical is the Gaussian mutation, that adds a Gaussian noise to the compo-
nents of the individual. It requires that an additional parameter, o, the standard
deviation of the noise, be tuned:

Viel,...,n, x;=uxi+N(0,0). (1.3)

“It has been theoretically proved that a mutation-only genetic algorithm converges towards the
global optimum of the search space only if p,, decreases according to a logarithmic rate [12].
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Figure 1.4. Example of a tree representation of the function ((cos(x) + 2 * y) * (1 +x)).

Tuning o is relatively complex (too small, it slows down evolution; too large, it
affects negatively the convergence of the algorithm). Various strategies that make
o vary along evolution have been tested: ¢ as a function of time or fitness value, as
a function of the direction of search (anisotropic mutations), or even self-adaptive
(i.e., with o being considered an additional parameter, i.e., evolved by the algo-
rithm). Other studies have been performed on the use of non-Gaussian noise.

1.4.2.3. Trees representations

Genetic programming (GP) corresponds to a representation of variable-length
structures as trees. GP has been initially designed to handle LISP programs [29], in
order to create programs able to solve problems for which they were not explicitly
programmed. The richness and versatility of the variable-size tree representation
(see Figure 1.4) are at the origin of the success of GP. Many optimization, com-
mand or control problems can be formulated as a program induction problem.
Recently in the computer vision domain, genetic programming has been shown to
achieve human competitive results [53].

A GP algorithm explores a search space of recursive programs made of ele-
ments of a function set, of a variable set, and of a terminal set (data, constants).’
Individuals of the population are programs that, when executed, produce the so-
lution to the problem at hand.

Crossovers are often subtree exchanges. Mutations are more complex, and
several mutations have to be used, producing different types of perturbations on
the genome structure: suppression/addition of a node, modification of the content
of a node, mutation of the constants (continuous values), and mutation of discrete
variables.

Applications of genetic programming are numerous, for example, in optimal
control, in trajectory and action planning in robotics, or in symbolic regression
(search for a mathematical formula that approximates a finite set of samples).

°A current problem of GP is the so-called bloat, that is, the saturation of the memory space due to
a disproportionate growth of the trees sizes along evolution. A good way to avoid this effect is to limit
genome sizes [32, 48].
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1.5. Doing more than optimization

Evolving a population on a search space according to the previous principles allows
not only to localize the global optimum of a complex function (theoretical proofs
exist, see [2, 12, 26, 40, 55]), but also to gain more information on the function
and its search space.

For instance, if the function to be optimized is multimodal, slight modifica-
tions of the evolution loop allow to make the population converge into subpop-
ulations localized on “niches” corresponding to each optimum. These methods
control the diversity of the population, or implement a resource-sharing mech-
anism between neighbor individuals [17, 18] to favor the emergence of distinct
species. The definition of an interchromosomes distance is then necessary.

It is also possible to consider a problem as a collective learning task, with the
searched solution being built from the whole set of individuals of an evolved pop-
ulation, and not only from its single best individual. The most famous techniques
of this type are classifier systems [7], the Parisian approach [9, 41], cooperative
coevolution [42], and techniques based on social insect colonies, like ant colony
algorithms (ACO) [13, 14].

The Parisian approach has, for example, produced applications in text re-
trieval [30, 31], in art and design [8, 15], or even real-time applications (stereo
vision using the “fly algorithm” [36]), which is noticeable for algorithms that have
the reputation of being big CPU time consumers!

Moreover, in some applications, the precise identification of quantities to be
optimized is sometimes difficult, especially in cases where there exist several judg-
ment criteria, possibly contradictory (e.g., maximize the resistance of a mechan-
ical part, while minimizing its weight and its cost). These optimizations are even
more complex to handle if there is no way of estimating the relative importance of
each criterion. One thus consider multicriterion optimization, without giving any
priority to the various criteria. The solution to a multicriterion problem is thus
a set, the Pareto front, of optimal compromises. The idea of using evolutionary
techniques to find the Pareto front of a multicriterion problem is quite natural,
and based on a small modification of the classical evolutionary scheme. More pre-
cisely, the selection operator is adapted in order to push the population toward the
Pareto front, while maintaining diversity to provide a good sampling of the front.
Once again, diversity control is a key point. A comparative study of evolutionary
methods for multicriteria optimization can be found in [56].

Finally, if what we wish to optimize is not measurable with a mathematical
function or a computer procedure (e.g., the simple notion of “being satisfied”),
one has to put a human in the evolutionary loop, that is, consider interactive evo-
lutionary algorithms. The first studies in this domain [3, 46, 47, 51] were oriented
toward artistic design (e.g., numerical images or 3D shapes synthesis). Much work
concerns now various application domains, where quantities to be optimized are
linked to subjective rating (visual or auditive). Characteristic work are, for in-
stance, [50] for adapting hearing aids, [28] for the control of robot arm to pro-
vide smooth and human-like movements, or [39] for the design of HTML pages.
A review of this broad topic can be found in [49] or in [44].
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1.6. Contents

In this section, we briefly introduce the contents of the book, according to the
logical subdivision of the volume into three main sections, which are dedicated to
low-level, midlevel, and high-level visions, respectively.

1.6.1. Low-level vision

Early stages of image processing—Ilow-level vision tasks—have been largely in-
vestigated for many years. Typical tasks are image filtering, smoothing, enhance-
ment or denoising, lightness computation, edge and singular point detection, re-
sampling, quantization, and compression. Low-level processing usually takes into
account close neighborhood relations in images, morphologic properties, or even
3D geometry (including problems of camera distortion and partial occlusion).

This topic remains, however, a source of challenging problems, as the quality
of outputs is crucial for the whole computer vision chain. Sophisticated mathe-
matical theories and statistical methods have been developed in recent years, that
are a source of complex optimization problems. Additionally, new constraints for
embedded, real-time computer vision systems necessitate robust and flexible as
well as cost-effective algorithms.

In this section of the book, various examples show the benefit of using artifi-
cial evolution techniques to tackle complex low-level tasks, impossible to address
with classical optimization techniques, improving versatility, precision, and ro-
bustness of results. We will see also in the sequel that real-time or quasireal-time
processing can be attained with evolutionary techniques, in spite of the computa-
tion time-gluttony reputation of these techniques.

The first chapter, entitled “Evolutionary multifractal signal/image denoising”
by Lutton and Levy Vehel, deals with enhancement or denoising of complex signals
and images, based on the analysis of local Holder regularity (multifractal denois-
ing). This method is adapted to irregular signals that are very difficult to handle
with classical filtering techniques. Once again, the problem of denoising has been
turned into an optimization one: searching for a signal with a prescribed regularity
that is as near as possible to the original (noisy) one. Two strategies are considered:
using evolution as a pure stochastic optimizer, or using interactive evolution for a
metaoptimization task. Both strategies are complementary as they allow to address
different aspects of signal/image denoising.

The second chapter, entitled “Submachine-code genetic programming for bi-
nary image analysis” by Cagnoni, Mordonini, and Adorni, addresses issues re-
lated to quasireal-time image processing. The authors present a solution that ex-
ploits in a clever way the intrinsic parallelism of bitwise instructions of sequen-
tial CPUs in traditional computer architectures. In other words, genetic program-
ming is used to optimize a set of binary functions, that are used as binary classi-
fiers (submachine-code genetic programming, SmcGP). The application consid-
ered is license-plate recognition, which is composed of two tasks: license-plate lo-
calization in the image (region-based segmentation), and low-resolution character
recognition. Both are formulated as classification tasks. GP-based techniques are
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compared to neural net techniques for the same tasks. SmcGP classifiers are almost
as precise as the LVQ neural net used as reference classifier, but with processing
times that are about 10 times faster. Using SmcGP in the preprocessing stage of a
license-plate recognition system has also been proved to improve robustness. Ad-
ditionally, the functions evolved with SmcGP can be easily integrated in embedded
systems, as Boolean classification functions as those evolved by SmcGP can be di-
rectly implemented in digital hardware.

The third chapter, entitled “Halftone image generation using evolutionary
computation” by Tanaka and Aguirre, investigates the problem of generating half-
tone images. Using a genetic algorithm has been proven to be beneficial. However,
as this technique is computationally expensive, it is necessary to build improved
GA schemes for practical implementations. Compromises have to be found in
order to be able to use GA-based techniques in practical implementations. This
chapter is a good example of an adaptation of the genetic operators and evolution
scheme to specificities of the genome (image blocks specialized operators, fine de-
sign of the functions to be optimized, and multiobjective approach).

The fourth chapter, entitled “Evolving image operators directly in hardware”
by Sekanina and Martinek, considers the problem of automatic designing of im-
age filters based on an evolvable hardware system (FPGA). The idea is to be able
to automatically design filters when corrupted, and original images are supplied
by the user. The learning problem is turned into an optimization problem, that is
to find the filter that minimizes the difference between the corrupted and origi-
nal images of the training set. The filters are combined from elementary compo-
nents (minimum, maximum, average, and other logic functions over two pixels)
using Cartesian genetic programming. Examples are provided for noise removal
and edge detection tasks. The originality of this work is that everything is im-
plemented on hardware, that is, the filters as well as the evolutionary algorithm
itself. The advantage of such an implementation is the performance (a filter can
be evolved in 20 seconds on an FPGA operating a 100 MHz!), and for some ap-
plications it is thus possible to approach real-time evolutionary design. A precise
analysis of the influence of parameters setting on quality and generality of filters
and on the time of evolution is also presented.

The fifth chapter, entitled “Variable-length compositional genetic algorithms
for the efficient implementation of morphological filters in an embedded image
processor” by Sillitoe and Magnusson, is also related to high-speed binary image
processing and embedded vision systems. This chapter describes the implementa-
tion of morphological image filters using a variable-length steady-state GA on a
high-speed image processor. A specific mechanism to maintain diversity has been
developed to cope with the rugged fitness landscape induced by the processor ar-
chitecture. The aim of the optimization procedure is to map the original filter
specification into a reduced sequence of machine-specific operators and connec-
tives. This chapter addresses an interesting point about variable-length genomes:
the so-called “compositional operator” is applied only when a stagnation is de-
tected, which has a consequence that evolution of genome content has the priority
over structure evolution. In the fitness evaluation, there is also an additional term
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that promotes individuals which implement elements of the solution not com-
monly found in the current population.

The sixth chapter, entitled “Autonomous model-based corner detection us-
ing affine evolutionary algorithms” by Olague and Hernéndez, is an example of
an approach based on a versatile nonlinear corner model whose parameters are
estimated via an optimization procedure (resolution of an inverse problem) based
on an EA. Additionally, new genetic operators based on homogeneous matrix rep-
resentations have been designed according to the specific corner model. Compar-
isons have been done with other optimization methods proving that EA provides
a more robust estimation technique. This is an example of the capability of EA
to handle nonlinear models, which allow to cope with more complex photogram-
metric models.

1.6.2. Midlevel vision

Midlevel vision algorithms, as the name suggests, provide the necessary connec-
tion between low-level algorithms and high-level ones. The former are aimed at
emulating the innate specificity of human perception, which includes processing
tasks occurring mostly at an unconscious level, while the latter, which can be re-
lated to cognitive tasks rather than to perceptual ones, implement the conscious
interpretation of the scene under observation, based not only on information ex-
tracted by perceptual elements, but mainly on knowledge-based processes based
on the observer’s own experience.

The aim of midlevel tasks is, therefore, to translate perceptual representation
of the image into a symbolic representation on which high-level reasoning pro-
cesses can operate to achieve full understanding of the contents of the scene repre-
sented within the image.

Image segmentation is definitely the most relevant and recurring task within
midlevel algorithms, and can almost be identified with the whole class, if its def-
inition as “grouping of perceptual information according to some uniformity/
classification criterion” is given the slightly more flexible interpretation as “inte-
gration of basic image elements into “more meaningful” and complex structures
to which a symbolic meaning can be attached.” Another popular application of
midlevel vision is image registration.

The chapters in this section describe several ways in which the design of mi-
dlevel vision algorithms can be supported by different EC techniques, in different
domains of application. They show how problems can be tackled by computer
vision-centered approaches, in which EC techniques are used essentially as opti-
mization tools, as well as by EC-centered approaches in which problems are ob-
served from a substantially different point of view, directly induced by the features
of the EC technique which is adopted.

In the chapter entitled “Evolution of an abstract image representation by a
population of feature detectors,” Bocchi presents an artificial life-inspired
approach based on an evolutionary network of entities which identify and track
“key” points in the image. Each entity “learns” to localize one of the features which
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are present in the image, and coordinates with neighboring entities to describe the
spatial relationships among the features. The population implements both a short-
term migration of the units to dislocate on an unknown image, and a long-term
adaptation to improve the fitness of the population to the environment which is
present on all images in the data set. Once adaptation is complete, the feature vec-
tors associated to each entity represent the features which have been identified in
the image set, and the topological relations among those features in the image are
mirrored in the neighborhood relations among the corresponding individuals. A
sample toy problem is used to show the basic properties of the population, where
the population learns to reproduce a hand-written letter, while an application to
the biomedical domain (identification of bones in a hand radiogram) measures
the performances of the architecture in a real-world problem.

The chapter by Ballerini, entitled “Genetic snakes: active contour models by
genetic algorithms,” reviews and extends the definition of “genetic snakes,” active
contour models optimized with a procedure based on genetic algorithms. Orig-
inally developed for application to problems in computer vision and computer
graphics, snakes have been extensively applied in medical image analysis in prob-
lems including segmentation, shape representation, matching, and motion track-
ing, and have achieved considerable popularity. However, the application of snakes
to extract region of interest suffers from some limitations. In fact, a snake is an
energy-minimizing spline, and the classical model employs variational calculus to
iteratively minimize the energy. There may be a number of problems associated
with this approach such as algorithm initialization, existence of local minima, and
selection of model parameters. “Genetic snakes” have been shown to be able to
overcome some limits of the classical snakes and have been successfully applied
to segment different kinds of images. In the chapter under consideration, new
problem-specific energy functionals are used in the fitness function driving the
evolution of snakes. Experimental results on synthetic images as well as on real
images are conducted with encouraging results.

Ciesielski, Song, and Lam, in the chapter entitled “Visual texture classification
and segmentation by genetic programming,” show that genetic programming can
be used for texture classification in three ways: (a) as a classification technique for
feature vectors generated by conventional feature extraction algorithms, (b) as a
one-step method that bypasses feature extraction and generates classifiers directly
from image pixels, and (c) as a method of generating novel feature extraction pro-
grams. All of the above approaches have been tested on a number of difficult prob-
lems drawn from the Brodatz texture library. Authors show, in particular, how the
one-step classifiers can be used for fast, accurate texture segmentation. In doing so,
they show that the use of the genetic programming techniques can overcome some
of the drawbacks, which are briefly listed here, affecting the application of tradi-
tional texture analysis techniques. Firstly, it is impossible to define a universal set
of optimal texture features, which causes the need for a trial- and error-process for
each new texture classification/segmentation task, to find a feature set that works
well. Secondly, some of the approaches generate an enormous number of features
which calls for effective techniques for dimensionality reduction in feature space.
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Thirdly, most of the texture feature extraction algorithms are computationally ex-
pensive and require the generation of Fourier-type transforms or other complex
intermediate data structures and then additional computation on these structures.

Another evolutionary approach to texture classification is presented by Koep-
pen and Garcia, in the chapter entitled “A framework for the adaptation of im-
age operators.” The chapter describes a framework, which allows for the design of
texture filters for fault detection. The framework is based on the 2D-lookup algo-
rithm, where two filter output images and a 2D-lookup matrix are used as inputs.
The algorithm runs through all pixel positions in both images, and takes the gray
value pair at the corresponding position as coordinates in the matrix. The value
stored in this matrix position is used as the return value in the result image at the
actual position. Having » operators available, there are n* (n — 1)/2 possible ways
to select a pair of operators, and this number grows even more if the operation
allows for internal parameter settings. An evolutionary procedure is used to se-
lect the best operation pair. The chapter also introduces a generic design method
which builds more complex operators from simple ones, which is based on genetic
programming, the best established procedure so far to allow for such an optimiza-
tion as well. The framework can be extended in various ways; two of which are also
presented in the chapter.

In the chapter entitled “A practical review on the applicability of different
evolutionary algorithms to 3D feature-based image registration,” Cordén, Damas,
and Santamaria introduce image registration (IR), the process of finding the opti-
mal spatial transformation (e.g., rigid, similarity, affine, etc.) achieving the best
fitting/overlaying between two (or more) different images related by the latter
transformation, measured by a similarity metric function. IR is presently a very
active research area in the computer vision community. The chapter discusses the
basic problem and its components, and addresses the recent interest on applying
evolutionary algorithms to image registration, considering different approaches
to the problem and describing the most relevant applications. A practical review
focusing on feature-based IR considering both evolutionary and nonevolutionary
approaches is also developed. The review is supported by a broad experimentation
of those IR methods on the registration of some magnetic resonance images of hu-
man brains. To the best of our knowledge, this is the first review which compares
different evolutionary and nonevolutionary techniques reporting results obtained
on the same test images.

The chapter by Duarte, Sdnchez, Ferndndez, and Montemayor, entitled “Im-
age segmentation hybridizing variable neighborhood search and memetic algo-
rithms,” introduces a new hybrid evolutionary algorithm as a graph-based im-
age segmentation technique to improve quality results. The method proposed in
this chapter can be considered as region-based, resulting in a k-region decompo-
sition of the scene. The underlying model and approach to solving image seg-
mentation as a graph-partitioning problem is related to Shi and Malik’s work.
They use a computational technique based on a generalized eigenvalue problem
for computing the segmentation regions. This algorithm combines oversegmented
regions using a low-level hybridization between a variable neighborhood search
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and a memetic algorithm. An oversegmented version of an original image is repre-
sented as an undirected weighted graph. In this graph, nodes are the image regions
and the arcs together with their associated weights are defined using local informa-
tion. The graph construction is modeled as an alternative region adjacency graph;
here called modified region adjacency graph.

Finally, Jean Louchet, in the chapter entitled “Model-based image analysis us-
ing evolutionary computation,” shows how evolution strategies can actually widen
the scope of Hough transform generalizations and how some of their variants and
extensions, in particular the Parisian approach, can efficiently solve real-time com-
puter vision, sensor fusion, and robotics problems with little reference to more
traditional methods. In the first part of this chapter, the author shows, through
several example problems, that evolution strategies give a new life to model-based
image analysis, thanks to their ability to efficiently explore complex model param-
eter spaces. In the second part, the Parisian variant of evolution strategies is con-
sidered, showing, through an application to stereo vision (the “fly algorithm”),
that it provides fast and efficient algorithms with interesting real-time and asyn-
chronous properties, specially valuable in autonomous robotics applications and
image analysis in changing environments.

1.6.3. High-level vision

High-level vision is devoted to the study of how the cognitive approach is im-
plemented in the computer. Several tasks are related to cognitive or mental tasks
such as content-based image retrieval, recognition, identification, 3D scene analy-
sis, and design.

This last stage of the computer vision chain is as the two previous ones a rich
source of challenging problems, in which evolutionary algorithms achieve success-
ful applications with innovative solutions.

In this section of the book, seven chapters have been included to illustrate how
evolutionary algorithms could be applied to solve complex high-level vision tasks.
The applications are centered on recognition, detection, design of photogram-
metric networks, and classification tasks. These chapters show a general balance
between the use of computer vision and evolutionary computation knowledge.

The first chapter, entitled “Evolutionary feature synthesis for image databas-
es,” by Dong et al., describes a genetic programming approach used in synthe-
sizing feature vectors in order to improve the performance of content-based im-
age retrieval. The advantage of dimensionality reduction, as well as the fact that
the genetic programming approach does not assume any class distribution in the
original feature space, gives distinct advantage over the linear transformation and
the support vector machine approaches. Results over several image datasets have
demonstrated the effectiveness of genetic programming in improving image re-
trieval performance.

The second chapter, by Quirin and Korczac, entitled “Discovering of clas-
sification rules from hyperspectral images,” presents a learning classifier system



18 Genetic and Evolutionary Computation

applied to remote sensing images in order to find the best set of rules without hu-
man intervention. The proposed system has been validated with a comparison to
other approaches such as neural networks and supports vector machines. Finally,
the results have shown the potential of applying learning classifier systems to the
discovery of rules in remote sensing images.

The third chapter, entitled “Genetic programming techniques for multiclass
object recognition,” by Zhang, proposes the use of dynamic class boundary detec-
tion methods to improve the static method that was previously applied in the do-
main of multiclass object detection using genetic programming. The results con-
firm that a dynamic approach could classify better the objects if the classes are
arranged in an arbitrary order or when the classification problems become more
difficult.

The fourth chapter, entitled “Classification by evolved digital hardware,” by
Torresen, presents an evolvable hardware approach based on a divide-and-conquer
strategy called incremental evolution, which aims to improve the solution by di-
viding the problem domain while incrementally evolving the hardware system.
This is also called “increased-complexity evolution.” Thus, the evolution is under-
taken individually on a set of small systems in order to spend less effort than for
evolving a single big system. Examples are provided to show how to evolve both a
prosthetic hand controller circuit and for classifying numbers on speed limit signs.
The results illustrate that this is a promising approach for evolving systems in the
case of complex real-world problems.

The fifth chapter, by Olague and Dunn, entitled “Evolutionary photogram-
metric network design,” addresses the problem of configuring an optimal pho-
togrammetric network in order to measure a complex object with high accuracy.
The fitness function is implemented through an analytical uncertainty analysis,
as well as the classical bundle adjustment. The optical and environmental con-
straints are incorporated in the evolutionary process. The strategy proposed here
has shown how human-competitive designs could be achieved in the case of a
large number of cameras, considering multiple competing constraints until the
best acceptable configuration is found. A number of experiments are provided to
illustrate the applicability of the simulator.

The sixth chapter, by Zhang, entitled “Genetic algorithms and neural net-
works for object detection,” describes a domain-independent approach to multiple
class object detection based on training a neural network classifier on cutouts of
the objects of interest and then refining the network weights using a genetic al-
gorithm. The results show promising results for the case of retinal pathologies in
which the proposed technique is competitive with statistical and neural networks
approaches.

Finally, the seventh chapter, entitled “An evolutionary approach for design-
ing multitarget tracking video systems,” proposes the use of evolution strategies
for the development of an aircraft surveillance system. The proposed methodol-
ogy apply the concept of partial evaluation using aggregation operators to build
the evaluation function. This analogy is the base for stating the problem in terms
of optimization in order to give an appropriate output of the video surveillance
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system under different situations. Several experiments are provided to illustrate
the applicability of the proposed technique with respect to real situations.
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Evolutionary multifractal

— enoist

Evelyne Lutton and Jacques Lévy Véhel

This chapter investigates the use of evolutionary techniques for multifractal sig-
nal/image denoising. Two strategies are considered: using evolution as a pure sto-
chastic optimizer, or using interactive evolution for a meta-optimization task. Both
strategies are complementary as they allow to address different aspects of sig-
nal/image denoising.

2.1. Introduction

We deal with enhancement, or denoising, of complex signals, based on the analysis
of the local Holder regularity. Our methods do not make explicit assumptions on
the type of noise nor on the global smoothness of original data, but rather suppose
that signal enhancement is equivalent to increasing the Holder regularity at each
point. Such methods are well adapted to the case where the signal to be recovered is
itself very irregular, for example, nowhere differentiable with rapidly varying local
regularity.

We describe two techniques. The first one tries to find a signal close to the ob-
servations and such that its local Holder function is prescribed. A pure optimization
approach is convenient in this case, as this problem does not admit a closed-form
solution in general (although attempts have been previously done on an analytical
basis for simplified cases [17, 19]). In addition, the number of variables involved is
huge. Genetic algorithms have been found to be efficient in this case, and yield bet-
ter results than other algorithms. The principles and example results are presented
in Section 2.2.

However, it appears that the question of results evaluation is critical: a precise
(and general) definition of what good denoising, or enhancement, is, is question-
able. Medical doctors indeed may have different opinions on the quality of a given
result, as well as remote sensing specialists, or art photographers. The perception
of quality is extremely dependent on the end-user, the context, and the type of ap-
plication. A simple signal-to-noise ratio (when computable) is certainly not able
to capture the subtle perceptive judgment of a human end-user.
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To investigate this issue, we describe another regularity-based enhancement
technique: multifractal Bayesian denoising acts by finding a signal close to the ob-
servations and such that its multifractal spectrum is prescribed. This method relies
on the tuning of a small set of parameters that are able to provide various improve-
ments of the observed noisy image. An interactive evolutionary approach has been
designed in order to cope with the meta-optimization problem of tuning the pa-
rameters set and is described in Section 2.7.

In order to get acceptable computation times, the underlying optimization
problem and its parameters have been designed to be solved by a deterministic
method. The evolutionary approach is used in an interactive way, at a meta-level.

Going further into this direction, a scheme has been designed (and tested) in
order to reduce the number of user interactions, in other words to limit the famous
“user fatigue,” see Section 2.9.

The schemes and tools developed on the signal and image denoising problem
can be extended to other image-analysis tasks, such as multifractal image segmen-
tation (see Section 2.11).

2.2. Signal enhancement/denoising

The problem may be set in the following way: someone observes a signal Y which
is a certain combination F(X, B) of the signal of interest X and a “noise” B. Making
various assumptions on the noise, the structure of X and the function F, one then
tries to derive a method to obtain an estimate X of the original signal which is
optimal in some sense. Most commonly, B is assumed to be independent of X,
and, in the simplest case, is taken to be white, Gaussian, and centred. F usually
amounts to convoluting X with a lowpass filter and adding the noise. Assumptions
on X are related to its regularity, for example, X is supposed to be piecewise C" for
some #n > 1. Techniques proposed in this setting resort to two domains: functional
analysis and statistical theory. In particular, wavelet-based approaches, developed
in the last ten years, may be considered from both points of view [7, 8].

In this work, we do not make explicit assumptions on the type of noise and
the coupling between X and B through F. Furthermore, we are not interested in
the global smoothness of X, but rather concentrate on its local regularity: enhance-
ment will be performed by increasing the Holder function ay (see next section for
definitions) of the observations. Indeed, it is generally true that the local regularity
of the noisy observations is smaller than the one of the original signal, so that, in
any case, ag should be greater than «y. We thus define our estimate X to be the sig-
nal “closest” to the observations which has the desired Holder function. Note that
since the Holder exponent is a local notion, this procedure is naturally adapted
for signals which have sudden changes in regularity, like discontinuities. From a
broader perspective, such a scheme is appropriate when one tries to recover sig-
nals which are highly irregular and for which it is important that the denoising
procedure yields the right regularity structure (i.e., preserves the evolution of ax
along the path).
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2.3. The local Holder exponent

We will measure the local irregularity of signals with the help of the Holder expo-
nent. To simplify notations, we assume that our signals are nowhere differentiable.
Generalization to other signals require technicalities which are unessential to our
purposes.

Leta € (0,1), O C R. One says that f € C(Q) if

f@-fDI _

A3C:Vx,yeQ:
4 lx— yl*

(2.1)

Let a;(f,x0,p) = supla : f € C'(B(xo,p))}. Note that a;(f,x0,p) is nonincreas-
ing as a function of p.
We are now in position to give the definition of the local Holder exponent.

Definition 2.1. Let f be a continuous function. The local Holder exponent of f at
Xo is the number a;( f, x0) = lim, .o a(f, x0, p).

Since «; is defined at each point, we may associate to f the function x — a;(x)
which measures the evolution of its regularity.

This regularity characterization is widely used in fractal analysis because it has
direct interpretations both mathematically and in applications. For instance, the
computation of the Holder exponent at each point of an image allows to perform
edge detection [6].

2.4. Signal enhancement based on increasing the local Holder function

Let X denote the original signal and Y the degraded observations. We seek a reg-
ularized version X of Y that meets the following constraints: (a) X is close to Y in
the L2 sense, (b) the (local) Holder function of X is prescribed.

If oty is known, we choose a; = ax. In some situations, ax is not known but
can be estimated from Y. Otherwise, we just set ag = ay + &, where § is a user-
defined positive function, so that the regularity of X will be everywhere larger
than the one of the observations. We must solve two problems in order to obtain
X. First, we need a procedure that estimates the local Hélder function of a signal
from discrete observations. Second, we need to be able to manipulate the data so
as to impose a specific regularity.

We will use a wavelet-based procedure for estimating and controlling the
Holder function. Welet {y; «} j x be an orthonormal wavelet basis, where as usual j
represents scale and k position. Denote c;x the wavelet coefficient of X. Results in
[10, 11] indicate that, assuming that y is regular enough and has sufficiently many
vanishing moments, one may estimate ax(t) by linear regression of log (|c;x|)
with respect to the scale j (log denotes base 2 logarithm), considering those in-
dices (j, k) such that the support of y; is centred above t. Roughly speaking,
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those coefficients should decay in scale as 27/ (@+1/2) (more precisely, all the [c;l
are bounded by C27/(**1/2) for some C > 0, and some of the coefficients |cjx| are
of the order of C2-/(@+1/2))

The use of wavelets then allows to perform the reconstruction in a simple way.
Starting from the coefficient (d;x) of the observations, we will define a procedure
that modifies them to obtain coefficients (c;) that fulfil the decay condition with
the desired &, and then reconstruct X from those (cjk)-

We may now reformulate our problem as follows: for a given set of observa-
tions Y = (Yy,..., Yor) and a target Holder function «, find X such that H)? Y2
is minimum and the regression of the logarithm of the wavelet coefficients of X
above any point i with respect to scale is —(a(i) + 1/2). Note that we must adjust
the wavelet coefficients in a global way. Indeed, each coefficient at scale j subsumes
information about roughly 2"~/ points. Thus, we cannot consider each point i se-
quentially and modify the wavelet coefficients above it to obtain the right regular-
ity, because point i + 1, which shares many coefficients with i, requires different
modifications. The right way to control the regularity is to write the regression
constraints simultaneously for all points. This yields a system which is linear in
the logarithm of the coefficients:

AL = A, (2.2)
where A is a (2", 2! — 1) matrix of rank 2", and

L= (log|cii]|,log|cai],log |cazls... log|cnan]),

Cn(n= Dt 1) (2.3)

A=
12

(a(l)+ %,...,rx(Z”) + %)

Since we use an orthonormal wavelet basis, the requirements on the (c;x) may
finally be written as follows:

minimize Z (djx — cj,k)2 subject to, Vi = 1,...,2", (2.4)
ik
" 1
Z Si log ( | Cj,E((i,l)zjn—n) ) = —Mn (a(l) + E), (2.5)
j=1

where E(x) denotes the integer part of x and the coefficients s; = j — (n+1)/2,
M, = (n(n—1)(n+1))/12, and (2.5) is deduced from the requirement that the
linear regression of the wavelet coefficients of X above position i should be — (a(i)+
1/2).

Finding the global solution to the above program is a difficult task; in parti-
cular, it is not possible to find a closed form formula for the c;x. In [19], a method
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is described, that allows explicit computations under simplifying assumptions. In
the following, we show how this problem can be addressed with an evolutionary
algorithm.

2.5. Evolutionary signal enhancement with EASEA

An evolutionary technique seems to be appropriate for the optimization problem
described in (2.4): a large number of variables are involved, and the function to
be optimized as well as the constraint is nonlinear. We describe in this section an
implementation based on the EASEA [5] language and compiler.

EASEA (EAsy Specification of Evolutionary Algorithms) is a language dedi-
cated to evolutionary algorithms. Its aim is to relieve the programmer of the task
of learning how to use evolutionary libraries and object-oriented programming by
using the contents of a user-written . ez source file.

EASEA source files only need to contain the “interesting” parts of an evolu-
tionary language, namely the fitness function, specification of the crossover and
mutation operators, the initialization of a genome plus a set of parameters de-
scribing the run. With this information, the EASEA compiler creates a complete
C++ source file containing function calls to an evolutionary algorithms library
(either the GALIB or EO for EASEA v0.6). Therefore, the minimum requirement
necessary to write evolutionary algorithms is the capability of creating non-object-
oriented functions, specific to the problem which needs to be solved.

In our case, the evolutionary optimization involved to enhance a signal (1D
or 2D) was implemented using a simple structure on which genetic operators were
defined. We used GALib [35] as the underlying evolutionary library.

We describe below the implementation for 1D signals. An implementation for
image denoising was also produced based on the same principles [23].

The Haar wavelet transform has been used to produce the d; x associated to
the observed signal Y. We also suppose that we know the desired Holder exponents
a(i) (either a(i) = ay (i) + § where the ay (i) are the Holder exponents of Y and &
is a user-defined regularization factor, or «(i) is set a priori).

Our unknowns will be the multiplicative factors u; x such that ¢jx = ujx *djx,
jef0---n—1],k €[0,...,2/ — 1]. As is usual in wavelet denoising, we leave
unchanged the first [ levels and seek for the remaining u;x in [0, 1]. The genome
is made of the u; x coefficients, for j € [I,...,n— 1] and k € [0,...,2/ — 1]. These
coefficients are encoded as a real numbers vector of size SIZE_MAX = 2" —2/, which
can be written using EASEA syntax as
GenomeClass { double U[SIZE_MAX]; }

The EASEA Standard functions sections contain the specific genetic op-
erators, namely the following.

(1) The initialization function: each u; x coefficient is randomly set to a value
in [0, 1]. Two initial solutions are also put in the initial population: u;x =
Land ujx = 27ks,

(2) The crossover function: a barycentric crossover has been easily defined
as follows: let parent1 and parent?2 be the two genomes out of which
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(3)

(4)
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childl and child2 must be generated, and let alpha be a random
factor:
\GenomeClass: :crossover:
double alpha = (double)random(0.,1.);
if (&childl) for (int i=0; i<SIZE_MAX; i++)
child1.U[i] = alphaxparentl.U[i]
+ (1.-alpha)*parent2.U[i];
if (&child2) for (int i=0; i<SIZE_MAX; i++)
child2.U[i] = alphaxparent2.U[i]
+ (1.-alpha)*parentl1.U[i];
\end
The mutation function: mutation is a random perturbation of radius
SIGMA = 0.01, applied with probability PMut on each gene.
\GenomeClass: :mutator: // Must return the number of
// mutations as an int
int NbMut=0;
for (int i=0; i<SIZE_MAX; i++)
if (tossCoin(PMut)){ NbMut++;
Genome .U[i]+=SIGMA* (double)random(-1.,1.);
Genome.U[i] MIN(1.,Genome.U[i]);
Genome.U[i] = MAX(O.,Genome.U[i]);}
if (NbMut==0) identicalGenome=true; // saves evaluation
// time

return NbMut;
\end
The evaluation function: the fitness function has two aims: minimize
(1 = ujk) * c¢jk)?, making sure constraint (2.4) is satisfied, that is,
the Holder exponents are the ones we want. The constraint is integrated
into the fitness function using a high-penalty factor W

Fitness = Z ((1—ujp) * cj,k)2 + W % Z | o, (i) — (i) |. (2.6)
ik i

We use the GALib steady state genetic engine with replacement percentage

of 60% and selection by ranking. Crossover and mutation probabilities are fixed,
respectively, to 0.9 and 0.001. Genome size, population size, and number of gen-
erations are fixed for each experiment, see Section 2.6.

2.6. Numerical experiments

Results of enhancement on synthetic 1D data are shown in Figure 2.1. The orig-
inal signal is a generalized Weierstrass function [6] with ax(t) = 0.2 for t < 0.5,
ax(t) = 0.8 for t > 0.5 that has been corrupted by additive white Gaussian noise.
Figure 2.1 shows the original signal, the noisy one, and the result of the enhance-
ment procedure. For comparison, a denoising using a classical wavelet hard thresh-
olding is also displayed (i.e., all coefficients with absolute value smaller than a given
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Genome size SIZE_MAX = 496
Population size 25
Number of generations 50000
Computation time 1438.52 seconds for 744 897 evaluations
3 4 T T T T T
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(a) Generalized Weierstrass function (left) + noise (right)
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(b) Denoising using wavelet thresholding (left), and using the evolutionary scheme with prescribed
a(t) = step (0.2,0.8) (right)
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(c) Estimated Holder exponents of the original function (left), of the function + noise (middle), and
of the reconstructed function (right)

FIGURE 2.1. Results on a generalized Weierstrass function a(t) = step (0.2,0.8).
threshold are put to 0). For both procedures, the parameters were set so as to ob-

tain the best fit to the known original signal. It is seen that, for such irregular
signals, the Holder regularity-based enhancement yields more satisfactory results.
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One should however remark that we have placed ourselves in a favorable situa-
tion for the evolutionary algorithm, since the constraint was to find the (generally
unknown) correct Holder function. Parameters of the evolutionary algorithm are
given in Figure 2.1.

2.7. Interactive schemes and multifractal Bayesian denoising

There are several ways to improve the method. To begin with, more precise esti-
mations of Holder exponents yield more accurate results. For instance, in [21], an
estimation based on the analysis of local oscillations of the signal has been used.
The associated inverse problem is then more complex, and necessitates the use of
specific genetic operators. Improved results are obtained at the expense of more
complex computations.

Progress on this topic is however more related to the design of an efficient
analysis of the quality of the results. But computational measurement of denois-
ing results is difficult to design, as the evaluation of a good denoising is strongly
dependent on the end-user as well as the application framework. Signal-to-noise
ratio is unable to reflect all the subtle components of a human expert appreciation
on a denoising result. Remote sensing, medical imaging, sound restoration, data
filtering have very different constraints, and expert users of these domains have
different needs.

A way to cope with this discrepancy is to involve the human user in the opti-
mization loop in order to let him accurately guide the search mechanism towards
what he wishes. The artificial evolution framework allows one to introduce hu-
man evaluation in the algorithmic loop, and to cope with human judgment irreg-
ularity (or even inconsistency). Actually, interactive evolution is a research topic
that is rapidly growing: first attempts were oriented toward artistic applications
[1, 30, 31, 34], but now many other applications domains are explored: hearing
aids fitting [33], smooth, human-like, control rules design for a robot arm [13], or
design of HTML style sheets [25]. An overview of this vast topic can be found in
[32].

Interaction with humans raises several problems mainly related to human fa-
tigue. Three types of solutions have been considered [2, 27, 32]: (1) reduce the
size of the population and the number of generations, (2) choose specific models
to constrain the research in a priori “interesting” areas of the search space, or (3)
perform automatic learning (based on a limited number of characteristic quanti-
ties) in order to assist the user and only display the most interesting individuals in
the population, with respect to previous votes of the user.

In order to implement (1) and (2), we adopt an approach different from the
one in the previous sections. Instead of prescribing the Holder exponent at each
point, we will rather try to control the multifractal spectrum of the denoised im-
age. This allows to reduce dramatically the number of variables. A first experiment
where a small population is evolved using a multifractal scheme is presented in
Section 2.8. We then experimented an approach integrating item (3), that is, we
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extend fitness rating to individuals in a larger population via the analysis of the
user judgment on a small sample of individuals (Section 2.9).

2.7.1. Description of the multifractal Bayesian denoising method

The multifractal analysis of a signal consists in measuring its regularity at each
sample point, in grouping the points having the same irregularity, and then in
estimating the “size” (through some “fractal dimension”) of each iso-regularity
set. Irregularity is measured via the Holder exponent.

The multifractal spectrum f is a representation of the irregularity of the sig-
nal over its definition domain. For each irregularity value, that is, for each «, one
estimates the speed of exponential decay of the probability of finding a point with
regularity « as resolution tends to infinity. In some cases, this speed is also the
Hausdorff dimension of the corresponding iso-a set (see [3] for details).

For example, for an image, a value of f(«) = 1 corresponds to a set of points
with same regularity and dimension 1 (i.e., it will most of the times look like a set
of lines), f(a) = 0 is a set of scattered points (singular points), and f(«) ~ 2isa
typically an area of positive measure.

Multifractal analysis is a tool widely used in image and signal analysis, as it
provides at the same time a local («) and a global (f(«)) viewpoints on data. It has
been exploited with success in many applications where irregularity bears some
important informations (image segmentation [15], signal and image denoising
(16, 20], etc.)

The principle of the denoising method is the following, for a noisy image I,
we search for a denoised image I, that satisfies two conditions:

(i) I has a given multifractal spectrum;
(ii) the probability that the addition of a white Gaussian noise (with vari-
ance o) to I, produces the observed image I; is maximal.

As we mentioned before, the wavelet transform is a convenient tool for the
estimation of the Holder exponents. This second denoising method is thus also
based on the discrete wavelet transform.

2.7.2. The search space is the set of free parameters of the method

We explain here the algorithm for image denoising. Recall that the aim is to find
a denoised image I, close to the noisy observations I, under the constraint that
I, has a given multifractal spectrum g. The noise is assumed to be white, centred,
and Gaussian with variance o.

The problem may be reformulated as follows: if we denote by y a wavelet co-
efficient of the noisy image at scale j, then the corresponding wavelet coefficient X
of the denoised image at the same scale j can be calculated by solving the following
equation (for details, see [18]):

1og2(12-x)> C(yl-x)°

X = argmax (] -g( ny by )sgn(y), (2.7)
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where

(i) Kisa constant for which K - |y| < 1 holds and may be set independently
for each scale. In what follows, K has been taken as the inverse of the
maximum coefficient in each scale j;

(ii) g isa function which defines the multifractal spectrum of the denoised
image. If we choose to represent it by a linear-by-parts function, its
shape is determined by 5 values &min, 0nod> @max> £(Xmin)> and g(max)-
More precisely, the spectrum has been chosen to fulfil the following con-
straints:

(a) gis defined on the interval [amin, @max]

(b) g(x) €[0,1],

(¢) nod € [®min> Fmax] andg(“nod) =1,

(d) gis affine on [&min; ®tnod] and on [&nod; Kmax |-

In most cases, but not necessarily, the multifractal spectrum calculated from
the denoised coefficients X should show a slight spectral shift to the right. This shift
is a sign of an overall increase of regularity.

Consequently, we have 7 free parameters:

(i) the 5 values defining the a priori spectrum g,

(ii) the variance o of the noise,

(iii) the wavelet used for the discrete (inverse) wavelet transformation.

The choice of the wavelet is less critical than the choice of the other 6 param-
eters. Usually, Daubechies 6 to 12 offer equivalent denoising results in terms of
visual reception whereas Daubechies wavelets with smaller supports yield unsatis-
factory results in some cases.

Especially in cases where we want to treat very noisy images and subsequently
have to set the parameters 0 and ay,0q to relatively high values, the denoising al-
gorithm leads to artefacts in the denoised image when using wavelets with a small
support, see Figure 2.2. The regularity of those wavelets is low. They are therefore
not able to model very irregular parts of an image.

It should be mentioned that the number of calculated wavelet scales is fixed
to a value obtained from the image dimensions [N X M]:

scales = | log2(max(N, M)) |. (2.8)

The setup of the 7 resulting free parameters is nontrivial in the sense that they
are strongly dependent on the amount of noise in the noisy image and the sub-
jective opinion of the human observer about which result reflects best the desired
denoised image.

A solution is therefore to build an interactive evolutionary algorithm (IEA) to
interactively find suitable settings of the free parameters.

2.8. An interactive approach with a small population

This first implementation does not include the choice of the wavelet basis as a free
parameter but considers a shift to the a priori spectrum g for diagonal wavelet
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FIGURE 2.2. Original image without noise (up left), multifractal denoising using wavelet Daubechies 2
(up right), multifractal denoising using wavelet Daubechies 18 (low left), noisy image (low right); all
parameters except wavelets are constant.

coefficients. It has been noticed that the diagonal wavelet coefficients are more
sensitive to additive noise and therefore may need a different spectrum g.
The genomes that are evolved by this IEA are made of 7 real genes:
(i) 5 values to define the g function for the horizontal and vertical wavelet
coefficients: amin € [0,0.5], g(@min) € [0, 1], Anod > Gmin> dnod € [0,2],
®max > Onod> &max € [0.01,20], g(atmax) € [0.2,1];
(ii) the shift of the g function for the diagonal coefficients (range [0, 0.5]);
(iii) the variance of Gaussian noise, o (range [0, 100.0]).

Fitness and user interaction. The fitness function is given by the user via sliders
attached to each denoised sample. Evaluations range from —10 to +10. The default
value 0 corresponds to a neutral judgment.

Additionally, the user may directly edit the genotypes of each image, see
Figure 2.3, and thus participate in the evolutionary loop as an additional genetic
operator.

Genetic engine. The population has a fixed size of 6 individuals. Each individual
carries a set of 7 parameters and therefore represents a potential solution for the
aforementioned optimization problem. All individuals are presented as an image,
resulting from the denoising algorithm with corresponding free parameters. The
basic evolutionary cycle is presented in Figure 2.4, and the operators are the fol-
lowing.

(i) Parents selection is performed by deterministic selection of the 3 best

individuals in the population.
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FIGURE 2.3. The interface of the small population IEA, written in C++.

(ii) Genetic operators:
(a) barycentric crossover is performed by weighted combination of par-
ents with a randomly chosen weight in [0, 1];
(b) mutation is an independent perturbation of each gene value by ad-
dition of a Gaussian noise with a given variance.

(iii) Survivor selection scheme replaces the 3 worst parents by offsprings.

A sharing scheme is applied before parent selection: the user marks
are weighted to maintain diversity inside the small population. The sharing is
based on a genotypic distance. The parent selection then chooses the 3 individ-
uals with the best weighted fitness and is therefore fully deterministic. Crossover
and mutation operators then produce 3 children. The survivor selection substi-
tutes parents with offspring and thereby closes the evolutionary cycle.

2.9. An interactive approach with a large population

In the previous interactive scheme, the user has access to 6 individuals (or images)
per generation, and the genetic engine only considers the current user evaluations
to calculate the next generation. This IEA is driven by a fitness sample, or let us say
a fitness map, made of only 6 points.

In order to increase the reactivity of the system while being able to handle
populations of any size (this increases the search capabilities), we consider the use
of a larger fitness sample, while considering techniques to approximate user eval-
uation. However, a dynamic approximation of the interactive fitness is a delicate
task, and necessitates rather large samples. We have proposed a method based on
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FiGure 2.4. The small population denoising IEA genetic engine.

the use of past user marks, collected in a set, the fitness map. The fitness of new in-
dividuals produced by the genetic engine can be preliminarly estimated from the
fitness map by smooth interpolation (flat or polynomial, see below). This prelimi-
nary fitness estimation can serve as a preselection tool in order to show to the user
only the 6 best individuals of a larger current population.

The use of larger population sizes offers some major advantages, of which
an obviously easier maintenance of diversity, a more extensive exploration of the
given search space, and a possible speedup of convergence are the most significant.

Genome. The genomes are made of 7 genes:
(i) 5 values to define the g function for the horizontal and vertical wavelet
coefficients: amin € [0,0.5], g(@min) € [0, 1], Anod > Gmin> dnod € [0,2],
Qmax > ®nod> ¥max € [001’ 20])g(‘xmax) € [02) 1];
(ii) the wavelet used for the discrete wavelet transformation (Daubechies 2
to 20);
(iii) the variance of Gaussian noise, o € [0, 100].

Fitness and user interaction. The user evaluations are given the same way as in
Section 2.8 with range
[—6 (very bad),...,0 (neutral),... + 6 (very good)].

The genetic engine is highly customizable for parameters setting. In contrast
to the small population IEA, it is possible that all 6 images in the user interface are
changed from a generation to the next. As loosing good images may be frustrating
for the user, it is possible to mark images as “super individuals” that remain in the
user interface and in the population. The user may toggle this state at any time; see
Figure 2.6.



36 Evolutionary multifractal signal/image denoising

Population
Any number of
individuals

6 individuals

Image
selection
/N

Survivor selection |-

6 images

—| Parent selection

User
evaluations

Offspring
Any number of
individuals

7| Genetic operator

FIGURE 2.5. The extended genetic engine supports a fitness map.

Individuals in the population:

1 (mage 1) Al
2 £

3 (Image 3)

4 (Image 4)

5 (Image 5)
6 (Image 6)

—

B Population Editor

Incividuals in the population:

1 (Image 1) @
(mage 2 jocked)

3 (Image 3)
4 (mage 4)
5 (image 5)
6 (Image 6)

FiGURE 2.6. Clicking the star button toggles an individual as “super individual.” From thereon it is
“immortal” in the population.

Additionally, to increase user interactivity, two new dialogues have been cre-
ated: to view and manipulate the individuals in the population (Figure 2.7), as well
as the samples in the fitness map (Figure 2.8). These dialogues both provide plots
of the gene values of the individuals in the current population, or in the fitness
map. By toggling checkboxes, additional curves, such as an interpolation of fitness
and sharing values, are available.
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FIGURE 2.7. The population editor. Individuals may be added to the population, existing individuals
may be deleted and their genotype can be manipulated. The gene values are plotted on 7 curves as
small stars. The plotted curves are interpolations of the fitness (or shared fitness) samples values.

“User ranges” (Figure 2.9) have been introduced, as soft thresholds that con-
strain the search space of genes, and can be set independently for each of the 7
genes.

Genetic engine. Enlarging the population size and using a fitness map requires
major changes: the selection step now strongly depends on the fitness map, as
well as crossover and mutation operators. The generation cycle includes an “im-
age selection” step, that is, 6 individuals are selected to be shown to the user, see
Figure 2.5.
The fitness map is a matrix of size [8 X N]. N is the number of samples that
are saved in the fitness map. These samples are vectors of size [8 X 1], and include a
genotype and its corresponding fitness value. The fitness map is used to interpolate
between the available samples in order to predict the fitness values of unknown
genotypes. Two interpolation methods have been implemented:
(i) “Nearest”: the fitness value of the nearest sample in the fitness map is
returned as the fitness value of the unknown sample.

(ii) “Interpolation™ interpolating polynomials of order 8 are calculated for
each gene using the samples of the fitness map (small stars interpolated
by smooth curves in Figure 2.10). The approximated fitness value for an
unknown sample (see vertical markers in Figure 2.10) is the mean value
of the 7 polynomials for the genes values of the unknown sample.
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(line). The sharing estimation is plotted as a curve. Setting a user preferred range for individual genes is
done by drag and drop of the thick vertical brackets.

Various selection algorithms have been implemented. These selection opera-
tors can be deployed by the parent, offspring, and image selection. The selection
operator that is actually used in a certain stage of the genetic cycle is set offline
with help of a configuration file.

The available selection methods are the following.

(i) “Fittest”: the individual with the best fitness value is selected.

(ii) “Cycle” n individuals are selected by cycling through m individuals
among the fittest. This method can be used to generate an offspring from
a small number of parent individuals (as in the small population IEA).

(iii) “Roulette”: randomized variant of fitness-proportionate selection.

(iv) “Rank”: randomized variant of rank-proportionate selection. The selec-
tion probability for an individual is pressure "X, where “pressure” ad-
justs the strength of selection and “rank” is the position of the individual
inside the population (sorted by decreasing fitness values).
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FIGURre 2.10. The 2 fitness estimation methods illustrated for a sample genotype (vertical markers):
nearest method (horizontal grey line), interpolation method (horizontal light line). The y axes represent

the fitness values, while the x axes represent the gene values.

A sharing algorithm has been implemented. Similarly to the sharing algorithm
of the small population IEA, fitness values are weighted with a sharing factor that is
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calculated from mean genotype distances within the population. Genotypes with
a high mean distance to other genotypes in the population consequently have a
bigger increase in their fitness. The pressure of this sharing method can be setin a
configuration file, independently for each selection method. Distinct selection of
individuals is also implemented and configurable.

Different versions of the genetic operators (crossover and mutation) have
been implemented.

(i) Crossover. “Random”: new individuals are a weighted combination of
their parents. The weights are randomly chosen in [0, 1]. “Swap”: special
case of random crossover. Parent genes are randomly swapped to gener-
ate children genotype. “Factory”: this method builds new genotypes out
of the best genes from two parent individuals. The necessary fitness for
individual genes is taken from the interpolating polynomials described
earlier.

(ii) Mutation. “Random”: Gaussian perturbation of each gene with a given
0. “Preferred area”: Gaussian perturbation of each gene towards it’s user
range. There is no effect on a gene when it is already located inside the
area set by the user.

2.10. Experiments

Quantitative evaluations are rather difficult to perform on interactive evolutionary
algorithms. To be able to evaluate the efficiency of the fitness map scheme or, to
some extent, compare the small population IEA with the large population IEA,
experiments were made in a noninteractive way.

The two algorithms were run on several noisy images, for which the original
“nonnoisy” images were available, and for various parameter settings.

The noninteractive software. For these tests, the software was slightly modified.
User evaluations were replaced by automatic evaluations. A user fitness is there-
fore imitated by the calculation of a phenotypic distance between the noisy images
and their corresponding original images (typically a L2 distance between images).
The two presented versions of the IEA were set to run 30 generations on every
noisy image and for every parameter setting. In each generation, the minimum
phenodistance was collected in order to produce a convergence curve. This was
repeated for at least 30 times. Afterwards a mean curve of convergence was calcu-
lated. The 2 IEAs have been compared on the basis of these average curves.

Parameters. The influence of the population size parameter has been analyzed, the
parameter setting used for the tests is the following.
(i) Large population IEA:
(a) population size: 16, 32, 64, and 128 Individuals;
(b) parent selection: rank selection (as presented in Section 2.9);
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FiGure 2.11. Comparison of mean convergence for different population sizes. Original image: Sommet
256. Noisy image: Sommet 256 with Gauss o = 20.

(c) offspring size: 90% of parent generation;

(d) image selection: fittest selection;

(c) fitness map interpolation: nearest;

(e) use of “super individual”: in each generation the image with the
lowest phenodistance to the original image is set as super individ-
ual;

(g) one generation is equivalent to 5 user interactions.

(ii) Small population IEA:

(a) population size: 6 individuals;

(b) parent selection: fittest 3;

(c) offspring size: 3 individuals;

(d) one generation is equivalent to 3 user interactions.

Results. To ensure a fair comparison between the two algorithms, the average
curves of convergence are plotted with respect to the number of user interactions
(i.e., user evaluations) instead of the generations number.

Figures 2.11, 2.12, and 2.13 show a clear improvement of the minimization
behavior for the fitness map scheme, the larger the population, the more effi-
cient.

The loss of precision of the fitness calculation based on the fitness map, which

is a very rough approximation of the user, or phenotypic (for the automated ver-
sion), fitness, is compensated by the exploration capabilities of a larger population.
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This improved exploration capability has also been noticed in a qualitative
manner by users.
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2.11. Conclusion

This work about the use of evolutionary computation schemes for signal and im-
age denoising leads us to several conclusions that may be considered from a wider
point of view. First of all, it has been made evident, if necessary, that evolution-
ary schemes are efficient in signal and image analysis basic tasks, as far as we deal
with complex optimization problems. But of course, as this choice implies heavy
computational costs, such a technique may not be convenient in cases where short
response time is required.

Another point, that has been raised, is the interest and efficiency of interac-
tive schemes in image and signal processing: for subtle tasks where computational
measurement cannot accurately reflect the judgment of the end-user, which is ac-
tually the case for image denoising, an IEA can be a solution. Once again, however,
a careful design of the EA components and user interaction schemes is necessary.
For instance, the manipulation of a much larger population in conjunction with
the use of rough approximations of the user fitness provides a solution to the “user
bottleneck” problem.

This work also defends a viewpoint on signal and image analysis tasks, in
terms of semiautomatic procedures where an end-user is involved in order to con-
strain the analysis towards aims for which numerical models are not available.
Such an analysis may additionally have backward consequences into noninterac-
tive procedures. For example, the fitness map scheme can be easily generalised to
other applications, including noninteractive ones where exact fitness calculation is
computationally expensive.
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The IEA presented in this work is freely distributed in the Fraclab toolbox, see

Figure 2.14, available for download at http://complex.inria.fr.
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Sub-machine-code genetic
programming for binary

imageanalysis

Stefano Cagnoni, Monica Mordonini, and Giovanni Adorni

3.1. Introduction

Applications which require real-time or quasi-real-time processing are more and
more frequent in computer vision, as well as in many other application fields,
thanks to the continuous increase of computing power available to programmers.
However, at the same time, such an increase keeps being challenged by the quan-
tity of data on which applications must be run, which is increasing with a similar,
when not faster, trend. An outstanding example of such a situation is offered by
the recent advances in image sensors, which has led to an increase in resolution
available for digital pictures close to an order of magnitude in the last four/five
years.

Therefore, even when algorithms of polynomial (or lower) complexity are
used, the need for efficient computing architectures, on the hardware side, or com-
puting paradigms, on the software side, is still a critical problem in most applica-
tions.

When the data to be processed or generated are either synthetic images (as
in computer graphics) or real-world images (as in image processing and computer
vision), SIMD (Single Instruction, Multiple Data) architectures, in which the same
instruction is executed in parallel on a large array of data, are often used to dra-
matically speed up processing time. The ever-growing availability of multimedia
applications, even to that huge range of users which typically use low-end PCs,
has led the main microprocessor manufacturers to introduce a specific set of in-
structions, which actually implement the SIMD paradigm, in their mainstream
products. This is the case, for example, of Intel and AMD, who have added specific
multimedia extensions (MMX and 3DNow!, resp.) to the instruction sets of their
PC processors since 1997. Another relevant SIMD architecture which is widely
used is the cellular automaton [12, 14, 15], which has been widely used in several
applications, including image processing and analysis, in both software [1, 4, 13]
and hardware implementations (e.g., the CAM-8 cellular automata machine [8]).
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In several software implementations of the SIMD paradigm, long words are
used to pack binary data, on which bitwise Boolean or other bit-manipulating
instructions from the native instruction set of a processor are applied. In the fol-
lowing, we focus on Sub-machine-code genetic programming (SmcGP) [10, 11],
a variant of genetic programming, which implements the SIMD computation par-
adigm. In particular, we describe a general framework within which binary classi-
fiers or sets of binary classifiers can be evolved, which can be applied to the solution
of alarge number of problems. One of the main features of SmcGP is the capability
of evaluating several (nonindependent) individuals in parallel, which allows such
an approach to explore the search space very effectively. An even more relevant
property of the approach under consideration is the capability to produce highly
efficient accurate classifiers, due to the use of a function set which allows for either
a direct or a very efficient translation into machine code of the evolved programs.

In this chapter, we illustrate the potentials and the limitations of the approach
by describing results obtained in designing automatically a set of binary classifiers
for low-resolution characters and an image-preprocessing procedure, also based
on the use of a binary classifier. Both tasks have been designed to be possible parts
of a license-plate recognition system. Results obtained in such tasks are compared
with those obtained by a “human-designed” plate-recognition system we devel-
oped in our laboratory [2].

3.1.1. Sub-machine-code genetic programming

Given a problem to be solved that can be mapped onto an optimization prob-
lem, evolutionary computation (EC) techniques use different encoding schemes
(genotypes) to allow for different spaces of solutions (phenotypes) to be explored.
While, for example, genetic algorithms (GAs) typically optimize the parameters
of a function whose structure has been formerly defined, in genetic programming
(GP) [3, 7], the phenotype of each individual in the population is a full program.
Several GP paradigms have been described, the most commonly used is the one
originally proposed by Koza [7], where programs are encoded as syntactic trees or,
equivalently, as prefix-notation LISP-like functions.

Genetic programming paradigms are usually computationally very intensive.
The higher computation load imposed by the optimization phase with respect, for
example, to GAs is, firstly, due to the much wider search space it spans. Secondly,
tree-like encoding of solutions makes decoding, during fitness evaluation, as well
as crossover and mutation operators, much less efficient and CPU-demanding
with respect to binary-string encoding used in GAs. Therefore, there is great in-
terest, on the one hand, in developing GP implementations which improve the
computational efficiency of evolution.

On the other hand, the increasing need for high-performance programs that
perform real-time tasks has fostered the development of GP variants in which data
encoding and representation are such that programs, besides being optimized with
respect to a given fitness (cost) function, can also be executed very efficiently at
runtime. In view of this, approaches to GP that imply some degree of parallelism,
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both in executing the evolutionary algorithm and in the structure of the resulting
programs, have been proposed.

SmcGP aims at exploiting the intrinsic parallelism of bitwise instructions of
sequential CPUs and can be run effectively on traditional computer architectures.
Inside a sequential N-bit CPU, for example, each bitwise operation on integers is
performed by concurrently activating N logic gates of the same kind. Because of
this, the application of a sequence of bitwise logical operators to a N-bit integer
is equivalent to executing the same program on N 1-bit operands in parallel. In
practice, SmcGP is a form of GP in which functions based on bitwise operators
applied to packed representations of 1-bit data are evolved using that EC para-
digm. Therefore, SmcGP can produce programs that are intrinsically parallel and
based on operators that have a direct machine code translation. That makes such
programs computationally very efficient.

SmcGP efficiency is further increased by the closure requirement which con-
strains GP. Such a constraint requires that any GP-evolved function that operates
on a certain input data type also produce an output of the same type. Therefore,
in using GP to optimize a binary function f : {0, 13N - {0,1}, each phenotype
actually represents a set of N (nonindependent) functions for which fitness can be
independently evaluated.

Because of these properties, SmcGP can be used effectively in applications in
which the same operations must be performed on blocks of binary data that can
be packed, for instance, into a long integer variable. This is the case for binary
pattern recognition or binary image processing problems, in which 2D patterns
can be processed linewise or blockwise.

3.2. Evolving binary classifiers using Sub-machine-code
genetic programming

SmcGP can be used to efficiently develop high-performance binary classifiers, in
terms of both accuracy and computation speed. This is a result of more general
interest, since any N-class classifier of arbitrary complexity can be implemented
as an ensemble of distinct specialized binary classifiers which, organized in differ-
ent possible architectures with different degrees of redundancy, can perform the
original, more complex, classification task.

However, the choice to use a multiclassifier approach must be corroborated
by methods that produce fast, accurate classifiers very efficiently for a multiplicity
of reasons. Firstly, since the final accuracy of an ensemble of classifiers depends,
at least linearly, on the error rates of the single classifiers, developing ensembles
of classifiers require that each component be very accurate. Secondly, even if an
ensemble of classifiers usually yields better results than the corresponding single
classifier, thanks to a richer and/or redundant processing of information, develop-
ing an ensemble of binary classifiers is usually much more time-consuming than
developing a single, equivalent classifier. Finally, running an ensemble of classifiers
is generally very computationally demanding.
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We describe a general framework within which the evolutionary approach
can be used to design binary classifiers which meet the above-mentioned require-
ments. The performance of binary classifiers thus obtained has been assessed on
a low-resolution digit recognition problem and on an image “segmentation-by-
classification” task, in which classifiers have not only been used as stand-alone
modules, but also as building blocks for multiple-classifier architectures.

Following a typical detection scheme, each classifier is associated to one class
and is required to have 1 as output when the input pattern belongs to the corre-
sponding class, and 0 otherwise. To solve N-class problems, a set of N binary clas-
sifiers can be used; the final classification can be derived from the analysis of the
response of all classifiers. This is, for instance, the typical architecture and training
strategy used in N-class classifiers based on feed-forward neural networks. In the
approach described in this chapter, however, classifiers are evolved independently
of one another, differently from neural networks in which paths leading from the
input to the output layer share several weights, allowing classifiers to be trained
concurrently.

The ideal situation for such a multiclassifier architecture occurs when only the
classifier corresponding to the class of the input pattern outputs 1, while all others
give 0 as output. As pointed out in [5], where this kind of classification architecture
is described in detail with reference to the use of classifiers evolved by GP, there
are, quite intuitively, two trivial cases in which this strategy fails. One occurs when
no classifier produces a high output, while the other occurs when more than one
classifier produce 1 as output. The problem of deriving a final decision in this case
can be tackled by several different approaches, such as a hierarchy of increasingly
specialized classifiers or an “a posteriori” statistical approach.

Such architectures usually perform classification based on criteria similar to
those used in sports tournaments. If one looks upon the output of the classifier
as the result of a match between the two classes under consideration, the deci-
sion could be based, for example, upon a knock-out or a round-robin tournament
mechanism. A more computationally expensive but usually more performing ap-
proach is to record all outputs of the classifier set and combine them into a pattern
that is then classified by a so-called “stacked generalizer” [16].

Therefore, from the point of view of classification strategy, the general archi-
tecture of the evolutionary classifiers considered in this chapter is quite conven-
tional. The peculiar features of the approach are related with the high degree of
parallelism in the computation performed by each individual and with the cri-
terion by which the output of each individual, and therefore its fitness function,
is computed. Regarding the former property, SmcGP performs parallel compu-
tation by applying bitwise operators to packed representations of arrays of 1-bit
data. More precisely, if P is the dimension in bits of the input space in SmcGP,
the function computed by each individual I is a function fi : {0,1}* — {0,1}°
(S > 1). Each fi can be seen as a set of S alternative binary-output functions
fi + 10,1} — {0,1} computed concurrently at each function evaluation. The
output space size S is equal to the size of the word into which 1-bit data are
packed.
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Therefore, decoding each individual I; implies two steps. In the first one, the
function encoded by the corresponding representation is decoded. In the second
one, each bit of the result obtained in the first step is considered, in turn, as the
output of the classifier, and the corresponding binary-output function is taken
into consideration. As long as a fitness function F is defined for the problem at
hand, a different fitness value F( fi;) can therefore be associated to each solution.
The fitness F(Ix) of each individual is equal to the maximum fitness obtained in
the second step,

F(I;) = max (F(fxi))- (3.1)

This means that while only one fitness value is assigned to each individual Iy,
S fitness function evaluations are performed for each evaluation of I. This implies
that defining fitness as in (3.1) can be interpreted as choosing one of the bits of the
output pattern as the actual 1-bit output of an individual.

Besides being beneficial from the point of view of computation efficiency,
this strategy favors extraction of the most relevant features of the patterns un-
der classification. This can be explained considering that, in SmcGP, there exists
a direct morphologic and geometric correspondence between input and output.
Even when SmcGP spans a larger function space than the one defined by the en-
coding of inputs into one long word, and evolves complex functions that are made
up of building blocks that operate on different “slices” of the input pattern and
keeps such a correspondence for each of the words into which the whole input is
divided, operations performed on those slices are local.

Because of these properties, the fact that one bit of the output pattern provides
the best fitness generally implies that the area of the input pattern by which the
value of such a bit is most influenced contains the most significant feature for the
classifier under consideration.

3.3. Applications of SmcGP to license-plate recognition

We have used binary classifiers evolved by SmcGP to build or integrate modules
which solve two of the main tasks required by a license-plate segmentation system:
license-plate detection and license-plate character recognition. As a comparison
for the results obtained by the classifiers evolved by SmcGP, we have used the corre-
sponding modules of the Apache plate-recognition system which we had formerly
developed [2]. The structure of Apache is reported in Figure 3.1. The top part of
the graph corresponds to image preprocessing and license-plate detection, while
the bottom part corresponds to the subsequent phases of character segmentation
and classification.

At first glance, character classification for license plate-recognition [9] seems
to have much in common with traditional optical character recognition (OCR) ap-
plications. However, differently from OCR, in which character classification occurs
after a text has been scanned at high resolution, only very low-resolution patterns
are available for classification in license-plate recognition, usually obtained from



52 Sub-machine-code GP for binary image analysis

I
Input image Horizontal Adaptive-threshold binarization | | ~ Vertical | | Horizontal position using both | !
P s _? gradient based on the image histogram position horizontal and vertical gradients| |
! 1
e e T - 4
— ‘Il """""""""""" e — 1
Output ! LVQ—t;asled _:l Symbol resampling to Symbol Adaptive-threshold binarization !
symbol . — =
e [ 1 1 a 2 h : level
symbols : classification |1} 3 x 8 pixels segmentation based on the average gray level !

o hN o ___________ -~ ______________—__——_———— 1

F1GURE 3.1. Structure of the Apache plate recognition system.

FIGURE 3.2. Examples of the original (top) and binarized (bottom) patterns.

low-quality snapshots, altered by optical distortions and perspective effects (see
Figure 3.2 for some examples). Therefore, classification of license-plate characters
is usually a much more critical task with respect to classification of characters con-
tained in printed documents.

In studying and comparing the application of SmcGP [4] to low-resolution
license-plate character classification, performance was evaluated on a large set of
binary patterns of size 13 X 8 pixels. For practical reasons, the comparison was
limited to patterns representing digits from 0 to 9, taken from a larger database
collected at highway toll booths.

In a further experiment to evaluate the performances of SmcGP in designing
classifiers oriented to image-analysis applications, a preprocessing stage was added
to the plate-detection module of the Apache license plate recognition system. The
aim of such a module is to locate the region where a license plate is most likely to
be found within an image. Such a detection derives from the basic consideration
that a license plate is characterized by the high density of peaks of the horizontal
component of the image gradient which can be observed within it (see Figure 3.3).
Therefore, after removing all pixels belonging to the background by performing an
image difference which lets only objects which are moving within the scene be vis-
ible, the region occupied by the license plate, if any, is commonly the rectangular
region, shaped compatibly with the width-to-height ratio of a license plate, where
the density of such peaks is highest. In practice, a binarized gradient image is gen-
erated by thresholding the horizontal-gradient image, then rowwise and column-
wise statistics of the distributions of the pixels which are set to one are computed
to isolate the license-plate region (see the following and [2] for more details).

Pixels having significant gradient values are usually quite few and sparse in
images like the ones in the picture, which result from a background-removing im-
age difference. This increases the chances of making false detections, since just a
few “noisy” pixels may be enough to turn the algorithm attention to a region differ-
ent from the one to be detected. The incidence of false detections can be reduced
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FIGURE 3.3. A typical input image of the Apache system and the corresponding horizontal-gradient
image.
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FiGURE 3.4. Encoding of a character as four 32-bit integers.

if we make the statistics about the distribution of significant pixels more robust
by increasing their density. This can be obtained by training a binary classifier to
output one for each pixel belonging to the plate region and zero elsewhere.

Doing so, if the training results are reasonably good (very high sensitivity and
specificity are not necessary, even if obviously preferable), the chances of having a
lower density of pixels set to 1 in the plate region to be detected than in some other
region geometrically compatible with the plate shape are much fewer.

For both license-plate character recognition and license-plate detection, a bi-
nary classifier or a set of binary classifiers evolved by SmcGP have been used to
solve the problem. In the remainder of the section, we offer details about the im-
plementation of the two applications, while in the subsequent one we describe and
discuss the results we have obtained.

3.3.1. License-plate character recognition

To apply SmcGP to character classification, each pattern of size 13 X 8 pixels was
encoded as four 32-bit integers. Since the total number of bits in each pattern is
not a multiple of 32, the first nine rows of the pattern were encoded as the 24 least
significant bits of the first three integers, while the whole fourth integer was used
to encode the last four rows of the pattern, as shown in Figure 3.4. Preserving the
same pixel order in the 32-bit components of the code was the only specification
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Tasire 3.1. The function set (above) and terminal set (below) used to evolve the classifiers with SmcGP.

Functional Arity Notes
AND 2 Bitwise AND
OR 2 Bitwise OR
NOT 1 Bitwise NOT
XOR 2 Bitwise XOR
SHxn 1 x € {L,R}, n € {1,2,4}

Terminal Type Notes
pat[0] Term Rows 1-3
pat[1] Term Rows 4-6
pat[2] Term Rows 7-9
pat[3] Term Rows 10-13

R1 ERC Unsigned long
Constant 32-bit constant 1
0 Constant 32-bit constant 0

for the encoding. The encoding would have been equally effective if, for example,
pixels had been packed left to right, or columnwise.

The closure requirement of GP [3] imposes that the output of each classifier,
that operates on unsigned long words, be an unsigned long as well. Therefore,
using 32-bit encoding, for each evaluation of an individual I, 32 binary-output
functions fi; are actually computed.

The function set was composed by the main bitwise Boolean operators and by
a set of circular shift operators SHx#, in which the 32-bit word LSB is considered
to be adjacent to the MSB, characterized by different shift direction (x = L (left)
or R (right)) and entity (n = 1,2, or 4 bits). The terminal set (see Table 3.1) was
composed by the 4 unsigned long integers into which the input pattern had been
encoded, an unsigned long integer ephemeral random constant (ERC) [3, 7] which
can take values within the whole range of 32-bit unsigned integers, and the 32-bit
constants 1 and 0.

The fitness function for function fi; was defined as

FP}, + ENZ,
F(fu) =1- | M= "k 3.2
(fi) N} +N2 (3.2

where FPy; is the number of false positives generated by fj; in classifying the train-
ing set, FNy; the number of false negatives, N, the number of positive examples,
and N, the number of negative examples in the training set. This choice of the
fitness function was made after comparing it to several other possible functions
based on the same data, and was found to produce very specific classifiers, with
very high positive predictivity, and a very limited number of ambiguous cases in
which more than one classifier produce a high output. This can be easily explained
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by considering that, with a roughly uniform distribution of the patterns in the
training set, negative cases are about 9 times as many as positive cases. Therefore,
since the numerator of the fraction tends to minimize errors and privileges sit-
uations in which the number of false positives and of false negatives are similar,
specificity, which is proportional to the number of false negatives, is greatly fa-
vored.

A population was evolved, made up of 1000 individuals, randomly initialized
with constraints on minimum (3) and maximum (7) tree depth. A crossover rate
of 80%, a mutation rate of 2%, and a reproduction rate of 18% were used during
evolution. The strategy chosen for selection was tournament selection with tour-
nament size equal to 7. Each classifier was evolved for 1000 generations. At least
two runs for each classifier were performed.

The classifiers were evolved using lil-gp1.01 [17], a popular package that im-
plements Koza-like (i.e., LISP-like or tree-like) genetic programming. Depending
on the resulting classifier length, and therefore on the complexity of the classifi-
cation task to be performed, each run of the GP took from 10 to 18 hours on a
600 MHz Pentium-III PC.

At the end of evolution, the best classifier for each class was converted from
prefix notation, typical of syntactic trees, to infix notation, and translated into C
language functions to allow for its compilation.

3.3.2. License-plate detection

As reported above, the goal of the application is to evolve a classifier which imple-
ments an additional preprocessing stage, refining results obtained by computing
the horizontal gradient, whose ideal output is an image in which all pixels be-
longing to the license plate are set to 1, while all others are set to zero. This is a
typical problem of region-based segmentation by classification, in which signifi-
cant regions of the image under consideration are labeled as a result of pixel-level
classification, and possibly of some trivial post-processing which removes “noise,”
typically represented by isolated pixels classified differently from the ones which
surround them.

Ideally, neglecting perspective effects due to camera geometry, one should ex-
pect to obtain as output an image showing a black rectangle on white background
(or vice versa), having the same size ratio and location as the license plate to be
detected in the image.

Formally, we could state the problem as evolving a function S(Bj(x, y)) of the
binarized gradient image By (x, y) such that

1 if (x, y) belongs to the license plate,

S(Bu(x, ) = (3.3)

0 otherwise.

The classifier evolved to perform such a task has the same structure as one of
the classifiers used to recognize digits which have been described in the previous
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F1GURE 3.5. Encoding of image regions as 4 32-bit integers.

section. The terminal set is also the same, while the function set has been extended
by introducing also the NAND and NOR functions, as well as the 32-bit logical
inversion function N32, having a single argument, which returns 1, if all bits of
the argument are set to 0, and 0 otherwise.

The encoding of the image windows in the four terminals which directly de-
rive from input data is also slightly different. As shown in Figure 3.5, the four un-
signed long int terminals now encode a rectangular region of size 32 x 4, defining a
neighborhood of the pixel which is located on the upper left corner of the region.
This means that the value of the pixel of coordinates (x, y) in the output image,
O(x, y), is computed based on the values of pixels belonging to the rectangular
window B,, of B, whose upper left and lower right pixels have coordinates (x, y)
and (x + 31, y + 3), respectively.

A set of 130 images of rear views of car (as the one shown in Figure 3.5) were
considered. Of these, 80 were used to generate the training set. For each of the
80 training images, 100 windows were extracted, encoded as described above, and
used as examples. Of these, 60 were taken from the license-plate region, 30 from an
extended region surrounding the license plate (where the chance of finding high-
gradient pixels not belonging to the plate is highest), and 10 from anywhere in the
image. Among the windows which were extracted, “empty” windows with no pixel
set to 1 were purged, since they carry no relevant information and are intrinsically
ambiguous, being found both within and outside the license-plate region. In the
end, the training set was made up of 5190 “nonempty” encoded windows, of which
366 were negative and 4824 were positive examples. The results were evaluated on
all pixels of the images in the test set.

The parameters regulating evolution were virtually the same as in the previous
experiment (1000 individuals, 80% crossover, 17% clonation, 3% mutation). The
fitness function was also very similar, except for a parsimony term which penalizes
larger trees:

- \/ FP%/N2 + FN*/N}  Tree Size -

2 10000000
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TaBLE 3.2. Performances of the SmcGP-based classifiers. Processing time (in ys) is computed as aver-
age runtime in 10 executions of the classifier on the test set, as recorded by gprof on a PIIT 600 MHz
PC.

0 1 2 3 4 5 6 7 8 9
Specificity 99.87  99.49 99.76  99.65 99.62 99.45 99.56 99.87 99.53 99.73
Sensitivity 96.01 98.00 9521 96.41 9581 96.21 9541 9481 91.82 96.21
Tree nodes 45 115 290 154 71 195 232 96 304 210
Proc. time 1.40 1.80 2.59 1.60 1.60 3.79 3.99 1.20 3.79 3.59

3.4. Results

The performance of the corresponding modules of the Apache system was consid-
ered as a reference for evaluating the results obtained applying SmcGP to evolve
binary classifiers in the two applications under consideration. The set of binary
classifiers evolved for character recognition were directly compared to the corre-
sponding Learning Vector Quantization (LVQ) [6] neural network which actually
performs the same task in the Apache system. As concerns the license-plate detec-
tion, the comparison was slightly different, since the classifier evolved using Sm-
cGP acts as a preprocessing module which is added after the one which computes
the horizontal gradient and right before the actual license-plate locator. Therefore,
in the absence of a direct correspondence with a module of the Apache system, the
results were evaluated quantitatively in terms of the increase of density of detected
pixels within the license plate region, taking into consideration also the inevitable
corresponding increases of false detections and of computation time, with respect
to the horizontal-gradient image.

3.4.1. License-plate character recognition

The set of 10 classifiers that were used in the tests were made up by the best clas-
sifiers that could be obtained in the two or more 1000-generation runs of the al-
gorithm performed for each class. Under this point of view, it should be noticed
that, despite allowing 1000 generations per run, in most cases the best classifier
emerged within the first 250 generations.

The tree-encoded classifiers evolved using SmcGP were tested after being
translated in C code and then compiled. Table 3.2 reports the specificity and sensi-
tivity of the ten classifiers, along with data related with their complexity and com-
putation efficiency. In particular, the table reports the number of nodes in the tree-
like representation produced by lil-gp, and the processing time in microseconds
required by each classifier on a Pentium III-600 MHz PC running Linux kernel 2.2
and using the gcc 2.95 C compiler.

Table 3.3 reports the performance, on the test set, of the reference LVQ clas-
sifier in the same form, with data derived from the global confusion matrix of the
classifier.
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TaBLE 3.3. Performance of the reference LVQ classifier on the test set.

0 1 2 3 4 5 6 7 8 9
Specificity | 99.80  99.97 99.93 9991 99.87 99.82 99.71 99.76 99.82  99.93
Sensitivity | 99.00  99.00 99.00 98.00 99.00 98.20 99.00 99.40 98.80 97.41

As can be noticed, specificity of SmcGP classifiers is always very high (above
99.4%). Processing time varies from 1.2 to 3.99 microseconds and is not exactly
proportional to the classifier size, since basic bitwise Boolean functions can be
virtually run in one clock tick, while circular shift operators are at least three times
as demanding, since they are composed by two basic shifts and one OR operation.

The basic binary classifier set could reach a nonambiguous output configu-
ration (only one classifier produced 1 as output), for 95.31% of patterns in the
test set, with a classification accuracy of 98.68%. Since results in the basic config-
uration were already quite good for the patterns that could be directly classified,
the classifications that could be obtained directly were considered as final. Since
the focus of our research was mainly on evolutionary development of efficient bi-
nary classifiers, in the ambiguous cases, we used the LVQ reference classifier as
“tie-breaker,” without considering more complex classifier architectures. Anyway,
this was necessary only in a very limited number of cases (4.69%), which helped
keep computational efficiency high, since the LVQ classifier is much more compu-
tationally demanding than the SmcGP-based one.

After application of this two-stage classification strategy, the global accuracy
on the whole test set was 98.30%, versus 98.68% achieved by the LVQ classifier. The
processing time for the whole test set was 0.15 second on a Pentium IIT 600 MHz
(computed averaging over 10 runs of the classifier), which is about 10 times faster
than the LVQ reference classifier, that requires 1.37 seconds to perform the same
task on the same PC. It should be noticed that both processing times include time
needed to read data from a file, which is actually smaller (4 32-bit integers to be
read per pattern) in the case of the SmcGP-based classifiers than in the case of
the LVQ classifier (104 8-bit short integers to be read per pattern). However, in
the former case, the time required to convert the 5% of patterns that cannot be
classified in the first stage from the 4-long integer representation to the 104-char
representation needed by the LVQ classifier is also included.

3.4.2. License-plate detection

Seven runs of SmcGP were performed with the parameters set as reported in
Section 3.3.2, after which the best program which had been evolved was evaluated.
The performances of such a program on the training set are reported in Table 3.4,
in terms of sensitivity (the percentage of detections with respect to the number of
pixels belonging to the plate), specificity (the percentage of negative responses with
respect to the number of pixels not belonging to the plate), fitness, and program
size.
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TaBLE 3.4. Performance of the best individual on the training set.

Sensitivity 83.85%
Specificity 88.25%
Fitness 0.142296
Program size (nodes) 1087
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FIGURE 3.6. The two steps of the plate detection algorithm: detection of the vertical position (a) and
of the horizontal position (b).

As concerns sensitivity and specificity, results are quite good both on an ab-
solute scale, but even more if one considers the way in which the license-plate
detection algorithm works.

In fact, as shown in Figure 3.6, the plate is detected in two steps. First, the
horizontal gradient image is computed and binarized, to obtain the binary image
By, Such an image is then used to find the vertical position of the plate within the
original image. To do so, the histogram representing the rowwise distribution of
the density of pixels set to 1 in B, is computed. Such a histogram is then binarized.
The largest interval in which all elements of the binarized histogram are set to 1
corresponds to the horizontal band, within the captured image, where the plate is
most likely to be found. Once the vertical position has been found, the segmen-
tation algorithm scans the detected band in the original image to locate the plate
also horizontally. To do so, it looks for the coordinate of the left border of the box
containing the plate, making a convolution between the identified band I, and a
box B having the size which the license plate is expected to have, as a function of
the height of Ij,. The location where the convolution function reaches its maxi-
mum corresponds to the position within the image of the left side of the license
plate.

Considering that sensitivity represents the density of pixels set to one in the
license-plate region and that (1-specificity) represents the density of pixels set to
one in the much vaster region outside the license plate, the performance obtained
makes plate detection quite robust. It should also be noticed that, having removed
“empty” regions from the training set, of which most of the background is made
up, the specificity value is actually largely underestimated. In fact, a much lower
sensitivity is enough to reach high detection performances, when actual specificity
values are well above 95%, as they actually turn out to be when actual images are
processed.
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TaBLE 3.5. Average number (and percentage) of true positives (above) and of false positives (below)
on the test set. The data in the third column reports the number of actual positive (above) and negative
cases (below).

Gradient (%) SmcGP (%) Number of pixels
License plate 367 (6.48%) 3513 (62.05%) 5661
Background 470 (0.12%) 8157 (2.00%) 407758

This is demonstrated also by Table 3.5, in which results collected by averaging
the results over the whole image set are reported, for the 103 images out of 130
where Bj, was not empty, that is, in which failure in detecting the license plate does
not depend on the performance of the SmcGP-based module, being only due to
missing input data.

In the table, it is possible to notice how much higher specificity actually is,
when all pixels of the input image are considered. Of course, the fact that “empty”
pixels are present also in the license-plate region and are classified as “back-
ground,”! justifies the corresponding worsening of sensitivity with respect to the
results obtained on the training set. Furthermore, it is possible to appreciate the
increase (by one order of magnitude) in the number of pixels set to 1 in the license-
plate region, with respect to those which could be detected in the image Bj. Even
if the number of false detections increases even more, its value is kept below 2%
(specificity is therefore still 98%), which is still far from being able to significantly
affect the detection results.

Even if the value of these remarks are limited just to the rather small image set
on which the approach was tested, there were no problems in correctly detecting
the license plate when more than 45% of the pixels in the license-plate are set to 1,
which happened in all but two of the 103 images under consideration.

Figure 3.7 shows how typical output images look like. Of the two examples
which are reported, one exhibits a quasiperfect behavior, extracting virtually only
pixels belonging to the license-plate region. The other one, instead, is an interest-
ing example of how even very noisy outputs can do little harm to the accuracy of
the final detection. In such an image, the plate region is very well highlighted, but
there are also several false detections in the background, due to the high-contrast
areas in the right part of the original image produced by sunlight reflections on the
car body. However, it is rather clear that the sparseness and, especially, the shape
of the false-detection areas makes it virtually impossible for the detection algo-
rithm to misclassify any such areas as the license-plate region. The license-plate
detection algorithm could be made even more robust by using information about
both horizontal and vertical distribution of gradient peaks concurrently instead of
sequentially. However, at least with the images considered during the test of the
application, such an upgrade, which would also have a nontrivial cost in terms of
computation load, seems not to be necessary.

1 Along with the fact that the results are computed on a data set of which the training set is just a
very limited part.
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FiGure 3.7. Typical results: the case reported above is quasi-ideal. In cases like the one reported below,
despite the very “noisy” output, the distribution of the false detections is such that the license-plate
region can be easily detected anyway.

As concerns computation time, the best program evolved, as can be observed
by comparing its size with the size of the classifiers evolved for character classifica-
tion, is a rather large function. As could be expected, one execution of a C-function
directly derived from the GP tree, with no optimization, requires, on a Pentium IV
2.8 GHz PC, about as much time (2.55 microseconds) as one average execution of
the character classifiers required on a Pentium IIT 600 MHz PC. This means that,
using what, at present, is a standard PC configuration, introducing the SmcGP-
based image preprocessing function may add a significant amount processing time
to the computation requirements of the license-plate detection module, when a
whole input image of size 768 x 576 pixels, as the ones typically used in the Apache
system, is to be analyzed.

However, with compiler optimization on, only 0.65 second are needed to gen-
erate the output image, including loading the input image, computing the gradient
image and saving the output image into a file. Furthermore, the statistics on com-
putation time (as happened in the character classification task) have been made
after implementing the function exactly as was evolved by GP. Looking more ac-
curately at the source code, even without trying to detect possible branches of
the tree which do not contribute at all to the result (which in GP terminology are
usually referred to as “introns,” and whose effects on evolution, if any, are still con-
troversial [3]), one can observe that most shift operations are built by chaining the
basic shift operations which are present in the GP function set. Considering that
more than half of the nodes in the tree are shift functions, and that circular shifts
require more than three times as many machine cycles than the other bitwise oper-
ation, a reduction of the computation load by more than 50%, or about as much,
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can be expected after simplifying the function (which is most probably what the
optimizing compiler does!).

3.5. Conclusions

Even when applications have to deal with complex input data like color images,
very often, at some processing stage, binary classifiers producing one binary output
out of a packed array of binary data need to be developed. In computer vision and,
more generally, in pattern recognition applications, such as tracking, surveillance,
industrial inspection, and quality control, detection of specific objects of interest
(targets, defects, etc.) is often performed by examining arrays of relatively sim-
pler data. This happens, in general, when data are preprocessed and the results are
packed into small-size binary words, when not into single bits, which are used as
labels to synthesize information, as, for example, in those frequent cases in which
objects can be classified just based on their shape or even on a skeletonized repre-
sentation. Binary classifiers which implement a mapping f : {0, 1}N — {0,1} are
therefore most common and of great importance in such applications.

In this chapter, we have described how SmcGP can be used to produce efficient
and accurate binary classifiers, with an approach which can be easily adapted to a
large number of applications. In the domains of pattern recognition and image
processing, we have presented two applications to different subtasks of license-
plate recognition, character recognition, and image preprocessing for license-plate
detection, which, although far from being completely developed and refined, offer
interesting insights about the usability and effectiveness of the approach in the
practice, on hard real-world problems.

Applying SmcGP to two-dimensional binary pattern classification yielded
very good results, under both points of view, even relying on a quite naive clas-
sification scheme (one set of binary classifiers). Such a scheme could be further
improved either by introducing a new layer of pairwise classifiers, or by using
some kind of tournament-like strategies, possibly along with a stacked general-
izer, to produce the final classification. However, the results show that, even in
this simple configuration, the SmcGP-based classifiers performance is very close
to the performance yielded by the reference LVQ classifier, that we had previously
shown to outperform other kind of classifiers (e.g., classifiers based on multilayer
perceptrons trained with the back-propagation algorithm) in this particular task.
As regards computation efficiency, the implicit parallelism of the single classifiers,
jointly with the simplicity of the global architecture, makes the SmcGP-based clas-
sifier almost 10 times faster than the LVQ classifier.

Using SmcGP to increase robustness of a plate detection algorithm by design-
ing an image preprocessing stage was also successful, even if the measure of the
effectiveness of the approach strongly depends on the particular constraints and
specifications imposed by the application. Therefore, it is difficult to evaluate the
actual impact of the pros and cons of the approach, which have emerged in a spe-
cific subtask, without testing the performance of the full system integrating the
modified module on an extended set of cases.
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A final peculiarity of the approach lies in the natural translation into hardware
which is allowed by the functions evolved by SmcGP, due to both the simplicity of
the functional representation and to the availability of the basic bitwise Boolean
functions as part of the instruction set of virtually all digital hardware architec-
tures, from the very simplest microprocessors to the most powerful ones. This
can be particularly important in developing embedded systems, an industrial field
which is gaining greater and greater importance, as well as, more directly, in the
field of evolutionary hardware.
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Halftone image generation using
luti .

Kiyoshi Tanaka and Hernan Aguirre

4.1. Introduction

In this chapter, we focus on halftone image generation using evolutionary com-
putation (EC). Image halftoning is an important technique in the printing and
display industry, in which an N-gray tone image must be properly portrayed as an
n-gray tone image, where n < N. It is well known that a good halftone image sat-
isfies both gray level precision and spatial resolution without including particular
pixel patterns. However, since 7 is a limited (small) number, it is difficult to gen-
erate halftone image satisfying these requirements simultaneously. So far, various
approaches have been developed such as ordered dithering, error diffusion, blue
noise, and so on [34], but each scheme has its own advantages and disadvantages.
For further improvement, a new attempt that uses genetic algorithms (GAs) to
solve such complex image halftoning problem has been reported in two ways. One
approach seeks to evolve filters, which are applied to the input N-gray tone image
to generate a halftone image [8, 9, 32]. Another approach searches directly for the
optimum halftone image having a visually similar appearance to the input N-gray
tone image. The latter approach is interesting in the sense that the halftone image
itself is directly represented as genetic information and is evolved by evaluation
functions designed to generate desirable output images. From this point of view,
here we focus on the latter approach.

Kobayashi and Saito [23, 24] first proposed a direct search GA-based halfton-
ing technique to generate bilevel halftone images. This scheme divides the input
images into nonoverlapping blocks and uses a simple GA [17, 19] with a special-
ized two-dimensional crossover to search the corresponding optimum binary pat-
terns. The method’s major advantages are that (i) it can generate images with a
specific desired combination of gray level precision and spatial resolution, and (ii)
it generates bilevel halftone images with quality higher than conventional schemes
[34]. In this chapter, we will first explain this basic scheme, and then present some
improved and extended schemes of this approach mainly for the reduction of
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FIGURE 4.1. Image division and individual representation (r X r = 8 X 8).

computational cost and memory configuration. Finally, we will give some con-
clusions and future work.

4.2. Image halftoning scheme using GA (basic approach)
4.2.1. Individual representation

An input image is first divided into nonoverlapping blocks D consisting of X r
pixels to reduce the search space of solutions [23, 24]. The GA uses an individual
x with an r X r two-dimensional representation for the chromosome. In case of
bilevel halftoning, each element of the chromosome x(i, j) (i,j = 0,1,...,r—1) €
{0,1}. Figure 4.1 illustrates the image division into blocks and an example of in-
dividual x corresponding to a current block D.

4.2.2. Evaluation

Chromosomes are evaluated with two kinds of evaluation criteria. (i) One is high
gray level precision (local mean gray levels close to the original image), and (ii) the
other is high spatial resolution (appropriate contrast near edges) [23, 24]. First we
calculate a gray level precision error by

1 o A
En= > —lglij) -Gl (4.1)
Gjjep "

where g(i,7) (i,j = 0,1,...,r — 1) is the gray level of the (i, j)th pixel in the in-
put image block D, and g(i, j) is the estimated gray level associated to the (i, j)th
pixel of the generated halftone block (x(3, j)). To obtain g(i, j), a reference region
around x(i, j) is convoluted by a Gaussian filter that models the correlation among
pixels. An example of a 5 X 5 filter is shown in Figure 4.2. In order to reduce dis-
continuity around block boundaries, the pixel pattern of x is copied around the
boundary regions as shown in Figure 4.3, and used to calculate the gray level esti-
mation g(4, j).
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FIGURE 4.2. An example of a 5 X 5 Gaussian filter.
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FiGure 4.3. Discontinuity reduction by copying binary pattern of a current generated block x around
block boundaries.

In order to preserve the edge information of the input image well, we calculate
the spatial resolution error by

Ee= 3 41GG,j) - B,

(i,j)eD
. 1
B(i, j) = <X(1,J) - E)N’
where G(i, j) is the difference between the gray level g(i, j) and its neighboring
local mean value g(i, j). g(4, j) is calculated with a 5 X 5 local average filter having
uniform coefficients, and N denotes the dynamic range of input image.

These two errors E,, and E, are combined into one single objective function
as

E = «a,E,, +a.E,., (4.3)

where «,, and o, are weighting parameters of E,, and E., respectively. The chro-
mosome’s fitness is assigned by

F = Enax — E (44)
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FiGURrE 4.4. Tllustration of two-dimensional crossover.
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FI1GURE 4.5. Illustration of bit-flipping mutation (block size is 4 x 4 pixels).

where En.y is the error associated with the worst chromosome in a population.
Using Emax helps to induce a better scaling among solutions in order to assign
selection probabilities, especially during the latest stages of the search. The GA
is used to search for an optimum compromise between grey level precision and
spatial resolution with the above fitness function.

4.2.3. Genetic operators and selection

Since we operate two-dimensional image data, crossover [17, 19] is implemented
for two-dimentional chromosomes. Two random numbers, ¢; and c;,, define its
method of operation. First, ¢; = N[0, 1] is sampled to decide whether to inter-
change chromosomes’ rows or columns from two selected parents, say (i) if ¢; = 0,
interchange rows and (ii) if ¢; = 1, interchange columns. Then, ¢, = N[0, r) in-
dicates the crossing point as shown in Figure 4.4. Both ¢; and ¢, are sampled new
for each individual created by crossover. Although crossover can potentially create
two offspring at a time, only one of them is randomly selected in this scheme.

After crossover, mutation inverts bits with a small probability per bit, p,
analogous to canonical GA [17, 19]. For every bit actually selected for mutation, 0
becomes 1 and vice versa, as shown in Figure 4.5. In the following sections, we call
the application of crossover followed by mutation as “CM.”
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FIGURE 4.6. Average error transition over evaluation numbers for “Lenna.”

After offspring creation by genetic operators, proportional selection [17, 19]
is applied for all individuals in the population P(t) to select parent individuals for
the next generation.

4.2.4. Results and discussion for basic scheme
4.2.4.1. Experimental setup

Through this chapter, to verify the performance of the schemes explained, we
mainly use “Lenna” in SIDBA (Standard Image DataBAse) as benchmark image.
The size of the original images is 256 X 256 pixels with N = 256 gray levels and
the generated images are bilevel halftone images (n = 2). The image block size
is ¥ X r = 16 X 16 and the population size is A = 200 (200 offspring are created
from 200 parents). The weighting parameters in (4.3) are set to a,, = 0.2 and to
a, = 0.8, which are suggested for an appropriate balance between E,, and E. by
visual assessment [23, 24]. The crossover and mutation rates are set to p. = 1 and
pm = 0.001, respectively.

4.2.4.2. Errortransition and generated images

Figure 4.6 shows the image’s average-error transition over evaluation numbers,
which is calculated as the average of the best individuals’ error in all (256 pieces)
image blocks. From the results, it can be seen that the error gradually converges
to a constant value by spending more than 32000 evaluations. The error value
of (4.3) achieved by canonical GA (cGA) [17, 19] with the above settings after
T = 40000 evaluations will be used as a reference value for image quality in the
following sections. This value is shown as a broken line in the figure.

Figure 4.7 shows the original image “Lenna” and several generated halftone
images by traditional methods and the GA-based scheme. First, we show images
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(a) Original image “Lenna” (b) Ordered dithering (Bayer
matrix [34])

(c¢) Error diffusion (Javis ma- (d) cGA(200) (rxr = 16x16,

trix [34]) T = 40000, oty : e = 0.2 :
0.8)

FIGURE 4.7. Original and generated halftone images (“Lenna”).

generated by conventional ordered dithering and error diffusion in Figures 4.7(b)
and 4.7(c), respectively. We can see that image quality achieved by ordered dither-
ing (Bayer matrix [34]) is insufficient with particular patterns caused by the pe-
riodic use of threshold matrix and low gray level precision. Error diffusion (Javis
matrix [34]) fairly improves image quality but still has a few problems, that is,
there are missing dots in high-light regions and particular patterns like worms
can be clearly seen. On the other hand, a halftone image generated by cGA(200)
with T = 40000 evaluations in Figure 4.7(d), which gives the image quality ref-
erence value, is quite smooth and less prone to particular patterns having both
high gray level precision and high spatial resolution. Table 4.1 shows the values of
the two kinds of errors, E,, and E., and the combined error E obtained for each
method. From this table, we can see that both gray level precision and special reso-
lution errors are remarkably reduced by using GA compared to the errors obtained
by the conventional methods. By observing the difference with the error scale in
Figure 4.6, we can see the significance of improvement by GA’s optimization.

4.3. Accelerated halftoning scheme using improved GA

While the basic approach using a simple GA [23, 24] generates bilevel halftone im-
ages with quality higher than conventional techniques, it uses a substantial
amount of computer memory and processing time that deprives it from practi-
cal implementations. In order to solve these drawbacks, in this section, we present
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TaBLE 4.1. Error values for each method.

errors E, E. E

Ordered dithering (Bayer type) | 10.16 126.05 102.87
Error diffusion (Javis matrix) 10.53 124.24 101.49
Canonical GA 10.04 122.72 100.19

an accelerated image halftoning scheme using an improved GA (called GA-SRM)
with tiny populations [1, 2]. This scheme can generate high-quality images like the
basic scheme, but reduces computer memory and processing time simultaneously.

4.3.1. Cooperative model for genetic operators

The improved GA-SRM [3, 4] is based on a model that puts crossover and varying
mutation operators in a cooperative stand with each other. The model uses two
operators applied in parallel (concurrently) to produce offspring. One is crossover
followed by conventional “background” mutation (CM) and the other one is a
varying mutation operator called self-reproduction with mutation (SRM). In ad-
dition, the model uses an extinctive selection mechanism.

In CM, mutation is applied with small rate, therefore the amount of diver-
sity introduced by mutation is modest. For the same reason, the disruption that
mutation causes to crossover in CM is also expected to be small. On the other
hand, varying mutation SRM uses higher mutation rates and is applied parallel
to CM, avoiding interferences between crossover and high mutation. Thus, high
mutations when harmful will have a negative impact on the propagation of ben-
eficial recombinations already present in the parent population. However, it will
not affect the creation of beneficial recombinations by crossover. Likewise, in the
case that crossover produces poor performing individuals it would not affect the
survivability of beneficial mutations introduced by SRM that can contribute to the
search. The explicit parallel formulation of CM and SRM gives an efficient frame-
work to achieve better balances for mutation and crossover during the run of the
algorithm, in which the strengths of higher mutation and crossover can be kept
without interfering one with the other.

The parallel formulation of CM and SRM can avoid interferences between
crossover and high mutation; however, it cannot prevent SRM from creating dele-
terious mutations or CM from producing ineffective crossing over operations. To
cope with these cases, the model also incorporates the concept of extinctive selec-
tion that has been widely used in evolution strategies. Through extinctive selection
the offspring created by CM and SRM coexist competing for survival (the poor
performing individuals created by both operators are eliminated) and reproduc-
tion. The block diagram of this model is shown in Figure 4.8.

4.3.2. Genetic operators

In the improved scheme [1, 2], we follow the individual representation and eval-
uation functions used in the basic approach explained in Section 4.2. Also, to
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FiGURre 4.8. Block diagram of improved GA (GA-SRM).

produce offspring with CM, we use the same two-dimentional crossover followed
by mutation with small probability p£nC ™ as explained in Section 4.2.3. However,
we introduce a new varying mutation genetic operator SRM and modify selection.
We explain SRM in the following and the selection in the next subsection.

To produce offspring with SRM, first an individual is selected from the parent
population P(t), an exact copy is created and then mutation is applied only to the
bits inside a mutation block. SRM is provided with an adaptive dynamic-block
(ADB) mutation schedule similar to adaptive dynamic-segment (ADS) mutation
in 3, 4].

With ADB, mutation is directed only to a block (square region) of the chro-
mosome and the mutation block area ¢ X € is dynamically adjusted (decreases)
every time a normalized mutants survival ratio falls under a threshold, y < 7, as
shown in Figure 4.9. The offset position of the mutation block for each chromo-
some is chosen at random. The normalized mutant survival ratio is specified by

y— psrm A
Asem @

(4.5)

where y is the number of individuals in the parent population P(t), yspum is the
number of individuals created by SRM present in P(t) after selection, Asr is the
offspring number created by SRM, and A is the total offspring number, Acyv + Asrm
(see Figure 4.8).

Two kinds of mutation schemes are investigated for ADB: (i) quantitative and
(ii) qualitative mutation. Quantitative mutation in ADB is implemented as the

standard bit-flipping process as shown in Figure 4.5. Mutation probability for the

bits inside the segment is pﬁﬁRM) = a. After this kind of mutation has been applied,

the contrast near edges and the local mean average might change in an individual
affecting both E. and E,, in (4.3).

On the other hand, qualitative mutation in ADB is implemented as a bit-
swapping process. First, a set B containing the indexes of all the bits in the mu-
tation block is initialized. Next, a pair of indexes in B corresponding to bits b and
b"" are randomly marked and then swapped in the mutation block as shown in
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FIGURE 4.9. Adaptive dynamic-block (ADB) reduction. Mutation is directed only to the € X £ shaded
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F1GURE 4.10. Illustration of bit-swapping mutation (block size is 4 X 4 pixels).

Figure 4.10. The marked indexes are removed from B and the marking-swapping
process is repeated until there are no remaining indexes in B. Note that it is not
necessary to set a mutation probability in qualitative mutation since all pairs of
bits within the mutation block are simply swapped.

Also note that after qualitative mutation, the number of 0’s and 1’s remains
unchanged. In other words, qualitative mutation has an impact only on the eval-
uation of the spatial resolution’s error, E,, but not on the gray level resolution’s
error, E,, in (4.3). This kind of mutation could take better advantage of the high
correlation among contiguous pixels in an image [18], and contribute to a more
effective search.

4.3.3. Selection

(u,A) proportional selection [11] implements the required extinctive selection
mechanism. Selection probabilities are computed by

(6
. ﬂf(xk )(t) (1 <k<p),
plx’) =125 f(x7) (4.6)
0 (u<k=Ah),
where x,(f) is an individual at tth generation which has the kth highest fitness value
f (x,(f)) in P(t), p is the number of parents, and A is the number of offspring. Also,
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we assure that the two parents selected for crossover are different, x,(ct) and xl(t) (k +
I). Note that with this kind of selection, we can easily control selection pressure by
varying the value of p. Setting 4 = A we have conventional proportional selection
and by reducing the value of y we increase selection pressure.

4.3.4. Experimental results and discussion
4.3.4.1. Experimental setup

To verify the performance of the improved scheme, here we use “Girl” (256 x 256
pixels with 256 gray levels) in SIDBA. The weighting parameters in (4.3) and the
block size are set to the same values used in Section 4.2. For each block, the algo-
rithm was ended after the same total evaluation numbers T = 4 X 10* (the number
of generations is calculated as T/A in this scheme). Mutation probability for CM
is set accordingly to pﬁ,? M) 0.001. Acm : Asgm = 1 : 1 for offspring creation and
p A =1:2 (extinctive pressure), which is proved to be the best parameters’ bal-
ance for a robust and reliable search [3, 4]. Also, we set T = 0.40 as a threshold for
the normalized mutant survival ratio specified by (4.5). Mutation probability for
ADB with quantitative mutation is p,(SRM) = 0.125. In case of qualitative mutation,

it is not necessary to set a mutation probability.

4.3.4.2. Performance comparison with basic scheme

To observe the performance by the improved scheme with GA-SRM, we set the
population sizes to g = Acm = Asrm = 100. With these values it creates the
same number of offspring (200 offspring from 100 parents) as the basic scheme
with ¢GA does (200 offspring from 200 parents). Figure 4.11 shows the image’s
average-error transition by the two schemes. From this figure, it can be seen that
GA-SRM converges faster and reaches better quality levels than cGA. Also, as ex-
pected, qualitative mutation performs better than quantitative mutation. Under
this population configuration, qualitative mutation (GA-SRMs) needs only 0.34T
evaluations to surpass the final image quality levels obtained by cGA, whereas 0.7 T
evaluations are needed in case of quantitative mutation (GA-SRMf).

SRM’s behavior can be observed from Figure 4.12, which presents the block’s
side length reduction, ¢, and the number of individuals produced by SRM-ADB
that survive selection, ysrm, for one image block. From this figure, it is clear that
(i) SRM contributes with beneficial mutations (carried by mutants that survive
selection) in every generation of the search process, and (ii) the key factor for
SRM to be an effective operator lies in its own regulation mechanism: mutation
block adjusted every time the number of mutants that survive selection falls under
a minimum level 7.

4.3.4.3. Effect of population size reduction

Since GA-SRM introduces higher levels of diversity than cGA, we observe the per-
formance of the algorithms with smaller populations where diversity is even a
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FIGURE 4.11. ¢GA and GA-SRMs performance using same size offspring population.

more important issue. Figure 4.13(a) shows results by cGA using {200, 100, 40, 20,
4} population configurations. Figures 4.13(b) and 4.13(c) present results for equiv-
alent configurations ¢ = Acm = Aspm = {100,50,20, 10,2} by GA-SRMf and
GA-SRMs, respectively, along with those obtained by cGA using a 200 population.
From Figure 4.13(a), we can see that the 200 population size leads to the best im-
age quality in cGA. As the population size is reduced, the final image quality is also
deteriorated. Figure 4.13(b) shows that the introduction of quantitative mutation
allows us to considerably reduce population sizes from 100 to 10 and still obtain
a gain on search speed to generate images of quality similar or a little better com-
pared to cGA. However, a further reduction in population sizes from 10 to 2 is not
effective.

In Figure 4.13(c), we observe that GA-SRMs using qualitative mutation with
smaller populations converge faster and always produce a better image quality than
the one obtained by cGA. In this case, qualitative mutation not only allows to
reach higher levels of image quality but also reduces the population configura-
tion to its minimum level. This is because SRM with this kind of mutation al-
ways contributes to introduce diversity in levels such that SRM could be compet-
itive with CM regardless of the population size, avoiding premature convergence,
which is an important concern in cGA [17, 19]. GA-SRM’s robust performance
even with tiny populations allows us to choose the smallest memory configura-
tion to generate halftone images without compromising the image quality. In fact,
the GA-SRM using qualitative mutation with 4 = 2 and A = 4 configuration
(merely 2% of the population size used in basic scheme [23, 24]) attained after
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FIGURE 4.12. Mutation blocKk’s side length reduction and SRM-ADB offspring that survive selection.

only 0.15T evaluations the same image quality obtained by cGA after T evalua-
tions.

4.3.4.4. Generated images

Figure 4.14 shows the original image “Girl,” the generated halftone image by
cGA(200) after 0.15T evaluations and by GA-SRMs(2, 4) using qualitative muta-
tion after 0.15T evaluations for visual comparison. Note that there is a notorious
difference between (c) and (b), which is not sufficiently converged yet at this early
stage.

4.4. Simultaneous halftone image generation with multiobjective GA

Image halftoning is a true multiobjective optimization (MO) problem, in which
high gray level precision and high spatial resolution must be sought to achieve vi-
sually high-quality images. The appropriate combination of these two factors is
not only device but also application dependent. Moreover, a combination that is
appropriate for one image may not be the best for other, depending on the char-
acteristics of the individual images. Hence, it is desirable to have a set of gener-
ated images where to choose from the images that best suit an application. The
GA-based halftoning schemes explained before [1, 2, 23, 24], however, treat the
problem as a single objective optimization problem by fixing the weighting pa-
rameters in (4.3), and can generate only one image at a time. Thus, to generate a
set of images, these techniques must do it sequentially, one at a time.
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FIGURE 4.13. Performance comparison between cGA and GA-SRM.

In this section, we extend the improved halftoning scheme using GA-SRM
[3, 4] to a multiobjective optimization GA [12, 14, 15, 20] and study its behavior
and applicability generating simultaneously halftone images with various combi-
nations of gray level precision and spatial resolution [5, 6].
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SRt

(a) Original image “Girl” (b) cGA after 0.15T evalua- (c) GA-SRMs after 0.15T eval-
tions (200 individuals) uations (only 2 individuals)

FIGURE 4.14. Original and generated halftone images (“Girl”).

4.4.1. Multiobjective GA-SRM for halftoning problem

In order to extend GA-SRM [3, 4] to MO for halftone image generation, we follow
a cooperative population search with aggregation selection [16, 25, 28, 33]. The
population is monitored for nondominated solutions; however, Pareto-based fit-
ness assignment is not directly used. A predetermined set of weights W = {w!, @?,

.., @}, which ponder the multiple objectives, defines the directions that the al-
gorithm will search simultaneously in the combined space of the multiple objec-
tives. N indicates the number of search directions. The nth search direction w” is a
vector of nonnegative weights specified by w” = (w7,...,w};), where M indicates
the number of objectives. The components in @” satisfy the conditions w”, = 0
(m=1,...,M),and Zf,f:lwﬁq =1.

4.4.2. Evaluation

We evaluate individuals by using the same two evaluation functions E,, and E,
in Section 4.2.2. Thus the number of objectives is M = 2. Normalized objective
values, g for E,, and g, for E, are assigned to each individual [5, 6].

The objective values are calculated once for each individual in the offspring
population. However, we keep as many fitness values as search directions have
been defined. A combined objective value is calculated for each search direction
w" by

g" (xgt)) = % WG (x,m) = wig (xgt)) + Wi (X;”), (4.7)
m=1
and the individuals’ fitness in the nth search direction is assigned by
(=) =" (x) —¢"(x"), (4.8)

where g" (xg,vt)) is the combined objective value associated with the worse individual
in the nth search direction at the tth generation. Similar to (4.4), g"(xg,vt)) helps to
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induce a better scaling among solutions in order to assign selection probabilities,
especially during the latest stages of the search.

4.4.3. Genetic operators and selection

For each search direction w”, CM creates a corresponding Afy; number of off-
spring. Similarly, SRM creates Agpy; offspring similar to the improved scheme [1, 2]
explained in Section 4.2. Thus, the total offspring number for each search direc-
tion is A" = A¢y + Agpu- The offspring created for all N search directions coexist
within one single offspring population. Hence the overall offspring number is

N
A= > (4.9)
n=1

SRM’s mutation rates are adapted based on a normalized mutants survival
ratio [1, 2], which is extended to

N n
y= anl HUsrMm X A (410)

N N >
Zn=lAgRM Zn=1nun

where " is the number of individuals in the parent population of the nth search
direction P"(t), péry is the number of individuals created by SRM present in P"(t)
after extinctive selection, Agyy is the offspring number created by SRM, and A is
the overall offspring number as indicated in (4.9).

Since we want to search simultaneously in various directions, selection to
choose the parent individuals that will reproduce either with CM or SRM is ac-
cordingly applied for each one of the predetermined search directions. Thus, (¢, 1)
proportional selection [11] is again applied for each search direction w” by

(=)
——— 7 (1<k<u" <A,

P - s ) SR (@)
0 (" <k <)),

)

where x,(f is an individual at generation t which has the kth highest fitness value

in the nth search direction f "(x,(f)).

Note that for each search direction, only A" < A individuals are created. How-
ever, the parent population y” is chosen among the overall A offspring population.
In this way, information sharing is encouraged among individuals created for
neighboring search directions provided that the neighbors’ fitness is competitive
with the locals’ Figure 4.15 presents the block diagram of the extended multiob-
jective GA-SRM for the image halftoning problem.
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FiGure 4.15. Block diagram of the extended multiobjective GA-SRM.

Proportional

Once the offspring has been evaluated, a set of nondominated solutions is
sought for each search direction, that is, for the nth search direction non-
domination is checked only among the offspring created for that search direc-
tion. Two secondary populations keep the nondominated solutions. P, (t) keeps
the nondominated solution obtained from the offspring population at generation
t and Pygs keeps the set of the nondominated solutions found through the genera-
tions. Ppgs is updated at each generation with Pe,(¢). In the halftoning problem, an
image is divided into blocks and the GA is applied to each image block. Hence, the
GA would generate a set of nondominated solutions for each image block. Since
we are interested in generating simultaneously various Pareto optimal “whole” im-
ages, a decision making process is integrated to choose only one solution for each
search direction in each image block. Thus, among the various nondominated so-
lutions found for a given search direction, we choose the one that minimizes the
combined error E,, and E, in that particular direction. Algorithm 4.1 illustrates
the algorithm to simultaneously generate N halftone images with the extended
multiobjective GA-SRM.

4.4.4. Experimental results and discussion
4.4.4.1. Experimental setup

We observe and compare the performance by four kinds of GAs: (i) a simple GA
explained in Section 4.2 [23, 24] (denoted as cGA) (ii) an extended cGA using
the same multiobjective technique described in this section (denoted as moGA),
(iii) a GA-SRM explained in Section 4.3 3, 4] (denoted as GA-SRM), and (iv) the
extended multiobjective GA-SRM (denoted as moGA-SRM). These algorithms are
applied to “Lenna.” For each image block, the algorithms were set with different
seeds for the random initial population.

We define 11 search directions, N = 11, setting W = {w',@?,...,0''} =
{(0,1),(0.1,0.9),...,(1,0)} between E,, (gray level precision) and E, (spatial res-
olution). With @' = (0, 1), the search focuses exclusively in E.’s space and with
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moGA-SRM procedure

begin
divide original image into blocks
set N search directions W = {w!,..., @}
for (each image block B,,)
t=0

initialize (P(0))
mo_evaluation (P(0))
while (not termination condition)
for (each search direction w")
P"(t) = (u,A) proportional selection (P(t))
P(t+ 1)+ = CM(P"(1))
P(t+ 1)+ = SRM(P"(t))
done
mo_evaluation (P(t + 1))
get Peyr (£ + 1) from P(f + 1)
update Ppgs with Pey (¢ + 1)
t=t+1
done
Gy = Pugs, keep N generated block images from By,
done
generate N images (Gy)
end

ALGoriTHM 4.1. Algorithm to simultaneously generate N halftone images with the extended multiob-
jective GA-SRM.

w'! = (1,0) in E,,,’s; whereas with @”, 2 < n < 10, the search focuses in the com-
bined space of E. and E,;. moGA and moGA-SRM generate simultaneously 11
images, one image for each direction, in a single run. On the other hand, to gener-
ate 11 images with either cGA or GA-SRM, an equal number of separate runs are
carried out, each one using a different w” as weighting parameter. The parameters
used are summarized in Table 4.2.!

4.4.4.2. Comparison between single and multiobjective GAs

Table 4.3 shows under column W the average in all image blocks of the nonnor-
malized combined errors e"(x) = w!E,,(x)+w5 E.(x) by cGA(200) after T = 40 000
evaluations for each search direction w” (1 < n < 11). For other algorithms under
W, we present the fraction of T' at which the algorithms reach similar image qual-
ity (these values are all 1 for cGA(200) and are shown below the combined error).
Column TW indicates the overall evaluations needed to generate 11 images. Since
the cGA generates one image at a time, it needs 11T evaluations to generate all 11
images.

1GA-SRM search only in one direction at a time and the population related parameters u", 1",
A& and Ay should be read without the index n.
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TaBLE 4.2. Genetic algorithms parameters.

Parameter cGA moGA GA-SRM moGA-SRM
selection Proport. (u,A) Proport. (u,A) Proport. (p,A) Proport.
Mating (xi,Xj), i # j (xi,Xj), 1 # j (xi, %)), i # j (xi,%j), i # j
pe 0.6 0.6 1.0 1.0
P 0.001 0.001 0.001 0.001

ut A" — 1:1 1:2 1:2

A MM — — 1:1 1:1

TaBLE 4.3. Evaluations needed to generate high-quality images by cGA(200) for “Lenna.”

Algorithm W= ol 0l ™
wl ¢U2 w4 ws w9 wll

Combined error 121.0 111.4 89.5 66.9 32.8 10.1 —
cGA(200) 1.00 1.00 1.00 1.00 1.00 1.00 1rt
moGA(18,198) 1.43 2.43 1.27 1.00 0.70 0.72 2.437TTT
moGA(4,44) 1.12 2.30 1.36 1.02 0.73 0.79 2,307t
GA-SRM (2,4) 0.40 0.23 0.13 0.11 0.09 0.08 1.58T*T
moGA-SRM(9,198) 1.12 1.07 0.44 0.27 0.22 0.21 11277t
moGA-SRM(2,44) 1.56 1.03 0.30 0.16 0.12 0.12 1.56TTT

T The entire number of evaluations required by the single objective GAs to generate all 11 images are
given by the sum of the evaluations expended in each direction.

1 In the case of multiple objective GAs, due to the concurrent search, the maximum number of the
evaluations among all search directions determines the overall number of evaluations needed to gen-
erate all 11 images.

The first moGA row shows results by the multiobjective simple GA with a
y" = 18 parents and a A" = 18, 1 = 198 offspring configuration. moGA simulta-
neously generates 11 images and needs 2.43T to guarantee that the images in all
search direction have at least the same quality as cGA(200). moGA’s second row
shows results by moGA with a y" = 4 parents and a A" = 4, A = 44 offspring
configuration. In this case, population size reduction in moGA accelerates a little
bit more the overall convergence requiring 2.30T to produce better images than
c¢GA(200). It should be noticed that population reductions in cGA accelerates con-
vergence but it is affected by a loss of diversity and the final image quality is inferior
than cGA(200)’s. moGA benefits from the information sharing induced by selec-
tion (see explanation in Section 4.4.4.4) and can tolerate population reductions.
Compared with cGA, the results by moGA represent an enormous reduction in
processing time and illustrates the benefits that can be achieved by including mul-
tiobjective techniques within GAs.

Row GA-SRM(2,4) presents results by GA-SRM with a 2-parent and 4-
offspring configuration. GA-SRM even with a very scaled down population config-
uration considerably reduces processing time to sequentially generate high-quality
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images for all combinations of weighting parameters. Compared with the 11T
needed by cGA, GA-SRM needs only 1.58T. Also, note that GA-SRM is faster than
moGA.

The first moGA-SRM row shows results by the multiobjective GA-SRM with
ay" = 9 parents and a A" = 18, 1 = 198 offspring configuration. Compared with
moGA, we can see that the inclusion of SRM notoriously improves the multiob-
jective algorithm’s performance requiring 1.127T to generate 11 images being faster
than both GA-SRM and moGA. From GA-SRM and moGA-SRMs’ results, we can
see that the parallel mutation by SRM can greatly improve the performance of sin-
gle as well as multiobjective genetic algorithms in the image halftoning problem.

Results by a scaled down population configuration is shown in row moGA-
SRM(2,44) that represents a y” = 2 parents and a A" = 4, A = 44 offspring
configuration. The population size reduction in moGA-SRM notoriously acceler-
ates convergence in almost all the search directions. However, it delays convergence
in @' direction making the overall evaluation time to be slower than GA-SRM and
moGA. This problem can be solved by dynamic configuration of computational
resources (offspring creation between CM and SRM and evaluation numbers allo-
cated to each search direction) [7].

4.4.4.3. Nondominated Pareto solutions

Our objective is to generate a set of strongly nondominated images for N = 11
predefined search directions. The generation of a set of images implies a three-
step processes: (i) generation of nondominated solutions, (ii) clustering the solu-
tions around the N search directions, and (iii) selection of the preferred solution
for each search direction. In Table 4.4, under columns B, and By, we present the
preferred solutions obtained for each search direction in two typical image blocks.
Column B, illustrates a block in which the clusters are separated one from each
other and the preferred solutions also form a strongly nondominated Pareto front.
On the other hand, column B, illustrates a block in which some clusters are very
close one to another and the final preferred solution is the same in more than
one search direction (see, e.g., w® and w’, or w'® and w'!). Also, from these two
columns, we can see that the errors’ ranges vary depending on the characteristics
of the image block. Under whole images, we present the mean errors E,, and E,
on all image blocks of the assembled images for each search direction. We can see
that in the average the proposed method induces a strongly nondominated Pareto
front for the generated images.

4.4.4.4. Effect of information sharing

Figure 4.16 shows the average distribution of the parent population for some of
the w" directions after 0.1T and T evaluations. For example, in Figure 4.16(a), the
parent population of w* is in average composed by 18% of individuals coming
from w?, 30% from w* itself, and 13% from w®. From these figures, we can see
that each search direction benefits from individuals that initially were meant for
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TaBLE 4.4. Obtained Pareto front (“Lenna”).
w _ Two typical image blocks _ Whole images
‘ ’ En E
En E. E,, E.
w! 33.22 113.61 43.06 123.97 434 121.0
w? 26.67 113.71 16.48 124.35 21.0 121.3
w? 23.95 113.86 14.43 124.43 16.9 121.5
wt 16.22 114.87 13.65 124.58 12.3 122.1
w’® 13.20 115.37 8.12 125.57 11.4 122.2
w® 13.19 115.41 7.86 125.72 9.8 122.7
w’ 13.08 115.46 7.75 125.75 9.6 122.8
w8 10.11 118.36 7.53 125.93 9.4 123.5
w® 9.61 118.90 7.53 125.93 9.3 123.7
w!? 9.52 119.04 7.05 126.06 9.2 123.8
ol! 9.49 119.18 7.05 126.06 9.1 124.0
moGA-SRM(2,44) moGA-SRM(2,44)
100 L 100
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! w?
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FIGURE 4.16. moGA-SRM’s average parent population distribution after 0.17 and T evaluations

(“Lenna”).

other neighboring directions. This information sharing pushes forward the search
reducing convergence times. Looking at Figures 4.16(a) and 4.16(b) we can see that
the effect of information sharing is higher during the initial stages of the search.
Figure 4.17 shows some of the simultaneously generated halftone images by
moGA-SRM(2,44) with dynamic configuration of computational resources [7] af-
ter 0.707T. As can be observed, the images for each search direction are high-quality
images and the difference in contrast and gray level precision can be visually ap-

preciated.
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(d) w® (e) w® (f) !

FIGURE 4.17. Simultaneously generated halftone images by moGA-SRM(2,44) after 0.707.

4.5. Interblock evaluation method in GA-based halftoning scheme

The GA-based halftoning methods explained before evolve all image blocks in-
dependently from each other. A side effect of this is that the evaluation func-
tion becomes approximate for the pixels close to the boundaries between image
blocks, which introduces false optima and delays the search. This affection be-
comes larger as we reduce block size. In this section, we present an interblock
evaluation method to further reduce processing time (evaluation numbers) in the
GA-based image halftoning technique [29, 30]. We design the algorithm to avoid
noise in the fitness function by evolving all image blocks concurrently, exploit-
ing the interblock correlation, and sharing information between neighbor image
blocks.

4.5.1. Problem

Due to the expected high correlation between neighboring pixels in an image, the
pixels copied around the boundaries of the generated block aim to reduce dis-
continuities between blocks (see Figure 4.3). However, these pixels are not true
information of the generated neighbor blocks. Although mathematically the same
fitness function is used for every pixel, from an information standpoint the con-
ventional GA-based halftoning schemes induce a kind of approximate fitness func-
tion [21] for the pixels close to the boundary regions, which introduces false op-
tima. This misleads the algorithm and greatly affects its search performance. Here
we show examples of generated pixels and their reference region to calculate gray
level estimation in Figure 4.18. Note that if the area of image block is reduced, the
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FIGURE 4.18. Examples of generated pixels and their reference region to calculate gray level estimation.

fraction of the number of pixels evaluated with the approximate function (e.g.,
Figure 4.18(b)) will increase while the fraction of the number of pixels evaluated
with the true fitness function (e.g., Figure 4.18(a)) will decrease, negatively affect-
ing the quality of the generated image and delaying the search. In addition, the
ratio of true information used in the evaluation function reduces with the block
size. For example, in case of r X r = 16 X 16 pixels, the ratio of true information
used to calculate all g(4, j)’s in a block becomes 0.8556, when the size of Gaussian
filter is 5 x 5. The ratio decreases to 0.7225 and 0.4900 as we reduce block size to
r X r =8 x 8 and 4 X 4, respectively. The noise introduced by the approximated
function becomes larger when we reduce block size, which is a real obstacle for
further reduction of processing time.

4.5.2. Interblock evaluation method

To have a fitness function that models the halftoning problem with higher fidelity,
we make use of the interblock correlation between neighbor blocks in the evalu-
ation, linking each block with its neighbor blocks and sharing some genetic in-
formation between them [29, 30]. A GA is allocated to each block and each GA
evolves its population of possible solutions concurrently. In this process, the best

*(t—1

individuals x;\' " in the neighbor populations are generationally referred and

used to calculate the fitness values for individuals x,(fz (k=0,1,...,K-1,1 =
0,1,...,L — 1) in the current population as shown in Figure 4.19. Here (k, ) de-
notes the address of the current block Dy in the input image, and (u, v) the address
of linked neighbor blocks around Dy.

Also, * and t denote best individual and generation number, respectively.
With this procedure of information sharing between populations we can sup-
plement incomplete information in the evaluation process of [23, 24] expecting
that it would contribute to reduce evaluation numbers, improve the image qual-
ity around block boundaries, and allow further reductions of block size. Parallel
implementations can be realized with the required number of processing units,
linking at most 8 neighbor units as illustrated in Figure 4.20. Here a unit Uy
(k=0,1,....,K—-1,1=0,1,...,L — 1) means a processor corresponding to the
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FIGURE 4.19. A current block and connected neighbor blocks for gray level estimation.

image block Dy, which runs a GA to search the best binary pattern x;; for Dy
In the following, we use an 8-neighbor topology as shown in Figure 4.20. All units
evolve their populations and update best individuals generationally to interchange
the information of reference pixels through the links. After completion of informa-
tion sharing, all units synchronously start the evolution of next generation. Note
that here the parallel GA is simulated as concurrent processes in a serial machine.
That is, GA serially evolves all image blocks from the upper left Dy to the lower
right Dx_1 ;- in a same generation and then we update reference pixels (best in-
dividuals x,t ;t)) for the next generation. Therefore, the following results show only
the effects by the proposed interblock evaluation method.

4.5.3. Results and discussion

We apply this method to a canonical GA (cGA) [23, 24] and GA-SRM [1, 2]. To
test the algorithms we use “Lenna” again. Parameters in cGA and GA-SRM use the
same settings indicated in Sections 4.2 and 4.3, respectively.

4.5.3.1. Effects in conventional schemes

Table 4.5 shows the number of evaluations needed to reach the reference value
for image quality in case that the block size is r X r = 16 X 16 pixels in cGA
and GA-SRM. We can reduce the number of evaluations about 31% in cGA(200)
and 16% in GA-SRM(100,200). Note that GA-SRM even with the conventional
independent evaluation method is faster than cGA with the interblock evaluation
method. Also, when we reduce population size in GA-SRM with the interblock
evaluation method, it can be seen that smaller population sizes further accelerates
the search without deteriorating the final image quality.

4.5.3.2. Effects in block size reduction

Next, we study the effect of reducing the size of the image block fixing the popula-
tion size to (4, A) = (4, 8) in GA-SRM. Here, the mutation probability for CM is set
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FIGURE 4.20. Parallel implementation with 8-neighbor topology.

TaBLE 4.5. Comparison of the number of evaluations.

. cGA GA-SRM
evaluation method
(200) (100,200) (50,100) (25,50) (4,8)
independent 1.000T 0.510T 0.330T 0.211T 0.115T
interblock 0.695T 0.430T 0.290T 0.185T 0.094T

to p£nC M — 1/r x r [10], because this value for mutation rate causes better perfor-
mance in combination with extinctive selection [11]. Figure 4.21 plots the error
transition over the evaluations, and Table 4.6 shows the number of evaluations
needed to reach the image quality reference value. Note that with the interblock
evaluation method we can further accelerate the search by reducing the block size
to be evolved and still keep high-image quality. For example, in case of r X1 = 4 x4
the interblock evaluation method needs only 240 evaluations to achieve the image
quality reference value (the same image quality obtained by cGA after 40 000 eval-
uations), which means less than 1/100 of the processing time compared with the
basic scheme [23, 24]. We could consistently observe similar behavior for other
benchmark images. At 0.006T, cGA(200) and GA-SRM(4,8) can never produce
matured images as shown in Figures 4.22(a) and 4.22(b), but GA-SRM(4,8) with
interblock evaluation method can produce high-quality halftone image by avoid-
ing unpleasant noise around block boundaries caused by block-independent pro-
cessing.

4.6. Summary

In this chapter, we described several image halftoning schemes using evolutionary
computation (EC). We first explained the basic approach that uses a simple GA
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TaBLE 4.6. Effect of block size reduction.

evaluation method GA-SRM(4,8)

16 x 16 8§x8 4x4
independent 0.112T  0.054T  0.84T
interblock 0.090T  0.029T 0.006T

to solve the halftoning problem, in which the input image is divided into small
image blocks and the corresponding halftone block is generated by evolving chro-
mosomes with two kinds of evaluation functions for (i) gray level precision and
(ii) spatial resolution. This approach is promising in the sense that we can produce
higher quality halftone images than conventional schemes such as ordered dither-
ing, error diffusion, and so on. However, this scheme uses a substantial amount of
computer memory and processing time that deprive it from practical implementa-
tions. To solve these drawbacks, next we presented an accelerated image halftoning
scheme using an improved GA (GA-SRM) which uses two kinds of genetic oper-
ators, CM and SRM, and extinctive selection. If we introduce adaptive dynamic
block (ADB) reduction with qualitative mutation for SRM, we can drastically re-
duce memory size and processing time to generate halftone images without com-
promising the image quality. Only 2% of the population size and 15% of the evalu-
ations were required to attain the same image quality obtained by the basic scheme.
Third, we focused on the multiobjective nature of the image halftoning problem
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FIGURE 4.22. Comparison between generated halftone images at 7' = 0.006 evaluations.

to simultaneously generate halftone images having various combination of gray
level precision and spatial resolution. The improved halftoning scheme using GA-
SRM was extended to a multiobjective one for this purpose as well as to reduce to-
tal processing time. Consequently, we could reduce total processing time to 6% to
generate simultaneously 11 halftone images with different weights for the two eval-
uation functions. Finally, we presented an interblock evaluation method to further
reduce evaluation numbers in the GA-based image halftoning technique. We de-
signed the algorithm to avoid noise in the fitness function by evolving all image
blocks concurrently, exploiting the interblock correlation, and sharing informa-
tion between neighbor image blocks. With this scheme, we could further reduce
evaluation numbers to produce high-quality halftone images. Only 240 evalua-
tions were required to surpass the reference value of image quality achieved by the
basic scheme, which means only 0.6% of the total evaluation numbers required in
the basic approach.

We mainly focused on the reduction of computational cost and memory con-
figuration in GA-based halftoning schemes. However, several possibilities exist for
further improvement and extensions that should be investigated. For example, this
scheme can be extended to multilevel halftone image generation [35, 36], and color
halftone image generation which is now being investigated by the authors. In case
of color halftoning, evaluation functions should be properly modified by consider-
ing CMYK representation of colors for printing devices. Also, another possibility is
information security for halftone images by digital watermarking [13, 22, 26, 27].
One approach [31] shares a signature image into two halftone images. In this
method, the embedded secret image can be decoded by optically overlapping the
two images generated for authentication and delivery. These are only a few trials
among several possibilities and the authors are looking forward to further im-
provement and development of this research field.
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Evolving image operators
firectly in hard

Lukas Sekanina and Tomas Martinek

5.1. Introduction

Some engineering positions, which a certain level of creativity is required for, will
probably be replaced by computers in the near future. In this chapter, we will con-
sider an engineer who develops image operators for real-world applications of im-
age processing. In particular, he or she is responsible for designing low-level image
filters and operators for smoothing, edge detection, or noise removal [16]. Let us
assume that those filters will be utilized in an industrial application to prepro-
cess images coming from, let us say, a camera. These images may be contaminated
by a variety of noise sources (e.g., photon or on-chip electronic noise) and also
by distortions such as shading, shots, or improper illumination. In order to per-
form the required preprocessing or to suppress the noise in a given application, a
problem-specific filter has to be created. Traditionally, the engineers use a library
of various filters and operators and manually tune promising variants of filters for
the given application. In the process of tuning, various properties of filters might
be optimized: coefficients, structure, size, power consumption, delay, and so forth.
Assume that a convolution filter is applied. Therefore, we are interested in the spa-
tial domain where an input image, x, convolves with a filter function, k. In discrete
convolution, a kernel is shifted over the image and multiplies its values with the
corresponding pixel values of the image. A kernel is a small matrix of coefficients;
its members define weights of accounted pixels. The designer has to find these co-
efficients. He or she has to arrange a set of experiments in which candidate filters
(typically developed intuitively) are evaluated on typical images from the appli-
cation domain. The approach is based on an experimental work with large data
sets. This type of work is usually time consuming even if a cluster of processors is
used to evaluate candidate filters. The designer is mainly faced with the following
problems.
(i) How to invent the required filter which fulfills the objectives.
(ii) How to evaluate the filter in a reasonably short time.
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As the first problem primarily deals with a creative work, the second one requires a
huge computational power. Candidate filters are evaluated using image databases
collected from a given application domain of image processing (e.g., the data from
production line inspection systems, traffic systems, biometric systems, micro-
scopes, satellites, etc.). Those databases usually contain millions of images.

This chapter suggests replacing the creative engineer by an evolvable hardware
system [5] which is able to invent the required filter automatically. Furthermore,
rather than using a common PC or a cluster of workstations, a complete hardware
implementation is developed for FPGA (field programmable gate array). Image
filters are considered as digital circuits. The proposed approach has several advan-
tages.

(i) The proposed system is able to automatically design (evolve) an image
filter if the corrupted image and the original image are supplied by user.

(ii) As we a priory do not assume anything about the structure of the fil-
ter, novel (typically nonlinear) solutions might be evolved for each task.
Thus we are not restricted to the class of well-known filters, such as mean
filters, convolution filters, or median filters.

(iii) As a complete hardware implementation is utilized, the time of evolu-
tion is much shorter in comparison with the time needed by an engineer
to solve this problem. For some applications it could also be possible to
perform a real-time (evolutionary) design in situ.

(iv) The complete system can be implemented as a single chip or on a small
board which is useful for embedded systems and industrial applications.
Furthermore, the solution would be much cheaper than a PC-based so-
lution.

The filters considered here will be composed of elementary blocks that are
able to calculate the minimum, maximum, average, and some logic functions over
two pixels. In order to establish a particular filter from those components, an ex-
tended variant of genetic programming, called functional-level Cartesian genetic
programming (CGP) [10, 13], will be utilized. The approach will be demonstrated
on typical tasks of image preprocessing, such as noise removal and edge detec-
tion. Since CGP represents a very simple algorithm it is very suitable for hardware
implementation.

The main feature of the proposed implementation is that everything is im-
plemented on a cutting-edge reconfigurable hardware platform available today.
For experiments presented in this chapter we utilized the PCI COMBO6 card
with Xilinx Virtex II FPGA developed in the Liberouter project [8]. Therefore,
our results should indicate what is possible to achieve with an FPGA-based evolv-
able system nowadays. The evolutionary algorithm, implemented in hardware, is
used to find a filter which minimizes the difference between the corrupted im-
age and training image. These images are stored in RAM memories available on
the COMBO6 card. A personal computer is used only for communication with
the COMBO6 card, that is, for writing/reading the images to/from RAMs, and so
forth.
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5.2. Everything in hardware

Although a number of papers have dealt with the evolutionary image filter design
at the hardware level (see, e.g., [1, 3, 4, 6, 11, 13-15, 19, 20]) none of them have
introduced a complete hardware implementation. By complete hardware implemen-
tation we mean that the evolving filter as well as the evolutionary algorithm is
implemented in hardware (i.e., in the FPGA in our case). The primary advantages
of this approach are high speed, low cost, and potentially low-power consumption.
The idea of complete hardware evolution for FPGAs was initially demonstrated by
Tufte and Haddow [17]; however, they provided only a simple example of opti-
mization of a few coefficients stored in a register.

Creating an application specific hardware, that is, a dedicated computer, can
sometimes solve the problem of performance. A dedicated computer contains
application-specific units and interconnecting networks that are not available in
common processors. Considering the same microelectronic technology and oper-
ational frequency, a dedicated computer can be faster in several orders of magni-
tude than a universal computer for certain tasks [2]. Dedicated computers are pro-
duced as application-specific integrated circuits (ASIC). A high fabrication cost
is the main disadvantage of ASICs. In most cases, millions of these specialized
chips have to be manufactured to make the chip production commercially attrac-
tive.

General-purpose reconfigurable devices like field programmable gate arrays
offer us other implementation options. The reconfigurable devices operate ac-
cording to a configuration bitstream that is stored in an on-chip configuration
memory. By writing to the configuration memory, the user can physically cre-
ate new (digital) electronic circuits. An advantage of this approach is that a new
hardware functionality is obtained through a simple reprogramming of the chip.
Contemporary FPGAs contain thousands of programmable elements and operate
at hundreds of MHz [18]. Figure 5.1 shows a typical architecture of the FPGA,
which is a two-dimensional array of reconfigurable resources that include recon-
figurable cells (e.g., 4-input look-up tables), reconfigurable interconnection net-
work and reconfigurable I/O blocks. FPGA vendors provide collections of tools
that are utilized for designing circuits for FPGAs. A designer describes a target
(dedicated) computer in a hardware description language (such as VHDL). Af-
ter simulations, a specialized program, a synthesizer, generates the circuit imple-
mentation and configuration bitstream for a given FPGA. The configuration bit-
stream is then uploaded into the configuration memory of the reconfigurable de-
vice.

An evolutionary algorithm will be used to find a configuration of an array of
programmable elements in order to perform the filtering task. Candidate filters
will be evaluated using a training image. These filters have to minimize the differ-
ence between a corrupted version and uncorrupted version of the training image.
The corrupted version will contain a particular type of noise. We will show that
the evolved filters work effectively for a reasonable class of test images corrupted
by the same type of noise. A special filter will be evolved for a given type of noise.
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FiGure 5.1. FPGA consists of programmable elements, programmable interconnection network, and
programmable I/O ports. Its function is defined by uploading configuration bits into the configuration
memory.

The evolvable image filter introduced in this chapter is composed of three
main components—virtual reconfigurable circuit, fitness unit, and genetic unit.
These components will be implemented on a single FPGA (see Figure 5.2).

5.2.1. Image filters in a virtual reconfigurable circuit

Every image operator will be considered as a digital circuit of nine 8-bit inputs and
a single 8-bit output, which processes gray-scaled (8-bit/pixel) images. Figure 5.3
shows that every pixel value of the filtered image is calculated using a correspond-
ing pixel and its eight neighbors in the processed image. The circuit which realizes
candidate filters in the FPGA is called virtual reconfigurable circuit (VRC).

Virtual reconfigurable circuits were introduced for digital evolvable hardware
as a new kind of rapidly reconfigurable platforms utilizing conventional FPGAs
[13]. If the VRC configuration is uploaded into the FPGA, there will be created
the following units: an array of programmable elements, programmable intercon-
nection network, configuration memory, and configuration port. The VRC is, in
fact, a second reconfiguration layer developed on the top of an FPGA in order
to obtain fast reconfiguration and application-specific programmable elements.
The designer has the opportunity to design the VRC exactly according to require-
ments of a given application. In most cases the VRC, takes a form of a regular
two-dimensional array of programmable elements.
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The VRC can be considered as a hardware implementation of the computa-
tional model used in CGP. In contrast to the conventional CGP [10]—where gates
and 1bit connection wires are utilized—configurable functional blocks (CFBs)
and 8-bit datapaths are employed here. Our model of the reconfigurable circuit
consists of 2-input CFBs placed in a grid of n, columns and n, rows (see Figure
5.4). Any input of each CFB may be connected to the primary circuit inputs or
to an output of a CFB, which is placed anywhere in the preceding column. The
interconnection is implemented using multiplexers. Any CFB can be programmed
to realize one of functions given in Table 5.1. These functions were recognized as
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GU_ADDR
GU_CONF
GU.WE
conf_reg(1)  conf_reg(2) conf_reg(3) conf_reg(i — 1) conf_reg(i)

vrc_col(i — 1)

din_reg(1) din_reg(2) din_reg(3) din_reg(i — 1)

FIGURE 5.4. Virtual reconfigurable circuit for image filtering. Pixels are processed by the array of CFBs
and simultaneously stored in the FIFO memory “din_reg” in order to ensure synchronous processing.
CFBs are configured using the configuration register “conf_reg” which is controlled by the genetic unit.

useful for this task in [14]. Configuration bits of VRC (stored in a register ar-
ray) are directly connected to the multiplexers that control the selection of inputs
and functions of CFBs. The reconfiguration is performed column by column. The
computation is pipelined; a column of CFBs represents a stage of the pipeline.
Registers are inserted between the columns in order to synchronize the input pix-
els with CFB outputs.

Evolutionary algorithm directly operates with configurations of the VRC; sim-
ply, a configuration is considered as a chromosome. The chromosome is a se-
quence of triplets; each of them defines the configuration of one CFB (the con-
nection of its inputs and the function performed by CFB). As 12 bits are used to
configure one CFB, the length of chromosome is 12 - n, - n, bits. The output is
always read from the top-right CFB.

It is evident that the VRC implements a combination behavior. As many im-
age filters exhibit this property and pipelining of combinational circuits is very
effective, we decided to implement only this type of filters. Of course, a feedback,
multiplication operators or time delays could be introduced into the filter in order
to obtain more complex behaviors. However, it requires much more resources in
FPGA and an additional time to evaluate a candidate circuit. The chosen solution
represents a reasonable compromise.
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TasLE 5.1. Functions in CFBs operating over two pixels.

Function Description
0 xVy Binary or
1 XAy Binary and
2 xX®y Binary x or
3 xX+y Addition
4 x+y Addition with saturation
5 (x+y)>1 Average
6 Max(x, y) Maximum
7 Min(x, y) Minimum

A special interface has been established to read configurations of VRC from
FPGA. That makes the analysis of evolved filters easier. Furthermore, any down-
loaded configuration can be converted to a program (e.g., a function in C lan-
guage) doing the same filtering task in software.

5.2.2. Fitness calculation in hardware

The fitness calculation is carried out by fitness unit. The pixels of corrupted image
u are loaded from an external SSRAM memory and then forwarded to inputs of
VRC. Pixels of filtered image, v, are sent back to the fitness unit, where they are
compared with the pixels of original image, w. Filtered image is simultaneously
stored into an additional SSRAM memory. Note that all image data are stored in
external SSRAM memories due to the limited capacity of internal RAMs available
in the FPGA chip.

The design objective is to minimize the difference between the filtered im-
age and the original image. The image size is K x K pixels but only the area of
(K —2) x (K —2) pixels is considered because the pixel values at the borders are ig-
nored and thus remain unfiltered. The fitness value of a candidate filter is obtained
similarly to Sekanina’s original work [12], that is: (1) the VRC is configured using
a candidate chromosome, (2) the circuit created is used to produce pixel values in
the image v, and (3) the fitness value is calculated as

K-2 K-2

fitness= > > |v(i,j) — w(i,j)|. (5.1)

i=1 j=1

The above formula is implemented as a special circuit in FPGA (see Figure
5.5). Similar circuits also ensure reading the original and corrupted images from
external memories. This task is not trivial if we consider that nine pixels are needed
at each moment of processing and these pixels are not stored at neighboring ad-
dresses of the memory. Therefore, special addressing circuits, FIFOs and compara-
tors (used to detect the end of row and the end of picture) are implemented.
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FIGURE 5.5. A circuit calculating the fitness value according to formula (5.1). Every pixel calculated
by VRC (VTC_OUT) is compared (symbol “—”) with a corresponding pixel in the reference image
(ORIG_PIXEL), and their difference is added (symbol “+”) to the actual fitness value (FVAL). Syn-
chronous processing is assured by registers (FDD).

5.2.3. Hardwired genetic unit

The main advantage of CGP is that the representation used is very natural for de-
scription of digital circuits. On the other hand, the representation usually implies a
very rugged fitness landscape. Only a simple genetic operator—mutation—is used
in the evolutionary algorithm. In contrast to standard genetic programming [7],
CGP works with a small population size and many generations are produced (tens
of thousands).
All genetic operations are implemented as special circuits in the FPGA. Figure
5.6 shows details of the genetic algorithm datapath. The genetic algorithm we uti-
lized is based only on a single mutation operator (bit inversion). A crossover oper-
ator is not taken into account because experiments performed so far have shown
that no reasonable crossover operator improves the search. Secondly, its imple-
mentation would occupy a considerable area on the FPGA and introduce another
delay. The population is stored in a memory and its size is configurable. Another
memory is used to store fitness values. Every new population is always generated
from the best members of the previous one. Genetic algorithm operates in the
following steps.
(i) Initialization unit generates the first population at random. We use a lin-
ear feedback shift register seeded from software. Alternatively, a cellular
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FIGURE 5.6. Block diagram of the genetic unit. Initialization unit (IU) randomly generates the initial
population using a linear feedback shift register (LESR). Two-port population memory (PMEM) stores
candidate chromosomes. Its addresses are determined by two counters (CNT). LSFR is also utilized in
the mutation unit (MU) to randomly select those genes that will be inverted. The fitness values (FU_-
FITVAL) are stored in fitness memory (FMEM). The genetic unit is controlled using two finite state
machines, FSMA, and FSMB. Symbol MX stands for a multiplexer.

automaton could be used. Martin has shown that the performance of
these circuits is similar for this task [9].

(ii)

Mutation unit changes a given number of genes (bits) of a population

member (this number is configurable) and the modified member is
loaded into the VRC; it represents an image operator. The reconfigu-
ration of VRC is pipelined in order to overlap the reconfiguration by
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useful computation (i.e., by filtering the training images by a candidate
circuit). Simultaneously, the chromosome is copied into a FIFO mem-
ory.

(iii) Genetic unit is waiting for the evaluation performed by fitness unit. If
the fitness value is better than the parent’s fitness, then the chromosome
replaces its parent (the chromosome is copied from FIFO to the popu-
lation memory). Otherwise, the chromosome is removed from FIFO.

(iv) This is repeated until an appropriate number of generations are pro-
duced.

This loop is, in fact, divided into two parts executed concurrently. Because of

the partial reconfiguration of VRC, we can send the next population member to
VRC although the previous one has not been evaluated yet.

5.2.4. Target platform

Any platform containing a sufficiently large FPGA (approx. 350 k equivalent gates
are needed) and external memories can be utilized. We used a COMBO6 card,
developed in the Liberouter project [8], which is a PCI card primarily dedicated
for a dual-stack (IPv4 and IPv6) router hardware accelerator. This board contains
FPGA Virtex XC2V3000 by Xilinx, Inc. with more than 3 million equivalent gates,
up to 2 GB DDR SDRAM, up to 9 Mbit context addressable memory, and the three
2 MB SSRAM memories. We decided to use this card for our experiments because
it offers us a sufficient performance and capacity of FPGA. Furthermore, various
hardware modules (such as a circuit allowing the communication with a personal
computer via PCI bus) and some design software are available for free.

5.2.5. Results of synthesis

The evolvable image filter was described in VHDL, simulated using ModelSim
and synthesized using LeonardoSpectrum and Xilinx ISE tools to Virtex FPGA
XC2V3000bf957 chip which is available on the COMBOG6 card. In order to com-
pare different implementations, we have decided to synthesize the whole system
with VRC of size 4 X 8,5 X 8, 6 X 8, and 7 x 8 CFBs. The evolutionary algorithm
operates in the same way for all implementations; however, the size of chromo-
some depends on the number of CFBs. Table 5.2 shows the resources increase in
FPGA with the increasing number of CFBs.

5.2.6. Time of evolution

The evaluation of a candidate filter consists of three basic activities: (1) prepara-
tion of a new candidate chromosome (filter), (2) reconfiguration of VRC circuit
according to the prepared chromosome, and (3) fitness evaluation of the filter. As
most time is spent in the fitness evaluation, the architecture of evolvable image
filter is designed in order to overlap the fitness evaluation by other activities (1, 2).
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TaBLE 5.2. Results of synthesis for Xilinx Virtex II xc2v3000 FPGA. The table shows the utilization of
function generators, registers (Dffs) and latches, block RAMs, and input—output blocks of the FPGA
for various VRC sizes.

VRC size Func. gens.  Dffsorlatches  Block RAMs IO Blocks
available 28.672 28.672 96 684
4x8 10.331 3.104 2 236
utilization 36% 10% 2% 34%
5x8 12.324 3.269 2 236
utilization 42% 11% 2% 34%
6x8 15.861 3.468 2 236
utilization 55% 12% 2% 34%
7%X8 17.753 3.632 3 236
utilization 61% 12% 3% 34%

Therefore, because there is no overhead for reconfiguration of VRC (a new candi-
date configuration is prepared as well as VRC is reconfigured during evaluation of
a previous filter) it is possible to express the time of evaluation of a single filter as

1=Q%—2V- = 1.29ms (5.2)

feval = (K = 2)% - — —
eval ( ) f 50 - 106
if the size of images is 256 X 256 pixels and the FPGA operates at 50 MHz. Time of
evolution can be expressed as follows:

te = tinit tg-n- fevals (53)

where g is the number of generations, n is population size and tjy;; is time needed
to generate the initial population (#ini is negligible). Considering n = 4 and g =
10,000, the time of evolution is 51.6 seconds for the 256 x 256 pixel images with
FPGA running at 50 MHz.

5.3. Experimental evaluation of the FPGA implementation

Because of the stochastic nature of the method, it is impossible to evaluate the
proposed architecture for all possible types of images, noise, time of evolution, and
setting of CGP parameters. The following experiments were arranged to evaluate
the most important properties of the evolvable unit, such as time of evolution and
the quality of evolved filters. In particular we investigated the following:

(i) the influence of the mutation rate on the time of evolution;

(ii) the influence of the size of VRC on the quality of evolved filters;
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(iii) the influence of the population size;

(iv) the quality of evolved filters for different size of training images;
(v) the quality of evolved filters for different types of noise and images;
The following problems were utilized as benchmark tasks for the proposed
architecture (see examples in Figure 5.10):
(i) noise removal from images corrupted by Gaussian noise (o = 16);
(ii) noise removal from images corrupted by salt and pepper noise (5% pix-
els with white or black shots);
(iii) noise removal from images corrupted by random shot noise (5% pixels
with a random value of shot);
(iv) edge detection.

These benchmark problems were utilized in literature dealing with the evolu-
tionary design of image filters [13-15, 20]. Conventional realizations of these fil-
ters are based on mean and median filtering. There are many conventional edge de-
tectors, for example, Sobel and Canny detectors. References [13, 16] discuss these
conventional filters and their implementation cost in hardware.

The choice of training image depends on a given application. The proposed
implementation supports up to 256 X 256-pixel images. We have utilized the stan-
dard Lena image in our experiments. The resulting filters are verified using a test
set consisting of various images. The quality of filtered images is expressed in terms
of mean difference per pixel (mdpp). This value is obtained by dividing the fit-
ness value (5.1) by the number of filtered pixels. Alternatively, signal-to-noise ratio
(snr) is used in literature; however, it is easier to implement a circuit calculating
mdpp than snr in FPGA.

The genetic unit attempts to minimize mdpp. However, a zero value of mdpp
is unreachable even for a very long time of evolution. The reason is that considered
types of noise contain random components which cannot completely be removed
by the filters that can be implemented in the VRC.

5.3.1. The mutation rate versus the quality of resulting filters

In our case, only experimental work can suggest the suitable mutation rate. We
repeated the filter evolution 100 times for the salt and pepper noise problem using
the 128 x 128 pixel Lena image, population size 8, and 4 X 8 CFBs in VRC. Min-
imum, maximum, and average fitness values were measured after 50000 genera-
tions. Figure 5.7 shows that it is useful to mutate 10 bits (2.5%) of the chromosome
in average.

In order to improve the quality of the search method we utilized a simple
adaptive mutation scheme. In case that the best fitness value stagnates for a cer-
tain number of generations (g.), a higher mutation rate is introduced in order
to escape from the local optimum. As soon as the fitness value is improved, the
mutation ratio is decreased back to the previous value. We experimentally investi-
gated various values of g, and mutation rates. However, no improvement against
the constant mutation rate was observed after more than 500 runs of CGP with
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FIGURE 5.7. Searching for a suitable mutation rate (chromosome length is 384 bits).

TaBLE 5.3. The quality of filters evolved for various VRCs.

VRC size Best mdpp Average mdpp Average number of gener.
4x8 0.50 1.92 28911
5x8 0.38 1.72 27310
6x8 0.35 2.21 27025
7%x8 0.40 2.23 27404

various parameters. Therefore, the adaptive mutation was not considered in the
final implementation.

5.3.2. The size of VRC versus the quality of evolved filters

Similarly to the probability of mutation, the size of VRC also influences the quality
of the evolved filters and time of evolution. We repeated the filter evolution 500
times for the salt and pepper noise problem using the 128 x 128 pixel Lena image,
population size 4, mutation rate 10 bits/chromosome and VRC consisting of 4 x 8,
5x8, 6x8 and 7x8 CFBs. All experiments were terminated after 50000 generations.
The best mdpp, average mdpp, and the average number of generations in which
the evolution has stagnated are reported in Table 5.3. The results indicate that, in
average, the best mdpp is obtained for 5 x 8 CFBs.

5.3.3. Population size

In this experiment we allowed performing 160000 fitness evaluations and mea-
sured whether it is better to maintain larger population or to produce more gen-
erations. For the salt and pepper noise problem we repeated the filter evolution
200 times for each setup using the 128 x 128 pixel Lena image, mutation rate 10
bits/chromosome, and with 4 x 8 CFBs in VRC. The best mdpp and average mdpp
are reported in Table 5.4.
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TaBLE 5.4. The number of generations versus population size for 160000 evaluations.

Population size Generations Best mdpp Average mdpp
4 40k 0.42 1.89
8 20k 0.53 1.61
16 10k 0.59 1.56
32 5k 0.70 1.51

TaBLE 5.5. The best filters evolved for different sizes of training images.

Image Size Best mdpp Avr. mdpp Filter
Lena256.bmp 256 X 256 0.31 0.92 F256b
Lenal28.bmp 128 x 128 0.40 1.34 F128b
Lena64.bmp 64 X 64 0.38 1.53 F64b
Lena32.bmp 32X 32 0.50 1.89 F32b

In our implementation, large populations imply lower mdpps in average;
however, it is difficult to obtain at least one very good solution. Thus, we can sug-
gest that if one is going to use the evolvable filter in FPGA to find a really good
filter, it is better to generate more generations with a small population size. On the
other hand, when the system should be used to achieve “real-time” adaptation, it
is better to maintain larger population because the probability that the resulting
solution is good is higher (assuming the same time available to the evolutionary
design in both cases).

5.3.4. The quality and generality of filters evolved for
different size of training image

Another question is how many pixels the training image has to contain. Naturally,
larger training images should lead to more general filters; on the other hand, many
pixels have to be examined in the fitness function which makes the evolution very
time consuming. In comparison to the 256 X 256 pixel training image, the evo-
lutionary process will be 4 times faster if only 128 X 128 pixels are examined, 16
times faster for 64 X 64 pixels, and 64 times faster for 32 x 32 pixels. We evaluated
the mentioned scenarios on the salt and pepper noise removal problem for Lena
image. Figure 5.8 shows the images utilized in the fitness function. We repeated the
filter evolution 500 times (50000 generations in each run) for each size of training
image, population size 10, mutation rate 8 bits/chromosome, and 4 x 8 CFBs in
VRC. We applied the best four evolved filters (F256b, F128b, F64b, F32b) on other
two images and calculated their mdpp (see Tables 5.5 and 5.6).

It seems that the use of the 128 x 128 pixel training image is a reasonable com-
promise. The usage of smaller training images leads to filters that are not general
(i.e., they are optimized only for the training image). However, we can imagine a
real-world application in which it could be useful to have a filter optimized not



L. Sekanina and T. Martinek 107

TaBLE 5.6. The application of evolved filters on different images (mdpps are given).

Image/filter F256b F128b F64b F32b
Lena256p5.bmp 0.31 0.48 0.55 0.76
Bird256p5.bmp 0.27 0.24 0.29 0.33
Bridge256p5.bmp 0.90 0.80 1.17 0.95
Average 0.49 0.51 0.67 0.68

FiGURE 5.8. Training images utilized in the fitness function: 256 X 256, 128 x 128, 64 x 64, and 32 x 32
pixels.

only for a given type of noise but also for certain image(s). For example, a camera
situated over a production line (say, with bottles) scans very similar types of im-
ages (bottle by bottle). The filter evolved using a small training image would be an
advantage because of short adaptation time (a few seconds).

5.3.5. The quality of filters evolved for different types of noise

Table 5.7 summarizes the results we obtained in searching for the best filter for
Gaussian noise, salt and pepper noise, random shot noise, and edge detector. We
repeated the evolution 500 times (50000 generations in each run) for all noise
types using the 256 X 256 pixel Lena image, population size 4, mutation rate
10 bits/chromosome, and 4 x 8 CFBs in VRC. The third column of Table 5.7 indi-
cates the generation in which the best filter was discovered. The last column rep-
resents the average number of generations in which the evolution has stagnated.
The best mdpp will be compared against the software approach in Section 5.4.
We applied the evolved filters on other test images. Figures included in Figure 5.9
demonstrate that the visual quality of the filtered images is sufficient and the
evolved filters work correctly for a considered class of images. All types of noise and
examples of filtered images are visible in Figure 5.10. Example of a filter evolved to
suppress Gaussian noise is depicted in Figure 5.11.

5.4. Discussion

Every day, during our experimental work, we were able to evolve more than 4500
image filters (considering a training image of 128 x 128 pixels, population size 4,
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TaBLE 5.7. The best filters evolved for test problems.

Problem Bestmdpp ~ Number of gen. Avr. mdpp Std.dev.  Avr. Number of gen.
Salt & pepper 0.31 49808 0.95 0.51 29388
Random shot 1.11 40616 1.65 0.31 26781
Gausian noise 6.36 27179 6.73 0.24 31032
Edge detection 1.16 49608 1.73 0.41 35074

FiGure 5.9. Original images (a), (b), (c), images with the salt and pepper noise from a test set (d), (e),
(f), and images filtered using an evolved filter (g), (h), (i). The evolved filter was trained by means of
Lena image (a), (d).

and 30000 generations in average) which is impossible by means of a PC-based
software approach. As the hardwired evolutionary design process is very fast, we
could explore much larger portion of the design space than by using a conventional
approach. The change of problem specification is very easy; the user has to supply
a corrupted image and an uncorrupted image (these images are uploaded into
RAMs at COMBO6) and some parameters of evolution (the mutation probability
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FiGure 5.10. Corrupted and filtered images: salt and pepper noise ((a) versus (e)), random shot noise
((b) versus (f)), Gaussian noise ((c) versus (g)), edge detector ((d) versus (h)).

and the number of generations). In case that more changes are required (e.g., VRC
is changed substantially), it is necessary to perform a new synthesis of the whole
application which requires a few minutes.

From Table 5.7 it can be derived that 30000 generations (i.e., 20 seconds in
FPGA operating at 100 MHz) are needed in average to find a filter. The design time
is very reasonable if the proposed system should operate “instead” of a designer in
the image filter design task. For some applications, our solution could also operate
as a real-time evolving filter. If we consider that training images could consist only
of 64x 64 pixels, then the time of evolution is 4.7 seconds. Note that the speedup we
obtained against the software approach (Pentium III/800 MHz) is 50 if the FPGA
operates at 100 MHz. Another speedup is possible if more than one VRC were
implemented.

Table 5.8 compares the best-achieved results with the results obtained using
a software simulator [14] and with the conventional implementations. We can
observe that the filters evolved here and in [14] exhibit very similar quality. In
comparison with conventional implementations of image filters (i.e., with the me-
dian or mean filters that are general and not specialized to our type of noise) we
obtained very good specific filters trained for a particular type of noise. Similar
to [14], we can assume that the evolved filters, when extracted from VRC, trans-
formed to VHDL, and synthesized again for FPGA, will be cheaper than conven-
tional filters (in terms of the number of equivalent gates utilized in FPGA).

The performed experiments suggest how the final architecture of the evolvable
image filter should look like. The circuit should contain 5 x 8 CFBs, CGP should
mutate 2.5% of chromosome and the fitness value should be calculated using the
128 x 128 pixel image in order to evolve general filters. If the system is utilized
to design a single filter, then it is useful to maintain a small population size (four
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FiGURE 5.11. Example of an evolved Gaussian noise filter. CFBs are numbered according to Table 5.1.

TaBLE 5.8. Comparison of mdpp of the best filters evolved in software (cf. [14]), in hardware and
designed conventionally (cf. [14]).

Operator SW HW Conventional
Gaussian 6.24 6.36 6.43 (mean)
Salt and pepper 0.38 0.31 2.95 (median)
Random Shot 1.08 1.11 2.98 (median)
Edge detection 1.20 1.16 —

chromosomes). On the other hand, when a short adaptation time is of interest,
larger populations allow obtaining higher average quality of filters.

A strongly generic approach was utilized during VHDL design. All the im-
plemented units are parameterized using various constants (such as the size of
chromosome and the number of mutations). Therefore, it is easy to modify the
design and to obtain a totally different evolvable system in a very short time.
The FPGA communicates with PC via a special software allowing the designer
to prepare scripts describing experiments that have to be performed. Typically, de-
signer specifies the VRC, EA, and fitness functions, performs synthesis, uploads
the evolvable system into FPGA, and executes all experiments described in scripts.
This approach can be considered as a user-friendly interface to evolvable hardware
(e.g., a system for hardware evolution of sorting networks was derived from this
application in a few hours). Furthermore, the evolvable image filter can be offered
as an IP (intellectual property) core to FPGA designers. Another important fea-
ture is that the evolvable filter can be uploaded to the FPGA dynamically, that is,
only when some adaptation is needed. Once the system is adapted, only a resulting
filter remains in the FPGA (e.g., in a second VRC realized in the FPGA) and some
other circuits can replace the evolvable unit in the FPGA.

5.5. Conclusions

The proposed complete hardware implementation of an evolvable image filter has
allowed us to explore much larger portion of the design space than engineers can
do nowadays (e.g., during an eight-hour work period). The proposed system is
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able to deliver image filters of a high quality in a few minutes. In case that the
evolved filter is not sufficient, it is needed just to restart the evolutionary process.
The architecture is generic and can easily be modified to realize other evolvable sys-
tems. We demonstrated that complete hardware evolution significantly improves
designer’s performance and allows integrating novel features (such as adaptability)
to FPGA-based embedded systems.
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6.1. Introduction

High-speed and ultra-high-speed binary image processing has a growing number
of application areas in manufacturing industry and transportation (e.g., vision-
based fabric inspection [19], intelligent vehicles [2]). The relative simplicity of
the hardware required for high-speed binary image processing can also be used
to provide a cost effective means of implementing grey scale image processing in
mobile embedded systems [3].

A common component of such embedded vision systems is the use of mor-
phological binary image processing. This is dictated by real-time demands and the
requirement that the application must often measure or classify the morpholog-
ical properties of the image. In applications where the image sizes are large, the
image processing operators are implemented by passing the entire image, line by
line, through a scan-line pipeline [6]. Thus, the time-complexity of an algorithm
is typically O(np), where n is the number of lines in the image and p is the number
of individual operator applications. Whilst it is not possible to alter n, it is possi-
ble to reduce the execution time of an algorithm by combining and reordering the
original structuring element operator sequence into a shorter sequence of mul-
timinterm' Boolean operators. Shorter sequences not only provide the benefit of
shorter execution times but they can also provide a corresponding power saving
when used in conjunction with variable frequency clock modes.

Thus, the aim of the optimisation procedure is to map the original filter spec-
ification into a reduced sequence of machine specific operators and connectives.
The optimisation criterion is specified by the length of the sequence, and the

1Boolean functions, such as a sequence of structuring elements, can be represented canonically
as the disjunction of a series of minterms. A minterm consists of a conjunction of each of the function
variables (either complemented, or uncomplemented) where each function variable appears exactly
once within a given minterm (e.g., the exclusive or function would be represented as two minterms
Xor(a,b)=@Ab)V (anb)).
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complexity of the optimisation problem is determined by the size of the opera-
tor set and the possible number of partitions of the target filter.

The genetic algorithm, presented here, evolves compact sequences of multi-
minterm operators for the clutter [16], a high-speed scalable FPGA-based binary
image processor. The clutter has a large and complex multiminterm instruction set
based upon the functions realisable by the compact look-up table (CLUT) [17].
The size of the instruction set is orders of magnitude larger than those of previous
processors (an upper bound of 27° realisable functions [17]) and it is impracti-
cal to enumerate the entire instruction set. The size and form of the instruction
set provide the prerequisites for the optimisation of complex filters (such as the
median or rank filters [18]) lacking in other architectures [9].

The number of disjoint subset partitions of target function minterms is re-
lated to the Bell number, By, given in

B,= > s, (6.1)
k=1

where 7 is the number of target function minterms and S,(:') are the Stirling num-
bers of the second kind, calculated by the recurrence relation in

S =8 ks, s =S =1, (6.2)

For a target function containing 16 minterms, the number of possible disjoint
minterm partitions is Bjg = 10480142147. The Bell number becomes a lower
bound on the number of partitions, when applied to problems involving overlap-
ping subsets and arbitrary connectives (as is the case here). Thus, even for small
numbers of minterms, the combination of the partition space and the size of the
instruction set makes the use of simple deterministic backtracking algorithms im-
practical.

In previous work, an informed backtracking algorithm based upon the re-
sults of [17] was successful in identifying solutions to target filters which could be
realised by a single CLUT. This approach was extended, to tackle more complex
filter functions, by recursively applying the algorithm to the residue of each solu-
tion. However, the solutions discovered by the extended approach were found to
be similar in length to those of the original structuring element sequences.

6.2. Synthesis strategy

The informed backtracking algorithm partitions the target function into a dis-
junctive sequence of single CLUT operators. Thus, only those minterms contained
within the target function are implemented by the CLUT operators, and each
CLUT operator can only add to the total set of minterms. The disjunctive nature
of this form of sequence provides only limited possibilities for optimisation, and
does not exploit the richness of the instruction set.
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TaBLE 6.1. List of the arbitrary connectives.

Function Encoding Function Encoding
anb 0001 avb 1000
anb 0010 avb 1001
anb 0100 avb 1011
aVvb 0110 avb 1101
avb 0111 anb 1110

A more effective strategy is to synthesise sequences in which the CLUT opera-
tors cover minterms other than those found within the target function. Successive
CLUT operators in the sequence could then remove the unnecessary minterms
with the aid of a more complex set of connectives. Such a strategy has the poten-
tial to construct shorter solutions based upon a number of greedy CLUT operators
which utilises the entire instruction set.

The synthetic strategy can be implemented in a number of ways. The partic-
ular form of CLUT operator sequence, S, investigated here, is given in

SX) = (- (D o1 Ci(X)) 02 Co(X)) - - +) on Cn(X), (6.3)

where C;(X) - -+ Cy(X) are the CLUT operators applied to the image X, and
oy - - - oy are any of the connectives given in Table 6.1. C; is combined with a con-
stant image @ using the connective o;. Thus, the operators in (6.3) are ordered
and, in general, a CLUT operator can completely or partially redefine the effects of
the preceding operators.

The advantage of the formulation given in (6.3) is twofold. Firstly, the fitness
evaluation of the genetic algorithm, when using (6.3), is only based upon the con-
tents of the CLUT operator, connectives, and the truth table of the target function
and is not dependent upon the image. Secondly, the formulation can also be im-
plemented as parallel CLUT operations applied to a single input image.

Section 6.3 provides a brief introduction to the clutter and to the CLUT, from
which the problem derives a significant portion of its complexity. Section 6.4 in-
troduces the general approach taken by the algorithm to manage the synthesis of
solutions. Section 6.5 describes the details of the genetic algorithm, including the
diversity management and adaptive niche focusing scheme. Section 6.6 presents
the results of the algorithm when applied to complex filter problems. Section 6.7
provides an analysis of the results and observations for further work.

6.3. The clutter

The clutter is a novel reconfigurable FPGA-based binary image processor, which
is designed to address the requirements of embedded machine vision applications
(i.e., cost, power consumption, and processing rate). The architecture addresses



116 Variable-length compositional genetic algorithms

LineA

Post-
processor

. : N
LineA Line processor  |LineA

In A Out A

g bufers -.

B OutBl B

LineA”

CfgDatal5]

CfgEnable

LineOut
CfgData[5 : 0]
CfgClk

External interface )

() Lineln

F1GURe 6.1. A block diagram of the core of the clutter architecture. Signals pertaining to the inter-
clutter interface have been intentionally excluded for clarity.

these requirements through its augmentation of the traditional scan-line architec-
ture and the employment of the compact look-up table as the means of neigh-
bourhood transformation. The use of the CLUT conveys, not only, the benefit of a
large instruction set but also provides a dense mapping of the Clutter architecture
to cellular logic-based FPGAs.

6.3.1. The clutter architecture

The clutter reference architecture (illustrated in Figure 6.1) consists of three logi-
cal entities—the line processor, the postprocessor, and image buffers. The current
version of the clutter is able to process over 150,000 frames of 256 X 256 pixels a
second, and is implemented within a single low-cost FPGA.

The clutter implements image transformations by passing consecutive lines of
an image, contained within an image buffer, through the line processor. The con-
tents of the CLUTs define the form of transformation to be applied. The postpro-
cessor combines the transformed lines, according to the connective chosen from
Table 6.1, with the corresponding lines in another image buffer. The final result is
then written back, a line at a time, to a selected image buffer. Thus, the time taken
to process an image is proportional to the number of transform-connective pairs
contained within the sequence, given in (6.3).

6.3.2. The compact look-up table

The image transformation realised by a CLUT operator is a general form of the
hit-or-miss transformation on a 3 x 3 neighbourhood. The CLUT is a two-layer
structure consisting of five 4-input binary look-up tables, where certain of the in-
puts are shared between the first layer of the structure (see Figure 6.2(a)). The
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FIGURE 6.2. (a) The internal structure of the compact look-up table (CLUT). The configuration signals
for the look-up tables have been excluded for clarity. (b) The form of CLUT neighbourhood mapping.
The 3 x 3 neighbourhood is grouped into four partially overlapping segments, which are processed
individually by the first layer look-up tables. The results from the four segments are merged into the
transformed centre pixel, x5, by the function implemented by the look-up table g.

single look-up table, g, in the second layer generates an output which is an arbi-
trary function of the outputs of the first layer. The pixel neighbourhood mapping
which results is shown in Figure 6.2(b).

The functions, f(-), realised by the CLUT are a subset of the set of all 2°!2
Boolean functions of nine variables, and have the form

flxnesxe) = g(hi(-), ha(), hs(-), ha(+)), (6.4)

where h; - - - hy and g implement arbitrary Boolean functions

by (x4 %1, X2, X5)
hy (%2, X3, X6, X5)
hs (X6, X9, X5, 5) [ 10,1}* — {0, 1} (6.5)
h4(x8,x7,x4,x5)
g(l’llahz,h3,h4)

and x,. .., X9 are the Boolean values of the 3 x 3 image neighbourhood (shown in
Figure 6.2).

Figure 6.3 illustrates the sensitivity of the CLUT for internal single bit transi-
tions. The sensitivity is measured as the distribution of Hamming distances from
the nominal function (generated by a CLUT with randomly generated contents),
when a single bit is perturbed at a specific position within the CLUT. It can be seen
that transitions in the contents of the second layer look-up table, g, cause a larger
divergence in the implemented function than those of the first layer. The changes
which occur in the function are a result of the complex one-to-many mapping be-
tween the inputs and the output. The form of the mapping makes it difficult to
affect isolated minterms within the function.
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FIGURE 6.3. A graph illustrating the sensitivity of the CLUT structure measured as deviations from the
nominal function to isolated bit transitions in the look-up table structure.

6.4. Managing synthesis

The synthesis of sequences (such as in (6.3)) requires that a genetic algorithm pro-
vide evolutionary operators which modify the length of individuals and a means
of maintaining diversity within a population of variable length individuals. The
following section discusses the choices for this particular algorithm in terms of
characteristics of the problem.

6.4.1. Variable-length genomes

Compositional evolutionary operators, such as crossover, combine large pieces of
preadapted genetic material, and rely upon the building-block hypothesis to yield
fitter individuals [8]. The sources of the preadapted material can either be derived
from the same individual or from one or more individuals in the population. The
motivation for the inclusion of constructive compositional operators within the
algorithm in order to grow solutions is twofold.

Firstly, the determination of the optimal length of the final solution is the ob-
jective of the evolutionary search, and since no information is available to inform
the initialisation process, a trial and error procedure would be required in order
to determine a range of suitable lengths. Thus, this application differs significantly
from other variable-length applications (e.g., [1]) where a priori information is
available to initialise the population.

Secondly, even if a suitable range of lengths were known, the population must
be initialised in such a way, that is neither deleterious nor biased. Owing to the
characteristics of the fitness landscape, the random initialisation of a population
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of variable length individuals results in longer individuals with low initial values
of fitness, and shorter individuals with relatively high values of initial fitness. The
effect upon the evolutionary dynamics is that small improvements in fitness of a
few short individuals rapidly reduces the genetic diversity of the population, and
leads to premature convergence or failure to evolve a solution.

If, on the other hand, the population is initialised with individuals contain-
ing single CLUT operators and these individuals are grown using constructive op-
erators (such as concatenation), the initial population will have a higher fitness
diversity, and this diversity consequently decreases less after the initial settling pe-
riod (owing to greater variation in the population’s ancestors [4]). Experiments
illustrating this effect are presented in Section 6.6.

6.4.2. Niche measures in diversity management schemes

Diversity management methods are introduced into genetic algorithms in order
to ameliorate the problem of premature convergence in the face of complex fitness
landscapes. These methods effectively partition the population into niches, and
ensure that competition between individuals is restricted to those which occupy
the same niche. The existence of niches allow multiple regions of the search space
to be explored simultaneously. Several such methods have been proposed [15].

Thus, a modified diversity management scheme could be designed to niche
groups of individuals within the population according to the length of the se-
quence, and thereby mitigate the problem identified in the previous section. The
management scheme developed here is a modified form of the deterministic
crowding algorithm [12]. Deterministic crowding was selected because of its sim-
ple, yet powerful, method of selection. The method requires no control parame-
ters, and in addition, since the parents are randomly selected from the population,
there is neither a need for fitness-based selection probability calculations (such as
in fitness sharing [7]) nor large numbers of niche distance calculations (such as
in crowding [5] and clearing [14]). The simplicity of the method also makes it
suitable for possible hardware implementation.

The absence of control parameters, such as the niche radius used in fitness
sharing and clearing, is of particular importance in this application. In [15], it is
shown that a suitable choice of niche radius relies upon a knowledge of the struc-
ture of the fitness landscape. The complex one-to-many mapping of the CLUT
makes this difficult to obtain.

The niche measure required by deterministic crowding to determine the sim-
ilarity of individuals is commonly based upon properties of the phenotype of the
individuals. This raises two difficulties in this application. Firstly, the length of
the solution is not contained within the phenotype. Secondly, the length of the
phenotype grows exponentially with the dimensions of the filter neighbourhood,
and so, the approach will not scale well for larger neighbourhoods. An alternative
approach would be to base the measure upon the genotype of individuals (i.e.,
the Hamming distance). However, the use of a too simple genotype measure will
degrade the performance of the genetic algorithm [10]. The method presented
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(1) Initialise and evaluate the fitness of the population

(2) repeat

(3) Randomly select two parents from the population

(4)  if stagnation has occurred then

(5) Create a single offspring through concatenation with probability
u, or perform uniform parameterised crossover

(6) Apply duplication-rotation with probability v

(7) else
(8) Create a single offspring using uniform parameterised crossover
(9) endif

(10)  Apply point mutation
(11)  Evaluate the fitness of the offspring according to (6.13)
(12)  Determine the most similar parent
(13)  if the offspring is fitter than the most similar parent then
(14) Replace the parent with the offspring
(15) endif

)

(16) until termination criteria are satisfied

ALGORITHM 6.1. An outline of the steady-state variable-length algorithm.

in Section 6.5, uses a weighted-genotype measure which is designed to reflect the
sensitivity characteristics of the CLUT.

6.5. The genetic algorithm

The general structure of the genetic algorithm (shown in Algorithm 6.1) can be
considered to be that of a variable-length form of the standard deterministic
crowding method presented in [10, 11]. Standard deterministic crowding creates
parental pairs by employing random selection without replacement, where selec-
tion is based upon the entire population. That is, all individuals in the population
are used to form parental pairs and each individual is selected only once. Crossover
is then applied to each pair to create two offspring. After mutation of the offspring,
the niche measure is used to determine the distances between the offspring and
their parents. The offspring and their parents are then paired in the configuration
which results in the smallest distance sum. Finally, if the offspring is fitter than its
parent, then the offspring replaces the parent in the population.
The modified steady-state variable-length algorithm differs in the following
aspects.
(1) Only one parental pair is selected from the population during each iter-
ation, owing to the use of the steady-state scheme.
(2) Only a single offspring is produced. This improves the matching of the
distance between parent and offspring, since only a single distance is
used instead of the sum of two distances.



L. P. W. Sillitoe and A. K. Magnusson 121

lo - 156 -~ 31|32 - 47]48 --- 6364 --- 79[80- - - 83]

0 15_0 15_. 0 15 . 0 15 . 0 15 .0 3
— a2~

h ha hs hy g c

FIGURE 6.4. The structure of a single CLUT operator genotype.

(3) When the progress of evolution begins to stagnate, the length of the off-
spring is increased through the use of constructive compositional oper-
ators (i.e., operators which can create offspring with lengths other than
those of the parents).

(4) The surviving individuals are immediately reinserted into the popula-
tion prior to the next selection. This follows from the first point and
allows offspring to take part in the selection process immediately.

The following sections give a detailed description of the steps given in Algorithm
6.1.

6.5.1. Genome structure

A single transform-connective pair (i.e., C,(+) — o, given in (6.3)) is uniquely de-
termined within the genome of an individual, by 84 bits (as shown in Figure 6.4).
The first 80 bits define the contents of the CLUT operator and the corresponding
transform, and the remaining four bits specify the connective to be implemented
by the postprocessor.

6.5.2. Initialisation

The population is initialised with individuals representing single CLUT operators.
The bit strings representing each look-up table of an individual are randomly gen-
erated according to a probability density selected from a distribution of densities,
which are uniformly distributed over the range [0, 1]. The motivation for choos-
ing different densities for the five look-up tables is to allow specific individuals to
focus on different areas of the structuring element. The associated connectives are
selected from the list, given in Table 6.1, in a similar fashion.

6.5.3. The evolutionary operators and their
progression-based application

As indicated, the application of the compositional operators adapts to the progress
of evolution (steps 4-9) and only occurs after a period of stagnation. Stagnation is
said to have occurred when the fitness of the population, measured as the fitness of
the fittest individual within the population, no longer improves over an interval of
80 generations. When a stagnation phase is reached, the compositional operators
are applied for 20 generations. If there continues to be no improvement in the
fitness of the population, the cycle is repeated. The length of the two intervals were
determined experimentally.
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The probability that an individual evolutionary operator is applied varies with
an estimate of the current average length of the individuals within the population
(N). The adaptation mechanism ensures that the number of applications made to
an individual is approximately constant, and that it is independent of an individ-
ual’s length. The evolutionary operators, mutation and crossover, are only applied
to the CLUT section of the genome. A description of the individual operators and
their applications is given below.

(1) Mutation. The single accretive operator within the algorithm is standard
point-mutation and has an average application rate of two bit transitions per off-
spring.

(2) Crossover. The form of crossover (applied at steps 5 and 8 of the algorithm)
is uniform parameterised crossover. The average rate is two crossover sites per
offspring. The length of the resulting offspring is that of one of the parents and is
determined by the final crossover site (see Figure 6.5).

(3) Concatenation. The concatenation operator concatenates the parents to form
a single offspring. It replaces the crossover operation during stagnation (step 4)
and an experimentally determined rate of application of 4 = 0.00375 has been
used.

(4) Duplication-rotation. The duplication-rotation operator is applied to a ran-
domly selected CLUT operator within the sequence of an offspring. The selected
CLUT operator is copied, rotated, and inserted back into the sequence immedi-
ately following the position of the initial operator (see Figure 6.6). The form of the
rotation is based upon the phenotype of the CLUT operator and aids in the cre-
ation of subsequences which implement rotationally invariant image transforma-
tions. The rotation is performed by circularly shifting the bit strings representing
the contents of /; - - - hy and transforming the contents the bit string representing
the look-up table g. The resulting effect is that the neighbourhood pattern im-
plemented by the new CLUT operator corresponds to one of the four central 90
degrees rotations of the selected CLUT operator. The application rate of the opera-
tor, v, is governed by v = 0.015/N, where N is an estimated average of the number
of CLUT operators in an offspring.

6.5.4. The weighted-genotype niche measure

The niche measure, given in (6.6), employs two weights (a, ) to accentuate the
relative effects of different sections of the genome and a third single weight (y) to
reflect the difference in length,

min(Lg,Ly)
d(GaGp) =y« |La—Lo| + D wi- (Ga(k) Y Gy(K)). (6.6)
k=1
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FIGURE 6.5. An illustration of variable-length crossover. The offspring will, in this case, take the length
of the longer parent A. If there were to be a third crossover site, as indicated by the dashed trace, the
resulting offspring takes the shorter length of parent B.
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FIGURE 6.6. An example of the duplication-rotation operator, where the selected CLUT operator is
rotated by 270°.

In (6.6), wi is the position-dependent weighting factor for the kth bit of the
genome given by (6.7), in which « is the weight corresponding to the bits of g(-)
and f3 the weight for the connective,

1 ifk € {huy---hul,
Wk =1a ifk € gy, (6.7)
B ifkecy.

G, and G are the two genomes between which the measure is to be made and
L, and L, are their respective lengths measured in bits. The constant y reflects the
significance of the discrepancy in length between the two individuals and is chosen
to be sufficiently large to assure the generation of length-based niches.

6.5.5. Fitness evaluation

The fitness measure consists of a product of three factors, each addressing one as-
pect of the solution. The first factor measures the correctness, the second applies
a pressure favouring shorter solutions, and the third factor promotes individu-
als which implement elements of the solution not commonly found within the
population. The correctness factor is also used as the progress measure when de-
termining the presence of stagnation (step 4 in Algorithm 6.1).
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An individual’s correctness is measured as the number of target bits correctly
implemented. The target function is represented as a vector of 512 Boolean values
representing the desired output for all possible values in the neighbourhood. The
mapping from neighbourhood to index within the vector is given by

9
i= Z 2977 . Xj, (6.8)
j=1

where x;...9 are the neighbourhood pixels shown in Figure 6.2. The correctness
factor f; is given in

1 511
fe= 512 z iVt (6.9)
i—0

where s; is the output of the CLUT sequence for input pattern i, and ¢; is the corre-
sponding target function value. A correctness factor of f, = 0 indicates an entirely
correct solution.

The second factor f,p, given in (6.10), acts as a parsimonious penalty and is
proportional to the logarithm of the length of the genome,

fop=1+c-In(1+N), (6.10)

where N is the number of operators in the sequence and ¢ is a positive scaling
factor (taken as ¢ = 0.05 in the experiments in Section 6.6).

The selection pressure, applied by f;, will promote individuals which imple-
ment a larger cover of the target function. However, irrespective of the size of cover,
an individual may still implement necessary elements of the target function. The
use of f; in isolation could lead to the removal of such individuals from the popu-
lation.

In order to combat this effect, an adaptive memory-based niche focusing
scheme, which continuously modifies the fitness landscape with the aim of pro-
moting less common traits in the population, is also included within the fitness
calculation. The scheme maintains a payoff vector of “recently seen” bit-pairs, cal-
culated according to (6.11), and recomputed after each fitness evaluation,

0+ (1 -=90) ifsi=1t,
pi= PO =0t (6.11)
max (p; - 6, p) otherwise.

In (6.11), p; are the elements of the payoff vector, J is the payoff time constant
(which was set to § = 0.99 in Section 6.6), and p is the maximum payoff (which
was set to p = 0.1 in Section 6.6).

The third fitness factor, f;, corresponds to the payoff for the least commonly
implemented target filter minterm, as shown in (6.12),

fi=min (p;) :i e [0---511]. (6.12)
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The total fitness, F, of an individual is calculated according to (6.13). If an in-
dividual correctly implements the target function, it receives a fitness determined
solely by the number of operators, N, of the sequence. Otherwise, the fitness is
given as the product of the three fitness factors,

ferfoo o s WS #0,

N-¢ otherwise.

F = (6.13)

The constant ¢ is chosen such that N - ¢ < 1/512 and is taken to be ¢ = 107 in
Section 6.6, (i.e., a fully correct individual is always better than an incorrect indi-
vidual, for any practical value of N). The presence of € ensures that competition
continues between individuals after solutions to the target problem have been dis-
covered.

6.6. Results

This section presents the results of a series of experiments, in which the algorithm
has been applied to the optimisation of the median filter and three common mor-
phological transformations. The results provide an analysis of an evolved solution
and illustrations of the effects of diversity weights and population initialisation
upon convergence and the degree of optimisation. The section begins by intro-
ducing the transforms used as a basis for the experiments.

6.6.1. The mapping of structuring element sequences

The three morphological image transforms, shrink, thin, and skeletonisation are
commonly used in machine vision applications. Typically, the algorithms differ
only in their choice of structuring element sequence and are implemented by iter-
ating the sequences until there is no further change in the image.

The algorithms for shrink, thin, and skeletonisation given in [13] are based
upon a staged application of two 3 X 3 structuring element sequences. During the
first stage of the algorithm (known as the conditional stage), the structuring ele-
ments are used to mark pixels for conditional erasure. The second stage (known as
the unconditional stage) selectively removes marked pixels from the image using
an additional set of structuring elements. Table 6.2 shows the number of structur-
ing elements required for each algorithm and the length of the shortest operator
sequence evolved by the genetic algorithm, when the population was initialised
with single CLUT individuals. Inspection of the evolved CLUT sequences shows
that the algorithm was able to map 5-15 structuring elements to a single CLUT
operator.

Figures 6.7(a) and 6.7(b) respectively illustrate the variation in the correctness
factor and the staged growth of individuals during the evolution of a solution to
the unconditional skeletonisation problem.



126 Variable-length compositional genetic algorithms

TaBLE 6.2. The optimisation results for skeletonisation, thin, and shrink for « = 8, f# = 1, and an
initial population of 400 single CLUT operator individuals.

Transform Stage Structuring elements ~ Sequence length
. Conditional 40 4
Skeletonisation
Unconditional 28 6
Thin Conditional 46 5
Unconditional 45 7
Shrink Conditional 58 4
Unconditional 37 7

6.6.2. The analysis of a particular solution

Figure 6.8 illustrates how a particular individual, which solves the unconditional
skeletonisation set, implements the minterms of the target function. In
Figure 6.8, each consecutive row corresponds to the minterms which result af-
ter the application of the respective operator in the sequence C;...c. The hashed
squares represent the minterms which are currently implemented incorrectly, and
the empty squares represent a correct implementation. The figures to the right
of the illustration indicate the percentage of the total number of minterms, in
the target function, which were correctly implemented at each point in the se-
quence.

The first operator implements 90.0% of the minterms correctly. Each opera-
tor thereafter in the sequence increases the number of correct minterms until the
fifth operator is reached. The fifth operator decreases the total fraction of correct
minterms but in doing so it also corrects minterms within other parts of the so-
lution, which up until that point, had been incorrect. The change in the greedy
nature of the algorithm, indicated by the fifth operator, is found in the major-
ity of the solutions evolved by the algorithm. Figure 6.9 illustrates the processing
stages for the evolved unconditional skeletonisation sequence applied to an im-
age.

6.6.3. The effect of initial population length upon diversity

The effect of the initialised length of individuals upon the diversity of the evolving
population is illustrated in Figures 6.10(a) and 6.10(b). Figure 6.10(a) shows the
average individual diversities of the first six CLUT operators of the sequence, when
evolving solutions to the unconditional skeletonisation problem with an initial
population randomly seeded with individuals up to a maximum length of eight.
Figure 6.10(b) shows the diversities of the same six CLUT operators, but for the
case, where the population was initialised with individuals of length one. The fig-
ures show that a greater diversity in all operator positions was achieved when the
population had been initialised with single CLUT individuals, and that this effect
also continues after the settling period.
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FIGURE 6.7. The progression of the correctness factor and growth in genome lengths of the population.

6.6.4. Variation in diversity parameters

Table 6.3 contains the results of a series of experiments used to investigate the vari-
ation in the weighted-genotype diversity parameters, o and 8, upon the perfor-
mance of the algorithm. The performance was measured in terms of the number
of quasi-shortest solutions (i.e., the shortest solution as yet discovered by the al-
gorithm). It can be seen from Table 6.3 that smaller 3/« ratios result in a larger
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FIGUrE 6.8. An illustration of a section of an evolved CLUT sequence showing the alteration in solu-
tion strategy.

number of short solutions. The experiments evolved solutions for the median fil-
ter and allowed evolution to continue for 2 million iterations beyond the point
where the first solution was discovered (approximately one third of the total num-
ber of iterations).

The performance of the algorithm was then investigated with alternative
forms of niche measure. The measures included the genotype Hamming distance,
the phenotype Hamming distance, and a phenotype measure sensitive to the length
of the CLUT operator sequence, calculated as in

511
dL—phenotype(Pa)Pb) =512 |Nu - Nb| + Zpa(l) v Pb(l) (614)
i=0

The lengths of the respective solutions are shown in Table 6.4, together with
the times to first solution measured in terms of the number of iterations of the al-
gorithm. The results of the L-phenotype and weighted-genotype measures show a
similar number of short solutions and a similar spread in the final length of the in-
dividuals. The phenotype measure has the shortest time to solution, but generates
the longest solutions.

6.7. Discussion

In [10], genotype and phenotype deterministic crowding niche measures are anal-
ysed in terms of a number of smooth single variable function optimisation prob-
lems. The functions used within the study exhibit neither epistatic interaction nor
neutral evolution. The results of the study motivated the use the phenotype mea-
sures, as they maintained diversity within the decoded parameter space.

Figure 6.11 shows the correlation between the phenotype and weighted-
genotype measure taken from a population of individuals during the evolution
of the median filter. From inspection, the values of the weighted-genotype pa-
rameters which best correlate with the phenotype involve intermediate connective
weights (i.e., 8). This is in agreement with the results of weight variation (shown
in Table 6.3) in evolutionary runs, where it can be seen that the best performance
(measured in terms of sequence length) was achieved when the connective weight
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S

Input image

Resulting image

FIGURE 6.9. The figure illustrates the processing of an image, showing the six steps of the evolved
unconditional skeletonisation operator. The input image is taken from the output of the preceding
conditional skeletonisation processing stage. The input image contains the pixels which potentially are
to be erased. The resulting image contains two pixels, which the second stage of the algorithm has
selected for protection from erasure.

was relatively low. The reasons can be found in two elements of the problem struc-
ture.

Firstly, the connective element of the genome represents only ten possibilities,
and once created, these remain unchanged by the evolution. A greater connective
weight tends to promote genetic diversity based only upon these few values and
to the detriment of the CLUT operator. The limited variation in the connective
alleles results in low phenotype diversity.

Secondly, the sources of neutral evolution and epistatic interaction are lo-
calised within the gene representing the look-up table g. This gene controls how
the genes of the first layer look-up tables are expressed in the phenotype. Thus,
an increase in the relative importance of a promotes diversity in both g and h,
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FIGURE 6.10. The two graphs show the separated genotype diversity for the first six CLUT operators
during evolution. In (a), the initial individual lengths are uniformly distributed between one and eight
CLUT operators and in (b), the population is initialised with single CLUT individuals.

reduces niching based upon the connective, and provides greater diversity in the
phenotype and the resulting decoded parameter space.

The relative weights of ¢ and h are derived from the product of their rela-
tive sensitivities (i.e., two to one as shown in Figure 6.3) and their relative lengths
within the genome (i.e., four to one). The analysis in [10] compared the perfor-
mance of a phenotype measure with that of a uniformly weighted genotype Ham-
ming distance and demonstrated the improved time to solution of the phenotype
measure. A similar effect is shown in Table 6.4 for this application, however, the
lengths of the solutions are the longest. The further improvement achieved by the
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TaBLE 6.3. An illustration of the effect of the variation of the parameters a and 3 upon the number of
short solutions evolved by the algorithm. Each result is calculated from 199 evolutions of the median
filter problem. Once a solution was evolved, the algorithm was allowed to continue for further 2 million
iterations. A dash indicates that no short solutions were evolved.
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TABLE 6.4. An illustration of the range of solution lengths evolved for each of the four measures, to-
gether with their associated “times to first solution,” measured in terms of the number of algorithm
iterations. Each of the values is calculated from a series of 199 runs.

Length Time to solution (10°)
Min Median Max Min Median Max
Genotype 4 6 12 2.28 3.21 7.14
Phenotype 5 8 20 0.85 1.85 >20.0
L-phenotype 4 6 10 2.57 4.96 >20.0
WG (8,1) 4 6 8 2.56 3.71 15.75

1024

Correlation ratio

FiGURE 6.11. Illustrating the correlation between the weights of the weighted-genotype measure and
the phenotype of individuals gathered from a population evolving a solution to the median filter prob-
lem.

L-phenotype measure over the phenotype measure is attributable to the increased
number of niches created when a measure also accounts for the length of the indi-
vidual. The hierarchical niching created by the differing weights in the weighted-
genotype measure results in a similar number of short solutions as the L-measure
but provides a shorter mean time to solution, without the additional cost to eval-
uate the phenotype.
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The adaptive niche focusing technique developed for the algorithm provides
a nonstationary fitness landscape which effectively guides the search toward, what
are currently, the least common traits of the solution found in the population. As
the algorithm evolves new elements to the solution, the payoff vector is modified
and the fitness of an individual changes with the progression of evolution. The
complex interplay between the payoff time constant, maximum payoff, population
size, and the convergence of the algorithm required that the payoff time constant
be determined by experimentation.

The weights of the weighted-genotype measure are assigned to genes and not
to the alleles within the genome. Furthermore, the weights are constant and so
are never modified to reflect the change in the fitness landscape. Based upon the
evidence provided in Table 6.3, it is unlikely that globally optimal weights exist,
and that locally optimal weights depend upon not only the target filter, but also
the initial population and current stage of evolution. Further work will investigate
alternative adaptive weighted-genotype measures which extend the assignment of
weights to the level of the allele.
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Autonomous model-based corner
detection using affine evolutionary

algorithms

Gustavo Olague and Benjamin Hernandez

7.1. Introduction

Photogrammetry is the science, and art, of determining the size and shape of ob-
jects as a consequence of analyzing images recorded on film or electronic media.
Computer vision can be understood as the science of obtaining reliable, accurate,
and useful information from images in order to execute and complete tasks de-
voted to perceiving, sensing, and interacting with the world around a machine
vision system. It is clear from those definitions that corner detection is a basic op-
eration in photogrammetry and computer vision. A great deal of effort has been
spent by the computer vision and photogrammetric communities on this prob-
lem [1-3, 6, 8, 11, 13, 15, 16, 18, 19, 21-23, 29-32] and in particular on the prob-
lem of edge detection [4, 5, 17]. The problem of detecting the exact point that
describes the corner position in the case of a bandlimited system should be ap-
proached carefully. This problem is of main concern for high-accurate reconstruc-
tion. High-accurate corner extraction is a complex process due to several factors:
(1) the attitude, position, and orientation of the camera with respect to the object;
(2) the interior orientation of the camera; (3) the fluctuations of the illumination;
and (4) the camera optics [26].

Several approaches to the problem of detecting these feature points have been
reported in the literature over the years. Some approaches work within pixel reso-
lution as the Kitchen and Rosenfeld corner detector [16], the Harris detector [15],
and the interest operator of Moravec [21]. Within the photogrammetric litera-
ture, the seminal approach described by Gruen [13] introduces least squares as a
general technique for all kind of data-matching problems. This approach works
directly on the gray-level image. Rohr [28] studied the displacement of the cor-
ner location using an analytical corner model, which is convolved with a Gaussian
function in order to model the blur. Deriche and Giraudon [6] have developed
a similar analytical study of corner models using the linear Gaussian scale space.
They show that the local maximum in the image moves in the scale space along
the bisector line that passes through their definition of the exact corner position.
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However, the displacement of the local maximum with respect to the initial loca-
tion of the corner depends on the angle of the corner [23]. This problem turns
their criterion not suitable as it is not invariant to camera placement.

This chapter is devoted to the modeling of corner features using affine evolu-
tionary algorithms. A novel parametric corner modeling based on a unit step edge
function (USEF) is developed in order to define straight-line edges. The optical
and physical characteristics of the image acquisition system are modeled by a dis-
tribution function that is simple, yet robust enough to encapsulate in one single
equation the whole image projection of complex corners. The process of fitting the
model to the image intensities is enhanced by searching model parameters with
a global optimization technique using the least-squares criterium. The objective
of this paper is to show a robust and reliable L-corner detector based on least-
squares modeling of a unit step edge function fitted to window-image data using a
global optimization technique. Our approach is motivated by the idea of avoiding
the two-step process of convolving the proposed model with a Gaussian that is
normally applied in previous research. Instead, we work with a model that takes
into account directly the level of blurring found in bandlimited systems like the
CCD cameras [24]. Moreover, the quality of detection relies on the approximation
to the initial position estimation. Parametric approaches are suitable for highly
accurate localization. This work reports the first study about which kind of ap-
proach should be applied to improve the accuracy while eliminating the problem
of initial parameter estimation. This paper reports the performance of three differ-
ent algorithms to measure L-corner positions in real images. Experimental results
show the superiority of our L-corner model in real-image detection. A compari-
son with downhill simplex and simulated annealing using several levels of noise
was performed to show the advantages and disadvantages of the evolutionary al-
gorithm.

This chapter is organized as follows. Section 7.2 presents the main concepts
used to classify all kind of complex corners. Section 7.3 introduces our parametric-
based model, which is used to build complex corners, including the L-corner and
vertex models. Section 7.4 introduces the idea of studying modeling of data as an
optimization process. This approach provides best fit parameters, as well as the
accuracy of the parameters. A novel evolutionary representation is introduced us-
ing the concept of affine transformation. An evolutionary algorithm is applied
to improve the initial parameter estimation based on an affine transformation in
order to enhance the evolutionary algorithm representation. The affine represen-
tation encapsulates within a single algebraic form the two main operations, muta-
tion, and crossover of an evolutionary algorithm. Finally, experimental results are
provided to show the efficiency of the affine evolutionary algorithm compared to
downbhill simplex and simulated annealing.

7.2. Corner classification

A corner model should be able to describe a number of attributes such as posi-
tion or location, angle of aperture, orientation, edge shape, edge texture, contrast,
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FiGure 7.1. Corner classification according to the kind of border union. (a) L-corner, (b) T-corner, (c)
Y-corner, (d) K-corner, (e) X-corner, (f) vertex. All figures were created with the USEF model.

edge profile, sharpness, color junction type, and size. In particular, those attributes
could be grouped within the following three general properties.

(1) Morphological characteristics. This set of properties are related to the
qualitative aspects (texture, color, shape) describing the general exterior
characteristics.

(2) Geometrical characteristics. This group is related to the general shape
produced by the edges composing the corner. These geometrical prop-
erties are able to describe the location of a corner with respect to a given
coordinate system.

(3) Physical characteristics. This set of attributes are related to the physical
properties produced by the digital system (sensor, camera lens) when
sampling a 3D scene.

7.2.1. Corner morphology

Morphological properties are classified according to the shape and number of
edges defining a corner.

(i) L-corner. It is generated when two straight-line edges join into a sin-
gle point creating two gray zones, see Figure 7.1(a). The L-corner is the
simplest corner structure.

(ii) T-corner. It is produced when one edge joins other two edges out of its
point of convergence. Normally, the edges create straight angles. In a
T-corner three gray zones exist.
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(iii) Y-corner. Also known as “arrow head,” it is produced when three edges
join into a common point, see Figure 7.1(c). In this kind of corner there
are three different gray zones.

(iv) K-corner. This is composed by the union of an L-corner with a region
that does not belong to the end of a third edge, see Figure 7.1(d). As a
result, the T-corner is a special case of a K-corner. The angle of the L-
corner is about 90°, which is joined by a third edge at some nonextreme
region.

(v) X-corner. This is produced when four edges are joined within a region
that does not belong to the end of those edges, see Figure 7.1(e). This
kind of structures can also be seen as four edges that meet in the same
point and the angles of the nonadjacent edges are equal.

(vi) Vertex. This is produced when more than two edges are joined at a com-
mon point. The number of gray zones in a vertex is equal to the number
of edges, see Figure 7.1(f). The T-corner, Y-corner, K-corner, X-corner
are different kinds of vertex. The term vertex is strictly employed in this
work. Hence, there are only two kinds of corners: the L-corner and the
vertex.

7.2.2. Corner geometry

Geometrical corner properties are described by the set of straight-line edges and
the curvature that is produced in the union of all edges. In general, all image ac-
quisition systems provide images with a certain degree of blurring, because such
devices are bandlimited systems. Therefore, it is suitable to estimate the level of
uncertainty in order to obtain the set of parameters defining the position, orienta-
tion, and precise corner location. The uncertainty is related to the curvature within
the union edge point. Corner modeling is based on the least squares fitting of the
proposed L-corner or vertex model to the image intensities. As a result, we obtain
the best fit parameters, as well as the covariance of each adjusted parameter. There
are three geometrical properties.

(i) Angle of aperture. A corner could be seen as a structure centered on a
coordinate system. The angle between edges with respect to a coordinate
system could be used to characterize the corner model. In the case of an
L-corner, the aperture angle of the corner is composed of two edges.

(ii) Corner position. This term refers to the point where the corner is located.
There are many theoretical developments about its definition:
(1) techniques based on border points;
(2) techniques based on geometrical properties; and
(3) techniques based on parametric models.

Figure 7.2, shows three different criteria to localize the corner. P; denotes the
intersection between | and r, straight lines. If the corner is well defined describing
a sharp profile, then the corner position could be considered as P;. On the other
hand, P; defines the corner location that is obtained after computing the maxi-
mum planar curvature. Some approximations compute the border points, which
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Figure 7.2. This graph shows several L-corner localization criteria that are reported in the literature.

are then used as a chain of points. Other approaches such as interpolation are used
to compute the intersection of each asymptotic line in order to define P,, which
is in general localized between P; and Ps. In this work, a new corner criterion for
localization has been introduced. This corner criterion considers the case of a rect-
angular CCD in order to estimate the nonuniform blur factor of a pulnix camera
[23].

(iii) Corner orientation. The coordinates of the corner point, as well as the
direction of the straight lines define the orientation of the corner. The
orientation could also be defined by the line that bisects the aperture
angle and cross the corner point. Figure 7.2 shows the straight line ry;;
which is the bisector line of the corner. In this case, the corner is sym-
metrical with respect to the y-axis.

7.2.3. Physical properties of a corner

The physical characteristics of an image-corner give a significant description about
the quality of the corner. These characteristics describe numerically concepts re-
lated to the illumination of the three-dimensional scene, the quality of optical pa-
rameters such as focusing, and the distortion produced by the shape and size of
the digital sensors. This physical characteristics are related to the concept of blur-
ring. The term blurring refers to the level of fuzziness in the image. It indicates if
the border is well defined. In other words, if the border profile can be seen clearly.
Blurring is the main factor in the level of uncertainty of the corner location. In the
case of an L-corner, the measurement of corner location is possible, as long as we
can discern between the two gray levels. The factors producing the blurring are as
follows.
(1) Focus. If a section of the 3D scene is located out of the focal plane of the
image acquisition system, then the image is out of focus. This phenome-
non produces a continuous blurring on the image. Thus, the location of
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the camera with respect to the object and the optical system plays a key
role in the process of corner location.

(2) Aperture. The aperture of the camera lens is finite and it contributes
to the problem of bandlimited systems found on digital cameras. This
problem produces also a homogeneous blurring.

(3) Variation on illumination. The variation of illumination on the scene
produces an irregular blurring around the whole image. However, if the
interest region is relatively small, the blurring could be considered as
homogeneous.

(4) Sampling. A scene is sampled typically with a CCD sensor. The CCD is
composed of a matrix or array of photo sensible elements, where each
element represents a pixel in the digital image. It is common to find
nonsquare elements. The rectangular pixels produce two different blur
factors along the two main directions of the image sensor. Our analyt-
ical corner model proposed in this work characterizes completely this
phenomenon. We have not found a previous work in the literature that
states this important characteristic of digital cameras.

7.3. Unit step edge function model
Considering an image coordinate system I(x, y) and an unknown set of parameters
P = (p1,...,pn), the unit step edge function is constructed based on the error

function definition.

Definition 7.1 (error function). The error function, also called Gaussian probabil-
ity integral, is a special case of the incomplete gamma function, and is obtained
directly from C compilers. Its definition is

X
erf(x) = % L et (7.1)
The function has the following limiting values and symmetries:

er f(0) =0, er f(oo) =1, er f(—x) = —er f(x). (7.2)

According to the above definition, we can derive a new function dividing the
error function by 2 and adding half of a normal distribution in order to obtain a
distribution function as follows:

_ 1 toe LJO (-1/2) _erf(x) 1
F(x)—ﬁLe dee o | eora = SR L2 g

By replacing x appropriately we can derive the USEF definition along the
x-axis.



G. Olague and B. Hernandez 141

10
6

FiGure 7.3. The straight line and its main parameters superimposed to the unit step edge function
model Uy (I, Py).

Definition 7.2 (unit step edge function). Let the image coordinates and the set of
unknown model parameters be denoted by I = (x,y) and Py = (pxi>. .., Pxn)>
respectively. The unit step edge function is represented as follows:

—(t=ytan(01) - )*/20 gy 4 ° 1 (7.4)
2’

Ui([,Py) = =
( ) 0'1\/27'[

where the image coordinates are in the interval [—m, m]; the central point y; des-
ignates the position x of the line that crosses along the y-axis; y; lies in the interval
[—m, m]; the rotation 0, is made clockwise about the (positive) y-axis; 0; desig-
nates the orientation of the edge model to be fitted to the image within the interval
—71/2 < 0; < 7/2; finally, a scaling factor o) that characterizes the amount of blur
introduced by the discretization process is included. oy lies in the interval [0, m].
The unit edge function describes a distribution function that increases steadily
from 0 to 1 with respect to the x-axis.

The graphical model of the USEF is the three-dimensional step edge shown
in Figure 7.3. This model describes completely the 2D intensity variations within
a single equation instead of the two-step process of convolving an ideal-shaped
gray-value structure with a Gaussian filter as is normally done. In this way, it is
straightforward to scale the model to the 2D intensity variations using the opera-
tions of addition and multiplication as follows:

U.(I,P,) = Uc(I,P,)A +B, (7.5)

where A represents the distance between the lower and upper gray levels and B
represents the lower gray value, also called here floor level. The unit step edge
function U, (I, P,) with respect to the y-axis is represented in a similar way, where
all intervals of the variables remain the same and p, designates the position y of
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the line that crosses the x-axis. The rotation 6, designates the orientation of the
unit step edge model in the y-direction. U,(I,P,) can be evaluated numerically
using the Gaussian error function as follows:

(y_x-tan(92)+l/‘2)>+ 1 (7.6)

1
U,(I,P,) = £= ( —.
y ( y ) 2 el'f o \/i 2
Hence, the USEF U, (1, Py) is characterized by an r, straight line along its main
direction. The straight-line equation is obtained from the numerator in the argu-
ment of the exponential function, see Figure 7.3.

7.3.1. L-corner modeling

L-corners are generated when two straight-line edges join into a single point cre-
ating two homogeneous gray zones with different intensities, see Figure 7.4. This
work proposes a new corner modeling based on the USEF model. In order to ob-
tain a corner unit function (CUF), two USEFs are multiplied as follows:

M;(x, y,P) = Us(I,Py) - Uy (I,P,) - A+B. (7.7)

The structure generated by (7.7) is known in the literature as the “L-corner.”
The parameters a1, 01, 1, 02, 01, 2, A and B, represent the physical and geomet-
rical contours of an L-corner. Therefore, in order to obtain the corner model, we
simply multiply both USEFs. In summary, our model is based on an analytical
expression with the following characteristics.

(1) Each edge on the corner has different levels of blurring. This is physi-
cally produced by the nonsquare CCD pixels of the Pulnix 9701 camera.
Hence, the CUF models the degree of blurring along each edge.

(2) Each angle is independent. Therefore, there is not any restrictions with
respect to the acute or obtuse angles within the corner.

(3) The corner moves freely around the explored window. We obtain the po-
sition and orientation of the corner around any point within the studied
window.

(4) The gray levels are self-adjusted inside and outside the corner.

7.3.2. Extraction of multiple features

Considering the above procedure for building L-corners, it is possible to model
arbitrarily complex gray-value structures in terms of the unit step edge function
by means of simple addition and multiplication operations. The total number of
parameters used by the model is in general

n=3+2N+0, (7.8)
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Ficure 7.4. Corner unit function My (x, y,[;) built from two USEFs. (a) Top view of the CUF model
showing both straight lines, r; and r,, along both edges. (b) Three-dimensional view of the corner, as
well as the central contour curve.

where the first three, in the case of the L-corner, is given by the amount of blur ¢
and the lower and upper gray values A and B, respectively; N represents the num-
ber of step edge models, and O specifies the number of operations used to repre-
sent the feature. In fact, the first three should be increased if we take into account
different blurs for each main direction and multiple gray values when considering
more complex models. For example, the vertex model needs an extra gray level,
and in total we need twelve parameters to model the corner, see Figure 7.5. A ver-
tex model (VUF) can be easily obtained from an L-corner model (CUF) and a
third USEF as follows:

V'(I,P) = U(I,Py) - U,(I,P,) - A+ U,(I,P,) - B+C. (7.9)
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x

FIGURE 7.5. The vertex model can be easily obtained from an L-corner model and a third USEE.

7.4. Modeling of data and multidimensional optimization

Experimental science is devoted to fitting a model that depends on adjustable pa-
rameters to a given set of observations. The common approach is to select or de-
sign a merit function that measures the agreement between the data and the model
with a particular choice of parameters. The model parameters are then adjusted to
achieve a minimum in the merit function, yielding a set of best-fit parameters.
The adjustment process is basically a problem of minimization in many dimen-
sions. Finding the set of parameters that takes the function to a minimum or a
maximum value is considered an optimization problem.

Definition 7.3 (global optimization). In general, an optimization problem requires
finding a set of P € S, where S is a bounded set on R", such that a certain qual-
ity criterion f : § — R, typically called the objective function, is minimized or
equivalently maximized. Without loss of generality, it is sufficient to consider only
minimization tasks, since max1mlzmg fQis equlvalent to minimizing — f(). The
problem then is to find a point Pmm € Ssuch that f (Pmm) is a global minimum
on S. More specifically, it is required to find an Pmin € S such that

VP eS: f(Pmin) < f(P). (7.10)

The tasks of maximization and minimization are trivially related to each other
as one being the inverse of the other. An extremum (maximum or minimum) can
be either global, truly the best solution, or local, the best around a neighborhood.
Finding a global extremum is, in general, a very difficult problem. Moreover, in
fitting data usually the merit function is not unimodal, with a single minimum,
which makes the problem harder. On the other side, there are important issues
that are beyond the mere finding of best fit parameters. Data are generally not ex-
act! Data are subject to measurement errors. Thus, typical data never fit exactly
the model that is being used, even when the model is correct. It is customary to
assume that the measurements are independent random variables. Each measure-
ment ( f(x;, i), xi, ¥i) have a mean and a standard deviation. Fitting such a model
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to the data is carried out through the well-known technique of least squares. The
approach is to define an y? merit function and determine the best fit parameters
by its minimization. Because of nonlinearities, the minimization should proceed
iteratively. Given an initial trial solution, sufficiently close to the minimum for the
parameters; the process improves the trial solution iteratively until y? stops, or
effectively stop decreasing. Our approach is to apply a global optimization tech-
nique using the least squares method as a local process in order to improve the
search of the global optimum. Moreover, as a by-product of the minimization, the
covariances of the parameters are obtained.

7.4.1. Modeling L-corners as an optimization problem

The above analysis suggests that a global optimization technique can be used to
solve the problem of guessing the initial parameters. Thus, corner’s localization
is obtained by fitting our parametric model to the image intensities. Estimates
for the model parameters P = ( P1>---» pn) € R? are found by minimizing the
squared differences between the (nonlinear) model function and the considered
gray values:

I(ui,vj) Mi(xi,yj,ﬁ)]z. (7.11)

u[\/_|§

Q=yx*=F(P) =Z

The intensities and the function values of the model in the considered image area
are I(u;, vj) and M (i, yj, 13), respectively. Previous approaches used by Rohr [29]
applied the method of Powell utilizing only function values or used the method
of Levenberg-Marquardt (Press et al. [27]) incorporating partial derivatives of the
model function in order to reduce the computation time. However, a drawback
presented on these approaches is that the identification result relies on the initial
parameter values and as usual with nonlinear cost functions, in general, we cannot
guarantee to find the global minimum. This problem is studied in this work using
an evolutionary algorithm due to the success achieved on this kind of problems. In
summary, 7 is the number of parameters to minimize in our model. m = 2w + 1
defines the size of the input data. pP= (01, 41,91, 02, 42,95, A, B) are the parameters
of M that describe the behavior of our L-corner. M (x;, Vi 13) is the corner model

evaluated at the P parameters on the model coordinate system. I(u;,v;) are the
intensity values of an image in a gray scale, which is a square subimage of size
m X m pixels within the entire image. F (13) is the y? estimator. Equation (7.11)
includes two coordinate systems: the image coordinate system (u, v) and the model
coordinate system (x, ¥), which are different.

7.4.2. Genetic algorithms for function optimization

Evolutionary algorithms are considered a rich paradigm for global optimization.
Previous methodologies as the downhill simplex method and simulated annealing
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are well-known techniques for multidimensional optimization [27]. This section
is devoted to our affine evolutionary algorithm for global optimization. Currently,
evolutionary algorithms for numerical optimization use real-code parameters for
which a set of special transformations has been developed. In real coding imple-
mentation, each chromosome is encoded as a vector of real numbers of the same
length. Several crossover operators have been introduced under the name of arith-
metical operators. The arithmetical operators are built by borrowing the concept
of linear combination of vectors from the area of convex sets theory. Generally,
crossover produces an offspring, which is calculated from the weighted average of
two vectors y; and , as follows:

)71 = 11)71 +)tz)72,

— - - (7.12)
Y2 =Myi+ Ay
if the multipliers are restricted to
M+A, =1, A >0,1,>0, (7.13)

the weighted form is known as convex combination. If the nonnegativity condition
on the multipliers is dropped, the combination is known as affine combination.
Finally, if the multipliers are simply required to be in real space, the combination is
known as a linear combination [12]. Another operator is known under the name
of dynamic mutation, also called nonuniform mutation, introduced by Janikow
and Michalewicz [20]. Dynamic mutation is designed for fine-tuning capabilities
aimed at achieving high precision. Given a parent y, if the element yy is selected for
mutation, the resulting offspring is ¥ = [y1,..., ¥;,. .., ¥u], where y; is randomly
selected from the following two possibilities:

Vi =y + ALy = wx) (7.14)
or
Ve = vk — Mty — y), (7.15)
where
¢ b
Al y) = yr(l _ ?) . (7.16)

The function A(t, y) returns a value in the range [0, y] such that the value ap-
proaches 0 as t increases. This property causes the operator to search the space
uniformly initially, when ¢ is small, and very locally at later stages. t is the gener-
ation number, b is a parameter determining the degree of nonuniformity, and r
is a random number between [0, 1]. It is possible for the operator to generate an
offspring which is not valid. In such a case, we can reduce the value of the random
number 7.
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7.4.3. A novel evolutionary representation

The operations of crossover and mutation can be encapsulated into a single com-
plex transformation as follows. In order to handle affine geometry algebraically,
we have to characterize the line i by an invariant equation, and we will suppose
that this equation is yo = 0. Since the points of i are now regarded as ideal points,
no point with yo = 0 is actual, and this means that we can represent the actual
points of the affine plane by pairs of nonhomogeneous coordinates Y = (Y}, Y),
where

v, =24y, =22 (7.17)

Yo Yo

The allowable representations R, of the affine plane are those representations R
of S, in which the line i has the equation y, = 0; and this leads at once to the
following theorem.

Theorem 7.4. If Ry is any allowable representation of the affine plane, then the
whole class (Ry) of allowable representations consists of all those representations,
which can be derived from R by applying a transformation of the form

Y] =buYi+bnY,+C,

7.18
YZ’ = bzl Y, + bzzYz + Cz, ( )

where the coefficients are arbitrary real numbers subject to the condition |by| # 0.

Using Theorem 7.4, it is possible to transform the # variables of two solutions
into a new pair of solutions, according to the following transformation:

’ ’ ’ hll b12 C] Yl] le . Yl
(}Y,l/l XYII’Z e illn) = b21 b22 C2 }721 }722 .. an
2 2 e 2p — —
l ’ crossover mutationd ,, 1 1 et 1

(7.19)

Equation (7.19) can be expanded to the whole population. The advantages of this
representation are as follows.
(1) Standardized treatment of all transformations.
(2) Complex transformations are composed from single transformations by
means of matrix multiplication.
(3) An n-dimensional point can be transformed by applying a set of n trans-
formations.
(4) Simple inversion of the transformation by matrix inversion.
(5) Extremely fast, hardware-supported matrix operations in high-power
graphic workstations.
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FIGURE 7.6. On the right structures (a), (b), and (c) of the test synthetic image with Gaussian noise
scaled by A = 20, 40, 80.

7.5. Experimental results

In order to show the robustness of each algorithm and the stability of our L-corner
model, we applied Gaussian noise of zero mean and unit variance. This noise is
scaled by a constant A in order to produce perturbations on the synthetic test im-
age. This noise is known as additive noise [7]. We decide to use a synthetic image
in order to know precisely the location of the corners. The signal-to-noise ratio
(SNR) is computed in decibels (dB). Figure 7.6 shows the structures (a), (b) and
(c) with the Gaussian noise scaled by the factors A = 20,40, 80. Table 7.1 presents
final results of corners (a)—(f) of Figure 7.6, using three optimization strategies
without noise. It is important to remember that for SNR — 1, the error on the
noisy image is approximately equal to the amount of signal of the synthetic image.
If SNR < 1, the noise is bigger than the original signal, and if SNR > 1, the orig-
inal synthetic image and the synthetic image with noise are equivalents and the
error tends to zero. The test of our L-corner detector considering three optimiza-
tion algorithms was organized as follows.

(1) The downhill simplex, simulated annealing, and evolutionary algorithm
were applied to the structures (a), (b), and (c) of Figure 7.6. Those struc-
tures show three different corners: straight-angle corner, acute-angle
corner, and obtuse-angle corner, respectively.

(2) The size of the window is 13 x 13 pixels, centered around the pixel:

(a) (uO’VO) = (877 87)’
(b) (uo,v0) = (707,353);
(c) (ug,vo) = (396,397).
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TasBLE 7.1. Exact corner location (u,, ve) and parameter values ﬁusing the downhill simplex, simulated
annealing, and evolutionary algorithm considering structures (a)— (f) of Figure 7.6.

downbhill simplex
Corner Initial pixel Corner point Aperture ® sy, s, e
Uo Vo Ue Ve
(a) 89 89 87.404142 87.709506 89.76333 +1 -1 1.13215e — 15
(b) 706 353 707.028574  353.831573 35.7994 -1 +1 5.44007e — 16
(c) 398 397 396.825889  397.466375 149.9239 -1 -1 1.31891e — 09
(d) 44 484 40.985292 484.451324 19.1055 +1 +1 4.22482e + 04
(e) 570 795 | 570573303  792.934090 | 97.4398  +1 41  1.2233% — 11
(f) 482 795 | 483.081960 792.272648 | 37.2723 -1 -1  6.41950e — 23
01 ) 13} 12 9 9 A B

(a) | 6.04e — 02 5.20e —02 —1.60e+ 00 1.33e+00 —8.74e—01 6.37e — 01 103.00 76.00
(b)| 2.34e — 02 9.25e—03 4.76e — 01 —4.44e —01 —3.35e+01 —2.06e+01 103.00 76.00
(c)| 2.34e—03 1.72¢e+02 —2.75e+00 —1.82¢ —01 —7.35e+01 1.36e +01 103.00 76.00
(d)| 6.29e —02 8.53e—03 —1.25¢+00 —7.0le —01 7.56e +01 —4.74e+00 102.54 76.46
(e)| 1.15e — 02 8.79e —04 —6.67e — 01 2.51e + 00 3.09e+01 —3.84e+01 103.00 76.00
(f) | 1.33e — 02 4.80e — 03 3.97e - 01 1.86e + 00 1.41e + 01 3.86e+01 103.00 76.00

Simulated annealing

Corner I;)mal p11);0e1 ueCorner pomtve Aperture® sy, su, 2

(a) 89 89 87.526970 87.437709 90.01414 +1 =1 1.94364e - 10
(b) 706 353 707.017039  353.829675 35.7614 -1 +1 3.56136e — 13
(o) 398 397 396.797404  397.427744 149.4558 -1 -1 9.75333e — 13
(d) 44 484 40.077467  484.514532 16.977 +1 +1  4.22483e+ 04
(e) 570 795 570.647257  793.111032 97.7988 +1 +1 6.15267¢ — 01
(f) 482 795 | 483.046760  792.255049 37.3776 -1 -1 1.5408le—13

o1 02 Ui M2 \9? 93 A B

(a)| 8.69¢ —02 7.67e —02 —1.47e+00 1.56e +00 —1.88¢—02  3.30e — 02 103.00 76.00
(b)| 5.0le =03 7.87¢ —03 4.7le —01 —4.47¢—-01 -3.35¢+01 —2.07e+01 103.00 76.00
(c)| 2.11e—02 2.12e-02 —-2.62e+00 —12le—01 -7.34e+01 1.40e + 01 103.00 76.00
(d)| 3.16e —07 3.69¢e —04 —1.76e+00 —7.58¢—01 7.65e+01 —3.55e+00 102.56 76.46
(e)| 9.50e —10 7.77e — 10 —4.33e —01  2.38e+00  2.97e+01 —3.75e+01 102.98 76.03
(f) | 1.37e —02 3.6le—03  3.66e — 01 1.91e + 00 1.3%¢ + 01 3.86e+01 103.00 76.00

Evolutionary algorithm

Initial pixel Corner point

Corner " b v " b Ve Aperture a®° sy, Su, ¥

(a) 89 89 87.895717 87.644934 89.3094 +1 -1 9.40007e — 06
(b) 706 353 706.807636  353.755519 36.2416 -1 +1 1.24802e — 06
(¢) 398 397 396.943119 397.390921 148.7181 -1 -1 5.69696e — 05
(d) 44 484 41.009408 484.473710 18.53073 +1 +1 4.22483e + 04
(e) 570 795 570.411461 792.991919 95.7904 +1 +1 4.53057e — 04
(f) 482 795 483.170778 792.099214 37.0405 -1 -1 1.17246e — 06

o1 o0 7 U2 9 9 A B

(a)| 1.24e— 02 14le—02 —1.11e+00 1.34e+00 6.73e —02 —7.57e —01 103.00 76.00
(b)| 4.32e =03 9.65¢ —03  3.20e —01 —4.52¢ —01 -3.30e+01 —2.07e+01 103.00 76.00
(c)] 9.80e —03 8.63e —03 —2.33¢+00 —1.17¢e —01 —7.30e+01 1.43e+01 103.00 76.00
(d)| 3.31e—02 2.23e—-03 —1.10e+00 —7.08¢—01 7.58e+01 —4.43e+00 102.59 76.45
(e) | 1.22e —03 1.74e—03 —-8.23e—01 2.32e+00 3.15e+01 —3.73e+01 103.00 76.00
(f) | 1.13e =02 5.92e —03  4.34e — 01 1.97e+00  1.43e+01  3.86e+01 103.00 76.00
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(3) The control parameters of each algorithm are

(a) downbhill simplex: maximal number of movements of the simplex
N = 45005

(b) simulated annealing: initial temperature T = 1, size of the equilib-
rium state I = 20, maximal number of iterations N = 4500;

(c) evolutionary algorithm: crossover percentage pc = 0.80, mutation
percentage pm = 0.05, convergence percentage pf = 0.75, off-
spring number in the population P = 22, maximum number of
generations N = 2000 approximately equivalent to 4500 move-
ments.

(4) 30 samples for each test were performed.
(5) Each noisy window I,(i, j) was normalized to the intensity values [0,
255] considering real numbers through the following function:

255
max (I,(j,7)) — min (,(j, 1))

In(])l) = Ir(jai)) (720)

where I,,(j,i) | i,j = 1,...,2w + 1 is the normalized studied window
including Gaussian noise.
(6) Threshold is used as stop criterium fi,; = 1 x 107%.

As a result of the test, Figures 7.7, 7.8, 7.9 were built. These figures show the
displacement of the corner position (u,,v,) of the structures (a), (b), and (c) re-
spectively, considering that a random Gaussian noise was applied over the test
image. Each figure shows the average corner point (i,,7,) and its final standard
deviation considering 30 samples for each optimization strategy. The charts on
the left of each figure represent the u coordinate and those on the right represent
the v coordinate of the image coordinate system (u, v). The horizontal straight line
denotes the corner position (u,v,) of the synthetic image with free-noise A = 0.
After a careful analysis of these figures, we conclude the following.

(1) Beyond A = 80(SNR = 3.5), see Figure 7.7, the contours of the structures
(a), (b), and (c) are difficult to be distinguished. However, the random Gaussian
noise does not blur the borders. Hence, the structure is more or less preserved
in shape. Then, it is possible to study the ability that each optimization strategy
offers, in order to integrate and reconstruct each structure.

(2) In the case of structure (a), the evolutionary algorithm presents the best
curve of behavior in presence of noise. Moreover, the maximum standard devia-
tion is obtained for A = 20. This value is approximately 0.14 pixels.

(3) In the case of structure (b), the downhill simplex presents the best curve of
behavior in presence of noise. The maximum standard deviation occurs in A = 60
over the u axis. This value is about 0.37 pixels compared to 0.47 pixels obtained by
the evolutionary algorithm also in A = 60. The curve of the evolutionary algorithm
remains constant around the average value (x,, y.) in all cases.

(4) In the case of structure (c), the evolutionary algorithm presents the best
curve in presence of noise over the u axis. While the downhill simplex presents the
best curve around the v axis.
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FiGURE 7.7. Behavior of the downhill simplex (D), simulated annealing (R), and evolutionary algorithm
(E) considering a Gaussian noise scaled by a factor A over the structure (a) of the synthetic image.

(5) The following conclusion rises after observing the standard deviation of
the algorithms. The evolutionary algorithm presents the best average for each ex-
periment as follows: (1) the average standard deviation of the evolutionary algo-
rithm is 0.19; (2) the average standard deviation of the downhill simplex is 0.25; (3)
the average standard deviation of the simulated annealing is 0.76 pixels.

As a result, the evolutionary algorithm is less sensitive to noise. Hence, it can
be considered more robust. However, the downhill simplex offers similar results
for the L-corner studied here. Finally, the simulated annealing shows the worst
behavior in the presence of Gaussian noise.

7.6. Summary and conclusions

Accurate L-corner measurement was obtained with a parametric model M (x, y,
P) using a global optimization approach. The goal was to obtain the best set of pa-
rameters P = (01, 41, %1, 02, 2, 92, A, B) that fits a window of 2w — 1 X 2w — 1 pixels
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FiGURE 7.8. Behavior of the downhill simplex (D), simulated annealing (R), and evolutionary algorithm
(E) considering a Gaussian noise scaled by a factor A over the structure (b) of the synthetic image.

centered around a pixel (u9, vo) within a digital image. The optimization criterion
used was the maximum likelihood estimator y* obtained through a multidimen-
sional least squares fitting of the data to the L-corner model. We use the Levenberg
Marquardt method, which is a standard technique in computer vision. The Leven-
berg Marquardt method is considered as a local method. We propose an evolution-
ary algorithm using a novel representation that integrates the two main operators
into a single affine transformation. As a result, we obtain a local criterium embed-
ded into a global method. Hence, our algorithms are accelerated by the Levenberg
Marquardt Method. Concluding, the evolutionary algorithm presents the best be-
havior against noise. The downhill simplex is the simplest strategy to operate be-
cause it does not require any control parameter. On the other side, the evolutionary
algorithm has the ability to increase the population size, which increases the prob-
ability to find a better result in a smaller number of generations. The other two
strategies do not have this ability. Finally, the evolutionary algorithm can be easily
parallelized.
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FIGURE 7.9. Behavior of the downHill simplex (D), simulated annealing (R), and evolutionary algorithm
(E) considering a Gaussian noise scaled by a factor A over the structure (c) of the synthetic image.
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Evolution of an abstract image

representation by a population of
feature detectors

Leonardo Bocchi

8.1. Introduction

Image segmentation is an essential step toward image understanding because it
allows to decompose the image into a set of units (or regions) representing the
actual objects which can be observed in it. In computer vision, segmentation is the
step of the elaboration chain where we start to analyze the logical and structural
relations between the entities, or the features, which are present in the image and
that have been emphasized during the low-level processing steps.

In the simplest case, to segment a (static and nontextured) image means to
identify regions composed of pixel having similar grey levels, and, therefore, the
boundaries between those regions. In the general case, we are interested in the
detection of regions composed of pixels having an homogeneous value of some
property, which can be related to texture, color, motion, or whatever else, depend-
ing on the actual application.

Region detection can be achieved using different approaches. For instance,
one may start the process by identifying the edges between objects and grouping
them to form boundaries between regions. In this case, we obtain a boundary-
based segmentation. In an opposite way, a region-based segmentation may be
achieved by grouping together pixels having similar properties. Both methods may
be described using a graph representation, where a set of nodes, associated with the
regions detected in the image, are connected by arcs describing the adjacency rela-
tionships between regions. In a similar way, the same graph may be realized using
a set of arcs, representing boundaries between regions. The arcs connect nodes,
which represent the points where more than two regions meet.

In both cases, the method is completely data-driven: the outcome of the seg-
mentation process is determined only by the features (edges or gray levels) present
in the image, and the method does not make use of any prior knowledge about the
type of objects that are present in the image.

A feasible alternative, which allows to introduce stricter constraints on the
kind of regions, or objects, which are identified by the segmentation process, is
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represented by deformable models. The expected shape of the object to be local-
ized is embedded into a set of primitives describing the model. The segmentation
is carried out by an optimization process, which involves minimization of an ob-
jective function depending both on the matching between the deformed model
and the observed image and on the degree of the deformation itself.

Several deformable models have been proposed in the literature, starting from
snakes [15]. A snake, or active contour, represents the boundary of an object,
which is modeled as an elastic band. The band, according to the elastic model,
has an internal energy given by bending and stretching. Therefore, we can embed
knowledge of the desired shape in the elastic parameters which describe the rigid-
ity of the band. While the original snake algorithm involved variational calculus, a
large number of minimization techniques have been proposed. Those include, for
instance, simulated annealing [13, 22], dynamic programming [1, 10] and greedy
algorithms [14, 25].

Evolutionary and genetic methods have been extensively proposed in this field,
both to identify the optimal edge detector and elastic model parameters [5] and to
carry out the minimization process [3].

Snakes are an example of the so-called free-form elastic models, which do not
impose a strong constraint on the shapes of the object. When some prior knowl-
edge of the geometrical shape is available, it is possible to incorporate this knowl-
edge in the elastic model. In this way, it is possible to constrain the shape of the
stretched model to be compatible with the object to be detected. At the same time,
the introduction of constraints on the model shape reduces the number of free pa-
rameters which are needed to describe the model, increasing the efficiency of the
method. In the approach known as parametric approach, the elastic model is com-
posed of a prototype template and of a parametric mapping. The template may be
represented as a mean shape of the expected object, computed from a learning set.
The parametric mapping usually describes the most natural deformations of the
shape. Several authors proposed methods to extract informations about the de-
formations from a training set. For instance, Grenander and Miller [11] described
a systematic framework to deal with shape deformations, while Cootes et al. [6]
associate the deformation patterns to the eigenvectors of the covariance matrix of
deviations from the mean shape.

The drawback of the parametric approach is the complexity of the proce-
dure which is necessary to model the shape of the object and its deformation
patterns. Moreover, most of the proposed methods require an accurate manual
segmentation of a large image dataset in order to extract the necessary informa-
tion.

A possible alternative approach, to avoid the overhead of a training phase re-
quiring manual intervention, is to use a self-organizing system, as the one which
can be achieved through neural networks [17]. Indeed, neural architectures have
been extensively proposed to identify correspondences between similar images
which have the same overall structure, but exhibit small differences which cannot
be represented by linear geometric deformations. Matching corresponding points
of different images is a problem which arises in several fields of the computer vision
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theory. For instance, this problem arises when we try to reconstruct 3D informa-
tion from stereo images: the key point is the identification of matching pairs of
points in two projections of the object [2]. Other common examples are object
recognition [4] or tracking.

An interesting neural architecture which has been proposed in order to per-
form a matching between images is the dynamic link architecture (DLA) [18, 24,
26]. DLA is a neural architecture able to associate each image with a graph. Image
recognition is based on the best match between one of the stored graphs and the
unknown image.

Each image is represented using a set of Gabor jets and the matching pro-
cess is done by minimizing a cost function which takes into account both graph
distorsion and similarity between sets of Gabor features. The input image is then
associated to the image corresponding to the best matching graph.

A possible extension is to build an architecture, somehow similar to DLA, but
with the added feature of being able to create its own knowledge representation
in an unsupervised way. This architecture will, therefore, build an abstract rep-
resentation of the image domain, which includes several representations of the
same class of objects. In order to achieve this result, the system needs to reveal the
common features which appear in all, or in most, input images. It also needs a
method to identify and extract the spatial relationships between the detected fea-
tures.

An architecture which is able to extract knowledge from a set of unlabeled
examples is the self-organizing map [17], which has several points of contact with
the DLA. The SOM, however, is designed to classify patterns which are indepen-
dent from each other. In the image segmentation task, patterns (corresponding to
local features of the image) have a set of spatial relationships coupling neighbor-
ing patterns. Actually, a large part of the information about image content is not
embedded in the pattern itself but in the relationships between patterns, that is,
the histogram does not describe the image because it takes only into account the
pattern (in this case, the gray level) and does not involve the relationships among
patterns (the spatial distribution of gray levels).

In order to capture the relevant part of the information, it is necessary to
change the concept of “organizing” in the SOM definition. The meaning of the
word “organization” in the SOM relates to similarity between patterns: similar pat-
terns are mapped onto neighboring units. In order to capture the spatial organiza-
tion, it is necessary to map patterns, which are spatially related, into neighboring
units.

A possible way to obtain this behavior is to transform neural units, which
are statically linked to a lattice, into active particles, each of which is adapted to a
particular feature of the image, which can move on the image plane.

When a new image is presented to the system, each particle begins to “chase”
local features of the image, trying to reach points where features appear. In order
to maintain spatial relationships between particles, an attraction among neigh-
boring particles has been introduced. Due to the introduction of this force, when
compared to a standard particle swarm optimization (PSO) [8, 16], the particles
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Figure 8.1. System architecture.

are constrained by the attraction forces to move in a much more coordinated way,
acting more like a platoon of soldiers than like a swarm of independent particles.

The resulting architecture, called elastic neural matching (ENM), can be de-
scribed as lattice of active neural units which is stretched until each particle (rep-
resenting a local feature) localizes the matching feature in the sample image. The
stretching process builds a mapping from the abstract representation stored inside
the unit weights into the image plane.

The performances of the proposed ENM network have been evaluated on the
problem of automatic labeling of anatomical regions in a set of hand radiograms.

8.2. System architecture

The overall system architecture may be schematized as a feature extraction block
feeding a platoon of active neural particles, as shown in Figure 8.1. The feature
extraction block processes an input image and produces a vector of feature maps.
Each feature map represents the spatial distribution of some local feature of the
image, and associates to each pixel of the input sample a feature vector describing
the local properties of the image in that point. The image may be described as a
world where particles live. Each location, or pixel, of this world is associated with
a local environment which is represented by the feature vector calculated from the
local values of the feature maps.

The neural network is composed of a platoon of neural particles, which at
rest are arranged on a square lattice. Neighboring particles are attracted toward
one another by “friendship” which is modeled as an elastic force having an elastic
constant c. The particles are assumed to differentiate during system adaptation, so
each neural unit u;; is associated to a personal ecosystem, modeled as a vector of
weights w;;, which represents its ideal environment, or the environment which is
best suited for the particle.
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In order to analyze an image, the platoon is superimposed on the vector of
feature maps. In this way, each unit u;; is located in a position P;; = (x, y) in the
image plane. The position P;; is called match point. Each unit is an autonomous
entity, which is set free to move around and look for a good environment for living.
In this process, the particle acts as a specialized feature detector, which tries to
locate, in a neighborhood of the match point, the point in the image having a
feature vector matching, as close as possible, the personal ecosystem of the unit. In
other words, the particle looks for a position, in a local neighborhood, which has
a local environment as close as possible to the ideal environment for the particle.

The unit is therefore attracted toward this position and starts to move in this
direction, while elastic constraints expressed by the elastic forces constrain neigh-
boring units to move in a coordinated way.

Without neighborhood attraction, the behavior of particles is similar to the
behavior of a group of roaches dropped on the floor: each roach starts to run to-
ward the best place for hiding, according to its judgement (in the model terminol-
ogy, each roach looks for the place which best matches its ideal environment). The
attraction forces can be represented, in this example, as a set of springs connecting
together roaches and forcing them to move in a coordinated way.

It is possible to describe the attraction force and the elastic bindings in terms
of energy of the unit, while the movement is associated to a process of energy
minimization, which will be called relaxation.

When the process is completed, each unit is located on the point in the im-
age which best corresponds to the personal environment stored in the vector of
weights in the unit and which best fulfills the topological relationships between
neighboring units. When this phase is completed, each particle may adapt to its
location, increasing the correspondence between the local environment and its
ideal environment.

Iterating this process over different images, the relaxation step and the follow-
ing adaptation of the weight vector let the network units differentiate from one
another, and each of them adapts to live in an environment described by a certain
feature vector, which appears in the input images, also when such feature vector is
located in different positions in the input samples. A particle which is often located
in a certain environment (e.g., a vertical edge) gets used to living on vertical edges,
wherever they appear in the input. When an unknown image is presented to the
system, the particle tries to reach a position which reminds it of a vertical edge. At
the beginning of the relaxation process, the unit tends, therefore, to move toward
any edge having the same direction. In the same time, attraction forces which act
on the units keep them from moving freely on the image. This forces neighboring
units to adapt to identify feature vectors which occur in neighboring points in the
input images used during the training phase. In this way, we obtain a mapping
between feature vectors and weight vectors, having the property that feature vec-
tors which are spatially adjacent in the image (although having different values)
are mapped into units spatially adjacent in the network grid.

For instance, Figure 8.2 shows a column of units (a), adapted to live on a ver-
tical edge. A curved edge is then presented to this part of the network (b). The
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FiGure 8.2. Example of network relaxation. (a) Five units have adapted to identify a vertical edge. (b)
A curved edge is presented. (c) The best matching between units and image: all units are located on the
vertical part of edge. (d) Elastic constraints force units to space almost evenly.

optimal match between the units and the image occurs in the point of the edge
which has vertical direction, and all units are attracted to reach that point (c). Us-
ing a different example, if different kinds of food are placed on a surface, a swarm
of units without constraints group together in the position where the most attrac-
tive spot of food is located. The elastic constraints, however, prevent an excessive
crowding of units by maintaining their relative distances. The balance between the
two forces distributes the units as in (d), where the elastic force due to stretching
balances the attraction toward the point where the edge has a vertical direction.

8.3. Feature maps

A proper selection of the set of feature maps is of primary importance to obtain
good performances of the system. As the matching between units and points of
the image is done by comparing the unit weights with the vector of features in
that point, it is mandatory that the features represent the local properties of the
image (presence and directions of edges, corners, and similar characteristics of the
image). Moreover, a set of optimal features needs to provide a compact description
of these local properties of the image, to have a feature vector of reasonable size.
This suggests that a feature set be selected having both a limited spatial support,
in order to capture local information, and a limited frequency response allowing
to reduce noise. These properties, as shown by several researchers [7, 19], are best
exploited by Gabor functions:

2

Yk = Qk,g €XP ( — 2%2) exp(ikx), (8.1)

where the constant ay, is a normalization constant to ensure that ||yl = 1. By
varying the parameters describing this basic function, it is possible to obtain sev-
eral families of curves, commonly called wavelets.
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We used a family of functions, called Morlet wavelets, strictly related with
(8.1), but with the additional properties of being self-similar at different scales.
Morlet wavelets, in the monodimensional space, can be expressed as

k22
Vi = Pro exp ( - F) exp(ikx). (8.2)

The extension of (8.2) to bidimensional images is achieved by replacing k and x
with vectors, and interpreting the products as scalar products:

v2x2
Yo = ﬁk’g exp ( — ﬁ) exp (inX), (8.3)

where S, is a normalization constant. The parameter v identifies the single Mor-
let function, determining its scale and orientation: the scale k of the wavelet, ex-
pressed in half octaves, is related to vy by the relation |vi| = 2k2 and the direction
0 of v gives the orientation of the function.

Morlet wavelets can be used to define the (discrete) Morlet transform. Starting
from (8.3), the (discrete) Morlet transform is defined as

Mix, = D ¥ko(x —Xo) - I(X). (8.4)

For each value of k and 0, (8.4) can be interpreted as a map of features, having
a given scale and orientation, which are present in the original image.

8.4. Relaxation

When an image (and its associated feature maps) needs to be presented to the
network inputs, the position of each unit is reset to a start value Py. These points
are arranged on an equally spaced square grid over the input image. When the
units are superimposed to the image, one can expect that the input weights of
each unit do not match the features in Py. In other words, each unit will match
a point in the image which is located at a certain distance from the start point.
Therefore, it is necessary to introduce a relaxation phase, which consists of a series
of operations which will allow each particle to move toward the point in the image
which best suits its ideal environment.

8.4.1. Network energy

The dynamic behavior of the swarm of particles may be simulated either using
differential equations, or through an energy minimization problem. The energy
minimization problem has been preferred due to the great compactness of the
equation set, and the greater rejection of local noise.

It is possible to introduce a system energy as the sum of an internal energy
E;, corresponding to the elastic energy of the attraction forces, and an external
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energy E, which describes the match between each unit and the environment in
the same position of the image. Assuming that each unit is connected to the units
of a 4-connected neighborhood by elastic springs having an elastic constant c, the
corresponding elastic energy is expressed as

E=> Y ¢|Pj-Pul’ (8.5)

(i,j) (m,n)€S;;

where §;; is the 4-connected neighborhood of the unit u;; and (3, j) are varied over
the whole network grid. As for the external energy, it is possible to introduce sev-
eral expressions to describe the similarity between the two vectors. Among those,
the most straightforward selection is obtained using the scalar product

Ee=—> wi xI(Py), (8.6)
(i,7)

where I(P;;) is the feature vector in the point P;; of the image plane. The total
energy of the mesh is expressed as

E,=E +E, (8.7)

where the relative importance of the two components E; and E, can be balanced
by varying the elastic constant c. Lower values of ¢ allow for a larger deformation
of the mesh, while higher values of ¢ prevent the mesh from stretching.

The total value of the energy E; represents a sort of fitness of the entire pop-
ulation of units. The population has two ways to improve fitness: a short-term
relocation and a long-term adaptation. The short-term relocation, associated to
the energy minimization during the relaxation phase, from an evolutionary point
of view corresponds to finding the best distribution, over the available space, of
the individuals belonging to the population, without any evolution of the individ-
uals. During the long-term adaptation, each individual evolves trying to increase
its fitness, measured as the correspondence between its personal ecosystem and the
local environment.

8.4.2. Attention focus

The relaxation process is performed iteratively. In each step, we randomly select an
attention focus, corresponding to an image point Ps. The attention focus is shown
as a white circle in Figure 8.3(a). Because different points on the image provide
different amounts of information about the image structure, we assume that a
uniform probability is not the best distribution to use. Therefore, we developed
a spinning wheel method which increases the selection probability of significant
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FIGURE 8.3. Relaxation process: (a) selection of the attention focus, (b) detection of the best-matching
unit, (c) stretching of the network lattice.

points (e.g., edge points) with respect to points contained within regions having a
constant grey level. The resulting point selection scheme has performances similar
to the human vision system, where the fixation points of the gaze accumulate on
edges of the observed scene, disregarding zone with uniform color, as they have
usually a low information content.

The proposed spinning wheel procedure starts by assigning to each point in
the image a segment of the wheel proportional to its significance, which is ob-
tained as the sum of squares of the corresponding pixel in the feature maps. The
definition of the feature maps we used gives edge points a higher probability of be-
ing selected for evaluation. Afterwards, a random selection of a point of the wheel,
with uniform probability, allows to select points of the image based on the desired
probability distribution.

After the selection step is completed, the selected point, called P, acts as an
attention focus, which stimulates the particles which are located in a local neigh-
borhood and causing the activation of one of them. In order to get attracted by the
attention focus, and therefore to get activated, a particle needs to detect that the
attention focus presents a local environment which is better suited to it than the
local environment of the point where it is located (decrease of external energy),
but taking into account the attraction which ties the particle to its neighbors, pre-
venting it from getting attracted by locations which are too far from its current
position (internal energy).

In order to determine which unit gets activated, each unit in a suitable neigh-
borhood is tested by moving its match point from its current position P;; to P,
and evaluating the decrease of the mesh energy before and after the unit is moved.
The active unit, shown in Figure 8.3(b) as a gray-filled circle, corresponds to the
unit which produces the maximum decrease of the energy.

8.4.3. Lattice deformation

Once the activation process is completed, the activated unit (i, j) moves toward the
sample point Ps of a distance A(P; — P;;) (Figure 8.3(c)). The parameter A, with 0 <
A < 1, represents a speed factor for the units. With A = 0, units cannot move, while
A = 1 allows the winning unit to move from P;; to P; in one step. Together with
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the winning unit, to maintain the spatial organization of the particles, neighboring
units P,,,, included in a circular domain S, are also moved in the same direction,
according to the law

2
T'thax

.. 2
APy :A(Ps_Pmn)(l—Wmm), (88)

where rpay 15 the radius of the domain S.

After the winning unit has moved, the process continues iteratively by select-
ing a new attention focus. The process is stopped either when a prefixed number
of iterations has been performed, or when the units reach a stable configuration,
and differences Ps — P;; are small enough.

8.4.4. Parameter selection

The number of iterations which are required to reach an equilibrium point de-
pends greatly on the parameters used in the training process: the elastic constant
¢, the relaxation speed A, and the radius 7max of the domain S. A high value of
¢, increasing the stiffness of the lattice, prevents units from being activated when
the attention focus is too far from the current position of the unit, slowing down
the deformation process. On the other end, a low value of ¢ may reduce the sta-
bilizing effect of the grid, allowing the network to lose the spatial relationships
between neighboring units. The selection of a proper value of A, too, greatly in-
fluences the convergence speed of the network, as a high value of A dramatically
improves the speed, but increases the chances of instability of the final configura-
tion, where units may “bounce” between two attraction points. The stability of the
process, however, may be increased using a high value of r1,«. Indeed, this param-
eter, forcing neighboring units to move in a coordinated manner, helps both to
preserve spatial relationships and to avoid the temporal instability. On the other
hand, as units are not allowed to move independently from one another, it de-
creases the precision of the network: the distance between the final position of
the unit and the point which best matches its feature vector tends, on average, to
increase.

A commonly used solution (which was introduced in the Kohonen map)
adopts a set of parameters which are slowly varied during the iterative process.
Indeed, in the first iterations, a large value of A and a small value of ¢ produce
a fast deformation of the network where the units move close to points which
match their features well, while a large value of 7. prevents a loss of organi-
zation in the network. Later, when the network is already partially deformed, a
reduction of A and rmay helps the units to properly position themselves in the best-
matching point, while the increase of ¢ prevents further deformations of the lat-
tice. Therefore, it has been assumed that a set of linear expressions can be used to
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describe the variation of the relaxation parameters:

A= (1 - #)Ao,
lmax

i
Tmax = (1 I )rO: (89)
lmax
i i
c= (1 — %)co + —cy,
lmax 1max

where i is the iteration number, i,y is the maximum number of iterations, Ag, 7o,
and ¢ are the initial values of A, rmay, and ¢, while ¢ is the final value of c.

8.5. Adaptation

The network, in order to build a knowledge about the imaged objects, needs to be
trained with a set of images which represent the same class of objects. During the
training process, each particle differentiates from the others, progressively adapt-
ing to live in a particular environment. The training procedure is similar, apart
from the relaxation step, to the training of an unsupervised neural network, which
can be described as follows. After a suitable initialization of the weights, the pat-
terns, or images, in the training set are presented to the network inputs, usually in
a random order. For each input pattern, the output of the network is evaluated,
and some, or all, of the weights of the network are adapted. The process is then
iteratevely repeated until convergence.

Once the training process has been completed, the weight of the units em-
bed an abstract representation of the imaged objects. Indeed, each unit represents
a feature which is present in the images, while topological relations between fea-
tures in the image are translated into the topological relation between the units
representing them. A simple example of the obtained representation is described
in Figure 8.4. The figure represents a small ENM network trained with a set of
digitized hand-drawn capital H (top row). In this case, the selected feature maps
include the gray level of the image, and a lowpass filtered version of the same im-
age. After the training, the first component (which corresponds to the gray-level
feature map) of the unit weights contains a “mean” shape of the letters used dur-
ing the training (bottom row). The network has stored in its weights an abstract
representation of the image set, by discovering that all the input images contain
the same basic shape, although stretched and deformed.

The adaptation process is performed iteratively. After an initialization phase,
an image from the data set is presented to the system, which relaxes, allowing units
to find a suitable position in the image. Then, each unit adapts to live in that po-
sition, by increasing the match between its personal ecosystem and the local envi-
ronment present in that point. At this point, it is possible to present a new image
and repeat the process until the system reaches the desired adaptation level.
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FIGURE 8.4. Abstract representation extracted by a network trained with five images of a capital H (top
row). The network weights (bottom row) shown that the network has detected that a single shape is
present in all the images.

8.5.1. Initialization

The initialization of the network weights can be done either by a random selection
of the weights in a suitable range of values, or by direct assignment to some known
value. To enhance stability and convergence speed, it is usually advisable to assign
some “reasonable” value to the weights of the units. In this case, a good initializa-
tion value can be obtained by sampling the images in the training set. The network
grid may be used to assign to each unit a weight vector equal to the feature vector
evaluated in the match point before relaxation.

8.5.2. Presentation of input patterns

The main loop of the training phase starts by presenting the input patterns, one
at a time, to the network. In order to improve the learning and the generaliza-
tion properties of the network, the order of presentation of the input patterns is
randomized before each iteration. When each pattern has been presented to the
network, the relaxation process starts as described above. After the relaxation pro-
cess has completed, it is possible to let the units adapt to the new environment by
changing the associated weight vector. It is worth noting that in this kind of ar-
chitecture, the activation of the units does not relate to the output of the network.
The output, indeed, is described by the final position of each unit in the image
plane. For instance, Figure 8.5 reports the deformation patterns of the network
grid caused by the inputs reported in Figure 8.4 to the trained network.

8.5.3. Learning rule

The training phase, after the relaxation process has completed, has been designed
to increase the fitness of the unit to the environment, by increasing the match
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FiGUre 8.5. Deformation of the network grid representing the mapping between input images and
network units for the data reported in Figure 8.4.

between the weights of each unit and the image features. This has been done by
modifying the weights of the unit according to the following rule:

Awi; = €(I(P;j) — wij), (8.10)

where € is the learning ratio, bounded between 0 and 1, and P;; is the position of
the unit at the end of the relaxation process.

The proposed learning rule, similar to the one introduced by Kohonen [17],
improves the fitness of the unit by increasing the correspondence between each
unit and the image features. In the following relaxation steps, the unit will be,
therefore, attracted toward a point with the same feature vector. In this way, the
unit learns to act as a feature detector specialized to identify points having a feature
vector similar to I(P;;).

8.5.4. Iteration

The process described above for a single image needs to be repeated for all the
images in the training set, which are presented to the network in a random order.
The entire sequence is then repeated iteratively, for a fixed number of iterations.
As happens for the parameters which drive the relaxation process, the best results
can be obtained by using a linearly decreasing learning rate.

8.6. Medical application

The system has been evaluated on a set of hand radiograms, in order to identify
each bone on the radiogram. Once the bones have been detected, they can be clas-
sified in order to obtain an assessment of the maturation level of the skeleton and
of the bone age.

8.6.1. Bone age assessment

The assessment of skeletal age maturity is a commonly used procedure in pediatric
radiology. A discrepancy between bone maturity and biological age indicates the
presence of some abnormality in skeletal growth. The assessment is commonly
performed using a radiogram of the left hand, due to the relatively small patient
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exposure to radiation and the simplicity of the test. Moreover, the hand presents
a large number of ossification centers which can be used to obtain an accurate
estimation of the degree of maturity.

Several methods have been proposed to allow the medical expert to obtain a
quantitative estimation of the skeletal age. Among them, the most commonly used
procedure is the Greulich and Pyle atlas matching method [12]. This procedure is
based on an overall matching between the observed radiogram and a set of refer-
ence images grouped in an atlas. The assessment consists of identifying the image
in the atlas which most resembles the examined radiogram.

The selection of the correct image is very difficult in cases where the radio-
gram presents a growth abnormality which affects the various bones in the hand
with a different degree of severity. In this situation, the outcome of the test depends
on the relative importance given to different bones by the observer.

The major drawback of the atlas matching method is the high degree of intra-
and interobserver variability due to the subjective comparison of the images. A
method which reduces the variability of the estimate is the Tanner and Whitehouse
method (TW2) [23].

The TW2 method uses a detailed analysis of twenty bones in the hand, which
are depicted in Figure 8.6. Each complex in the set is assigned to one of nine matu-
ration classes, labeled from A (no calcified bone is present) to I (maturation com-
pleted). This method produces a description of each bone in terms of scores. The
sum of all scores assesses the bone age. This method has a higher repeatability, but
the required execution time and its complexity prevent its rate of application from
exceeding 20% [21].

8.6.2. Material and methods

A successful application of the TW2 method requires a precise localization of the
bone complexes which have to be analyzed. Localization and labeling of the bones
is still the most challenging step toward the complete automation of the process.

Several factors concur to make identification a complex task. First of all, bones
vary greatly during the growth process. In early stages, some bones are either ab-
sent or very small, and consequently they produce well-separated shapes on the
image. During growth, carpal bones tend to enter in contact and overlap with one
another (cf. Figure 8.6 with the sample image in Figure 8.7, where the bones in
the carpal region are overlapping). In contrast, epiphyseal and metaphyseal bones
start to join, until they form a single bone.

In the meantime, the overall size of the hand and its mean gray level vary
greatly. One more source of problems is given by the hand position in the image.
Even if great care is applied during the imaging process to correctly position the
hand in the radiographic machine, the angles between fingers have a high degree
of variability.

Many authors proposed different strategies to overcome this problem and to
identify the location of bones in the fingers. Niemeijer et al. [20] propose a method
to detect a single bone region. They use an active shape model to align the sample
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FiGure 8.6. Bone complex used in TW2 method (1-13: epiphyseal bones, 14-20: carpal bones).

image with a template of the desired bone. A few others tried to localize carpal
bones. For instance, Fan et al. [9] adopt a two-stage edge detection method for the
detection of a set of reference points. Using the reference point information, they
can locate the carpal bones.

8.6.3. Network configuration

An elastic neural network has been tested on a set of radiographic images of the
left hand. The radiograms have been acquired using an optical scanner, with a
spatial resolution of 100 dpi and a pixel depth of 12 bits, which means the image
size is in the range from 500 x 700 pixel to 800 x 1000 pixel. The images have been
labeled by a radiologist which has identified the ossification centers to be used for
the application of the TW2 method. These points have been used as a reference to
evaluate the performance of the network. In other words, the identification done
by the expert radiologist has been assumed to be absolutely correct. The data set
has been used to form a training set, composed of 20 radiograms, and a test set,
also containing 20 images.
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FIGURE 8.7. A sample image from the dataset (a) and one of its feature maps (b).

Given the average image size, it is possible to select the number of units which
belong to the neural network, by defining the average distance between two neigh-
boring units. In this case, this distance has been assumed to be around 10 pixel,
and therefore the number of units on each side of the grid is about 60, which has
been rounded down to 50.

The selection of the desired feature maps has been done using the same heuris-
tic approach. When a small scale is selected, the feature maps contain a lot of
fine-detail features which can hide the overall structure of the image, while the
selection of a scale which is too large may smooth out important properties of the
image. According to this principles, in this application example we selected a set of
feature maps having the same value of |k| = 9 and four different orientations, cor-
responding to angles 8 = 0, 71/4, n/2, and 37/4. This selection gives a single-scale
representation of the image.

The selection of a scale k = 9 allows to smooth out part of the fine structure of
the bone. Lower values of k allow for the presence of high-frequency details which
could prevent the network from identifying the global minimum of the energy,
corresponding to the correct deformation of the network, by trapping units on
local minima. On the other side, higher values of k will decrease the accuracy of
the matching performed by the network. Figure 8.7 shows a sample image from
the data set and one of the corresponding feature maps.

8.6.4. Network training

The network has been trained using 100 iterations over the data set. During each
iteration, all images have been presented to the network in a randomly selected
order.

Several combinations of network parameters have been tested in order to
compare the relative influence on the learning results. A good combination of pa-
rameters can be obtained by keeping reasonably low the relaxation speed (around
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0.2-0.3) and high the number of relaxation steps (around 10°, which means that
each unit, on the average, gets activated a few hundred times). Moreover, relax-
ation speed has been reduced linearly during the process.

The results obtained during the training phase indicate that a larger size of the
neighborhood § increases the robustness of the network against local minima, and
helps the units to maintain their relative positions. At the same time, however, a
smaller neighborhood increases the accuracy of the final positioning of the units.
In the final configuration, we used a neighborhood size starting with a radius equal
to 8, which linearly decreases during the relaxation phase.

As concerns the learning ratio, it can be observed that it strongly affects net-
work convergence time. Best results are obtained when the learning ratio is de-
creased during the training process. It conforms to the results achieved in most
self-organizing architectures [27].

8.6.5. Evaluation of results

Once the training phase was completed, the results were evaluated by feeding the
network with a set of labeled images, where a set of tag points had been identified.
The procedure has been designed to transfer the labels from an image pixel to
network units, and to transfer them to a different image. It can be described as
follows (Figure 8.8). Each test image is applied to the network input, and the mesh
completes the relaxation process. At the end of the relaxation process, it is possible
to identify the unit whose match point is located closest to the label placed on the
image. That unit is assumed to represent the tag point in the first image. When a
new image is presented to the network and the relaxation process has completed,
the units is located in a new point. This point is assumed to represent the label in
the new image.

An evaluation of the performance of the network can be therefore achieved
by measuring the distance from the transferred label and the manually applied
label. A perfect matching between the images would produce a null relative dis-
placement, as the same unit should be located on the same marker in all images.
Experimental results indicate that the average absolute displacement between the
marks is about 1.5 units.

The average execution time required to complete the relaxation step is be-
tween 2 and 5 minutes, on a 1.6 GHz PC.

8.7. Conclusions

The proposed architecture is designed to learn the common image structure em-
bedded in a set of image representing the same class of objects. During the training
phase, the image structure is stored in the unit weights, which may be viewed as a
representation of the topological relationships between image features.

The results indicate that the proposed architecture can be effectively used to
recognize complex images, containing several structures, as a hand radiogram. It
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FIGURE 8.8. Results evaluation: a label marks a significant point of the image. At first (1) the match
point which is closer to the label is identified. This allows to mark (2) an unit in the grid. A second
image is presented to the network, and the unit identifies a new match point (3). The distance between
the match point and a label (4) placed on the new image gives an estimate of the results.

automatically identifies distinctive features, performing a matching between the
stored representation and the sample image.

However, the proposed architecture can still be enhanced in order to be
adapted to different applications. For instance, an interesting field is the design
of methods to optimize the elastic connections between units. A promising field
seems to be the introduction of a multiscale representation in the feature maps, in
order to improve the performances of the network.
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Genetic snakes: active contour models

Lucia Ballerini

Genetic snakes are active contour models, also known as snakes, with an opti-
mization procedure based on genetic algorithms. Genetic snakes are proposed to
overcome some limits of the classical snakes, as initialization and existence of mul-
tiple minima, and successfully applied to segment different kinds of images. In this
chapter, we review and extend the formulation of genetic snakes. New energy func-
tionals are also described. Experimental results on synthetic images as well as on
various real images are conducted with encouraging results.

9.1. Introduction

The active contour models or snakes [22] are an effective method to detect object
boundaries in an image. The widely recognized power of deformable models is
that they can exploit constraints derived from the image data along with a priori
knowledge about the location, size, and shape of objects to segment. Originally
developed for application to problems in computer vision and computer graph-
ics, deformable models have been extensively applied in medical image analysis
in problems including segmentation, shape representation, matching, and motion
tracking, and have achieved considerable popularity.

However, the application of snakes to extract regions of interest suffers from
some limitations. In fact, a snake is an energy minimizing spline and the classical
model employs the variational calculus to iteratively minimize energy. There may
be a number of problems associated with this approach such as algorithm initial-
ization, existence of local minima, and selection of model parameters. Simulated
annealing [18, 33], dynamic programming [2, 16], and greedy algorithms [21, 38]
have been also proposed for minimization.

However, they are restricted both by the exhaustive searches for the admissible
solutions and complicated parameter control and by the accurate initialization
they require.

We propose the use of genetic algorithms (GAs) [17] to overcome some of the
limits of the snake model. GAs offer a global search procedure that has shown its
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robustness in many tasks. Their usefulness in pattern recognition and image pro-
cessing has been demonstrated [1, 6]. The idea here is to address the initialization
and the optimization of snake points through genetic minimization of the snake
energy.

The purpose of this work is to review and extend the genetic snakes and to
present additional energy functionals useful for specific applications. The organi-
zation of the chapter is as follows: in Section 9.2, we briefly review active contours,
the basic notions, their limitations, and some improvements proposed in litera-
ture; in Section 9.3, we describe the genetic snake model; in Section 9.4, we dis-
cuss the new energy functionals and we present experimental results on synthetic
images to test them. Several applications of genetic snakes to realistic problems are
reported in Section 9.5, where we also illustrate new external image functionals
specifically tailored for the applications under consideration.

9.2. Active contour models (snakes)

Due to the wide and successful application of deformable models, there exist sur-
vey papers focusing on different aspects of the model and its variants proposed in
the literature [10, 20, 25, 28, 39].

Snakes are planar deformable contours that are useful in several image analysis
tasks. They are often used to approximate location and shape of object boundaries
on the basis of the reasonable assumption that boundaries are piecewise continu-
ous or smooth.

Representing the position of a snake parametrically by v(s) = (x(s), y(s)) with
s € [0, 1], its energy can be written as

1 1
Esnake = I Eint [V(S)]ds + J Eext [V(S)]dS) (91)
0 0

where Ein represents the internal energy of the snake due to bending and it is asso-
ciated with a priori constraints, E.y is an external potential energy which depends
on the image and accounts for a posteriori information. The final shape of the
contour corresponds to the minimum of this energy.

In the original technique of Kass et al. [22], the internal energy is defined as

2 2
() } (9.2)

TP e

Bulv(9] = 3 a9 24

This energy is composed of a first-order term controlled by «(s) and a second-
order term controlled by 5(s). The two parameters «(s) and f(s) dictate the sim-
ulated physical characteristics of the contour: a(s) controls the tension of the con-
tour, while 3(s) controls its rigidity.
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The external energy couples the snake to the image. It is defined as a scalar
potential function whose local minima coincide with intensity extrema, edges, and
other image features of interest. The external energy, which is commonly used to
attract the snake towards edges, is defined as

Eext[V(s)] = =y | VG % I(x, y) |2, (9.3)

where G, * I(x, y) denotes the image convolved by a Gaussian filter with a stan-
dard deviation o, V is the gradient operator, and y a weight associated with image
energies.

The application of snakes and other similar deformable contour models to
segment structures is, however, not without limitations. For example, snakes were
designed as interactive models. In noninteractive applications, they must be ini-
tialized close to the structure of interest to guarantee good performance. The in-
ternal energy constraints of snakes can limit their geometric flexibility and prevent
a snake from representing long tube-like shapes or shapes with significant protru-
sions or bifurcations. Furthermore, the topology of the structure of interest must
be known in advance since classical deformable contour models are parametric
and are incapable of topological transformations without additional model ad-
justments. Due to its own internal energy, the snake tends to shrink in case of
lack of image forces, that is, constant image backgrounds or disconnected object
boundaries.

Various methods have been proposed to improve and further automate the
deformable contour segmentation process. A review of some of them can be found
in [3] and in the above-mentioned surveys.

Few authors, to the best of our knowledge, propose the application of GAs to
active contours. MacEachern and Manku [23] introduce the concept of active con-
tour state and encode the variants of the state in the chromosome of the genetic
algorithm. Tanatipanond and Covavisaruch [34] apply GAs to contour optimiza-
tion with a multiscale approach. The fitness function is trained from a previously
segmented contour, so that the system can learn the target’s preselected features.
Ooi and Liatsis [29] propose the use of coevolutionary genetic algorithms. They
decompose the contour into subcontours and optimize each subcontour by sep-
arate GAs working in parallel and cooperating. Mishra et al. [27] apply GAs in
contour extraction for noisy images. Echocardiographic images are preprocessed
in order to find a rough boundary, GAs are then used to optimize this contour
along radial search grid. However, in these approaches, the optimization is done
in the neighborhood of the snake control points.

In other existing GA-based active contours, the optimization is done indi-
rectly, that is, optimizing the parameters of the contour such as encoding the
polygon [35], point distribution models [13, 31, 37], Fourier descriptors [14, 36],
probability density functions [26] or edge detector, and elastic model parameters

[8].
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Representation: |N | x1| y1| cee |xN|,VN|

N = no. of snake points
(xi, yi) = snake positions

Fitness:  Esnake = Jo Eint[V(s)]ds + [y Eext[v(s)]ds
(a)

Region of interest

R Feature

Initialization: \/ x
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FIGURE 9.1. Genetic snakes: basic elements.

9.3. Genetic snakes

In this section, we review the genetic snake model, that is, our model of active
contours, where the energy minimization procedure is based on GAs [4].

The basic elements of genetic snakes are solution representation, fitness defi-
nition, and initialization as illustrated in Figure 9.1. The parameters that undergo
genetic optimization are the positions of the snake in the image plane v(s) =
(x(s), y(s)). The coordinates x and y are encoded in the chromosomes using a
gray code. The total number of snake points is also encoded in the chromosomes
and optimized using the GA. The user defines their range. The fitness function,
that is to be minimized, is the total snake energy previously defined in (9.1), where
E;jnt and Eey are defined in (9.2) and (9.3).

The genetic optimization requires the definition of a region of interest given
by r and R (the minimum and the maximum magnitude allowed for each v(s)).
The initial population is randomly chosen in such a region, and each solution lies
in this region (r and R are user defined). This replaces the original initialization
with a region-based version, enabling a robust solution to be found by searching
the region for a global solution. Setting r = 0 and R = max the solution is searched
in the whole image, making initialization fully automatic.

The effect of the genetic operators on snake encoding is simple and intuitive
(see Figure 9.2). Mutation randomly moves one snake point (x, y) to another point
in the image plane. Crossover divides two parent snakes in two parts and recom-
bines them to create two children snakes.

The GA implementation adopted in this work is GAucsd-1.4 [32]. Tests have
shown that the model is not very sensitive to the control parameters of the GA. In
our applications, we use most of the default parameters proposed by the GAucsd
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FIGURE 9.2. Genetic operators on snakes.

package, that is, gray code, fitness sigma scaling, two-point crossover, population
size, and maximum number of generations computed according the length of the
genome, roulette wheel selection. In case of use of different parameters, these are
reported along with the experiment description. The main reason of using gray
code is its simplicity. Further work using real encoding, which may provide a sub-
pixellic positioning of the snake, can be done.

The genetic search strategy optimizes the snake model also in case of constant
image background, where other optimization methods may fail, and overcomes
difficulties related to spurious edge-points that can drive the snake to local min-
ima. To reach an optimal minimum while avoiding local minima, alternative ap-
proaches suggest that the whole set of admissible curves be considered and the best
one be chosen. Other methods are for local optimization, where only suboptimal
solutions can be guaranteed. The GAs are particularly useful in simultaneously
handling possible solutions and achieving a global minimum, while avoiding an
exhaustive search.

It is known that the snake model requires either a local minimizer with good
initialization or, otherwise, a global minimizer. Genetic snakes confront and over-
come at the same time the two primary problems of initialization and optimiza-
tion, and provide a global optimization with an automatic initialization.

9.4. Energy functionals

The classical optimization techniques impose different restrictions on the type of
image functionals that can be employed (e.g., the existence of derivatives); the use
of GAs gives us more freedom on the choice of such functionals. For this reason,
we experiment new energy terms.

9.4.1. Internal energy

The internal energy term, Ejy, controls the properties of the snake and it is ex-
pressed as defined in (9.2). This energy provides an efficient interpolation mech-
anism for recovering missing data. In our work, the values of the parameters a(s)
and f3(s) are empirically chosen and they do not depend on the positions s of the
snake, that is, we set a(s) = a and f(s) = 5, where a and f are constant values. In
this way, different segments of the snake cannot have different elastic behavior.
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The most adequate set of parameters for our snakes depends on several im-
age characteristics. Therefore, given a particular application, some experimenta-
tion is required for choosing the best parameters. We performed experiments on
synthetic images with different patterns and with additive noise having different
variance.

The choice of the weights controls the type of solution produced by the ac-
tive contour: large values of the weights associated with image functionals tend
to move the snake boundary towards object contours, while large values of & and
B increase smoothness and continuity. The signal-to-noise ratio (SNR) can affect
the choice of weights: in low SNR images, or where missing and/or false edges are
present, an increased contribution from the continuity and smoothness terms to
the total energy is usually desirable. Large values for the continuity and curvature
weights will discourage convergence to a “busy” contour, with notchings and in-
dentations. On the other hand, small weights may allow the contour to be trapped
into false edges or leak out through gaps in the boundary.

The first experiment uses synthetic images containing boundary of circles,
squares, and star-shaped objects. The intensity images are generated by assigning
grey level value 255 to pixels belonging to the boundary, and 100 otherwise. The
boundary is smoothed by convolving the images with a 3 x 3 window who acts as
a lowpass filter. These images are constructed to study the snake ability to capture
corners as well as low curvature boundaries. Zero mean, white Gaussian noise is
added to the images. Three different noise levels (corresponding to the standard
deviation values: 20, 40, 60) are considered. This allows to study the robustness of
our segmentation technique with respect to noise variance and to determine an
adequate set of weights. Figure 9.3 shows some examples of simulated images.

On these images, we performed experiments using snakes having not more
than 50 points, varying the energy weighting coefficients (« = 0.5, 0.8, 1, 1.2, 1.5,
B =0.5,0.8,1, 1.2, 1.5,and y = 1) running the GA for 23 00 000 iterations each
time on a population of 10000 individuals. The crossover rate and mutation rate
are set respectively to 0.6 and 0.000006 based on experimental observations.

Figure 9.4 reports some of the results obtained. We observe that snakes with
larger values of « and 3 have better noise rejection capabilities, but snakes having
too large values of « and f3 tend to collapse on themselves. We also observe that
snakes having a larger number of points are selected by our GA for the last set of
images Figures 9.4(g), 9.4(h), and 9.4(i).

9.4.2. Area energy

The area energy is proportional to the area enclosed by the snake which has the
effect of causing the contour to expand or contract. The area energy term we pro-
pose is

Earea [V(S)] = 8A) (94)
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(8) (h) @
FiGure 9.3. Examples of synthetic test images with different values of Gaussian noise (from left to
right: onoise =20, 40, 60).

(8) @

FIGURE 9.4. Simulation results on synthetic test images with different shapes, different values of Gauss-
ian noise, and with the best set of snake coefficients.
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where A is the area enclosed by the snake. The sign of § determines whether the
snake tends to expand or contract. For the case of a positive J, this energy is a
positive term in the fitness and causes the snake to choose regions enclosing small
areas. On the other hand, for a negative §, the snake tends to prefer regions having
larger area.
The area is calculated as

1| XN
A=3 > (xiyin1 = Xiv1yi) | (5.5)

i=1

where (x;, y;) denotes the coordinates of a vertex and by convention (xy+1, yn+1) =
(x1, y1). This expression holds for any polygon provided that the vertices are or-
dered around the contour and no line segments joining the vertices intersect. Our
representation of the coordinates, along with the use of polar coordinates, does
not require any explicit check to ensure that this relationship is applicable.

The effect of this area energy is similar to the balloon force employed by L. D.
Cohen and I. Cohen [11, 12]. In their model, they add an additional force in the
normal direction of the snake. The implementation advantage is that in our for-
mulation the area energy term depends on the snake positions, but not on deriva-
tives.

We propose also an area energy which forces the snake to enclose a preset area:

Earea[V(s)] = 8(A - Aref)z- (9.6)

This energy has the form of a harmonic potential with a minimum when the
area enclosed by the snake is equal to the reference area Ay.f.

The experiment performed to show how the area energy works uses syn-
thetic images containing circular shapes having an inner and an outer boundary as
shown in Figure 9.5(a). The shape has grey level 100 on a black (grey level 0) back-
ground. These images are constructed to study the snake capability to be attracted
by either the inner or the outer boundary according to the area energy term.

On these images, we performed experiments using snakes having 50 points,
varying the energy weighting coefficients (« = 0.1, 0.15,0.2, 3 = 0.1,0.15,0.2, y =
0.1,0.2,0.3,and § = —0.3,-0.2,-0.1,0.1,0.2,0.3), running the GA for 2 000 000
iterations each time on a population of 10 000 individuals.

The results obtained with § = +0.3 and § = —0.3 are reported in Figures
9.5(b) and 9.5(c), respectively (other weight values are: &« = 0.1, § = 0.2, y = 0.2).
When the sign of § is positive the snake chooses the inner boundary (b), while
when it is negative the snake is attracted by the outer boundary (c).

9.4.3. Image energy

The external energy Ecy is composed by the image functionals. It is chosen accord-
ing to the properties of the images of interest. The image functionals are designed
to produce minima corresponding to target objects in the image. It is shown that
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(a) (b)

FIGURE 9.5. Simulation results: (a) example of synthetic test image, (b) genetic snake segmentation
results with § = +3, and (c) § = —3.

the choice of the image functionals can affect the performance of the optimization
technique. For this reason, we did experiment using various forms. For retinal im-
ages, we employ an image energy term which considers both the magnitude and
the direction of the gradient and of the Laplacian of Gaussian. For color images,
the image energy considers the gradient of the three RGB (red, green, blue) com-
ponents separately.

As the external energy is strictly dependent on the specific application, we
discuss image energy terms in the following section where we describe the appli-
cations of genetic snakes to realistic problems.

9.5. Applications
9.5.1. Medical images

Images used in this application are ocular fundus images, snakes are used in the
segmentation of the foveal avascular zone (FAZ). Diabetic retinopathy is the lead-
ing cause of new adult blindness; one way to early detect diabetic retinopathy is the
study of the FAZ. In fact, retinal capillary occlusion produces an FAZ enlargement.
Moreover, the FAZ is characterized by qualitative changes showing an irregular
contour with notchings and indentations [7]. The segmentation of FAZ boundary
is usually considered the starting point for this analysis.

Retinal images are taken by a Scanning Laser Ophthalmoscope, with a fre-
quency of 25 frames per second following the injection of a bolus of fluorescein.
These images are digitized into 512 X 512 pixel matrices with 256 gray levels per
pixel. The region of interest, that is, the FAZ, is approximately in the center of
these images. For simplicity, the origin of the coordinates, that is, the snake center,
is located at the center of the FAZ. Its position can be chosen approximately by
the user. The image energy functionals are chosen according to FAZ properties as
follows.

First, we consider a functional which localizes bright lines since FAZ bound-
aries are ultimately bright lines (i.e., capillaries) with an intensity maximum at
their center. A simple external energy functional that attracts a snake towards lines
is the image intensity:

Eimg[v(s)] = yI(x, y), (9.7)
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FIGURE 9.6. Retinal images: (a) image intensity, (b) image convolved by gradient of Gaussian (¢ = 2),
(c) image convolved by Laplacian of Gaussian (¢ = 2).

where y is a weight factor whose sign determines whether the snake is attracted
by dark or bright lines. For the case of a negative y, the snake is attracted to local
minima of Ejng, which corresponds to local maxima of intensity, that is, bright
lines. This functional (see Figure 9.6(a)) can detect roof edges. For our purpose
this functional localizes the medial axis of the capillaries. However, the achievable
performances are only partially satisfactory, due to the adjacency of the snake to
the bigger vessels exhibiting a strong maximum; moreover, dye leakage introduces
a light haze with consequent artifacts on the image function.

Then, we consider a functional which attracts the snake towards image edges,
that is, in our case, vessel boundaries. In this case, if edges are of interest, the image
energy is defined as

Egraa[v(s)] = = | VI(x, ) |%, (9.8)

where VI(x, y) is the gradient of the image. An easy implementation of this func-
tional can be obtained by computing the gradient of Gaussian (GoG) of the image
intensity:

EcoG[V(9)] = = | VG, % I(x, )| ”. (9.9)

The resulting image functional is shown in Figure 9.6(b). The weight in this case
is negative so that local minima of Eg,g correspond to maxima of the gradient,
that is, strong edges. Simple use of this functional for FAZ boundary extraction
also does not give fully satisfactory performance. The fact that it is the edge of the
vessels that is localized and not the point of maximum intensity provides a basis
for uncertainty.

This suggests that we consider both the gradient magnitude and the gradient
direction of the image. A suitable functional may be obtained by constructing the
dot product of the contour tangent with the normalized gradient vector:

_ _Jov . VI(x,y)
Egic[v(s)] = s 7| VI(x,y)| . (9.10)
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FIGURE 9.7. The x and y components of the gradient of the image. The intensity of each pixel is pro-
portional to the gradient component in that point.

The weight of this factor is positive, so that orientation inconsistencies tend to
be penalized. Anyway, edge points whose orientation disagrees with that of the
overlaying snake may also yield minimal values of the external energy. Hence, the
snake is able to discriminate against phantom lines, while allowing for the presence
of corners. The two components of the gradient are shown in Figure 9.7.

In order to increase the locus of attraction of a minimum, we experiment with
a slightly different edge functional (also proposed by Kass et al. [22]):

ErLog[v(s)] = — | V2Gy % I(x, ) | (9.11)

Minima of this functional lie on zero-crossings of V2G, * I(x, y) which defines
edges in the Marr-Hildredth theory [24]. This image functional is shown in Figure
9.6(¢).

In addition, since image gradient and Laplacian of Gaussian (LoG) produce
random edges in the background region where some noise is present, we can im-
prove FAZ boundary localization by including a Gaussianly smoothed version of
the image intensity (with large o).

Thus, the proposed image energy is composed of four terms and is expressed
as

Eext[v(s)] = =91Go % I(x,y) — 12| VG % I(x, y) |

ov
+y3(n- g) —y4|V2Ga*I(x,y)|2,

(9.12)

wheren = VG, * I(x, y)/IVGg * I(x, y)l.

In this application, the internal energy weights « and 8 are normally kept
constant while the image energy weights are varied to find a good balance between
the four terms. We observe that values of & and f3 close to 1 give good results. The
values of the weights associated with image functionals are chosen in the range
[0.5,0.8].

In Figure 9.8, we can see some examples of retinal images with FAZ outlines
segmented by our snake model.
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(®)

FIGURE 9.8. Images of (a) normal and (b) diabetic FAZ with superimposed genetic snakes.
9.5.2. Radarimages

The aim of this application is to determine the shape and size of aircrafts in ad-
vanced surface movement guidance and control systems (A-SMGCS). Genetic
snakes are used to segment and detect target moving along runways and taxiways
of an airport from images provided by a surface movement radar, even with a very
noisy image.

The images used in this application are radar images obtained by courtesy
of Oerlikon Contraves Italiana SpA. The radar sensor is a prototype operating in
the millimeter band (95 GHz) [15]. The images are recorded in the range/azimuth
reference system, directly from the video output of the radar receiver. From these
images, smaller areas are extracted around positions where most probably an air-
craft is present [30]. The target is extracted by resampling the radar image in a
rectangular grid of known resolution.

It is important to notice that the target echoes do not resemble exactly the real
shape of the target itself. The appearance of the target in a radar image depends
on its electromagnetic properties, on the radar resolution, and on the position of
the target with respect to the sensor. Usually the target appears on the image as
a fragmented shape, reflecting a multipoint scattering model, in which the echo
is supposed to be due to a number of points, scattered all over the target itself.
Radar images taken into account have poor dynamic range, so target and back-
ground clutter have often a similar echo strength. For instance, in several images
the aircraft wings are undistinguishable from the grass below. An adaptive filtering
scheme, based upon real-time histogram analysis, is applied to the images in order
to enhance the contrast and to let the next steps of the algorithm work in better
conditions.

Several image processing algorithms can be used to get some parameters about
the airplane from the image. Among the others, parameters such as approximate
dimensions, shape, or directions are very useful in order to guess what it is and
what it is doing. We apply genetic snakes to segment and detect these aircraft pa-
rameters.

The energy functionals used in this application include the gradient of Gauss-
ian and the Laplacian of Gaussian of the enhanced image.

In Figure 9.9, we can see an example of original image, an edge detector re-
sults, and the corresponding aircraft outlines segmented by our genetic snake
model.
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(a)

FIGURE 9.9. (a) Original image containing the echo from a B747 and strong clutter. (b) The output of
an edge extractor algorithm. (c) The image segmented with our method.

FiGure 9.10. Digital camera photograph of a representative beef meat (in original color).

In this application, we can observe that the advantage of genetic snakes over
methods like edge extractor operators is their flexibility to operate on fragmented
shapes which are not as easy with convolutional operators.

9.5.3. Food images

Genetic snakes are here applied to meat images in order to segment them, with the
special purpose of separating connective tissue from the remaining parts of the
meat.

In another work, we have developed a method to solve the specific problem
of measuring the percentage of fat [5]. In particular, a color segmentation algo-
rithm to classify different substances as muscle, fat, and connective tissue has been
optimized for camera photographs of meat. The classification is fully automatic
and combines a fuzzy clustering algorithm, the fuzzy c-means algorithm with a
GA. There is still an open problem with these images: fat and connective tissue
present almost the same color and are therefore almost indistinguishable by any
color segmentation technique, therefore the idea of using genetic snakes.

Color images of many samples of beef meat are captured by a Sony DCS-D700
camera. Images are 1024 x 1024 pixel matrices with a resolution of 0.13 < 0.13 mm.
They are represented in an RGB (red, green, and blue) format (see Figure 9.10).

Images are preprocessed to suppress background; the choice of green color as
background was very helpful for this stage. Three thresholds (RGB) are used in
this phase. An example of background suppression is shown in Figure 9.11. Then
we apply genetic snakes to segment meat from connective tissue.

In order to apply genetic snakes to color images, we employ a modified version
of the image energy. When the goal is to fit a snake to a boundary within an image,
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F1GURE 9.11. Background suppression from image shown in Figure 9.10.

it is useful to preprocess the image with an edge detector so that the points of
maximum gradient are emphasized. One of the most commonly employed edge
detectors uses the gradient of the image convolved with a Gaussian smoothing
function.

Here we consider the gradient of the three-color RGB components, that yields
an image energy functional composed of three terms:

Eimg[v(s)] = —yr|V Gy % IR(?C,}/)|2
— 6| VGy * Ig(x, y) | (9.13)
— 8| VG, * I(x, )|,

where Ir(x, y), Ig(x, y), Ig(x, y) are the three components of image intensities.
The weights are negative so that local minima of Ejn,g correspond to maxima of
the gradient, that is, strong edges.

We observe that the connective tissue is usually located close to the border
of meat and that there is a strong edge between it and the muscle. Moreover, the
percentage of connective tissue is usually around 4 + 5%. Thus, the proposed area
energy functional is expressed as

Earea[V(s)] = 6(A — 0.95A.)%, (9.14)

where Ar is the reference area computed on the background suppressed images.

Hence, we use a snake energy composed of three terms: the internal energy,
Eine, defined in (9.2), the image energy, Eimg, defined in (9.13), and the area en-
ergy, Earea, defined in (9.14). We use snakes having 50 points, running the GA for
40000000 iterations on a population of 100000 individuals. Crossover and muta-
tion rate are set, respectively, to 0.43 and 0.000001. Weight values are « = 0.15,
B =0.159yr =y =y =0.3,and § = 0.2.

In Figure 9.12, we can see the segmentation results obtained by our genetic
snake model. Note that the connective tissue in the bottom part of the image is
separated from the rest of the meat.

9.6. Conclusions

In this chapter, we have discussed genetic snakes and presented an extension of
our previous model. The present method deals with two important and difficult
problems of the conventional snakes, namely, initialization and optimization.
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FiGure 9.12. Digital camera photograph of a representative beef meat with superimposed the final
position of our genetic snake model.

The energy minimization procedure based on GAs overcomes the problems
associated with sensitivity to initialization and local minima, which are crucial
problems of classical techniques. Genetic snakes do not need to be initialized close
to the structure of interest to guarantee good performance. Indeed, all possible ini-
tial choices can be considered within the GA framework, where the user has only
to define the region where the search takes place. Local minima, caused be spu-
rious edges or constant image background, are easily avoided by the genetic op-
timization. Furthermore, the new model is better at extracting nonconvex shapes
compared to conventional snakes.

We have also described additional energy terms, like an area energy and a
modified version of the image energy, which accounts for both the magnitude and
the direction of the gradient and the Laplacian of Gaussian, that exhibits interest-
ing properties in the localization of FAZ boundary. Other energy terms may be
easily added using the genetic optimization procedure. This is not possible in the
classical snake formulation that requires energy to be a differentiable function. In
our model, there is no restriction on the form of the energy functionals.

The real-world experiments show that the new model works well for contour-
based segmentation in a variety of image analysis applications. The results re-
ported are the best results obtained in several runs (usually 10 for each set of ex-
periment and value of the parameters). Statistical analysis of them proved their
consistency and repeatability. The main problem with this method is the time re-
quired and the impossibility to exploit the ability of GAs to generalize, as each
individual image needs to be processed from scratch.

In this work, we applied GAs to the positions of the snake. The management
of the weights for different energy terms is still an open important problem and
it is usually fulfilled empirically, except for a promising emerging idea suggested
in [9]. Their framework consists in a learning section and a detection section, and
provides a training mechanism to obtain the weights from a desired object contour
given manually. This mechanism first employs Taguchi’s method to determine the
weight ratios among distinct energy terms, followed by a weight refinement step
with a GA. Further work on this technique could be the study of the evolution
of the parameters and the functionals governing the snake behavior; and possibly
discovery of new snake-like models as, for example, the deformable organisms
proposed by [19].

At this stage, we used genetic snakes for segmenting a single object in the
image. The case of multiple objects is a challenging problem. Future studies could
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consider parallel optimization of multiple intercommunicating genetic snakes, as
well as an extension to 3D.
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Visual texture classification
and segmentation by genetic

programming

Vic Ciesielski, Andy Song, and Brian Lam

10.1. Introduction

While there is a considerable history of work on visual texture, the definition of
texture is still imprecise. However, it is generally agreed that a texture is spatially
homogeneous and contains repeated visual patterns. In synthetic textures, such as
horizontal lines, vertical lines, or a checkerboard, the basic structure is repeated ex-
actly. In natural textures, such as grass, wood, sand, or rocks, there is some random
variation in size, shape, intensity, or colour in the repetitions of the basic structure.
Figure 10.1 shows some examples of artificial (a,b) and natural (c,d) textures.

Texture information is potentially very useful in computer vision applications
such as image/video retrieval, automated industrial inspection, and robot naviga-
tion. However, currently deployed systems do not use texture, primarily because
current algorithms result in unacceptably long computation times. Fast and accu-
rate texture recognition could have a major impact on the design of future vision
systems.

From the perspective of computer vision there are two main problems relating
to texture: classification and segmentation. The classification task assumes we have
images of single textures and we are required to distinguish them. For example, if
we have images like Figures 10.1(c) and 10.1(d), or subimages cut out from them,
we need to identify which are grass and which are sand. In a texture segmentation
task, we have images containing several textures and are required to identify the
regions in the image occupied by each texture, as shown in Figure 10.2. The input
image contains arbitrary regions of two different textures and the segmented image
is a two-color image with one colour used for each texture. A problem in which
we are required to retrieve all images containing, for example, a sandy beach are a
variant of the segmentation problem in which only one texture is of interest.

Texture classification and segmentation problems can be supervised, where
the set of textures is known in advance, or unsupervised, where it is not known.
This paper is concerned with supervised situations.
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(a) Vertical lines (b) Checkerboard (c) Grass (d) Sand

FiGure 10.1. Examples of synthetic and natural textures.

(a) Original image (calf leather and netting) (b) Segmented image

FiGure 10.2. Examples of segmentation by texture.

10.1.1. Conventional approach to texture classification

The conventional approach to texture classification is shown in Figure 10.3. The
task is to assign a texture label to an image like one of those in Figure 10.1. A
two-step procedure is used. In the first step, a vector of features, based on human
derived theories and models of texture, is computed. In the second step, a classi-
fier such as a decision tree, neural network, or nearest neighbour classifier is used
to assign a class to the feature vector (a large number of classifiers and their im-
plementations are described in [30]). Most of the research in texture classification
is focused on the first stage and a large number of different ways of getting use-
ful, highly discriminatory features have been investigated. These include Haralick
features [10], Laws masks [16], and various wavelet transforms [4, 9, 17, 26]. The
most widely used features over the last 35 years are the Haralick features which are
based on an intermediate data structure called the grey level cooccurrence matrix.
Over the years there have been many refinements to the basic Haralick approach,
for example, [19]. More recently, features based on wavelets have generated con-
siderable interest. Most new algorithms for texture features are compared against
the Haralick features. Work on texture up until 1993 is reviewed in [28], the most
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Feature 2. Apply Texture
a texture features vector classifier class

Image of 1. Extract texture

FiGure 10.3. The conventional approach to texture classification.

recent review of texture analysis. In some very recent work, there has been a fo-
cus on developing models of a texture unit or “texton” and using the models to
develop classifiers [8, 31]. However, expensive computation is required as various
Gabor and Laplacian transforms at a number of locations, scales, and orientations
are used.

The conventional approach has three main drawbacks. Firstly, there is no uni-
versal set of optimal texture features. Some of the features work very well for some
textures and very badly for others. While there are many texture features, it is not
clear which combination of features will suit a given problem and a trial and error
process is needed for each new texture classification/segmentation task. Secondly,
some of the approaches generate an enormous number of features, perhaps more
than there are pixels in the image. This necessitates complex dimensionality re-
duction in feature space. Thirdly, most of the texture feature extraction algorithms
are computationally expensive. They require the generation of Fourier-type trans-
forms or other complex intermediate data structures and then additional com-
putation on these structures. In this paper, we show that the use of the genetic
programming techniques can overcome some of these drawbacks.

10.1.2. Aim

The aim of this paper is to describe a number of ways in which genetic program-
ming can be used in texture classification and to show how some of the classifiers
can be used for fast, accurate texture segmentation.

There are at least three ways in which genetic programming can be used in
texture classification. They are as follows.

(1) Use conventional feature extraction followed by evolving a genetic pro-
gramming classifier, that is, use a genetic programme as a classifier in
step 2 of Figure 10.3.

(2) Use a one-step procedure in which the classifiers are evolved directly
from example images of the textures of interest, that is, replace steps 1
and 2 with a single step which does the classification directly from the
pixels without any feature extraction.

(3) Evolve the actual feature extraction programmes which can then be used
with a conventional classifier or a GP classifier, that is, replace the human
constructed feature extraction programmes in step one with evolved fea-
ture extraction programmes.

In Sections 10.3 to 10.5, we describe these approaches. In Section 10.6, we
show how the fastest classifiers can be used for segmentation.
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All of the texture images used in this paper are taken from the Brodatz album
[5]. The original photographs were taken by a commercial photographer, Phil Bro-
datz, and intended for creative designers. The photographs have been digitized and
have become a kind of de facto standard in texture research. We have used the im-
ages from [1]. Altogether there are 111 different textures labeled D1 to D112, with
D14 missing.

10.2. Genetic programming

Genetic programming is a methodology for obtaining computer programmes to
solve a particular problem by a process of simulated evolution. An initial popula-
tion of programmes is constructed. Each programme is executed on the problem
at hand and its success on the task, its fitness, is measured. A new population
of programmes is then constructed by selecting the fitter programmes as parents
and generating children by recombining selected parts of the parents (crossover)
and/or making random changes to the parents (mutation). This process continues
until the problem is solved or until some preset number of generations has been
completed. If the process is working well, the programmes will gradually become
fitter and fitter through the generations until the problem is solved.

At the current state of the art the evolved programmes are not in conven-
tional programming languages such as C or Java. Rather, they are in languages
which have been designed with restricted syntax and semantics so that two arbi-
trarily combined programme fragments will form a syntactically valid executable
programme. Approaches include tree-based genetic programming in which the
programmes are in a subset of LISP, linear genetic programming in which the
programmes are in an assembly language, and Cartesian genetic programming in
which the evolved programme is a network of specialised computing nodes. Our
work uses tree-based genetic programming.

In tree-based genetic programming, programmes are represented as tree
structures. An example tree and the corresponding code are shown in Figure 10.4.
The internal nodes are functions and the terminals are inputs to the programme.
The tree is evaluated in a bottom up fashion and the value of the root node is the
output of the programme.

In specifying the configuration of a genetic programming run it is necessary to
give the functions, the terminals, a method of evaluating fitness, and a number of
parameters for the evolutionary parameters. These include the population size, the
maximum number of generations to compute if a solution is not found, the elitism
rate (the percentage of best individuals in the current generation copied without
change to the next generation), the crossover rate (percentage of individuals in
the new population that are created by crossover), mutation rate (the percentage
of individuals in the new population created by mutation), and the maximum
permitted tree depth.

While there has been previous work on texture recognition using evolution-
ary computation techniques, for example, [27], genetic programming for image
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Numeric output

Tree form

(* ATTR5
(IF (<= 0.23 ATTR2)
[then] -0.5
[else] (+ ATTR2 ATTRY)
)

Text form

FIGURE 10.4. A programme in tree-based genetic programming.

processing tasks [21, 22], and genetic programming for texture synthesis [12],
there is no significant prior work on genetic programming for texture recognition.

10.2.1. Genetic programming classifiers

There has been prior work on evolving genetic programming classifiers [14, 18].
For a problem in which there are only two classes, for example, images of grass and
sand, the most straightforward approach is to use positive values of a programme
like the one shown in Figure 10.4 as texture 1, for example, grass, and negative
outputs as texture 2, for example, sand. To obtain the classifier the available data
is split into a training and test set, following the machine learning methodology
for learning from examples. To get the fitness of an evolved programme, it is ap-
plied to each example in the training data and the number of classification errors
is counted. The fewer the errors, the fitter the programme. Once a programme
achieves a fitness of zero the evolutionary run can be terminated.

We have used a refinement of this basic method which is described in [18, 25].
In this refinement, called dynamic range selection, the real line is split into a vari-
able number of ranges, not just two (less than 0, greater than 0) as in the straight-
forward approach. The range boundaries are evolved along with the classification
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(*-0.208533 (if (n= (- ATTR39 ATTR69) (+ ATTR114 0.299995)) (- ATTR222
0.253174) (+ ( + (if (Between ( * ATTR189 ( + ATTR205 ATTR74)) ATTR164
ATTRI12) ATTR108 ( if (Between ( - (* 0.253174 ATTR129) 0.9875) 0.128228

(/ ATTR189 0.940897)) ( + ATTR39 (if (Between -0.947054 ATTR164 ATTR12)
ATTR160 ATTR124)) (* 0.5979 0.230855))) ( + ( + (if (Between (+ ATTR205
ATTR74) ATTR164 ATTR12) ATTR108 ( if ( Between -0.947054 ( if ( Between
-0.947054 ATTR164 ATTR12) ATTR160 ATTR124) ATTR12) ( + ATTR39 (if (
Between -0.947054 ATTR164 ( - (/ ATTR149 ( if (Between -0.947054 (if (
Between -0.947054 ATTR164 ATTR12) ATTR160 ATTR124) ATTR12) ATTR108
0.135714)) (* ATTR164 ATTR129))) ATTR160 ATTR124))(* 0.5979 0.230855)))
(if (Between (* ATTR189 (+ (if (Between (- (* 0.253174 ATTR129) 0.9875)
0.128228 (/ ATTRI89 ( - 0.987674 0.747389))) ( + ATTR39 ( if ( Between
-0.947054 ATTR164 ATTR12) ATTR160 ATTR124)) ( * 0.5979 0.230855))
ATTR74)) ATTR164 ATTR12) ATTR205 ( + ( + (if (Between (* (* ATTR189 (+
ATTR205 ATTR74)) ( + ATTR205 ATTR74 )) ATTR164 ATTR12 ) ATTR108 (if (
Between (- (* 0.253174 ATTR129) 0.9875) 0.128228 (/ ATTR189 (- 0.987674
0.747389))) ( + ATTR39 (if ( Between -0.947054 ATTR164 ATTR12) ATTR160
ATTRI124)) (* 0.5979 0.230855))) ( + ( + ATTRI60 (if (Between -0.947054
ATTR164 ATTR12) ATTR160 ATTR114)) ( * 0.253174 ATTR129))) ATTR205)))
(* 0.253174 ATTR129))) ATTR205)))

Ranges:
Class 1: D112 : -131 ~ -107 and 24 ~ 136 and 175 ~ +250
Class 2: Other Textures: -250 ~ -132 and -106 ~ 23 and 137 ~ 184

FIGURE 10.5. A typical evolved programme. ATTRx is the value of the pixel at position ((x— 1) mod 16,
(x — 1)/16) of the input image.

programme. In Figure 10.5, for example, if the output of the programme is less
than —250, then the example is class 2; if the output of the programme is between
—131 and —107, it is class 1. These classifiers are more accurate and are evolved
in fewer generations than the ones from the straight forward approach [18]. Also,
they can be easily extended to more than two classes.

10.3. Two-step texture classification: GP classifier

In this approach conventional texture feature extraction programmes are used to
generate a feature vector, but a genetic programming classifier will be used in sec-
ond step of the process described in Figure 10.3.

In determining which features to use there are thousands of options. As indi-
cated in Section 10.1.1 there have been many papers on approaches to extracting
visual texture features, some of which generate hundreds of features. In our ex-
periments, we have used a selection of Haralick [10] and Gabor wavelet features
(9, 17].

We used thirteen Haralick feature functions. They are (1) angular second mo-
ment, (2) contrast, (3) correlation, (4) variance, (5) inverse difference moment,
(6) sum average, (7) sum variance, (8) sum entropy, (9) entropy, (10) difference
variance, (11) difference entropy, and (12) and (13) mean of correlation. Every
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TasLE 10.1. Functions used in the genetic programming runs.

Name |Returntype Argumenttypes Description

+ Dbl Dbl Dbl Arithmetic addition

- Dbl Dbl Dbl Arithmetic subtraction

X Dbl Dbl Dbl Arithmetic multiplication

% Dbl Dbl Dbl Protected division
Ifargl i

IF Bool Bool Dbl Dbl 8! IStrueretum
arg? else return arg3

< Bool Dbl Dbl Trueifargl < arg2

> Bool Dbl Dbl True ifarg1 > arg2

= Bool Dbl Dbl Trueifargl = arg2
True if the value of argl

Between | Bool DbIDbI Dbl ¢t thevaue ofars

is between arg2 and arg3

function is computed at four angles (0°, 45°, 90°, and 135°) for five distance val-
ues (1, 3,5, 7, 9). At each distance, the average of each feature for the four angles
is used as an additional feature. This gives a total of 13 X 4 X 5 = 260 Haralick
features.

For the Gabor features, we have used five fragment sizes from 2 X 2 to 32 x 32
and six orientations (0°, 30°, 60°, 90°, 120°, 150°). For each combination of scale
and orientation, the mean and the standard deviation of the transform coefficients
are computed. Thus there are 5 X 6 X 2 = 60 Gabor features extracted from each
image.

In total, the feature vector for each image contains 260 + 60 = 320 elements,
which form the terminal set. The function set is shown in Table 10.1.

10.3.1. Configuration of genetic programming

We have performed 110 experiments on the Brodatz textures to determine how
well one texture can be distinguished from the other 110. The details of the ex-
periments are given below. The images used have been randomly cut out from the
original 640 X 640 Brodatz texture images from [1]. The experiments have been
done using the RMIT-GP package [2].

Images: 1110 subimages from the chosen texture make up class 1 and 10 random
subimages from each of the other 110 make up class-2, giving a total of 2210 ex-
amples per experiment.

Image size: 64 X 64 pixels.

Number of classes: 2.

Error estimation: 10-fold cross-validation.

Functions as shown in Table 10.3.

Terminals: as shown in Table 10.2, the values of each extracted feature, together
with a random number generator, comprise the terminals.

Fitness: classification error.
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Tasre 10.2. Terminal set.

Name Return type Description
Random(-1, 1) Double Random constant
Feature[x] Double Value of feature x, 0 < x < 295

TasLE 10.3. Comparison of classification accuracy on textures pictured in this chapter.

FE + C4.5 FE + GP One step GP
No. Texture Train Test Train Test Train  Test
D2 Fieldstone 98.72 92.14 93.79 93.15 84.26  80.38
D3 Reptile skin 99.77 98.03 97.65 96.80 95.56  94.13

D4 Pressed cork 99.86 98.85 99.67 99.54 86.55  86.10
D5 Expanded mica 99.22 94.01 93.79 91.78 83.28 82.76

D9 Grass 99.26 94.74 93.40 89.49 82.04 81.44
D12 Bark 99.49 93.74 91.90 89.95 82.76  74.72
D15 Straw 99.81 97.89 98.82 98.63 90.53  90.93

D16 Herringbone 99.81 98.76 99.41 99.54 84.53  80.81
D19 | Woollen Cloth 99.26 94.74 93.01 92.69 84.72  84.78
D21 French canvas 99.95 99.77 | 100.00 100.00 97.58  96.12
D24 Calf Leather 99.77 98.12 98.23 98.17 89.62  89.46

D29 Beach Sand 99.72 96.71 97.06 95.89 88.31 84.34
D34 Netting 100.00 99.90 | 100.00 100.00 99.28  99.55
D38 Water 99.72 97.57 98.36 97.26 96.60  95.84

D57 | Straw matting 99.86 99.26 99.73 99.08 91.25 87.13
D68 Wood grain 99.72 98.81 99.73 99.08 95.69 94.44

D84 Raffia 99.81 97.53 98.75 98.63 93.79  94.42
D92 Pigskin 99.54 96.75 95.88 95.89 83.81 82.36
D94 Brick Wall 99.45 96.84 97.51 96.80 93.14  92.19
D112 | Plastic Bubbles 99.49 95.38 96.54 92.23 88.44 87.17

Average of 110 95.67 94.17 87.86

Parameters: population size, 200; max generations, 50; elitism rate, 0.10;
crossover rate, 0.85; mutation rate, 0.05; maximum tree depth, 30.

10.3.2. Results

The results for the textures pictured in this chapter are given in Table 10.3. The
reasons for choosing these textures are given in Section 10.5. For each classifier 10
runs were performed and the performance of the best evolved classifier is shown
in the two columns labeled FE + GP (feature extraction, genetic programming
classifier). The averages over all 110 experiments are shown as the last line. For
comparison, the results of using the same features with a well known, commonly
used classifier, the C4.5 decision tree classifier, are shown in the columns labeled
FE + C4.5. The J48 implementation of the C4.5 algorithm in the Weka machine
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learning toolkit was used with the default parameters [3]. The complete results for
all 111 textures can be found in [23].

Over the entire image set the C4.5 classifier is slightly more accurate. How-
ever, there was considerably more over training with C4.5 than with the genetic
programming classifier. The major drawback of the GP approach is the training
time, which is considerably longer than C4.5.

Interestingly, when the same experiment was repeated with a set of synthetic
binary textures such as Figures 10.1(a)-10.1(b), the GP classifier achieved 100%
accurate classification on all test data while the C4.5 classifier made a small number
of errors.

10.4. One-step texture classification

In this section, we look at a novel approach to performing texture classification in
one step. The texture images are given directly to the GP system and the classifiers
are evolved from the image pixels directly, bypassing the feature extraction step.

10.4.1. Configuration of genetic programming

Number of images: as in Section 10.3.1.

Image size: 64 X 64 as in Section 10.3.1 except that the images were scaled to 1/4 of
their original size.

Error estimation: 10-fold cross-validation.

Functions: as shown in Table 10.3.

Terminals: as shown in Table 10.2, except that there are 256 terminals and the
terminal “Attribute[x]” returns the intensity value of the pixel at position ((x —
1) mod 16, (x — 1)/16) of the input image.

Fitness: classification error.

Parameters: population size, 200; max generations, 50; elitism rate, 0.10; crossover
rate, 0.85; mutation rate, 0.05; maximum tree depth, 30.

Scaling of the images to 16 X 16 results in 256 terminals in a genetic pro-
gramming run. Unscaled images would require 64 X 64 = 4096 terminals. This
is beyond the capacity of our genetic programming system. We have found em-
pirically that around 500 terminals is the limit. This is due to the increase in the
size of the search space because of the large number of possibilities whenever it is
necessary to choose a terminal.

The classification results for this approach for a sample of the 111 textures are
shown in the last column of Table 10.3. In 18% of the experiments, or 20 cases,
accuracies above 95% were achieved. Of these 20 cases, five were classified nearly
perfectly with accuracy above 99%. None of the cases reached 100% test accuracy.
In three cases early termination occurred, that is, the evolutionary process termi-
nated with 100% classification accuracy on the training data before 50 generations
was reached. The one step classifiers tended to be more accurate when the texture
images are roughly homogeneous in terms of the structure of the texture or inten-
sity distribution and when geometric regularity (e.g., bricks) was present. The one
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step classifiers were least accurate when the images are extremely inhomogeneous
and the subimages cut from different parts of the original image vary significantly.

It can be seen from Table 10.3 that the one-step classifiers are generally less
accurate than classifiers based on extracted features. This is not unexpected as the
feature extraction algorithms are based on well-thought out human models and
theories. What is surprising is that the evolved classifiers which are based solely
on image pixels are so accurate over such a large variety of natural textures. In
addition, the evolved classifiers are very fast compared to those using feature ex-
traction. They involve the evaluation of a relatively simple arithmetic expression
based on the values of a relatively small number of pixels. This suggests that these
classifiers could be useful for texture segmentation in algorithms that require a
classifier to be executed at each pixel position. The decreased accuracy could per-
haps be offset by the knowledge that neighbouring pixels are likely to be in the
same texture region. We come back to this issue in Section 10.6.

A typical-evolved programme is shown in Figure 10.5. The programmes var-
ied in size, but no successful programme contained more than 700 nodes. A neg-
ative aspect is that the programmes are too complex comprehend and the under-
lying algorithm cannot be recovered. It is not possible to tell whether some real
texture regularities have been captured or whether some artifact of the training
data has been captured. In order to determine whether any texture regularities are
being captured in the evolved programmes we have carried out a number of ex-
periments with simple binary textures involving horizontal, vertical, and diagonal
lines. We have used a small number of terminals and functions and encouraged
the evolution of small programmes by using a size penalty in the fitness function.
Analysis of the evolved programmes revealed that the evolved programmes could
be interpreted as texture masks which did capture regular differences between the
textures. This work is described in [23, 24]. This result, together with the large
number of training images used with the Brodatz textures, gives us confidence
that texture regularities are being discovered even though the programmes are too
complex for analysis.

10.5. Two-step texture classification: evolved features

In this section, we return to the two-step procedure. However, in this case we
replace the hand-crafted texture feature extraction programmes by evolved pro-
grammes. The feature extraction programmes will be evolved from a selection of
textures which we call the learning set. The evolved features will then be evaluated
using a train-and-test methodology on the learning set and on a problem involving
a different set of Brodatz textures.

Following the successful use of direct pixel inputs in the one-step approach,
our original intention was to use pixel inputs from the examples of the learning
set for the evolution of the feature extraction programmes. However, feature ex-
traction programmes evolved in this fashion were not very discriminatory. From
an analysis of the evolved programmes and results it appeared that some kind of
aggregation of pixel information was needed. We subsequently experimented with
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histograms, which give a very coarse aggregation, and discovered that this worked
surprisingly well. The methodology and results are described in this section.

The histogram of an 8-bit grey level image is a vector of length 256 in which el-
ement i gives the number of pixels which have a grey level value of i. In a histogram
all information about the spatial arrangement of pixels is lost, which suggests that
histograms might not be very useful for texture.

To evolve the feature extraction programmes we have selected a learning set
of 13 textures, shown in Figures 10.11(a)—10.11(m). These textures were chosen to
enable comparison with [29] in which 18 texture feature extraction algorithms are
compared on a set of classification problems using this data set.

We have evolved 78 feature extraction programmes, one from each pair of
textures shown in Figure 10.11. The evolutionary procedure described in the next
section was repeated 78 times, once for each pair of combinations of the 13 textures
in the learning set.

10.5.1. Configuration of genetic programming

Images: two textures selected from the 13 shown in Figure 10.11.

Image size: 64 X 64 cut randomly from the original large images.

Number of images: 80 images of texture 1 and 80 of texture 2.

Functions: one only {+}. We began with the function set used in the earlier ex-
periments (Table 10.3). However, we found that using fewer operators resulted in
programmes that were just as accurate, but which were easier to comprehend.
Terminals: histogram [i], 0 < i < 255.

Fitness evaluation: a feature extraction algorithm is considered useful if the feature
values result in high classification accuracy. This will occur if the feature values
computed for each class are well separated in feature space. Thus, to evolve feature
extraction algorithms, we need a way to implement the intuition that “the better
the separation, the better the fitness.” We have done this by computing the overlap
between clusters generated by the K-means clustering algorithm. An example of
this, for the case where there are two texture classes in the learning set, is shown in
Figure 10.6. To get the data shown in the figure, a programme in the population
has been evaluated on a learning set of 160 images which consist of 80 examples
of texture (a) from Figure 10.11 and 80 examples from texture (b). The averages
of the feature values for each class give cluster centroids at 561 and 323. The mid
point of the two centroids is the cluster boundary, that is, 443. There are 4 clusterl
feature values below the boundary and 6 cluster2 features above it, thus 10 points
are incorrectly clustered. Equivalently, it can be considered that there are 10 errors.
This represents quite good discrimination. In contrast, if there were 150 errors, the
discrimination would be very poor.

Parameters: population size, 100; max generations, 200; elitism rate, 0.02;
crossover rate, 0.78; mutation rate, 0.28; maximum tree depth, 9.

10.5.2. Results

The 78 feature extraction programmes were used on a 4-class problem involving
the textures shown in Figure 10.7 to generate a feature vector of length 78. Note
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FiGure 10.6. Feature space for two texture classes, D9 and D12.
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Figure 10.7. Four Brodatz textures used for testing evolved features.

that these are not in the learning set. There were 33 training images and 67 test
images. Using a nearest neighbour classifier, the evolved features gave a test accu-
racy of 100% while the Haralick features gave a test accuracy of 95.5%. This result
suggests that some generalization has occurred, the evolved programmes have cap-
tured some texture regularities that apply not just to the learning set but to other
textures as well.

We have tested our evolved features on the two benchmark texture classifica-
tion problems used in [29]. In [29], 18 human derived texture feature extraction
algorithms are compared on two problems. The first problem is a 13-class prob-
lem involving the textures shown in Figures 10.11(a)—10.11(m). On this problem
the evolved features outperformed 5 of the human derived methods. The second
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FiGure 10.8. Histograms of D9 (Classl) and D12 (Class2) textures.

problem is a 15-class problem involving textures from a different texture data base,
the Vistex data base. Vistex problems are generally considered to be more difficult
than Brodatz problems. This is because textures in a class are at different resolu-
tions. In the Brodatz textures, images with three different sizes of bricks would
be three different texture classes. In the Vistex textures they are one class. On this
problem the evolved features outperformed 8 of the human derived methods. Full
details of the results are in [15].

Using only histograms means that spatial relationships between pixels are be-
ing ignored. Two quite different textures could give similar histograms. Ways of
incorporating spatial relationships still need to be investigated.

10.5.3. Analysis of evolved feature extraction programmes

Since + is the only function, all of the evolved algorithms are sums of the number
of pixels at certain grey levels. For example, using grass (D9) as classl and bark
(D12) as class2 gives the feature extraction programme X109 + 2 * X116 + 2 *
X117+X126+2 % X132+ X133 +2 % 143 + X151 + X206 + X238 + 3 * X242 + X254,
where Xnnn represents the value of the histogram at grey level nnn. If we examine
the histograms of two images, shown in Figure 10.8, we can see the programme
has made use of the points between grey level 100 and grey level 150 and those
above grey level 200 where class1 is significantly different from class2.
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FIGURE 10.9. Segmentation of a mosaic of four textures, D21, D24, D34, D57.

10.6. Texture segmentation

The one step texture classifiers described in Section 10.4 can be readily adapted for
texture segmentation. If it is known that there are only two textures in the image to
be segmented, as in Figure 10.2 for example, then a binary classifier can be evolved
from small windows cut out from each of the textures. In the segmentation step
the classifier is then evaluated at each pixel position in the image to be segmented
and each pixel given a colour based on the output of the classifier. This is what has
been done to achieve the segmentation shown in Figure 10.2. A window size of 16
was used.

The choice of window size is important, it cannot be too small or too big.
Since a texture T is composed of repeated visual patterns, subimage should also
exhibit the texture. If we take smaller and smaller cutouts, these should still be
texture T. However, the cutout cannot be too small, if the cutout is smaller than
the basic repetitive unit, we no longer have texture T'. For example, if we cut Figure
10.1(d) into quarters, then we still have a recognisable sand texture. If we cut those
quarters into quarters, we still have sand. However, if we cut too many times, a
subimage will no longer look like sand. As another example, consider bricks. As
long as the cutout is at least as big as a brick we still have a brick texture; if it is
smaller, the regular rectangular pattern of a brick texture is lost. In evolving one
step classifiers for a segmentation task it is important that the window size is not
smaller than the size of the basic repeating unit. If the window size is too big, there
will be many ambiguous pixel labels around the boundaries between textures. For
natural textures such as those in the Brodatz album it is difficult to determine an
optimal window size a priori. We have empirically fixed on 16.

If there are more than two textures in the image to be segmented, as in the
left-hand image of Figure 10.9 where there are four, the segmentation algorithm is
more complex. We need 4 “me-versus-everybody-else” classifiers of the kind de-
scribed in Sections 10.3 and 10.4. Each of the classifiers is evaluated at each pixel
position, with the pixel of interest at the centre of the window. Each classifier la-
bels each pixel as “my-texture” or “not-my-texture.” The final label or colour is
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D24 versus others D34 versus others D21 versus others D57 versus others

FiGure 10.10. Areas claimed by each classifier: (light: “my-texture,” dark: “not-my-texture”).

then determined as follows: if a pixel has 4 “not-my-texture” labels, it is rendered
in black. If it has 3 “not-my-picture” labels and 1 “my-texture” label, then it is la-
beled and rendered as the claiming texture. If it is claimed by 2 or more textures, it
receives the label of the classifier that achieved the highest accuracy on the training
data. The output of this algorithm is shown in the right-hand image of Figure 10.9.
In Figure 10.10 the areas claimed by each of the classifiers are shown in grey and
the areas not claimed are shown in black. It can be seen that all but the last are
quite accurate. Even though the last classifier has made some mistakes, the final
segmentation is still very accurate because of the voting procedure.

10.6.1. Segmentation speed

The classifiers generated by the single-step approach are relatively small. No clas-
sifier for Brodatz textures was observed to have more than 700 functions, which
are simple operators like +, —, %, /, and IE. This characteristic enables a fast vot-
ing strategy which can lead to much faster segmentation than the conventional
“feature extraction plus classification” approaches. In contrast, feature extraction
algorithms are much more complex. Using Haralick features [11] as an example,
at least one 256 X 256 cooccurrence matrix needs to be generated in computing the
features for an image with 256 gray levels. One of the simplest Haralick features,
energy, is computed as

2

w

5 255
> M?(i, ), (10.1)
i=0 j=0
where M(i, j) denotes one cell of the matrix. Such a calculation requires 256 X 256
repetitions of “+” and “*.” Therefore, more than 100000 operations are needed.
Thus extracting Haralick features is much more expensive than executing GP gen-
erated classifiers. Even if the construction of the cooccurrence matrix and the cost
of the subsequent classification step of the conventional approach required zero
computation, the single-step classifier would still be much faster than the two-step
approach.
In a texture segmentation task the feature extraction and classification must
be performed many times. Consider a situation where the binary segmentation al-
gorithm described above is being used. We have measured the time for performing
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(a) Grass [D9] (b) Bark [D12]

(e) Woollen cloth [D19] (f) Calfleather [D24]  (g) Beach sand [D29] (h) Water [D38]

(j) Raffia [D84] (k) Pigskin [D92] (1) Brick wall [D94]

(o) Reptile skin [D3]  (p) Pressed cork [D4]
[D112]

(q) Expanded mica [D5] (r) French canvas [D21] (s) Netting [D34] (t) Straw matting [D57]

FiGure 10.11. The Brodatz textures used in this paper.
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one calculation of the Haralick features on a Sun SPARC computer and found that
it is approximately 0.7 seconds. This means that the time to perform a segmenta-
tion of 256 X 256 gray level image using a window size of 16 X 16 is approximately

256% X 0.7 ~ 45000 s. (10.2)

There are various ways of speeding up the approach, some heuristics are described
in [20]. One method is to evaluate only every 2nd or 3rd pixel position. Another is
to use a split-and-merge approach where the image is recursively split into quar-
ters to some predetermined size and the texture label of each fragment computed.
Adjacent areas of the same texture are then merged into one region. If the split is
limited to only 3 levels, features are required to be computed on four 128 x 128
quarters for the first split, on sixteen 64 X 64 smaller quarters for the second split
and on sixty-four 32 X 32 squares for the third split. The total CPU time for com-
puting these features can be estimated as

4Xx458+16x4.10+64x1.70 =192.72s. (10.3)

The times for computing Haralick features for images of size 128 X128, 64x 64,
and 32 x 32 on the SPARC computer are 4.58, 4.10, and 1.70 seconds, respectively.

Clearly, whether the voting strategy or the split-and-merge strategy is used,
the times taken on the SPARC computer for computing these features are much
longer than 2.58 seconds, the time for segmenting a 320 x 320 image by our pro-
posed algorithm. Furthermore, it is not hard to see that with only three levels of
split, where 32 X 32 is the smallest size, the output will be too coarse to produce
smooth boundaries. Further splitting requires even more computation time. To
achieve an equivalent segmentation performance, the time spent by a conventional
method based on Haralick features or Gabor features would be more than one
hundred times the time spent by our method. There are many reports in the liter-
ature which describe long computation times for texture segmentation. Jain and
Karu reported 122 seconds of processing time on a SUN SPARC-10 workstation to
segment a 256 X 256 gray-level image using Gabor filters and 109 seconds process-
ing time by their proposed method [13]. Chang et al. evaluated different texture
segmentation algorithms and reported the run times of “feature extraction plus
classification” on a Sun Ultra SPARC. All of the reported times were more than 28
minutes [6]. In 2002, Chen and Chen proposed a new feature for fast texture seg-
mentation [7]. The runtime for their experiment of segmenting 256 X 256 images
on a Pentium III-500 PC was about 1 minute. Although the run times reported in
the literature are measured under different conditions and not suitable for direct
comparison, it is clear that the proposed method requires much less computation
time since there is no computational expensive feature extraction.

10.7. Conclusions

We have described 3 different ways in which genetic programming can be used in
texture classification: (1) as the classifier in the conventional “feature extraction +
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classification” approach, (2) as a one-step classifier which bypasses feature extrac-
tion and uses pixel values directly, and (3) as a method for evolving texture feature
extraction programmes to be used in the classical two-step procedure. Overall the
genetic classifiers are competitive with conventional classifiers in terms of accu-
racy. The major drawback is that they require long computation times to get a
classifier. However, once evolved, the classifiers are very fast. This result suggests
that the genetic classifiers could be used in real-time situations where speed is
more important than accuracy. A drawback of the genetic programming classifiers
is that the programmes are hard to comprehend.

An exciting outcome of this work is the accuracy and speed of the one-step
classifiers. This offers the prospect of fast real-time segmentation in application
areas such as robot vision, industrial inspection, and image/video retrieval, appli-
cations in which texture is currently not being used because the computational
cost is too high.
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A framework for
the adaptation of

imageoperators

Mario Koppen and Raul Vicente-Garcia

11.1. Introduction

The automated tuning of image processing operations is an important task for
the improvement of the robustness, reliability, and versatility of image process-
ing systems. Nearly every approach in this field is based on the classical image
processing chain (IPC), which consists of a sequence of single image processing
operations steps that are designed independently. Mostly notable steps here are
the image acquisition, the computation of features and their classification. Other
steps that might extend the processing chain are image enhancement, region-of-
interest specification or image segmentation before feature computation, feature
selection or feature transformation before classification, and semantic processing
of images classes or object detection following the classification. Among many
textbooks about this field, see especially [15] for an excellent introduction and
motivation.

The versatility of the IPC scheme is usually achieved by means of a train-
ing procedure (see Figure 11.1). Given a training set (either labeled data supplied
by the user, or unlabeled ones in the so-called unsupervised learning mode), the
training scheme may modify some of the internal settings of the steps in the IPC in
order to achieve the best mapping function from images to classes. A remarkable
issue here is that the single steps in the processing flow consider their input usually
as immutable: the feature computation does not modify the image acquisition pro-
cedure, the classification does not influence the manner in which the features were
computed. The training overcomes this drawback by being given some influence
on these settings, like modification of some parameters of the feature computa-
tion, or modification of internal parameters of the classification. However, from
the fact that each step was designed independently, it follows that training can
always be broken into parts, which tune a single step only.

From this description, the most important drawback of the IPC approach be-
comes obvious: the IPC as a whole cannot perform better than its worst configured
part.
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Figure 11.1. Typical processing flow for the training of an image processing system.

However, another problem with the IPC approach is not that obvious: each
free parameter of an IPC gives an additional dimension of the search space of
the optimization problem that corresponds to the training. Thus, the search space
seems to become quite large. However, a simple quantitative investigation of the
case gives, that the search space, if given in terms of the represented image (and
not the IPC free parameters) is apparently greater, since it is given by a mapping.
The number of possible mappings of n variables with m possible values onto k
values is k"), In fact, the percentage of possible image processing operations that
can be represented by an IPC with respect to the total number of all possible image
processing operations is nearly zero, even if the domain of the latter ones is highly
restricted.

When soft computing techniques like genetic algorithms, genetic program-
ming or neural networks are to be applied to the design of image processing oper-
ations, the question of how image processing operations can be adequately repre-
sented for this purpose becomes very important.

The evolutionarily designed primary visual system of higher mammals gives
an important hint on this issue. Here, for example, the model of the Boundary
Contour System/Feature Contour System [5] introduced two independent path-
ways in the cortical processing of (at least) static images, which are perceived by
the retina and cortical cells.

The point of interest in the context mentioned afore is the use of several path-
ways instead of a single one (i.e., an [PC). Within the final fusion of the processing
results of each pathway, a mapping can be included, which dramatically increases
the number of representable operations. If the mapping can be specified indepen-
dently, it can be expected that the task of image processing operation tuning can
be solved much more effectively.

Once having the general idea of such n-dimensional frameworks, the main
body of this chapter is considering a realization of such a framework. It comes out
that a basic generic algorithm, originating in the image processing discipline of
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mathematical morphology, the so-called 2D lookup, provides all that is needed to
design such a framework.

For adapting the framework to the solution of a given image processing task,
genetic programming (GP) will be used. The task here is to evolve the operations
(“pathways”) that give the input for the mapping in the framework. Using GP for
adapting the IPC has been studied a few times in the past. The seminal work of
Tackett [20] used GP to derive efficient feature computations, and the applica-
tion was the recognition of targets. Harris and Buxton proposed the use of GP
for deriving edge detectors in 1D signals [6], while Poli studied the more general
use of GP in several image processing tasks like image enhancement, image filter-
ing, and feature classification [14]. A specialization to the detection of objects or
regions-of-interest was presented by Bhanu and Lin [2, 3]. All these approaches
followed the general idea to synthesize more complex operators from simple ones
and showed the efficiency of such approaches. Using rules instead was considered
by Stanhope and Daida in [18]. A recent work by Lam and Ciesielski introduced
the computation of translation invariant features that are evolved by GP and eval-
uated by a clustering procedure [12].

The motivation to use a 2D-Lookup algorithm as internal mapping in an IPC
was firstly inspired by the successful application of a 2D-Lookup for the segmen-
tation of background texture in images of bank checks [4]. Later on, a refined
version was presented by Koppen et al. in [8, 9]. The application of the presented
framework to an industrial collagen-sheet inspection system can be found in [13],
and its application to texture detection (with the intention to select appropriate
image region for digital watermarking) can be found in [7].

In this contribution, the 2D frameworks based on this general idea and means
for its extension will be presented. In Section 11.2 the concept of an n-dimensional
framework will be presented and discussed, followed by Section 11.3 that intro-
duces the 2D-Lookup algorithm for realizing such a framework. Details of the
framework are presented in Section 11.4, and the possible extensions are discussed
in Section 11.5. After the provision of some results for the application of the frame-
work in Section 11.6, the chapter concludes with a short summary and the refer-
ence.

11.2. Multidimensional frameworks

In this section, a rough estimation should be made about the dimensionalities of
the search problem involved in an optimization approach to IPC configuration.
The basic assumption is that the result of the IPC should resemble a given goal
image as good as possible, or that some properties are fulfilled by the result image.
From this, the configuration of an IPC comes out to be an optimization problem.

Consider Figure 11.2, where a simple unit IPC is given. It is assumed that
the computations are restricted within a 3 X 3 neighborhood at each pixel. All
grayvalues at image pixel locations are assumed to be values between 0 and 255.
The result of the operation should be a binary one, that is, the computations give
a value of either 0 or 1. Then, such a unit IPC can be considered as a mapping



218 A framework for the adaptation of image operators

0/1

Figure 11.2. The unit IPC which maps nine grayvalues onto two.

f:10,...,255}° — {0, 1} from nine grayvalues onto the set of binary values {0, 1}.
If there is a quality function g that assigns a quality value to each mapping f, a
mapping fop is searched, for which its quality value becomes optimal. However,
since for the mapping f there are 256° function values to specify, each of which
can either be 0 or 1, there are 2256") possible mappings for the unit IPC. This is the
number of elements of the search space, too.

As an example, consider the class of convolution operations. A weighted mask
is given by the mapping of an index set M (the mask) into the set of weights, like

W(-1,-1) | W(o,-1) | W(1,-1)

M, =| W10 | W00 | W0 (11.1)
W(-11) W, | wa,n
and assuming here that w;; € {0,...,255}. Then, convolving the image I at posi-

tion (x, y) with the weighted mask M,, can be written as

R, y) = > wli, DI(x+i,y+j). (11.2)
(i,j)eM

By thresholding the result with a value 9, a binary image is obtained. For this
unit IPC with nine parameters, there are 256° possible choices for the parame-
ters. Compared with the number of search space elements 2(2°"), this is only a
marginal amount of representable operations. The number p of parameters with
a domain {0,...,255} that would be needed to cover the search space completely
is 256°/8. This follows from equating 2(2%6") = 2562 = 28¢,

A serious problem arises from this consideration. If adaptive techniques like
soft computing methods should be applied to such an image processing problem,
the search space is much too big to be covered by the search method. There seems
to be no way to represent an arbitrary mapping of the kind of mappings used in
image processing operations.

The number of represented operations could be dramatically increased, if a
mapping would be involved into the IPC operations. This leads to the definition
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Operations Fusion

FiGure 11.3. An n-dimensional framework, which decomposes an IPC into #n operations performed in
parallel and a final fusion of the operation results. The fusion can be based on a mapping, thus heavily
increasing the number of representable operations.

of n-dimensional frameworks. An n-dimensional framework is a decomposition
of the processing flow into # parallel parts op, to op,, and a final fusion procedure
(see Figure 11.3). Each single operation is applied onto the original image, and
then, the n result images are fused by an appropriate algorithm. If the fusion is
specified by a mapping of # values out of a set of m values each onto the set {0, 1},
the framework, as seen from the “outside,” serves as a unit IPC of the kind given
above. There are 2"") mappings specified. If m is set to 256 and 1 to 9, we exactly
meet the requirements of the unit IPC.

This is the key idea of n-dimensional frameworks: they allow for its adaptation
as a whole by adapting the parameters of n operations (each of which could be an
IPC itself), thereby sampling the search space to a much more larger degree as can
be achieved by setitngs a number of internal parameters only.

The question is, of course, if there is a fusion algorithm that really supports the
adaptation of image processing operators. The answer is positive, and in the next
section, the 2D-Lookup algorithm will be identified as such a fusion procedure.

11.3. 2D-Lookup algorithm

The 2D-Lookup algorithm stems from mathematical morphology [16, 17]. It was
primarily intended for the segmentation of color images. However, the algorithm
can be generalized for using on grayvalue images as well.

For applying the 2D-Lookup algorithm, two input images g, and g, of same
size and number of bits per pixel are required. These two images can be the result
of applying two image operators onto a single input image, or by extracting color
channels from a color representation of an input image. The nature of the image
operators or channel selections itself does not matter for the application of the 2D
lookup. The other component of the algorithm is a matrix of dimension N, X N,
(with N, being the number of different grayvalues in the two input images) and
having entries from a set of labels, with preference to the same grayvalue range as
the input images.
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for x=0 to img_width-1 do
begin
for y=0 to img_height-1 do
begin
gl = gl(xy)
g2 = g2(xy)
out (x,y) =1(gl,g2)
endy
end x

ArLGoriTHM 11.1

The 2D-Lookup algorithm goes over all common positions of the two-opera-
tion images. For each position, the two pixel values at this position in the images
g1 and g are used as indices for looking up the 2D-Lookup matrix. The matrix
element, which is found there, is used as pixel value for this position of the result
image. If the matrix is bi-valued, the resulting image is a binary image.

Let I; and I, be two grayvalue images, defined by their image functions g; and
& over their common domain P € N X N:

& :P— {0>--->gmax}>

(11.3)

2:P— {0,..., gmax}-
The 2D-Lookup matrix is also given as an image function /, but its domain is
not the set of all image positions but the set of tupels of possible grayvalue pairs
{01- .. )gmax} X {01 .. )gmax}a

1:{0,..., gmax} X {0,.. ., gmax} — S < {0,..., gmax}- (11.4)
Then, the resulting image function is given by

r:P— 3§,
r(6y) = g (6 yh g2 ). (11.5)

In standard applications, every grayvalue is coded by eight bit, resulting in a max-
imum grayvalue of 255. Also, the domain of the image function is a rectangle. In
this case, the 2D-Lookup is performed by the pseudocode shown in Algorithm
11.1.

To give a simple example for the 2D-Lookup procedure, gmax = 3 is assumed
in the following. Let

S0 3(3) 2032 (11.6)
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be the two input images and let the 2D-Lookup matrix be given by

s [lof1]2]5]
0jo[1]1

(11.7)

W= O

0j1(2]2
112313
2131312

Then, the resulting image is

(102 |13 [12n | (17372 s
"0 1163 [1G. | [112]3 '

In the following, the 2D-Lookup matrix will only contain the two entries: Black
(0) and White (1).

A typical base for the matrix can be the so-called 2D histogram. Using the
former notation, the 2D histogram of two images g; and g, is a mapping

H(ga,gb)= Z 5(gl(xay)’gu)a(gZ(x’y)rgb) (11.9)
(x,y)eP

with 8(a,b) being 1 for a = b and 0 otherwise. The entry of H at position of a
grayvalue pair (g;,gy) contains the number of pixel positions (x, y) where image
& has grayvalue g, and image g has grayvalue g,. Using a normalization factor
(like the maximum value in H), the 2D histogram can be given as an image and
used as a 2D-Lookup matrix.

Figure 11.4 illustrates the relations between 2D histogram and 2D lookup by
means of the Lena image. The subimage to the middle right is the 2D histogram
of the Lena image that was obtained from the red and green channels of the Lena
image (taken as grayvalue images). There are some obvious clusters in this his-
togram that give rise to a labeling as shown in the figure. The five binary images
were obtained by using a 2D-Lookup matrix image each, having all positions of the
segment number i set to black, and white otherwise. So, it can be seen that the bi-
nary image generated by setting all points of label 3 to black (lower-left subimage)
basically covers the mirror structure in the image background. Since the projec-
tion of label 3 into both axis directions of the label image is crossing label 2, it is
not possible to extract this mirror structure from the red or green channel image
of the Lena image alone. More precisely: if one tries to extract the grayvalue range
spanned by the positions of the mirror structure, in either case (red or green) also
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Green channel

FIGURE 11.4. Various segmentations of Lena image based on labeling of the 2D histogram of red and
green channels.

some other structures are always selected as well that do not belong to the mirror
structure. The projections of the 2D histogram gives a clear indication for this. The
2D-Lookup algorithm is able to separate the mirror structure directly. From this
simple example, the potential of the 2D-Lookup algorithm for segmentation tasks
can be seen.

11.4. 2D-Lookup-based framework

The 2D-Lookup-based framework (see Figure 11.5) is composed of (user-given)
original image, filter generator, operation images 1 and 2, result image, (user-
supplied) goal image, 2D-Lookup matrix, comparing unit, and filter generation
signal.

The framework can be thought of as being composed of three (overlapping)
layers.

(1) The instruction layer, which consists of the user-supplied parts of the
framework: original image and goal image.

(2) The algorithm layer performs the actual 2D-Lookup, once all of its com-
ponents (original image, operation 1, operation 2, and 2D-Lookup ma-
trix) are given.

(3) The adaptation layer contains all adaptable components of the frame-
work (operation 1, operation 2, 2D-Lookup matrix) and additional
components for performing the adaptation (comparison unit, filter gen-
erator).
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Filter generation signal Chromosome
| Operation 1 | | Operation 2 |

2D-lookup matrix

_____________________>

Goal image | Result image |

FiGure 11.5. 2D-Lookup-based framework: overview.

For the instruction layer, the user interface has been designed as simple as possi-

ble. The

user instructs the framework by manually drawing a (binary) goal image

that provides the wanted segmentation of the original image into foreground and
background. In this image, all pixels of the background segment are set to White
and all pixels of the foreground (e.g., the location of a texture fault, or the hand-
writing on a textured bankcheck background) are set to Black. No special texture
model has to be known by the user. There are no further requirements for the goal

image.
For

making the framework the subject of an evolutionary adaptation, several

aspects have to be considered in more detail.

(1)

2

(3)

Fitness function: assuming the operation images and the 2D-Lookup
matrix to be given, the result of 2D lookup has to be compared with the
user-supplied binary goal image (indicated as “comparison” in Figure
11.5). This is achieved by a fitness function that measures the degree of
spatial correspondence between two binary images.

Derivation of 2D-Lookup matrix: once the two-operation images are
known, it can be expected that the 2D-Lookup matrix can be adapted in
order to give the best fitness to the goal image as result of the 2D lookup.
Later on (see Section 11.4.2) we will provide exactly such a procedure,
making the 2D-Lookup matrix a function of the operation images 1 and
2 and the goal image alone, and without the need of any further adapta-
tion.

Having the fitness function and the method to derive the 2D-Lookup
matrix, it only remains to specify the two-operation images. Here, the
task can be handled by an evolutionary procedure. In summary, we de-
cided to use the representation of operations as expression trees, and us-
ing genetic programming in order to derive optimal image operations.
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N

Reference

Pattern

D CountBlack
] MatchBlack
D RefBlack

FIGURE 11.6. Terms for fitness evaluation.

In the following sections, these necessary specifications of the framework will
be presented.

11.4.1. Fitness function

In order to compare the output image of the 2D Lookup with the goal image,
a quality function has to be designed for the comparison of two binary images.
First, the definition of this fitness function will be given, then it will be discussed.

Consider Figure 11.6, where two sets are shown, the reference set of the goal
image and the pattern set of the result image. The reference set of the goal image
is the set of all black pixels in the goal image that is given by the user. The pattern
set of the result image is the set of all black pixels of the result image.

Therein, countBlack is the number of black pixels in the result image (B + C),
matchBlack is the number of black pixels of the result image, which are also black
in the goal image (B), and refBlack is the number of black pixels of the goal image
(A + B). Then, the following ratios can be computed:

matchBlack
= T efBlack (11.10)

where r; is the sensitivity, or amount of reference pixels matched by the pattern,

countBlack — matchBlack

=1.0- N
2 0 N — refBlack

(11.11)

where r;, is the specificity, or amount of correct white pixels set in the result image
(N is the total number of image pixels), and

matchBlack
= — 11.12
" countBlack ( )
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where r3 is the positive predictivity, or percentage of matching pixels of the result
image. In case of empty reference or pattern sets (white images), r; and r3 are set
to 0, respectively.

The multiple objective here is to increase these measures simultaneously. Af-
ter performing some experiments with the framework, it was decided to use the
following weighted sum of these three objectives as fitness measure:

Sreference (pattern) = 0.1r; + 0.5r, + 0.4r3. (11.13)

This fitness measure has the following properties.

(1) It counts better for patterns that are subsets of the reference. Subsets
obtain a fitness value of at least 0.9, since in this case specificity r, and
positive predictivity r3 both take the value 1.

(2) It counts better for patterns that are subsets of the reference, and which
are supersets of other patterns that are also subsets of the reference (su-
persets of patterns have a larger value for sensitivity r; than the pattern,
and again, r, = r3 = 1).

(3) A white image as pattern gives a fitness of 0.5 (only specificity r, # 0),
therewith refusing to assign a good fitness value to the empty subset of
the reference.

These properties make this fitness measure useful for heuristic search procedures.
Initially, higher fitness values can be obtained by increasing the higher weighted
objective first. In our case this means that specificity r,, weighted with 0.5, is im-
proved first. In other words, the first subgoal of the search could be to allocate as
many correct white positions as possible. Due to the slightly smaller weighting of
0.4 for the positive predictivity r3, the search then could continue to allocate also
correct black positions of the reference, while the correct white allocations persist
in the pattern. Once, by this exploration, the pattern is reduced to a subset of the
reference, the only way to increase the fitness is to expand the subset towards the
whole reference set. This begins, when the fitness exceeds a value of about 0.9, and
exploitation starts.

11.4.2. Deriving a 2D-Lookup matrix

It was already noted that the specification of a 2D-Lookup matrix can be done
without the need for a separate adaptation. To make this more clearly, we recall
the dependencies between the parts of the framework. Using the notations in for
the original image, goal for the goal image, op, and op, for the two-operation
images after applying the operators 0, and o, to in, res for the result image and It,
for the 2D-Lookup matrix, the 2D-Lookup LU, can be formally written as

res = LU, (01 (in), 02(in), Ity) = LU, (op,, op,, 12), (11.14)
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and thus it can be expected that there is also an operation or algorithm REL to
specify It; from the other terms in (11.14):

It, = REL (op,, op,, res) = REL (op,, op,, goal). (11.15)

The replacement of res with goal expresses the fact that the primary intention of
the adaptation is to have the relation res = goal fulfilled as good as possible.

For specifying REL, we consider a family of simple 2D-Lookup matrices,
where all positions but one position (a, b) are set to White (1), and the remain-
ing position (a, b) is set to Black (0). Then, the 2D lookup will give a resulting
image with all positions (x, y) set to Black, for which operation o, yielded pixel
value a at (x, y) in op, and operation o0, yielded pixel value b at (x, y) in op,. Usu-
ally, there will be only a few black pixels within the result image. Now, we compute
the fitness measure in (11.13) taking the set of black positions in the result image
as the pattern set, and the black pixels of the goal image as reference set. As it was
remarked in the former section, the fitness measure will give values above 0.9, if
the pattern set of black pixels lies completely within the reference set, even if this
set contains only one pixel. So, a simple criterion can be derived for setting a pixel
to Black or White in the 2D-Lookup matrix.

Let (4, be a two-dimensional matrix constituted by setting only the position
at (a,b) to Black (0) and all others to White (1), and let res(, ) be the result of the
2D lookup with the operation images op, and op, and this matrix [, ). Then we
use for REL:

Black (0)  if fuoal (resiap)) > 0.88,
ltz(a,b)=<| ack (0) - if fyou (resian) > (11.16)

White (1) otherwise.

It can be seen that this procedure REL only requires the operation images op,
and op,, and the goal image goal. In case there are no black pixels in res,p) at
all, It;(a, b) is set to Gray (0.5), which stands for positions within the 2D-Lookup
matrix, whose pixel value pairs do never occur within the operation images op,
and op, at the same location. The value 0.88 has been chosen instead of 0.9 to
tolerate a few black pixels in res(4p) to be out of the goal set.

Figure 11.7 shows the result of the algorithm REL for the derivation of a
suitable 2D-Lookup matrix for two example operation images. This procedure,
which resembles a relaxation procedure, gives a quasioptimal 2D-Lookup matrix
for given operation images op, and op,.

By this specification, the algorithm looks rather time consuming. However,
by doing some book keeping, and using the fact that only points will be set to
Black in the 2D-Lookup matrix, for which the corresponding grayvalue pairs in
the operation images have at least one position that is also set black in the goal im-
age, the processing time can be remarkably reduced. In the pseudocode shown in
Algorithm 11.2, the 2D-Lookup matrix is derived as a grayvalue image 1t of size
256 x 256 and with Black positions set to grayvalue 0, White psoitions to 255, and
Gray positions to 127.
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lrelaxation (g 1,82 )
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Result image

Goal image

FiGURE 11.7. In the middle, the result of applying algorithm REL to two-operation images (left) and
given goal image (bottom right) can be seen, and top right is the result of the application of this 2D-

Lookup matrix to the two-operation images.

Algorithm REL:

Output: It - grayvalue image of size 256x256
Init:

- set all pixels of It to 127

- compute refBlack from goal

Algorithm:
for all pixel positions (i,j) with goal (i,j) = 0
begin
gl := opl(i,j), g2 := op2(i, )
iflt (g1,g2) = 127 then
countBlack := 0; matchBlack := 0;
for all pixel positions (k, 1) in op1

countBlack++;
endif

if f >=0.88 then It (i,j) := 0;
else It (i,j) := 255;
endif
end for all (k,1)
endif
end for all (i, j)

Input: opl, op2 - operation images; goal - goal image

ifopl(k,1) = gl and op2(k,1) = g2 then
if goal (k,1) = 0 then matchBlack++; end if

compute f = f (countBlack, matchBlack, refBlack)

ALGORITHM 11.2

The following section describes the manner by which the two operations

needed are derived by an individual of a GP.
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Original image

FiGure 11.8. Example for the intermediate images that were generated for an operator tree with oper-
ation images 1 and 2 on the top row.

11.4.3. Generic operator design

The operator selection is based on a tree-like representation of the image process-
ing operations. Each node in the tree refers to a generic image processing opera-
tion out of the set squaring, square root, move, ordered weighted averaging (OWA
[21]), fuzzy T-norm, and fuzzy integral [19] for nodes of arity one, and pixelwise
addition, subtraction, multiplication, and T-Norm for nodes of arity two (higher-
arity nodes are not used). The parameters of such a node operation are given by a
parameter structure resource, with the same structure for all nodes. This parameter
structure resource indicates an offset vector (for move operation), a weighted mask
(for OWA, T-norm and fuzzy integral), a weighting vector (for OWA) and some
flags and mode values. See [8] for more details on the operation specifications.

In the framework presented here, the operator selection is performed two
times, to get the operation images, from which the 2D-Lookup matrix is derived.
In all cases, the operation trees and the parameter structures are randomly ini-
tialized, and adapted later on by genetic programming [10, 11] as optimization
procedure to gain high fitness values.

The structuring of image processing operations by the trees has been chosen
in this manner for the following reasons.
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(i) Therandom selection of operations, which are represented by such trees,
can be done in a user-driven manner that favors well-known image pro-
cessing operations. Thus, a tree could be made more likely to represent
operations as dilation, erosion, closing, opening, morphological gradi-
ents, Sobel operator, statistical operators, Gaussian filtering, shadow im-
ages and so forth.

(ii) The represented operations are unlikely to give unwanted operation im-
ages, which are completely white or black.

(iii) The employed operators are local, that is, for each position of the result
image, the computed value is a function of the grayvalues of a bounded
domain (containing the same position) of the original image.

The maximum arity of a node is set to two. Also, maximum tree depth was re-
stricted to five. This was set in order to allow for the maintenance of the obtained
trees, for example, for manually improving the designed filters by removing re-
dundant branches. Processing time is kept low, too (but in the present version of
the framework, processing time does not go into the fitness function itself!).

Figure 11.8 shows a typical tree constructed in this manner and applied to
an input image with a fault structure on textured background (bottom subimage).
Figure 11.9 gives some operation images obtained from the same original image by
different randomly constructed and configured trees. These images demonstrate
the variabilty of the generated operations, each of which enhances or surpresses
different image substructures, and none of which gives a trivial image operation.

11.5. Framework extensions

In this section, we will introduce two optional extensions of the framework. The
next section is devoted to the aspect of obtaining filters with higher generalization
ability, and then, an optional preprocessing module based on 2D lookup with the
2D histogram is presented.

11.5.1. Reconstruction of the 2D-Lookup matrix

An important question is the generalization ability of the designed filters. While
they were designed for one and only one input-goal image pair, it may not be
obvious how the filter performs, if they are applied to the same situation presented
by another image.

The key for checking generalization ability of such a designed filter is given
by the generated 2D-Lookup matrices. These matrices can be manipulated for
improving the filter’s generalization ability. Figure 11.10 shows some 2D-Lookup
matrices, which were the result of applying the framework to various texture fault
examples (the texture faults themselves are of minor interest for the following). By
considering these matrices, the following can be noted.

(i) Some matrices seem to be separable, that is, the textured background is
represented by a group of compact white regions. The fault appearance
(the black dots) are well separated from these regions.
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FIGURE 11.9. Result images of a random initialization of a population of image processing operators.

FiGure 11.10. Example for 2D-Lookup matrices generated by the 2D-Lookup framework.
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(ii) The gray parts of the matrices represent positions, for which no special
rule could be assigned, since the corresponding pair of grayvalues was
not present in the operation images at the same position.

(iii) There are noncompact, noisy regions, where black and white dots are
completely admixed. This seems to be a combined effect. The grayvalues
around some position, which was indicated as foreground in the goal
image, could be similar (but not equal) to grayvalues around positions
that were indicated as background in both operation images. This is a
conflict in the assignment, as given by the goal image, and the rapid
changes between black and white for closeby positions reflect such an
ambiguity of an optimal assignment. The conclusion is that these filters
are not able to achieve a good separation between image foreground and
background.

(iv) Some matrices are separable by a horizontal or vertical straight line (e.g.,
lower left example of Figure 11.10). This means that the 2D-Lookup al-
gorithm can be simplified to thresholding op, or op,, respectively.

To summarize: compactness within the 2D-Lookup matrices is considered as main
provision for filter’s high generalization ability. If the matrices are manipulated in
a manner, which enhances compactness of its black and white regions, the filter
will perform better on newly presented images (possibly for the price of a slightly
lower performance on the input image, from which the filter was designed).

But filter performance is not the only advantage of such a procedure. If it
would be possible to provide a description of the compact regions within a 2D-
Lookup matrix on a higher level than by its plain pixel sets, this information would
allow for deriving texture models from the framework’s results.

This leads to a new statement of the problem: to find out about compactness
within the class of images, to which 2D-Lookup matrices belong.

Neural networks would give a suitable procedure for the segmentation of the
matrix, since they attain generalization from data. In the following, an approach
based on the use of the unit radial basis function network (Unit-RBF), as proposed
in [1] will be given. The Unit-RBF approach is directly applicable to the problem
of approximating 2D-Lookup matrix images. The derived 2D-Lookup matrix was
decomposed into a black part and a white part. Since there are often fewer fore-
gound pixels in the goal images than background pixels, the black part image was
further processed by morphological closing operation (to join some isolated black
dots into a single segment). Then, the Unit-RBF approach was used to reconstruct
both images, rec; from the black part, rec, from the white part, and both images
were pixel-wise fused into a single image by using the rules given in Table 11.1.
Note that the entry 127 stands for undecidable positions, where no evidence can
be obtained from the framework adaptation.

Figures 11.11 and 11.12 give some examples for the replacement of the derived
2D-Lookup matrix with the reconstructed one. It can be seen that the differences
between the results are not very large, and that the reconstructed matrices have a
much simpler structure.



232

A framework for the adaptation of image operators

TasLE 11.1. Rules for fusion of the two Unit-RBF images at position (x, y).

rec; rec rec
>127 >127 max(recy, recy)
>127 <127 recy
<127 >127 127
<127 <127 min(recy, recy)

—

oo iR RO

. .I'.h““h.‘.“ n

FiGUure 11.11. Reconstruction of 2D-Lookup matrix. Upper row shows the original image, the 2D-
Lookup matrix as it was adapted by the 2D-Lookup-based framework, and its reconstructed version.
The lower row shows the goal image, the result of 2D lookup using adapted 2D-Lookup matrix, and
the result using the reconstructed matrix.

FiGure 11.12. Another example for 2D-Lookup matrix reconstruction. The lower row shows the goal
image, the result of 2D lookup using adapted 2D-Lookup matrix, and the result using the reconstructed

matrix.

11.5.2. Optional preprocessing module

The framework has shown a good performance on a broad range of filtering tasks.
Filtering here means the separation of image foreground and background.
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(a) (b)

FiGURE 11.13. Low-contrast stroke processing (a) shows a stroke on a collagen sheet, (b) shows a detail
enlarged, (c) gives the output of best 2D-Lookup adaptation, demonstrating the poor performance of
this algorithm in this case.
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FiGure 11.14. Extended framework for 2D-Lookup adaptation, with optional 2D histogram lookup
preprocessing module.

However, it also showed some falacities. So, a rather poor performance on
foreground appearance with very low contrast against the background was noted.
Figure 11.13 gives an example. The stroke-like fault structure in Figure 11.13(a) (a
scratch in a collagen sheet), clearly visible for a human, becomes nearly “invisible”
while getting enlarged (see Figure 11.13(b)). Figure 11.13(c) shows the result of
2D-Lookup adaptation, revealing only some random dot locations of the fault.

Analyzing this problem, it came out that the framework employs local image
processing operators only. Local processing here means that the domain of the
image processing operations is bounded to a spatial neighborhood of each pixel.
Detection of a stroke as the one in Figure 11.13 cannot be achieved by such a local
processing.

This subsection presents an approach to solving such problems, by introduc-
ing an extension of the 2D-Lookup framework, referred to as 2D histogram lookup
procedure. It is also based on the 2D lookup, but uses the normalized 2D his-
togram as 2D-Lookup matrix. The main advantage of this approach is that the
mapping assigns a low grayvalue to positions with grayvalue pairs that appear in-
frequently in the operation images (there are fewer corresponding entries in the
2D histogram). This increases the contrast of “untypical” image structures against
the background, and thus simplifies the following 2D-Lookup adaptation task.

Figure 11.14 shows the general framework for 2D-Lookup adaptation, with
the optional 2D histogram lookup extension. The components will be described in
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the following sections. As can be seen, the extension has nearly the same structure
as the framework without extension, only the specification of the lookup matrix
LT is different.

The 2D histogram lookup is the 2D-Lookup algorithm with using the nor-
malized 2D histogram as lookup matrix (see end of Section 11.3).

For using the 2D histogram as lookup matrix, its entries have to be scaled into
the range of feasible grayvalues. For usual goal image sizes, entries in the 2D his-
togram are seldom larger than the maximum grayvalue, so the entries themselves
can be used as lookup matrix values, bounded at 255. Also, a contrast improve-
ment by linearization is reasonable, for gaining better contrast in the result image.
Linearization is the operation of making the sum-histogram of grayvalues stepwise
linear. It replaces each grayvalue in the image with the relative number of grayval-
ues equal or below this grayvalue. Hereby, the large number of zero entries in the
2D histogram is neglected, thus starting linearization at grayvalue 1.

While gaining higher contrast by linearization, the number of different gray-
values now in the result image becomes reduced. This gives images with a cluttered
appearance of the 2D-Lookup matrices in the following 2D-Lookup adaptation
step. This effect can be reduced by using a Gaussian smoothing operator of size 3
on the linearized image.

The framework for 2D-Lookup adaptation was extended in order to enable
the processing of low-contrast foregrounds. Figure 11.15 gives a complete example
for such an adapted filtering. This example demonstrates several things.

(i) The final result image in the lower left is much more similar to the goal
image than in Figure 11.13(c).

(ii) The result of the 2D histogram lookup preprocessing step has increased
the contrast of the stroke against the background. This allows for the fol-
lowing 2D-Lookup adaptation step to achieve that better performance.

(iii) The operation trees are not “smart” in the sense that parts of them may

do not have much influence on the operation result of the full tree. So,
the left wing of the operation 1 of the 2D lookup (the tree left below
in Figure 11.15) basically produces a gray image, from which a shifted
version of the preprocessed image is subtracted. Such parts can be re-
moved in a manual redesign phase of the filters after adaptation (espe-
cially when they involve computationally more expensive node opera-
tions like the fuzzy integral).

(iv) The 2D lookup for this example is basically a lookup with the cooccur-
rence matrix of the preprocessed image.

(v) The essential part of this filter lies in the operation 2 of the preprocessing
(upper right tree): the 2D histogram, with its line-like structure, forks
for some higher grayvalue pairs, thus stimulating a separation of image
parts into foreground and background.

Figure 11.16 shows another example, without the intermediate results. This is
a so-called “vibrating knife” fault that may occur in collagen slicing. The extended
framework shows a good performance here as well.
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FiGure 11.15. Complete example for the extended framework adapted to the low-contrast stroke in
Figure 11.1.

11.6. Some results

In this section, some results of the application of the presented framework to some
texture analysis problem are presented. For the genetic programming, setting was
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(b)

F1Gure 11.16. Result of the extended framework for vibrating-knife fault.

s
o

FIGure 11.17. Application of the framework to textile fault problems.

standard: 40 trees were used in each generation, and standard tournament cross-
over was the only genetic operator used in each generation to produce 80 children
nodes. The size of initial trees was restricted to have at least three nodes and to have
not more than 9 nodes. The evolution ran until there was no diversity anymore in
the population, which usually happened after about ten generations.

In Figures 11.17-11.20 the subimage order of each block is: upper-left
subimage is the original image, lower-left is the user-given goal image. Right and
below the original image are the two-operation images that are the result of the
application of the evolutionary adapted trees to the original image, and that are
the input operands for 2D-Lookup algorithm. The arrows from the operation im-
ages point to the used 2D-Lookup matrix (also indicated as a function of the two-
operation images and the goal image), and lower right is the obtained result image.

11.7. Summary

A framework was presented, which allows for the design of texture filters for fault
detection (two class problem). The framework is based on the 2D-Lookup algo-
rithm, where two filter output images are used as input.
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Ficure 11.18. Application of the framework to further textile fault problems.
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FiGure 11.19. Application of the framework to floor pattern fault problems.

The approach can be applied to a large class of texture analysis problems. The
results, obtained without “human intervention,” are ready-to-use texture filters.
Also, they can be tuned in order to obtain even more better results, or combined
in a superposed inspection system. The following are our experiences during the
use of the system.

(i) The framework was able to design texture filters with good or very good
performance.
(ii) The goal image matched the fault region quite satisfactorily.

(iii) Bordering regions should be neglected for fitness evaluation.

(iv) The framework was able to design filters for the detection of noncom-
pact fault regions and fault regions with varying appearance.

(v) The designed filters may be subjected to further improvements by the
user.
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_ |

(a) (b)

FiGure 11.20. (a) application of the framework to cast fracture problem and (b) extraction of sheering
area on torned paper piece.

Improvements of the whole architecture were considered as well: one is based
on an evaluation of the 2D-Lookup matrix by neural networks in order to get a
more comprehensive solution for a given texture filtering problem, the other for
extending the application scope to low-contrast texture fault processing, that is,
faults which are hard to separate from the background texture. The second ex-
tension of the framework is a two-stage one, based on 2D histogram lookup and
consecuting 2D-Lookup adaptation.
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12.1. Introduction

Image registration (IR) [9, 59] is a fundamental task in computer vision used to
finding either a spatial transformation (e.g., rotation, translation, etc.) or a cor-
respondence (matching of similar image entities) among two (or more) images
taken under different conditions (at different times, using different sensors, from
different viewpoints, or a combination of them), with the aim of overlaying such
images into a common one. Over the years, IR has been applied to a broad range
of situations from remote sensing to medical images or artificial vision and CAD
systems, and different techniques have been independently studied resulting in a
large body of research.

IR methods can be classified in two groups according to the nature of im-
ages: voxel-based IR methods (also called intensity-based), where the whole im-
age is considered for the registration process; and, on the other side, feature-based
methods, which consider prominent information extracted from the images, being
a reduced subset of them. The latter methods take advantage of the lesser amount
of information managed in order to overcome the problems found in the former
when the images present some inconsistences to deal with, for example, regardless
of changes in the geometry of the images, radiometric conditions, and appearance
of noise and occlusion. These features correspond to geometric primitives (points,
lines, surfaces, etc.) which are invariant to the transformation to be considered
between the input images. Moreover, the latter methods perform faster than the
former ones due to the reduced amount of data they take into account, at the ex-
pense of achieving coarse results.

Likewise, IR is the process of finding the optimal spatial transformation (e.g.,
rigid, similarity, affine, etc.) achieving the best fitting/overlaying between two (or
more) different images named scene and model images. They both are related
with the latter transformation, measured by a similarity metric function. Such
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transformation estimation is interpreted into an iterative optimization procedure
in order to properly explore the search space. Two search approaches have been
considered in the IR literature: matching-based, where the optimization problem
is intended to look for a set of correspondences of pairs of those more similar
image entities in both the scene and the model images, from which the registra-
tion transformation is derived; and the transformation parameter-based, where the
strategy is to try to directly explore inside each range of the transformation pa-
rameters. Both strategies can be used with either a voxel-based or a feature-based
approach.

Aspects such as the presence of noise in images, image discretizations, orders
of magnitude in the scale of the IR transformation parameters, the magnitude of
the transformation to be estimated cause difficulties for traditional local optimiz-
ers (gradient- and nongradient-based) and they become prone to be trapped in lo-
cal minima. Hence, the application of several well-known evolutionary algorithms
(EAs) (see Section 12.3) to the IR optimization process has introduced an out-
standing interest in order to solve those problems due to their global optimization
techniques nature. The first attempts to solve IR using evolutionary computation
[5] (EC) can be found in the early eighties. Fitzpatrick et al. [25] proposed such
approach based on a genetic algorithm (GA) [27] for the 2D case and applied it
to angiographic images in 1984. Since then, several evolutionary approaches have
been proposed to solve the IR problem.

In this chapter, we develop a practical review of the most relevant contribu-
tions (evolutionary and nonevolutionary techniques) that deal with the 3D
feature-based IR problem using similarity transformations. Techniques based on
both the matching and the transformation parameters approaches will be consid-
ered. Likewise, the experiments considered refer to four different realistic brain
images, commonly used in IR literature for testing new IR methods, as well as to
four significant test transformations to be estimated. Results are obtained always
under the same conditions for all the IR methods considered, taking into account
a number of different runs in order to avoid execution dependence. Because of
the random nature of the EAs, it is mandatory to perform a minimum number
of runs in order to guarantee the reproducibility of the experiment results. With
this work, we want to highlight the performance of the EC paradigm to solve the
IR problem and to encourage researchers in this field (and others) to increase the
performance achieved by the present methods by contributing with new and im-
proved EC mechanisms.

Addressing the structure of this chapter, in Section 12.2, we give some IR
basics analyzing each of the principal components of a general IR method, and
underlining those vulnerable aspects found by traditional IR methods. Next, we
make a critical review of the existing evolutionary approaches to the IR problem in
Section 12.3. Then, we develop a practical review in Section 12.4 where we make
a broad benchmarking to test those IR methods which we consider most rele-
vant in the literature together with some of our proposals in the field. Finally, in
Section 12.5, conclusions and future open lines are addressed.
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FIGURrk 12.1. The IR optimization process.

12.2. The image registration problem

An extensive survey on IR methods is out of the aim of this contribution. Nev-
ertheless, we want to introduce the key concepts related to the IR methodology.
During the last decades, many different taxonomies have been established to clas-
sify the huge amount of IR methods presented so far [9, 59], considering different
criteria: the image acquisition procedure, the search strategy, the type of transfor-
mation relating the images, and so forth.

Besides, there is not a universal design for a hypothetical IR method that
could be applicable to all registration tasks, since various considerations on the
particular application must be taken into account. However, IR methods usually
require the four following components (see Figure 12.1): two input Images (see
Section 12.2.1) named as Scene I = {py, p2,. .., p»} and Model I, = {p}, p5, ...,
Pi}> with p; and ﬁ; being image points; a registration transformation f (see Section
12.2.2) being a parametric function relating the two images; a similarity metric
function F (see Section 12.2.3) in order to measure a qualitative value of closeness
or degree of fitting between the transformed scene image, denoted by f'(I;), and
the model image; and an optimizer which looks for the optimal transformation
f inside the defined solution search space (see Section 12.2.4). In the subsequent
subsections, we will deeply analyze each of these four IR components.

Hence, the key idea of the IR process is focused on determining the unknown
parametric transformation, that relates both images, by placing them in a common
coordinate system bringing the points as close as possible. Because of the uncer-
tainty underlying such transformation, the IR task arises as a nonlinear problem
that cannot be solved by a direct method (e.g., resolution of a simple system of
linear equations). It should be solved by means of an iterative procedure search-
ing for the optimal estimation of f, following a specific search space optimization
scheme aiming at minimizing the error of a given similarity metric of resemblance.
Classical local optimizers can be used for this task although their main drawback
(see Section 12.2.4) is that they usually get trapped in a local minima solution. The
main reasons for such behavior are related to both the nature of the problem to be
tackled and the greedy/local search features of these methods. Hence, the interest
on the application of EAs to the IR optimization process has increased in the last
decade due to their global optimization nature.
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12.2.1. Nature of images

According to the nature of images, IR methods can be classified as voxel-based (or
intensity-based) and feature-based [59]. While the former directly operate with the
whole raw images, the latter approaches introduce a previous step: before the ap-
plication of the registration process, a reduced subset of the most relevant features
are extracted from the images. Since voxel-based methods can deal with a major
amount of image information, they are often considered as fine-tuning registration
processes, while feature-based methods typically achieve a coarser approximation
due to the reduced data they take into account.

One important drawback of voxel-based approaches relies on the commonly
used rectangular window for the correspondence estimation. If the images are de-
formed by complex transformations, this type of window will not be able to cover
the same parts of the transformed scene and model images. Moreover, if the win-
dow contains a smooth image region without any prominent detail, it will prob-
ably be incorrectly matched to other smooth image region in the model image.
Nevertheless, the principal disadvantage of voxel-based methods comes from situ-
ations where there are changes in illumination during the acquisition of the scene
and the model images. In that case, the similarity metric offers unreliable mea-
surements and induces the optimization process to be trapped in local minima.

With the intention of avoiding many of the drawbacks related to voxel-based
methods, the second IR approach is based on the extraction of prominent geo-
metric primitives (features) from the images. The proper comparison of feature
sets will be possible using a reliable feature detector that confronts the accurate ex-
traction of invariant features, that is, regardless of changes in the geometry of the
images, radiometric conditions, and appearance of noise. There are many differ-
ent features that can be considered, for example, region features, line features, and
point features, among which corners are widely used due to their invariance to the
image geometry.

For the final practical review of the most relevant IR methods (Section 12.4),
we have decided to choose the feature-based approach, where the features con-
sidered are prominent image points extracted from magnetic resonance images of
brains using local curvature information (see Section 12.4.1).

12.2.2. Transformations

We can classify IR methods according to the registration transformation model
used to relate both the scene and the model images. The first category of trans-
formation models includes linear transformations, which preserves the operations
of vector addition and scalar multiplication, being a combination of translation,
rotation, global scaling, and shear components. Among the most common linear
transformations are rigid, similarity, affine, projective, and curved.

Linear transformations are global in nature, thus not being able to model local
deformations. The second category of transformation models includes “elastic” or
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“nonrigid” transformations. These transformations allow local warping of image
features, thus providing support for local deformations.

The kind of transformation model considered will depend on the particu-
lar application addressed and the nature of images it will take into account. The
registration transformation f that we will use in the latter practical benchmark-
ing (Section 12.4) is a 3D similarity one composed of a translation, a rotation,
and a uniform scaling, which has been considered to register aerial and satellite
images, bony structures in medical images, and brain multimodal images [29],
among other applications.

12.2.3. Similarity metric

One of the most important components of any IR method is the similarity metric.
This is considered as a function F that measures the goodness of a given registra-
tion solution, that is, of a registration transformation f. The final performance of
any IR method will depend on its accurate estimation.

Each solution is evaluated by F applying such transformation f to one of
the two images, usually to the scene image (f(I;)). Next, the degree of closeness
or fitting between the transformed scene and the model images, ¥(-) must be
determined,

F(Isalmaf) = \P(f(ls)>1m) (121)

There are many approaches trying to estimate such function ¥(-) depending
on the dimensionality (2D or 3D) and the nature of the considered images, for
example,

(a) voxel-based approach: sum of squared differences [7], normalized cross-
correlation (i.e., correlation coefficient [52] or phase correlation [20]),
and mutual information [54];

(b) feature-based approach: feature values-based metrics (i.e., registration
based on the curvature) and distance between corresponding geometric
primitives (2, 4, 11, 47].

Like in the previous IR components, the F function is affected by both the
discretization of images and the presence of noise, causing worse estimations and
favoring the IR method to get trapped in local minima.

Notice that the huge amount of data (images) required in some applica-
tions makes the problem-solving very complex and the IR procedure very time-
consuming. Therefore, in order to speed up the similarity metric computation,
most of the IR contributions use any spatial indexing data structure in order to im-
prove the efficiency of the considered optimization method, each time the closest
point assignment computation between the transformed scene and model images
must be done. Likewise, this data structure is computed only once at the beginning
of the IR method. Two main variants of spatial indexes can be found in the 3D IR
literature as follows.
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(i) Kd-tree, which consists in a generalization of bisection in one dimension
to k-dimensions in order to build, in the 3D case (k = 3), a binary tree that suc-
cessively cuts the whole space into two rectangular parallelepipeds such that there
is an approximately equal number of points on each side of the cutting plane, for
the xy, xz, and yz planes. We find the first proposal of applying kd-trees to the IR
problem in [58].

(ii) Distance map, a volume (typically a 3D grid) containing a surface, where
each voxel (a given cell on the 3D grid) within the volume links to the closest point
on that surface. Such a data structure has been widely used in computer vision
and recently applied to solve IR with GAs [49]. Yamany et al. [56] considered a
particular distance map, named grid closest point (GCP), which consists of two
cubes splitting the 3D space. The first one divides it into a set of L x W x H cells
and covers the two images. The second one only encapsulates the model image
within a rectangular volume of double resolution (2L X 2W x 2H cells). The goal
of this second grid is to reduce the discretization error of the first one, in order to
achieve more accurate outcomes in the final stages of the IR process.

12.2.4. Search space strategies

The derivation of the registration transformation f that relates two given images
has received a great deal of attention during the past. A good review on the topic
can be found in [9, 59] according to transformation estimation.

The IR process performs an iterative exploration to obtain that optimal trans-
formation f (previously introduced in Figure 12.1). So, the closer f to the un-
known global optimum, the better the fitting (measured by the similarity metric
F) between scene and model. The optimization process considered to obtain those
solutions can be deterministic or stochastic (either a global or a local one).

Although the final registration problem solution consists of the right values
for the parameters which determine f, we can distinguish, from the IR literature,
two different strategies to solve the problem, each of them working in a different
solution space: (i) the first searches in the matching space to obtain a set of corre-
spondences of pairs of the most similar image entities in both the scene and the
model images, from which the registration transformation is derived; and (ii) the
second directly makes a search in the space of the f parameters guided by the F
function, called transformation parameters space. We will analyze both strategies
more deeply as follows.

12.2.4.1. Matching-based search space

This search space exploration strategy needs to compute the two following steps
at once: first, a set of matchings (correspondences) with those more similar pairs
of regions of pixels (voxel-based) or geometric primitives (feature-based) in both
the scene and the model images must be established; next, the transformation f is
retrieved by numerical methods considering such matching. Least squares (LS) es-
timators are the most commonly used numerical methods [3, 23, 34], due to their
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special and interesting properties, for example, they only require means, variances,
and covariances to be finite [41].

In the classical theory of estimation, the notion of outliers is vague. They can
be interpreted as erroneous (noisy) observations which are well separated from
the bulk of the data, thus demanding special attention. Besides, we assume that
outliers will not provide any outstanding information about f parameters. On the
contrary, they can damage their correct estimation.

LS estimators assume that the observation of errors must be normally dis-
tributed to perform correctly. In the related literature, we can find some works
proposing extensions of the LS estimator based on the analysis of residuals of the
L2 norm (least squares) to identify erroneous observations [21, 26]. Since out-
liers have an unknown distribution of observations, this kind of estimators can-
not guarantee inferring the true transformation, thus a robust estimator may be
better suited. For instance, the Danish method [36] could be considered, being a
reweighting scheme based on a predefined function that disallow errors by avoid-
ing their corresponding weights, or the well-known M-estimators technique [35],
widely used due to their robustness.

Therefore, the complexity of the matching step and of the following registra-
tion transformation estimation depends on the method being considered. Like-
wise, an iterative process may be followed either for the estimation of the match-
ing, or the registration, or both, until convergence within a tolerance threshold
of the concerned similarity metric. This is the case of the iterative closest point
(ICP) algorithm [8], well-known in CAD systems and originally proposed to re-
cover the 3D transformation of pairs of range images. Next, we will briefly describe
the structure of this local optimizer in order to get a better understanding of the
strategy. The method proceeds as follows.

(i) A point set P with N, points p; (cloud of points) from the data shape
(scene) and the model X—with N, supporting geometric primitives: points, lines,
or triangles—is given. The original paper dealt with 3D rigid transformations
stored in the solution vector

(j: [QI,QZ)%,Q4> t]>t2)t3]t> (122)

where the first four parameters corresponded to the four components of a quater-
nion determining the 3D rotation, and the last three parameters stored the trans-
lation vector.

(ii) The procedure is initialized by setting Py = P, the initial registration trans-
formation to qo = [1,0,0,0,0,0,0]%, and k = 0. The next four steps are applied
until convergence within a tolerance 7 > 0.

(1) Compute the matching between the data (scene) and model points by
the closest assignment rule: Yy = C(Pk, X)

(2) Estimate the registration by least squares: fx = 0(Py, Yx).

(3) Apply the registration transformation to the scene image: Pyt = fi(Po).

(4) Terminate iteration if the change in mean square error (MSE) falls below
7. Otherwise, k = k + 1.
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The original ICP proposal has two main drawbacks: (i) one of the two im-
ages (typically the scene one) should be contained in the other, for example, in
feature-based IR problems, the geometric primitives of one image should be a
subset of those in its counterpart image; and as it has been previously said, (ii)
it cannot handle non-normally distributed observations. Since it was introduced,
many contributions have been proposed extending and partially solving the latter
problems of the original proposal [24, 39, 58]. On the other hand, other proposals
of matching-based IR approaches are to be found in [15, 18].

Notice how the operation of these matching-based IR methods is not guided
by the similarity metric but by the computed matching. In this strategy, the func-
tion F (MSE) only plays the role of the stopping criterion. Moreover, the transfor-
mation estimator (numerical method) is dependent on good choices performed
in the matching step. So, the better the choice of the matchings done, the more
precise the transformation f and, consequently, the more accurate the value of the
similarity metric will be for a proper convergence.

For the later practical benchmarking, among other methods, we have consid-
ered our point-matching contribution that makes use of the scatter search [38]
(SS) EA. Unlike the ICP-based proposals, the SS-based approach is not so depen-
dent on the initial orientation of the scene and model images.

12.2.4.2. Transformation parameters-based search space

Opposite to the previous approach, the second one involves directly searching for
the solution in the space of parameters of the transformation f. To do so, in this
strategy, each solution to the IR problem is encoded as a vector composed of each
one of the values for the parameters of f.

In this way, the IR method works by generating possible vectors of parameter
values, that is, possible registration transformations. Likewise, the second princi-
pal major difference with ICP-based strategies is that the search space exploration
is guided by the similarity metric F. Each solution vector is evaluated by such met-
ric thus clearly stating the IR problem as the parameter optimization procedure of
finding the best values defining f that minimize F.

It is interesting to highlight the fact that the orders of magnitude in the scale
of f parameters are crucial for IR methods dealing with this search space strategy.
Unit changes in angle have much greater impact on an image than unit changes
in translation. Indeed, when applying a rotation, the further a given point on the
image from its center of mass (origin of rotation), the greater the displacement.
Meanwhile, in case of translations, the distance between the transformed scene
and the model images is kept constant. This difference in scale appears as elon-
gated valleys in the parameter search space, causing difficulties for the traditional
gradient-based local optimizers [8, 30]. Thus, if the considered IR method is not
robust tackling these scenarios, the theoretical convergence of the procedure is not
guaranteed, and in most cases, it will be trapped in local minima.

Together with the commonly used local (gradient- and nongradient-based)
optimizers [42], EAs (see Section 12.3) are the most used optimization procedure
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for IR when working with this search space strategy, as can be seen from the large
number of contributions made [10, 13, 15, 17, 30, 45, 49, 51, 56, 57]. Unlike IR
methods based on local optimizers, the main advantage of using EA-based IR
methods is that they do not require a solution near to the optimum one to achieve
high-quality registration results.

12.3. Evolutionary computation and image registration

As we will briefly depict in this section, the application of EAs to the IR optimiza-
tion process has caused an outstanding interest in the last few years. Thanks to the
nature of their global optimization techniques, EAs aim at solving the problems
described in the latter sections, not satisfactorily tackled by traditional IR meth-
ods.

This section is devoted to make an analytical review of the different EC-based
IR approaches proposed in the literature. Some of them will be considered for our
later experimental study based on 3D feature-based IR applied to brain images
(Section 12.4).

The first attempts to solve IR using global optimization techniques can be
found in the early eighties. The size of data, as well as the number of parame-
ters that are looked for, prevents from an exhaustive search for the solutions. An
approach based on a GA was proposed in 1984 for the 2D case and applied to an-
giographic images [25]. Since this initial contribution, different authors solved the
problem but we can still find important limitations in their approaches.

The first of them is the use of a binary coding to solve an inherent real-coding
problem. This leads us to the situation of having to balance the magnitude of the
transformation being considered and the precision of the returned solution, for
a given number of bits in the encoding. Such situation can only be allowable in
environments where precision is not a critical requirement or where we know the
range of change in the parameters of the transformation. Moreover, if we try to get
a more accurate solution increasing the number of bits of the encoding, then the
required time of the algorithm to converge will rise as well.

For instance, in 1989, Mandava et al. [44] used a 64-bit structure to represent
a possible solution when trying to find the eight parameters of a bilinear transfor-
mation. Tsang [53] used 48-bit chromosomes to encode three test points as a base
for the estimation of the 2D affine registration function. In the more recent pro-
posals by Yamany et al. [56] and Chalermwat et al. [10], the same binary coding is
found when dealing with 3D and 2D rigid transformations, respectively. Yamany
et al. enforced a range of £31° over the angles of rotation and +127 units in dis-
placement by defining a 42-bit chromosome with eight bits for each translation
parameter and six bits for each rotation angle. Meanwhile, Chalermwat et al. used
twelve bits for the coding of the 2D rotation parameter to get a search scope of
+20.48°, therefore allowing the use of a precision factor for the discretization of
the continuous rotation angle interval, while other ten bits stored each of the two
translation parameters (+512 pixels).
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Apart from the use of the basic binary coding, the kind of GA considered is
usually based on the original proposal by Holland [33]. In this way, a selection
strategy based on fitness-proportionate selection probability assignment and the
stochastic sampling with replacement, as well as the classical one-point crossover
and simple bit flipping mutation, are used. On the one hand, it is well known
that such a selection strategy causes a strong selective pressure, thus having a high
risk of premature convergence of the algorithm. On the other hand, it has also
been demonstrated that it is difficult for the single-point crossover to create useful
descendants as it is excessively disruptive with respect to the building blocks [27].

Another major drawback of many contributions is that they only handle im-
ages related to a rigid transformation [13, 30, 51]. The use of such transformations
can be compatible with a limited number of applications, but this is not the case
in many real situations where at least a uniform scaling is desirable. Different pro-
posals have been made in the 2D case [44, 45, 53] to consider either bilinear or
affine transformations.

In addition, we would like to analyze in deep three recent and very interesting
contributions.

In their proposal [49], Rouet et al. face 3D MR-CT registration by means of
a three-step algorithm. First, global rigid transformation parameters are deter-
mined by a GA working directly on real numbers. Second, they use another point-
matching GA trying to determine a global trilinear transformation. Last, they in-
troduce a post-analysis of the output population of the previous step in order to
achieve a fine tuning of the solution using a local optimization process. This pro-
posal provides one of the most overall approaches to the IR problem using GAs we
have found in the literature. Nevertheless, we still identify different weak points.

(i) Different studies have shown that a balance between population diver-
sity and convergence to the solution is needed in order to get a good
behavior of any GA (to avoid being trapped in local minima). Although
Rouet et al. used the principle of Latin squares' to control the distribu-
tion of the population over the search space, there are other approaches
that can perform this task better. Niching techniques [19, 28, 27, 43], or
even the principles of the CHC? algorithm [22] are well-known schemes
for the EC community and seem to be more suitable approaches.

(ii) Moreover, the success of the second step of the algorithm depends on a
precise definition of the curvature class of each point.

(iii) Finally, the use of simple operators (like uniform crossover) in a real-

coded GA is not the best option even if we want to improve the efficiency
of our algorithm [32].

He’s and Narayana’s proposal [30] denoted by GApe in the experimental
study developed in this contribution, it is a slight improvement of Yamany et al’s
[56] approach, proposing a real-coding scheme that makes use of an arithmetic

This procedure is not known in the EC community and we only recognize it as a diversity in-
duction mechanism due to the authors’ explanation.

2CHC stands for Cross generational elitist selection, Heterogeneous recombination, and Cata-
clysmic mutation.
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crossover and a uniform mutation operators within an elitist generational model
that considers a restart mechanism. GAp. deals with rigid transformations fol-
lowing a two-step technique making a first coarse parameter estimation using a
real-coded GA, and then refining such results with the dividing rectangle method
to perform a local search. In the coarse resolution, the ranges of the parameters
were set to: =20 voxels along x- and y-directions and +40 voxels along z direction,
and rotation of £10° around x- and y-axes, and =20° around z-axis. However, the
setting of the parameters range as well as the rigid transformation between both
images may be a weak point when trying to apply this method to some real-world
environments.

Chow et al’s GA-based proposal [12] denoted by GAchow, has the same gen-
erational and proportionate-fitness models for population reproduction than the
previous one, and introduces a crossover operator that randomly selects the num-
ber of genes to be swapped. The value to be accumulated for a mutated gene is gen-
erated randomly within a constant range for the rotation genes and dynamically
computed for the translation ones according to the fitness value of the chromo-
some. It makes also use of GAs with more suitable components to the current EC
framework such as a real-coding scheme and a sophisticated restart mechanism
(“dynamic boundary”). In spite of these improvements, there are some drawbacks
in terms of accuracy, as the authors work with a smaller randomly selected data
set from scene images with a huge amount of data. Besides, although the algo-
rithm aims at getting a quick registration estimation with the latter procedure,
the efficiency could be reduced since it needs to perform a sort operation for each
evaluation of the fitness function. As in many of the mentioned proposals, it also
has the limitation of only considering a rigid transformation (translation and ro-
tation). Finally, the restarting scheme assumes that, prior to its application, the
population will fall in a search space zone located into or near to the global opti-
mum.

On the other hand, several approaches based on the use of advanced EAs able
to solve the said problems have been introduced by our research group and are
briefly described as follows.

SS [38] is based on a systematic recombination between solutions from a Ref-
erence Set, instead of a randomized one like the one usually carried out in EAs, and
on a local optimization of the solutions. We have adopted this approach to pro-
pose our SS-based registration method (denoted by SS,,) [18] in a combinatorial
optimization fashion that makes use of problem dependent (context) information
by taking into account the curvature information extracted from the tackled im-
ages. We proposed new designs for three of the five SS components, the generator
of diverse solutions, and both the improvement and the combination methods, to
develop a method with improved performance working on the matching search
space.

As said, the main novelty of our SS,, contribution is that the heuristic values
of the features of the image isosurfaces (the curvature information that will be
seen in Section 12.4.1) are used to guide the matching. So, we defined a function
Merror(+) evaluating the goodness of the matching stored in a given solution coded
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as a permutation, denoted by 7, by using the said curvature values. In [18], we
chose the following:

r

Merror (1) = Aky + Aky,  where Ak;j = Z k"’ =1{1,2}, (12.3)

Ak, and Ak, measure the error associated to the curvature matching of scene and
model points with different values for the first and second principal curvatures,
respectively.

Meanwhile, the objective function of the SS,, method will include both infor-
mation regarding the usual IR measure g(7) (mean square error of point match-
ing) and the previous criterion as follows:

minF(m) = wy - g() + wy » Mepror (77), (12.4)

where w;, w, are weighting coefficients defining the relative importance of each.

As in CHC EA [16], denoted by CHCy;n, we used the sophisticated CHC EA
for the registration of magnetic resonance images (MRIs). To do so, we made use of
binary-coded solutions and the HUX crossover. The second of our proposals in
[16], denoted by CHC,.,), was based on the afore-mentioned approach but ex-
tending it to work in a real-coded fashion as well as using different operators as the
BLX-a crossover. In that contribution, f was a similarity transformation. There-
fore, the objective/fitness function of the considered transformation parameters-
based IR algorithms was slightly extended to take into account the scaling param-
eter of such f, since most of these IR methods only dealt originally with rigid
transformations,

1
F,(f’,IS,Im)=(U1-< >
1+ 3N, [|(sRp; + 1) — pi|[*

1
+w2'<1+|pip’”|>’

where I; and I,,, are the scene and model images; f is the transformation encoded
in the evaluated solution; p; is the ith 3D point from the scene and ﬁ; is its corre-
sponding nearest point in the model obtained with the spatial index data structure;
w; and w; (w; + w, = 1) weight the importance of each function term; p; is the
radius of the sphere wrapping up the scene image transformed with the current
f; and p™ is the radius of the sphere wrapping up the model image. As the first
term of F’ reveals, the error modelled corresponds to the MSE one. Note that F’
maximizes to 1.0 for a rarely perfect fit.

The SS in the transformation parameters-based search space [17]. We intro-
duced a particular design of the SS EA to register MRIs, denoted by SS,, for exam-
ple, using the BLX-« combination method, the Solis and Wets’ local optimizer for
the improvement method, and a frequency-based solution generator for the gener-
ator of diverse solutions.

(12.5)
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12.4. Benchmarking of 3D feature-based IR methods

This section is devoted to developing a practical review of the most relevant
(evolutionary and nonevolutionary) solutions to the 3D feature-based IR prob-
lem using the similarity transformation. Both matching-based and transformation
parameters-based search strategies will be considered with the main goal of com-
paring the ICP-based contributions with the remaining ones dealing with complex
IR scenarios.

12.4.1. 3D images considered

As said, our results correspond to a number of registration problems with four dif-
ferent 3D test brain images. These images have been obtained from the BrainWeb
database at McGill University [14, 37]. The purpose of this simulator is to provide
researchers with ground truth data for image analysis techniques and algorithms.
BrainWeb has been widely used by the IR research community [31, 48, 55].

To establish a more realistic scenario, every medical image under considera-
tion corresponds to one MRI. Moreover, we have added different levels of noise
to three of the four images used to model noisy conditions related to the images
acquired by some devices. Likewise, we cannot neglect one of the most important
goals of IR supporting critical decisions concerning the evolution of a patient’s
lesion. To do so, two of our images will include a multiple sclerosis lesion. The
influence of these two factors (the noise intensity and the presence or absence of
lesion) will allow us to design a set of experiments with different complexity levels.

A preprocessing step has been applied to all these 3D images in order to ob-
tain problem dependent information to guide the IR process as well as to reduce
the huge amount of data stored in the initial instances of the images. Therefore,
we extract the isosurface and select crest-line points [46] with relevant curvature
information from both the scene and model images.

The first image (I;, shown at the top left of Figure 12.2) corresponds to an
MRI of a healthy person obtained with an ideal scanner, that is, no lesion is present
and it is a noise-free scenario. After the isosurface extraction to identify the brain
and the crest-line points study to choose those features with relevant curvature
information, 583 points have been selected. Image I, (second row of Figure 12.2)
corresponds to a low level of noise scenario (1% of Gaussian noise) of a healthy
person. After using the isosurface extraction, 393 crest-line points have been cho-
sen. The third image (I3, see first cell at the third row of Figure 12.2) includes a
multiple sclerosis lesion (located within the circle) and the same level of noise of
L. After the isosurface extraction to identify the brain and the crest-line points
study to choose those features with relevant curvature information, 348 points
have been selected. Finally, image I, (the last one at the bottom left of Figure 12.2)
corresponds to a multiple sclerosis patient where the MRI has been acquired using
a poor device (5% of Gaussian noise is introduced). Blurring can be easily ob-
served in the extracted isosurface. Finally, 284 points with relevant curvature have
been identified.
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(b)

FiGure 12.2. From top to bottom: the images Iy, I, I3, and I4. For all of them, (a) original MRI with
three views (transverse, sagital, and coronal). Different organs (skull, brain, eyes, etc.) can be clearly
identified. (b) Isosurface corresponding to the brain from the MRI. (c) Crest line points with relevant
curvature information.

12.4.2. IR problems considered

Our results correspond to a number of IR problem instances for the different 3D
images presented above which have suffered the same four global similarity trans-
formations (denoted by Ti, T, T3, and Ty in Table 12.1), to be estimated by the
different 3D IR algorithms applied (see Section 12.4.3). These are ground truth
transformations and they will allow us to quantify the accuracy of the IR solution
returned by every algorithm. Hence, we will know in advance the optimal (i.e., the
true) registration transformation relating every scene and model input, thus being
able to compute the fitness function value (or the similarity metric) associated to
the optimal problem solution (see Section 12.4.5).

As mentioned in Section 12.2.2, similarity transformations involve rotation,
translation, and uniform scaling. They can be represented by eight parameters:
one for the rotation magnitude A, three for the rotation axis (axis,, axis,, axis;),
three for the translation vector (f, t,, t;), and one more for the uniform scaling
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TaBLE 12.1. Global similarity transformations applied to every 3D image.

Ty T, T3 Ty
A 115.0 168.0 235.0 276.9
axisy —0.863868 0.676716 —0.303046 —0.872872
axisy 0.259161 —0.290021 —0.808122 0.436436
axis; 0.431934 0.676716 0.505076 —0.218218
by -26.0 6.0 16.0 -12.0
ty 15.5 5.5 -5.5 5.5
t, —4.6 —4.6 —4.6 —24.6
s 1.0 0.8 1.0 1.2

TaBLE 12.2. From top to bottom: increasing complexity ranking of the IR problem scenarios consid-
ered.

Scene image Model image
IR problem Lesion Noise Lesion Noise
I, versus T;(I) No No No 1%
I versus T;i(I3) No No Yes 1%
I versus T;(I4) No No Yes 5%
I, versus T;i(I4) No 1% Yes 5%

factor, s. In order to achieve a good solution, every algorithm must estimate these
eight parameters accurately. Values in Table 12.1 have been intentionally selected
as complex transformations to be estimated. Both rotation and translation vectors
represent a strong change in the object location. In fact, the lowest rotation angle
is 115°. Meanwhile, translation values are also high. Likewise, the scaling factor
ranges from 0.8 (in the second transformation) to 1.2 (in the fourth one). This
way, complex IR problem instances are likely to be generated.

Moreover, in order to deal with a set of problem instances with different com-
plexity levels (see Table 12.2), we will consider the following scenarios (from lower
to higher difficulty): I, versus T;i(I2), I, versus Ti(I3), I; versus T;(Is), and I, versus
Ti(I4). Therefore, every algorithm will face sixteen different IR problem instances,
resulting from the combination of the four scenarios and these four different trans-
formations T;.

12.4.3. IR methods considered

This subsection is devoted to describe the different IR methods to be compared in
the subsequent practical benchmarking. Methods belonging to the matching and
the transformation parameters search space strategies, as well as having either an
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evolutionary or nonevolutionary nature will be considered (see Section 12.4.1 for
all the descriptions of the different EA-based IR approaches).

Concerning the considered matching-based IR methods, I-ICP and ICP + SA
are two of the nonevolutionary techniques found in the specialized literature. The
former IR method considers the rejection of false matchings as robust mechanism
for the point-matching step and inspired on the colinearity constraint. I-ICP was
proposed by Liu [39] for addressing the registration of range images. On the other
hand, the latter was proposed by Luck et al. [40] for the pairwise IR of range images
as an hybrid approach that combines an ICP-based algorithm with a Simulated
Annealing [1] procedure within an iterative process. Moreover, we have considered
our proposal inspired on the SS EA (SS,,) as the third matching-based IR method.

With respect to the transformation parameters-based IR methods, three well-
known EA-based IR methods as well as three proposals developed by the au-
thors are used. Yamany et al. [56], denoted by GAvyamany, proposed a binary-coded
GA with a generational model for population reproduction and a proportionate-
fitness selection together with a multipoint crossover operator. Two other transfor-
mation parameters-based IR methods considered are those from He and Narayana
[30] (GAne) and Chow et al. [12] (GAchow). Our three own proposals following
the transformation parameters-based approach SS;,, CHCeql and CHCy, were de-
scribed in Section 12.3.

In our experimentation similarity transformations will be considered because
they are the most appropriate for the current medical application. Since some of
the EA-based IR methods were constrained to use rigid transformations, there is
a need to extend them to make them able to deal with the latter kind of registra-
tion transformations. Due to this reason, all of the evolutionary transformation
parameters-based IR methods and the ICP + SA annealing stage will make use of
the same objective function, that shown in (12.5). Thanks to this, we will be able
to develop a fair comparison respect to our previous proposals’.

All the previous IR methods have been implemented with the C++ program-
ming language and compiled with GNU/gcc without code optimization options.

12.4.4. Parameter settings

Before performing the final experimentation, we have just made a preliminary
study on the most suitable parameter values for the different IR algorithms to be
considered. Both the preliminary tests and the subsequent experimentation have
been made on a platform with an Intel Pentium IV 2.6 GHz processor.

For the I-ICP algorithm, we set a maximum of 40 iterations to ensure its
success under some needed favourable initial conditions. For example, an initial
registration transformation close to the ground truth is needed by the algorithm
to achieve good results. Unfortunately, such information from which an optimal

3Note that GAchow slightly modifies the first term of (12.5) to consider the median square
error.



Oscar Cordon et al. 257

starting point could be inferred is not usually available, thereby we have chosen
an arbitrary rotation, a translation given from the subtraction of both scene and
model centroids, and a uniform scaling factor estimated as in [34]. Furthermore,
the parameter associated to I-ICP has been set to the same value the author used
in [39].

For the ICP + SA algorithm, a maximum of 40 iterations for the wrapped I-
ICP algorithm has also been fixed. The annealing process considers a maximum
of 50 trial solutions for each one of the 20 annealing iterations, with an initial
temperature value estimated with Ty = [¢/ — In(¢)]C(Sy), where C(Sy) is the cost
of the given solution generated by the previous run of I-ICP, and both the y and the
¢ factors take value 0.3. Each ICP + SA two-step iteration involves subsequently
applying the I-ICP algorithm, optimizing the previous solution generated by the
annealing method (if it achieves a best solution reducing the error function), and
starting again a new iteration. We have only considered one iteration for the ICP
+ SA procedure.

Our SS-based point matching proposal, SS,,, deals with an initial set P com-
prised 80 diverse solutions, and a RefSet composed of b = b1 + b2 = 10 solutions,
with b; = 7 in the Quality subset and b, = 3 in the Diversity subset. The local search
algorithm putting into effect the Improvement Method is run for a maximum of 80
iterations.

In the Dynamic GA (GAchow), We set the size of the initial population to 100
individuals and maintained the remaining specific parameters with their original
values [12].

The size of the initial population is 100 individuals, also for GAyamany» CHChpin,
CHCeal, and GAge. As regards the number of bits associated to each gene in both
the GAvamany and the CHCy;, algorithms, we have preferred to consider large in-
dividuals as we want precise solutions even if we use a wide range for each trans-
formation parameter. This leads us to define the binary chromosome (solution to
the IR problem) as an 80-bit structure: ten bits for each of the eight registration
transformation parameters. On the other hand, the value of the parameter « in
the BLX-« crossover, employed in both CHC,., and GApe, is consequently set to
0.5, in order to give them a more suitable balance between the exploitative and
the explorative nature for their search space exploration. Thereafter, crossover and
mutation probabilities are set to P, = 0.6 and P,, = 0.1 for both GAyamany and
GAke.

The parameter settings for SS, follows. The diverse set P is initialized with
30 solutions (Psize = 30) and the RefSet is composed of the b = 8 best ones of
them, according to quality criterion. BLX—« is applied with « = 0.3, while the
improvement method is selectively applied during 80 evaluations.

Unlike the I-ICP and the ICP + SA methods, we have established a maximum
CPU time of 20 seconds for each run of the remaining algorithms. Furthermore,
for each one of the EC-based registration methods as well as for the ICP + SA one,
we have performed a total of 15 runs (with different random seeds) for each of the
sixteen problem instances, in order to avoid the usual random bias of probabilistic
algorithms.
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FIGURE 12.3. Bar graph measuring the robustness degree of the IR methods considered.

12.4.5. Analysis of results

Notice that all statistics in this section are based on a typical error measure in the
IR field, the mean square error (MSE), given by

MSE =

S I - P e

N , .
where f is the estimated similarity transformation, p; are the scene image points,
and ﬁ} are the model image points matching the scene points (the closest to the
former).

With the aim of showing the robustness of the considered IR methods, the
performance obtained by each of them is graphically depicted in Figure 12.3. Such
bar graph corresponds to the average value of the final 4 - 15 = 60 MSE values
achieved in every run for each of the four IR scenarios tackled, fixing one of the
four test transformations considered.

In Figure 12.3, we can see how the IR methods based on the matching ap-
proach (I-ICP, ICP + SA, and SS,,) obtain worse registration estimations for each
of the four transformations than those achieved by the methods based on the
transformation parameters approach, except those estimated by GAchow. Such be-
havior demonstrates the flaws of the matching-based methods and their poor per-
formance when they must deal with not handled initial conditions present in the
images. In spite of this, we want to highlight the success of our SS,, method. It
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TaBLE 12.3. MSE corresponding to the four transformations in Table 12.1 applied to the I; versus
Ti(I), I versus T;i(I3), I versus T;(I4), and I, versus T;j(I4) IR problems considered. The symbol m
stands for the minimum, M for the maximum, 4 for the mean, and o for the standard deviation values.

T, m M U 4 T m M u 4
GAHe 33 43 38 3 GAHe 21 50 27 9
CHCeal 32 32 32 0 CHCreal 21 49 30 13
SSp 32 32 32 0 SSp 21 21 21 0
I versus Ti(I2)
Ts m M u o Ty m M u o
GAHe 32 42 35 2 GAHe 47 115 55 17
CHCeal 32 32 32 0 CHCreal 47 47 47 0
SSp 32 32 32 0 SSp 47 47 47 0
T m M u o T, m M u o
GAHe 65 77 71 4 GAHe 42 48 44 2
CHCreal 65 66 66 0 CHCreal 41 85 44 11
SSp 65 66 65 0 SS 4 42 4 0
I, versus T;(I3)
T3 m M U o Ty m M u o
GAHe 67 83 71 4 GAHe 94 200 113 34
CHCreal 64 64 64 0 CHCreal 93 191 100 25
SSp 64 65 64 0 SSp 93 94 93 0
T m M u o T, m M u o
GAHe 50 68 55 5 GAHe 31 67 36 8
CHCeal 48 49 48 0 CHCleal 31 65 35 11
SSp 48 48 48 0 SSp 31 31 31 0
I, versus Ti(Iy)
T3 m M U o Ty m M u o
GAHe 49 67 54 5 GAHe 71 84 75 4
CHCreal 48 48 48 0 CHCreal 70 70 70 0
SSp 48 48 48 0 SSp 69 70 70 0
T, m M u o T3 m M u o
GAHe 29 33 30 1 GAHe 18 49 21 7
CHCreal 29 75 32 12 CHCreal 18 48 30 0
SSp 29 29 29 0 SSp 18 18 18 0
I, versus Ti(Iy)
Ts m M U o Ty m M U o
GAHe 29 33 31 1 GAHe 45 49 45 2
CHCreal 29 29 29 0 CHCreal 45 45 45 0
SS, 29 29 29 0 SS 45 45 450
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offers the best results with respect to I-ICP, ICP + SA, and GAchow in every case,
as well as to GAyamany considering the T3 transformation.

It could be suspicious that, although GAchew makes use of a real-coded repre-
sentation and it is supposed to be a more recent and suitable EA, previous IR meth-
ods as GAvamany> GAne, and our CHCpi, and CHCyy obtain better global results
with respect to the former. The reason is the initial hypothesis of GAchow when the
process converges to local optima, the global optimum is in the restricted region
of the reestablished search space defined after the application of the proposed dy-
namic boundary mechanism. Since we are dealing with large transformations, the
previous hypothesis is not guaranteed.

From Figure 12.3, three best performing algorithms can be addressed, GApe
our CHCrea, and SS, proposals. Table 12.3 shows the statistics of these three IR
methods, highlighting the best results achieved by the most robust IR method
among those analyzed, SS,.

12.5. Concluding remarks

This chapter addresses the IR problem from the point of view of the applicability of
evolutionary schemes. Firstly, the definition of the IR problem as well as a nonex-
tensive description of each of its components, together with the main drawbacks
present in the traditional IR methods, have been introduced. Next, a review of the
most relevant EC-based IR algorithms has been done to establish the state-of-the-
art in this field, underlining the weak points of current and previous proposals to
encourage researchers to increase the quality of results achieved by the present IR
methods.

Finally, this work ends with a practical benchmarking of the most relevant
IR methods (in our modest opinion) facing the 3D feature-based IR problem by
developing a broad experimentation using several MRIs of human brains. The
results obtained highlight the better performance offered by the evolutionary IR
methods as opposed to the traditional ones.
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13.1. Introduction

Image segmentation consists of subdividing an image into its constituent regions
or objects [10]. The level of subdivision depends on the specific problem being
solved. The segmentation result is the labeling of the pixels in the image with a
small number of labels. This partition is accomplished in such a way that the pixels
belonging to homogeneous regions regarding to one or more features (i.e., bright-
ness, texture, or color) share the same label, and regions of pixels with significantly
different features have different labels.

According to Ho and Lee [11], four objectives must be considered for de-
veloping an efficient generalized segmentation algorithm: continuous closed con-
tours, nonoversegmentation, independence of threshold setting, and short com-
putation time. Many segmentation approaches have been proposed in the litera-
ture [10, 21, 25]. Roughly speaking, they can be classified as edge-based, threshold-
based, and region-based methods. In this chapter, a method is presented which can
be considered as region-based and it pursuits a high-level extraction of the image
structures. As a result, the method produces a k-region partition of the scene. We
take into account this approach by representing an oversegmented version of an
original image as an undirected weighted graph. In this graph, nodes are the image
regions and the edges together with their associated weights are defined using local
information. A high-quality k-partition that uses a variant of min-cut value (nor-
malized cut [24]) for the image graph is computed. The application of a low-level
[26] hybridization between variable neighborhood search (VNS) [15, 18] and a
memetic algorithm [19] to efficiently solve the image segmentation problem is the
core of the proposed method.

Many optimization problems are too difficult to be solved exactly in a reason-
able amount of time. Due to the complexity of these problems, efficient approx-
imate solutions may be preferable in practical applications. Heuristic algorithms
are proposed in this direction. Examples of heuristics are many local search proce-
dures that are problem specific and do not guarantee the optimality.
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Metaheuristics are high-level general strategies for designing heuristics proce-
dures [9, 16, 29]. The relevance of metaheuristics is reflected in their application
for acceptably solving many different real-world complex problems, mainly com-
binatorial. Since the initial proposal of Glover about Tabu search in 1986, many
metaheuristics have emerged to design good general heuristics methods for solv-
ing different domain application problems. Genetic programming [17], GRASP
[8], simulated annealing [1], or ant colony optimization [6] are other well-known
examples of metaheuristics. Their relevance is reflected in the publication of many
books and papers on this research area [9, 29].

The application of evolutionary techniques to image processing and com-
puter vision problems has increased mainly due to the robustness of the approach
[21]. Many image analysis tasks like image enhancement, feature selection, and
image segmentation have been effectively solved using genetic programming [22].
Among these tasks, segmentation is one of the most difficult ones. Usually, the
standard linear segmentation methods are insufficient for a reliable object classifi-
cation.

The usage of some nonlinear approaches like neural networks or mathemat-
ical morphology methods has provided better results [25]. However, the inherent
complexity of many scenes (i.e., images with noncontrolled illumination condi-
tions or textured images) makes it very difficult to achieve an optimal pixel classi-
fication into regions, due to the combinatorial nature of the task.

Evolutionary image segmentation [11, 22, 31] has reported a good perfor-
mance in relation to more classical segmentation methods. Our approach of mod-
eling and solving image segmentation as a graph partitioning problem is related to
Shi and Malik’s work [24]. They use a computational technique based on a gener-
alized eigenvalue problem for computing the segmented regions.

This chapter introduces a hybrid evolutionary algorithm as a graph-based ef-
ficient segmentation technique to improve quality results. This new algorithm is
based on a low-level hybridization between a variable neighborhood search (VNS)
and a memetic algorithm (MA). In Section 13.2, several approaches, related to
our work, are revised. Section 13.3 resumes a brief introduction to memetic al-
gorithms. The optimization strategy is introduced in Section 13.4. VNS meta-
heuristic is presented in Section 13.5. Section 13.6 describes our evolutionary al-
gorithm proposal. Graph construction details and method overview are described
in Section 13.7. In Section 13.8, some experimental results are presented. Finally,
we conclude this chapter in Section 13.9.

13.2. Related work

This section revises two segmentation approaches related to our work: metaheuris-
tics-based and graph-cut-based. The first approach consists of considering the seg-
mentation task as an optimization problem in which an objective function is im-
proved by means of a metaheuristic procedure. The second approach consists of
transforming the image into a graph, where some graph cut techniques are ap-
plied.



Abraham Duarte et al. 267
13.2.1. Metaheuristics review in image segmentation framework

Metaheuristics are general procedures successfully applied to a large diversity of
very hard combinatorial optimization problems. Surprisingly, compared to the
amount of research undertaken on these optimization problems, relatively little
work has been devoted to the application of metaheuristics to computer vision
and image processing, despite the potential advantages of robustness, quality, and
efficiency [21].

Many image analysis tasks like image enhancement, feature selection, and im-
age segmentation may be effectively solved using metaheuristics [22]. Among these
tasks, segmentation is, in general, one of the most difficult tasks. Usually the stan-
dard linear segmentation methods are insufficient for a reliable object classifica-
tion.

The inherent complexity of many scenes (i.e., images with noncontrolled illu-
mination conditions or textured images) makes very difficult to achieve an optimal
pixel classification into regions, due to the combinatorial nature of the task.

Metaheuristics-based segmentation has been focused on the use of evolution-
ary algorithms [11, 22, 31] that have reported a good performance in relation to
more classical segmentation methods. A reduced number of papers using other
metaheuristics for image segmentation have been reported. In general, unsuper-
vised image segmentation is modeled as a clustering problem, which has been
tackled using fuzzy algorithms [2, 13] and ant colony optimization (ACO) meta-
heuristic [20].

Our approach for modeling and solving image segmentation as a graph parti-
tioning problem is related to Shi and Malik’s proposal [24]. These authors use a
computational technique based on a generalized eigenvalue problem for comput-
ing the segmentation resulting regions.

13.2.2. Image segmentation via graph cuts

The first work in image graph-based segmentation method used fixed neighbor-
hood structures and local measures in computing segmentation [32]. In [4] a
method is presented based on the computing of the minimum spanning tree of
the image graph, and it has also been successfully used in clustering applications.
In general, a high-quality segmentation is obtained for simple images (i.e., syn-
thetic) but, for complex images, the results are not acceptable. In [27] an edge
weight normalization stage is proposed, which is not suitable to provide a reason-
able adaptive segmentation results.

Recent literature has witnessed two popular graph cut segmentation methods:
the minimum cut (and their variants) using graph cuts analysis [24, 28, 30] and
energy minimization, using the max flow algorithm [14, 23]. More recently, a third
major approach has been proposed based on a generalization of Swendsen-Wang
method [3]. In this chapter, we focus on a variant of min-cut (normalized cut
[24]) approach because this formulation has achieved successful results in image
segmentation frameworks [24].
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The min-cut optimization problem, defined for a weighted undirected graph
S = {V,E, W}, consists of finding a bipartition G of the set of vertices or nodes
of the graph: V = (C,C’), where V = C U C’, such that the sum of the weights
of edges with endpoints in different subset is minimized. Every bipartition of the
set of vertices V into C and C’ is usually called a cut or cutset and the sum of the
weights of the edges, with a vertex in C and the other vertex in C’, is called cut
weight or similarity (s) between C and C’. For the considered min-cut optimiza-
tion problem, the cut weight or similarity between C and C’, given by

s(C,C) = Z Wous (13.1)

veC,ueC’

is minimized, where w,, is the edge weight between nodes v,u € V. In [12] it is
demonstrated that the decision version (reformulation of the problem with binary
variables) of max-cut (dual version of min-cut problem) is NP-complete. This way,
we need to use approximate algorithms for finding a high-quality solution in a
reasonable time. The min-cut approach has been used by Wu and Leahy [30] as
a clustering method and applied to image segmentation. These authors search a
partition of the image graph into k subgraphs such that the similarity (min-cut)
among subgraphs is minimized. They pointed out that although for some images
the segmentation result is acceptable, in general, this method produces an over-
segmentation because small regions are favored. To avoid this fact other functions
that try to minimize the effect of this problem are proposed [4]. The function that
must be optimized (minimized) called min-max cut is

zvec ueC’ Wyu zvec ueC’ Wyu s(C, C") s(C,C")
cut(G) = . + . = + R 13.2)
Zve(),uec Wy ZveC’,ueC’ Wy s(C,0) s(C,C) (

where the numerators of this expression are the same s(C,C’) and the denom-
inators are the sum of the edge weights belonging to C or C’, respectively. It is
important to remark that in an image segmentation framework, it is necessary to
minimize the similarity between C and C’' (numerators) and maximize the sim-
ilarity inside C, and inside C’ (denominators). In this case, the sum of edges be-
tween C and C’ is minimized, and simultaneously the sums of weights inside of
each subset are maximized. In [24] an alternative cut value called normalized cut
is proposed which, in general, gives better results in practical image segmentation
problems:

ZvEC,uEC’ Wiy + ZVEC,uEC’ Wyu _ S(C) C,) + S(Ca C,)

Ncut(G) = = .
cut(G) ZveC,ueV Wyy ZveC’,ueV Wyy (G, V) s(C, V)

(13.3)

13.3. Memetic algorithms

Unlike traditional genetic algorithms (GA), memetic algorithms (MA) [19] are in-
trinsically concerned with exploiting available knowledge about the problem un-
der study. This approach is not an optimal mechanism but, in general, yields to a
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solution improvement. Optimization is accomplished in MA framework by incor-
porating problem dependent heuristics: approximation algorithms, local search
techniques, specialized recombination operators, and so forth. Moreover, MAs can
be additionally improved by means of a low-level or high-level hybridization [26]
with other metaheuristics.

MAs are a search strategy in which a population of optimizing individuals
(called optimizing agents in MA context) cooperate and compete in order to get
high-quality solutions. Cooperative-competitive strategy of optimizing agents get
a synergy among the different search approach incorporated. The most distinctive
characteristic of MAs is the inclusion of problem knowledge which is supported
by no-free-lunch theorem which establishes that the quality and robustness of one
algorithm is in accordance with the amount of information that they incorporate
in its own design.

In order to design an MA, the main template is inherited from GAs and only
the problem specific details have to be rewritten, such as the definition of problem-
dependent recombination and mutation operators, the population initialization
function and the local search. Notice that any kind of the problem knowledge can
be incorporated creating new memetic operators. In summary, the following steps
are thus necessary for designing an MA.

(1) Find a suitable representation for the solutions (individuals) and an
evaluation function for calculating the fitness of a given solution based
on the referred representation.

(2) Find alocal search strategy.

(3) Find a suitable initialization method for the initial population.

(4) Define a problem-dependent mutation and recombination operators.

13.4. Optimization strategy

There are some metaheuristics which are mainly concerned with diversification
purposes. For instance, evolutionary algorithms (EA) belong to this kind of pro-
cedures. On the other hand, another metaheuristic such as variable neighborhood
search (VNS) and their variants [15, 18] focuses almost entirely on the search in-
tensification. Regarding this fact, EA and VNS can be considered as complemen-
tary algorithms. In addition, the hybridization of these techniques can yield to
very effective and robust methods. This chapter proposes a new evolutionary al-
gorithm based on a low-level hybridization [26] between a specific memetic algo-
rithm and variable neighborhood search procedure. The developed algorithm is a
good tradeoff between intensification and diversification strategies.

The intensification phase is mainly carried out by the VNS procedure. This
metaheuristic intensively looks for quality solutions in a predefined set of neigh-
borhood structures. If the search procedure is got stuck, VNS changes the neigh-
borhood structure in order to get away from local optimum. Notice that although
the main task of VNS is the search intensification, this metaheuristic also diversi-
fies the search procedure by means of neighborhood changing. On the other hand,
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FIGure 13.1. VNS search process.

EA objective is mainly related with the diversification stage. This task is accom-
plished with traditional operators (selection, mutation, and crossover) enriched
with some knowledge about the problem. Notice that although the main task of
MA is the search diversification, this metaheuristic also intensifies the search pro-
cedure by means of population evolution and the inclusion of problem-dependent
operators. In the following two sections, we, respectively, describe the VNS and the
hybrid MA implementations, developed for the segmentation problem.

13.5. Variable neighborhood search

This section resumes the main features of variable neighborhood search (VNS)
metaheuristic. This metaheuristic, which was originally proposed by Hansen and
Mladenovic [15, 18], is based on the exploration of a dynamic neighborhood
model. Each step has three major phases: neighbor generation, local search, and
jump.

Unlike other metaheuristics based on local search methods, VNS allows
changes of the neighborhood structure during the search. The basic idea of VNS
is to change the neighborhood structure when the local search is trapped on a lo-
cal optimum. In Figure 13.1 a landscape example of a given objective function is
presented. The search process starts from A and, after applying successively the
search procedure, it was trapped in the local optimum B. The metaheuristic VNS
by means of a systematic change of the neighborhood structure (augmenting the
considered neighborhood) could scape from B, following with the search proce-
dure and reaching C. Then, the neighborhood structure returns to its original size
and VNS goes on with the search, reaching the following local optimum D. This
process is maintained until a determined finish condition is met.

Let Nk, k = 1,..., kmax, be a set of predefined neighborhood structures and
let Ni(x) be the set of solutions in the k-order neighborhood of a solution x. In
the first phase, a neighbor x" € Ni(x) of the current solution is applied. Next, a
solution x”" is obtained by applying local search to x’. Finally, the current solution
jumps from x to x”’ if x”’ is a better solution than x. Otherwise, the neighbor-
hood order k is increased by one and the above steps are repeated until some stop-
ping condition is met. The pseudocode of a typical VNS procedure is illustrated in
Algorithm 13.1.
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Procedure VNS (x)
var
x: Initial solution
x", x'": Intermediate solutions
k: Neighbourhood order
begin
/*First Neighbourhood Structure*/
k=1;
while k < kmax do
/*Select an random solution in k-
neighbourhood structure*/
x" = Random (x, Nk(x))
/* Use the local search procedure shown
in Figure 7.3%/
x"" = LocalSearch (x');
/* Replace the actual solution by the new
one when an improvement is obtained */
if w(x"") > w(x) then
x=x"
k=1;
else
k=k+1;
end if
end while
end
end VNS

ArGoriTHM 13.1. VNS high-level pseudocode.

In the segmentation framework described in this chapter, the k-order neigh-
borhood is defined by all solutions that can be derived from the current one by
selecting k vertices from one subset of the vertex bipartition and transferring them
to the other subset.

The local search phase is based on the following neighborhood structure. Let
(Cqs, C,) be the current cutset solution. For each vertex v € V we associate a new
neighbor cutset (Cy, C,):

Cy=C,— v};C, =C,+{v} ifved,
(Ch, Cy) = Ni(Co, C) = (13.4)
C,=Co+{v};C,=C,—{v} ifveC,

We define for each node v € V the functions C_to_C’ and C’_to_C as
o S(C,C)+a'(v)-a(v)  s(C,C)+a'(v)-a(v)
CtoC'lv) = sS(C,V)+a(v) s(C, V) =o' (v)

, _s(C,C) =o' () +a(v) s(C,C)—0o'(v)+a(v)
Ctol0) =" CVi—ot) sC,V)+o)

(13.5)
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Procedure LocaL_Search (g)
var
g = (C,C"): Cutset structure
begin
for v =1 to Nodes_in_considered_graph do
if ve Cand C_to_C'(v) > 0 then
/¥v:C—C */
C=C\{vh
C' =C u{vh
end if
if ve C and C' to_C(v) > 0 then
/¥v:C - C*/
C'=C\{vh
C=Cu{v}h
end if
end for
end
end Local_Search

ALGorITHM 13.2. Local search high-level pseudocode.

where o(v) and o’ (v) are

o(v) = Z Waus o'(v) = Z Wy (13.6)

ueC ueC’

These two functions (C_to_C" and C’_to_C) are characterized by the change
in the objective function value (fitness) associated with moving vertex v from one
subset of the cut to the other. These two functions are highly related with Ncut
function, defined in Section 13.2.

In order to improve the objective function value, a vertex makes a movement
in the two following situations:

ifve CAC_to.C'(v) >0, thenC — C/,

13.7
ifve C'AC _to.C(v) >0, thenC — C, ( )

where C — C’ (equivalently C" — C) represents the movement of vertex v from
subset CtoC’' (CuC' =V).

All possible moves are examined. The current solution is replaced by its best
improving neighbor solution. The search stops after all possible moves have been
evaluated and no improving neighbor is found. The used local search strategy is
summarized by the pseudocode of Algorithm 13.2.

This local search procedure tests all possible movements for each node be-
tween C and C’ and vice versa. Therefore, the current solution is replaced by the
best solution found in the neighborhood structure defined above. The procedure
ends when no possible neighbor movement improves the current solution.
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L frfolofo]

(a)
FIGURE 13.2. Cutsets representation.
13.6. Hybrid metaheuristic

This section describes a new evolutionary low-level hybridization for the image
segmentation problem. In order to use a memetic algorithm for solving this

problem, we need to code each feasible solution. Let V' = {1,...,n} be the nodes
set of a given graph. The possible cuts on this graph can be coded by a Boolean
n-vector I = (iy,...,i,) such that the value of each component i, € {0,1} with
1 < u < nis given by the characteristic function
. 1 ifuedC, (13.8)
Iy = . .
0 ifuedC.

Figures 13.2(a) and 13.2(b) show two examples of cuts and their respective
encodings.

For selecting high-quality individuals, we used a fitness-proportionate selec-
tion [16, 17], which favors individuals with high-fitness value without suppressing
the chance of selection of individuals with low fitness, thus avoiding premature
convergence of the population.

The proposed algorithm starts with a random initial population of individuals
which represent cuts, generated by InitialPopulation procedure. Then, these cuts
are improved (with probability P;) by means of a local search procedure described
in Algorithm 13.2.

A subset of individuals are selected using a fitness-proportionate selection.
Some selected individuals are crossed over, with a probability P,. In the proposed
implementation, we have not used standard crossover (breaking individuals (par-
ents) in several parts and generating the offspring merging parts of different par-
ents) because this method can destroy the high-quality structures obtained by
means of evolution. We have considered a fixed crossover method [5, 19], which
takes into account the structural information of each individual and provides,
in general, better offspring [19]. Specifically, fixed crossover is implemented as
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1 1 0 0 0 Father (F)

(=)
—
(=}
—
—

Mother (M)

=0

g1, 1) =1
8(0,0)
g(0,1) =rand (0,1) = 0
g(0,1) =rand (0,1) = 1

g(1,0) =rand (0,1) = 1

—
—
(=}
(=}
—

Child (X)

FiGure 13.3. Fixed crossover procedure.

follows: given a father F = {fi,..., f,} and a mother M = {my,,...,m,}, their
corresponding child X = {x;,...,x,} is determined by the considered fixed
crossover function g : {1,0} x {1,0} — {1,0}. With this crossover function, each
bit x,, of new offspring is given by the following random Boolean function:

0 i (fu = 0) A (my = 0),
Xy =g(furmy) =71 if (fu=1)A(m,=1), (13.9)
rand(0,1) if f, # my,

where rand(0, 1) is a random Boolean value ({0, 1}). In this way, if both parents
are in the same subset, the offspring node lies in this subset. Otherwise, the node
is randomly assigned to one of the subsets. Graphically, the crossover strategy is
presented in Figure 13.3.

To end up the evolution cycle, new individuals are subject to mutation (a ran-
dom change of a node from C to C’ or vice versa) with probability P,, = 1/|V|. By
this way, the allele mutation probability (P,,) is problem independent.

Algorithm 13.3 shows the high-level pseudocode of the corresponding hybrid
evolutionary algorithm.

13.7. Method overview

Pixel-based and region-based evolutionary segmentation approaches share the
same basic structure. The only difference between the two methods is that region-
based methods produce an oversegmented image, as a preprocessing stage, for ex-
ample, applying standard watershed segmentation to the initial brightness image.
So, pixel-based methods use as input image the original image and region-based
methods use as input image the oversegmented image.

In region-based approach a method constructs the corresponding weighted
graph for the input image (the previously oversegmented image). This graph is
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Procedure Hybrid_Evolutionary_Algorithm (g)
var
g = (C,C"): individual cutset structure
pop: population of cutsets
MaxGen: Number of Generations
PopSize: Number of individuals
pc, pm: Cross. and mut. probabilities
pi: Improvement probability
i: Generation Counter
j: individual Counter
begin
/* Generate random cuts individuals*/
pop = Initial_Population (g);
/* Optimize initial population*/
pop = Apply (Local_Search (), pi); /*Figure 7.3*/
Best_Solution = Evaluate_Population (pop); /* Ncut*/
for i =1 to MaxGen do
J=0
while (j < PopulationSize) do
/*Criteria: Random Wheel*/
father = Selection (pop); /*Ncut*/
r =rand 01 (); /*Random function*/
if (r < pc) then
/*Criteria: Random Wheel*/
mother = Selection (pop); /*Ncut*/
child = FixCross (father, mother);
Apply (VNS (child), pi); /*Figure 7.2*/
pop = InsertInPopulation (pop, child);
j=i*h
end if
end while
pop = Apply (Mutation (pop), pm);
Best_Solution = Evaluate_Population (pop); /*Ncut*/
end for
return Best_Solution
end Hybrid_Evolutionary_Algorithm ()

ArGoriTHM 13.3. Hybrid algorithm high-level pseudocode.

defined by representing each resulting region by a unique node and defining the
edges and corresponding edge weights as a measure of spatial location, grey level
average difference, and cardinality between the corresponding regions.

The oversegmented image may be modeled by means of the region adjacency
graph (RAG), a usual data structure for representing region neighborhood rela-
tions in a segmented image [25]. In this graph, adjacent regions are merged in
order to reduce the number of regions until a semantically meaningful segmenta-
tion is obtained.

Our approach shares this perspective and provides as segmentation result an
adaptable tree-based image bipartition where the first levels of decomposition cor-
respond to major areas or objects in the segmented image. With this aim, we pro-
pose a new data structure, called modified region adjacency graph [7] (MRAG)



276 Image segmentation hybridizing VNS and MA

that takes advantages of both RAG and pixel-based representations in which non-
adjacent pixels can be joined. The MRAG structure is an undirected weighted
graph G = {V,E, W}, where the set of nodes (V) represents the set of centers
of gravity of each oversegmented region, and the set of weighted edges can corre-
spond to nonadjacent regions.

The edge weights w;; € W are computed by the following function:

(13.10)
0, elsewhere,

{ec"(l'lj)z/”f ce Yy — x| <
wij =

where r, is an experimental threshold value, I; is the grey level mean intensity of
region i, and x; is its center of gravity. The values of oy, 0y, and r, are adjusted
experimentally and, in general, they depend on the image features. Nonsignificant
weighted edges, according to defined similarity criteria, are removed from the im-
age graph. Finally, C;; takes into account the cardinality of the regions i and j. This
value is given by
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(13.11)
where || E;|, || E; || are, respectively, the number of pixels in regions i and j.

The final stage of the process consists of iteratively applying the considered
algorithm in a hierarchical fashion to the corresponding subgraph, resulting from
the previous graph bipartition, until a termination condition is met. This condi-
tion is a tradeoff between a required segmentation precision and efficiency. This
stage itself constitutes an effective region merging method for oversegmented im-
ages.

13.8. Experimental results

This section describes the experimental results obtained using the proposed hy-
brid metaheuristic. Experiments were performed in an Intel Pentium 4 processor
at 1.7 GHz, with 256 MB of RAM. All algorithms were coded in C++, without opti-
mization, and by the same programmer in order to have more comparable results.
The main parameters and corresponding used values of the designed hybrid
evolutionary metaheuristic are as follows.
(i) Memetic algorithm
(a) Initial random population of 50 individuals, called PopSize.
(b) PopSize is initially improved by means of the aforementioned search
strategy (in Algorithm 13.2) with a probability P; = 0.25.
(c) The probability of crossover P. is 0.6 and it is performed by fixed-
crossover method.
(d) The maximum number of generations MaxGen is 50.
(e) After the crossover, the new individuals are also improved by the
described VNS strategy with a probability P; = 0.25.
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FiGure 13.4. (a) Original peppers image (256 X 256) and (b) its corresponding oversegmented water-
shed transformation.

(f) In each generation, a mutation process is applied with a probability
P, =1/|VI|.

(g) The procedure ends when no individual improves its fitness or it is
reached the MaxGen value.

(ii) Variable neighborhood search

(a) Each child obtained after a fixed-crossover application is the initial
solution for VNS procedure.

(b) The maximum neighborhood order kpay is set to 1% of the number
of nodes in the graph.

Figure 13.4(a) shows the original peppers image while Figure 13.4(b) its cor-
responding watershed transformation. As explained in the previous section, the
method needs the image graph representation in order to apply the bipartition
scheme. This graph is constructed via a standard watershed transformed image.
Figure 13.5 shows the segmentation sequence for the peppers image. Note that the
left image of every row carries more semantical information and is bipartitioned
in a hierarchical fashion.

Figures 13.6 and 13.7 show the first iteration of the bipartition process for
their respective original images. Note that in the case of the elephants the sky area
is very homogeneous and the watershed transformation returns large regions com-
pared to the others images. This fact is not very useful since it tends to contaminate
weighting values in the formula.

Last example of a first stage bipartition is shown in Figure 13.8. The original
image of this figure has been corrupted with salt and pepper noise in those very ho-
mogeneous areas where the watershed transformation gives very large fragments
compared to the ones of the important object.

13.9. Conclusions

This chapter introduces a hybrid evolutionary algorithm as a graph-based efficient
segmentation technique to improve quality results. This new algorithm is based
on a low-level hybridization between a variable neighborhood search (VNS) and
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Ficure 13.5. Application of the proposed method to the peppers image shown in Figure 13.4. The
oversegmented image is bipartitioned in a hierarchical fashion. From top to bottom rows: First, second
and third cut images. Left image in each row is hierarchically subdivided.

a memetic algorithm (MA). On the one hand, we have used VNS as an additional
intensification procedure to improve the corresponding optimization process. On
the other hand, an MA is mainly used to diversify the corresponding search pro-
cess. Notice that this MA includes several problem-dependent data and methods.

For the image segmentation problem, a hierarchical region-based segmenta-
tion approach has been considered. An important advantage of this graph design
is that some partially occluded objects, resulting in more than one nonadjacent
region in the image could be wrong merged. The image segmentation problem is
now equivalent to minimize the normalize cut value in the corresponding graph.
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(c)

FIGURE 13.6. (a) Original image (480 x 320). (b) Watershed image. (c) and (d) First bipartition results.

© )

FiGure 13.7. (a) Original image (480 x 320). (b) Watershed image. (c) and (d) First bipartition results.

For a region-based approach the input image is firstly oversegmented using a stan-
dard watershed algorithm. Next, the associated MRAG structure has been built to
model the segmentation problem as a weighted graph.

The region representation allows processing of larger spatial resolution im-
ages than the pixel-based approach or any other typical graph-based segmentation
method. Also, the hybrid algorithm provides an effective region merging method
for oversegmentation problems, achieving high-quality segmentation in an effi-
cient way. An important advantage of the approach is that MRAG structure does
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Ficure 13.8. (a) Original image (320 x 480) corrupted with noise artifacts in the homogeneous areas.
(b) Watershed image. (c) and (d) First bipartition results.

not need to be updated when merging regions. Moreover, the resulting hierar-
chical top-down segmentation degree is adaptable to the complexity of the con-
sidered image and to the application requirements. The experimental results also
show that this algorithm has a robust behavior and gives high-quality solutions,
independently of the graph characteristics.
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Model-based image
analysis using evolutionary

computation

Jean Louchet

Artificial evolution provides powerful techniques in model-based image analysis
and model identification. In this chapter, we show how evolution strategies can
actually widen the scope of Hough transform generalisations and how some of
their variants and extensions, in particular the Parisian approach, can efficiently
solve real-time computer vision, sensor fusion, and robotics problems with little
reference to more traditional methods.

14.1. Introduction

14.1.1. Image synthesis: a source of models and
heuristics for image analysis

From the seventies, image synthesis has been undergoing a huge development with
its own subdomains, and obtained results with high visual quality as needed by the
image and film industry. In parallel, efforts were made to make these techniques
more affordable, using specialised architectures, simulators, and algorithmic re-
search.

On the other hand, while the image synthesis community showed limited in-
terest in analysis, the machine vision community was increasingly using synthe-
sis as a reference in its own work. Synthesis was first used as a tool to assess the
performance of image analysis algorithms and systems, but the influence of the
“knowledge-based systems” philosophy soon encouraged the image analysis com-
munity to use it as a technique to express and manipulate a priori knowledge on
the scene to be analysed, rather than merely a tool to build a posteriori evaluation
systems. The status of the vision algorithm has been evolving since, to become an
engine to instantiate the parameters of a scene model, using pixel calculation: as
computational tools have been developing, synthesis evolved from being a con-
ceptual, indirect reference in vision to an operative reference now using common
models and algorithms.

In its early hours, image analysis was widely inspired by signal analysis and
its success story can be partly explained now through the relevance of contours
as probable projections of 3D edges. Other authors introduced region algorithms
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whose philosophy is more oriented towards the detection of probable projections
of homogeneous facets from the 3D scene, leading to quite different pixel com-
putation methods. While contour algorithms rely on discontinuities (which may
have a psychophysic flavour), “region” algorithms rely more explicitly on physics,
as a region may be described in its essence as a set of geometric (connectivity) and
photometric (material homogeneity) properties of the objects in the scene.

Here, modelling is used to formalise a priori knowledge about the scenes. This
knowledge can be divided into two components. The first one is specific to the
scene studied: it consists essentially in a geometric description, completed if neces-
sary with parameters linked to rendering texture and photometric attributes (such
as albedo, diffusion diagrams, light sources). The second one is general knowledge
about physics: general optics, rules about objects collisions (if applicable), and so
forth.

14.1.2. Heuristics and segmentation

Among all other segmentation approaches (contours, interest points, etc.), image
segmentation into regions is probably the most natural (if not always the easiest to
implement). Let us examine why.

In a 3D scene, an elementary facet (or, more generally, a portion of a sur-
face) is the only simple entity which actually supports a physical process (here,
the reflection and diffusion of light) involved in the formation of a natural im-
age.! Attempts to accurately model what is happening when light interacts with an
object will naturally lead to introduce colour (wavelength dependent) and bright-
ness values, complex reflection and diffusion models (the optician’s point of view),
and texture models (the probabilistic point of view) as parameters attached to the
physical surfaces of objects. The same would obviously be untrue with other prim-
itives as edges or corners. Thus, all the radiometric properties of usual objects are
in fact properties of their surfaces. These 3D real-world properties of objects in
the scene may hopefully be translated into properties of the corresponding zones
in the images.

This is why region segmentation is the most natural approach to segmenta-
tion. Most a priori knowledge about the scene—at least the general laws of
optics—can be expressed as physical properties. In spite of all the instrumental
artefacts that can appear when the digital image has been created (geometrical dis-
tortion, optical aberrations, sampling errors, noise, etc.), these physical properties
will have to be translated into physical properties at the image level.

If, as it often happens, we have no specific knowledge on the scene, it is then
reasonable to suppose that two points in the scene, if they belong to the same
object, will be more likely made from the same material than if they belong to
two different objects. Now, if we project this assertion onto the image plane, the

IThis may not be the case, for example, in radar images where diffraction is the dominant physical
process involved.
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two corresponding pixels will probably look more closely like each other than if
they belonged to two different objects. This pixel similarity may be evaluated on a
photometric level (having the same colour), on a geometrical/statistical level (hav-
ing the same texture), or even sometimes on more elaborate levels like having the
same apparent velocity, having the same type of behaviour or, for greater numbers
of points, having apparent velocities that can be translated into a consistent model
of a solid object in motion.

This is where the “homogeneity predicate” has been introduced. A portion
of an image will be said to satisfy the homogeneity predicate if all (or most) of
its pixels present a sufficient level of similarity as defined above. The choice of a
homogeneity predicate is essential, because it is the formal expression of all the
knowledge we have on the image in order to understand it as containing 2D pro-
jections of significant 3D real-world objects.

The problem now is to find which is the best way to divide the image into
regions so that a homogeneity predicate is fulfilled as nicely as possible by each
region. As always, there will be a very large number of resolution techniques: some
of them will normally give an excellent solution but will be expensive to program
and/or to run, other ones will never give as good solutions as above but will be
cheap and fast to run, other ones will give rough results in a very short time and
then progressively refine them (this is the kind of things roboticians love), and so
on.

To summarise, writing a region segmentation algorithm should ideally consist
of two parts. The first part consists of listing the properties one would expect from
the result of segmentation, this is done by translating into the image plane the gen-
eral physical properties we already know about the scene: this is “problem-specific
knowledge.” The second part consists of writing or readapting an algorithm able
to solve the problem, this part of the task involves “general knowledge on prob-
lems resolution.” This is but the very basic ideas underlying the theory of artificial
intelligence and knowledge-based systems.

For example, with a given homogeneity predicate, we know that it is possible
to segment the same image using very different techniques: split, merge, split and
merge, region growing, and so forth. These techniques will have different cost and
performance, but will not give essentially different results. Conversely, if with one
application involving one style of images (say, detecting elks in a forest using a
colour camera) we have found a very good combination of a homogeneity pred-
icate and a resolution engine, then when facing a different vision problem (say,
detecting an aircraft in the sky using an infrared camera), we will probably have
to write a new homogeneity predicate, but may probably reuse the same resolu-
tion engine. In an ideal world, any predicate may be combined with any resolution
engine.

Of course, practice is not quite as clean, and many resolution engines are very
much specific to one homogeneity criterion. Whatsoever, it is still advisable to
separate as much as possible the image-specific or scene-specific knowledge from
the general (possibly mathematical) knowledge on resolution techniques. This will
become truly obvious when using classical optimisation methods to solve image
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FiGure 14.1. 3D model and segmentation.

processing problems that have first been translated into a cost function to be opti-
mised (e.g., contour tracking, snakes, or the apparent motion constraint equation
for motion analysis, etc.).

The role of image analysis is to use image data in order to build a “cogni-
tive” model of the scene, similar to the scene description models used as input
data by image synthesis algorithms. Image analysis may thus be considered as the
inverse process of image synthesis and scene models (viewed as image synthesis in-
put or as image analysis output) should ideally use the same description language
(Figure 14.1).

One of the first questions arising is the choice of a scene modelling language.
A majority of modelling languages use facets and polyhedra, which is well adapted
to the usual environments containing opaque objects with geometrical regularity,
but other primitives and representations may be more suitable in other instances.
In general, image segmentation will produce polyhedral structures: corners, edges,
facets, and their photometric attributes, grouped into objects. This may be com-
pleted with a description of light sources, velocities and deformation, object inter-
action, and individual or collective behaviour.

The first task of an image segmentation algorithm will then be to build such
a polyhedral object database. A most naive way to solve this problem would be
to exhaustively explore the space of all possible scene models, or just of all “rea-
sonable” (i.e., polyhedral) scene models. To this end, one should find a fast and
efficient image synthesis algorithm, feed it with all these models, and compare the
output image with the reference image to be analysed in order to decide which
model predicts it the best.

The principle above is not quite as unrealistic as it would appear at first glance.
It has been successfully used in the early seventies to determine aircraft 3D atti-
tude from trajectography image sequences. As the object is centred and its shape
is known, there are only 3 parameters to identify, making the search space small
enough to explore it fast without using lots of refinement. In more complex cases,
the same principles may remain valid, though requiring smarter parameter space
exploration techniques as we will see through the examples given further.
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Whatever exploration method has been chosen, one has to optimise the simi-
larity of a synthesized image with a real-world image. How is it possible to measure
the degree of similarity between two images? Mean square error methods are easily
implemented but seldom satisfactory as too sensitive, for example, to small trans-
lations. This is why similarity functions should be based on image attributes as
little sensitive as possible to the image transforms to which we want the algorithm
to be tolerant. In practice, the image analysis problem is expressed as the minimi-
sation of a cost function which will be chosen according both to semantic and to
computational criteria.

However, in a vast majority of applications, while this approach of image anal-
ysis (as the inverse problem of image synthesis) may help to specify the problem,
it will not necessarily give a resolution method for free. This is precisely where the
history of image processing can be reconsidered (or rewritten) under a new angle
of view.

Pioneering work in image processing may be viewed as implicit, unexpressed
attempts to dramatically reduce the huge combinatorics found when trying to
solve image analysis problems as inverse problems of image synthesis. To make
this problem tractable, one had to exploit as much as possible general knowledge
about the scene (or the class of scenes to be analysed) and create heuristics to re-
duce exploration time. This will be made clearer through an example.

General knowledge about scenes containing man-made objects tells that many
objects have polyhedral shapes and are made from homogeneous materials.
Knowledge about geometry and optics tells that 3D facets will be projected on
the image as polygons, or at least regions which are probably connex. Knowledge
on optics (and common sense) tells that a facet from an object made from a sin-
gle material will keep some homogeneity properties in its image projection (under
usual lighting conditions). Similarly, 3D edges will project as straight lines, and
as the two facets adjacent to the 3D edge will (if visible) be illuminated under
different angles, there will be some sort of contrast between the two sides of the
line. To exploit these properties and explore the search space more efficiently, it
was then obvious that it is advantageous to explore first the scene models contain-
ing facets that project onto homogeneous regions, or containing edges that project
onto highly contrasted lines. This is at least one interpretation of how region-based
and contour-based segmentations have come to life. More generally, to each 3D
model entity (corner, edge, facet, etc.), it is possible to associate a (hopefully lo-
cal) property in the image: modelling these properties and detecting image entities
which fulfil them are the heart of image processing.

The way the geometrical primitives in a polyhedral model are hierarchised
can be translated into a hierarchy of image processing entities [5]:

(i) an interest point, as a pixel likely to be the image projection of a corner
of a (at least locally) polyhedral object;

(ii) a contour, as a curve or an image line likely to be the projection of a side
or a boundary of an object;

(iii) a region, as a connex subset of the image likely to be the projection of a

fragment of an object or facet surface;
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TaBLE 14.1. Correspondence between image analysis and synthesis primitives.

Dimension | Segmentation type  Synthesis equivalent — Technique Property
0 Interest point Corner Local extremum  Concentration
1 Contour Side Gradient Disparity
2 Region Facet Colour, texture ~ Uniformity
3 Dynamics Motion, stereo Correspondence Similarity, disparity
length

(iv) analysing motion in an image sequence, as an attempt to interpret it as
a three-dimensional kinematic or, if possible, dynamical or behavioural
model.

It is therefore possible to build a correspondence table between the prim-
itives used in image synthesis and the main image segmentation methods (see
Table 14.1).

It follows that for a given class of scenes, any segmentation technique is just as
relevant as the corresponding description language. Detecting regions, contours,
and interest points would be meaningless if these primitives did not appear as
primitives in the scene modelling technique chosen.

14.2. Artificial evolution seen as a heuristic for
parameter space exploration

14.2.1. Introduction

As discussed earlier, many segmentation techniques have been motivated by the
difficulty to optimise a geometrical model of the scene using conventional tech-
niques. However, the best-known attempt to bypass segmentation is Hough’s
transform [7], which can be viewed as a simple technique to explore a parame-
ter space. It consists of using a vote technique to map the parameter space into the
set of positive integers. To this end, each feature locally detected in the image votes
for all the points in the parameter space able to give birth to the given feature.
Once each feature has voted, the parameter set getting the highest number of votes
is elected: it is considered as the best possible model parameterisation, as it is able
to explain a greater number of image features than any other model.

Unfortunately, the Hough transform and its extensions [15] suffer from a
computational complexity which increases with the complexity of patterns in the
parameter space and the number of unknowns. In spite of many clever heuristics,
the Hough transform becomes hardly usable if the dimension of the search space
is over 3 or 4.

14.2.2. Direct application: the Hough transform revisited by
artificial evolution

Hough’s technique leads to calculate vote values over the whole parameter space
then explore it exhaustively in order to detect the best solutions. An appealing
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FIGURE 14.2. Result of the classical Hough transform (image 288 x 352).

FIGURE 14.3. Parameter space (6, p) containing the Hough accumulator of the preceding image (image
256 % 300).

alternative is to directly explore the search space [14, 17, 19]. Evolution strategies
[1, 16] give an interesting opportunity to only calculate values in the part of the pa-
rameter space where population individuals actually are, rather than on the whole
parameter space.

It is thus possible to build an “evolutionary version” of the Hough transform:

(i) the population is a set of points in the parameter space,
(ii) the fitness function measures the match quality of the individual to be
evaluated, with the features of the given image,

(iii) selection: tournament,

(iv) mutation: Gaussian noise.

In the classical context of the Hough transform, detecting straight lines in
images, there is no significant advantage towards using the original or the evolu-
tionary version. The classical method, where each point (x, y) in the image votes
for the set of the (0, p) in the parameter space such that p = xcos + ysin0, is
reasonably fast and memory consuming (Figures 14.2 and 14.3); the evolutionary
version which—thanks to a sharing operator—enables to detect several solutions
(Figure 14.4), does not have an easy-to-define execution time, which makes their
performance difficult to compare.

More interestingly, when dealing with greater numbers of parameters, explor-
ing and saving the parameter space become prohibitive, while the evolutionary
version remains reasonable in terms of memory and computing effort.
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FIGURE 14.4. Result of the evolutionary Hough transform.

FiGure 14.5. Four original images from the “tennis ball” sequence (top) and the results of circle track-
ing using an evolutionary Hough transform (bottom).

The next two examples are taken from a student project of A. Eckman in
KTH.? The first one (Figure 14.5) consists of detecting circles with unknown di-
ameters (a moving ball) in an image sequence. The individuals are triplets (a, b, r)
containing the parameters of the circles

(x—a)+(y—b)?=r (14.1)

An individual’s fitness is defined as the average gradient norm taken on 40 points
randomly chosen on the circle. The algorithm parameters are summarized in Table
14.2.

It is interesting to point out a property of the evolutionary Hough transform.
If the object’s motion is small enough between two consecutive frames, the algo-
rithm will track the object’s movement, unlike the deterministic version which has
to begin calculations from scratch at every new frame whatever the degree of con-
sistency between consecutive images. In other terms, while the Hough transform
has never been seen since fast and evolutionary algorithms are generally regarded
as slow, the evolutionary Hough transform gets true real-time properties.

This simple version of the algorithm has been written in C without any spe-
cialised library.

2The Royal Institute of Technology, Stockholm, Sweden.
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TaBLE 14.2. Parameters of the circles detection algorithm.

Population size 100

Selection 2 - tournament
Mutation rate (%) 15

Mutation amplitude r 10

Mutation amplitude a, b 40

Crossover rate (barycentric) (%) 5

Generations per frame 800 to initialise, then 240 per frame

FIGURE 14.6. Image of galaxy AM 0644-741 taken by the Hubble telescope (left) and result of the
evolutionary Hough ellipse detector (right).

The second example (Figure 14.6) deals with recognising an ellipse in an im-
age, using the same algorithm and parameters but with a larger genome (g, b, r,
ry, &) corresponding to the ellipse equation

X =a+rycosacost+r,sinasind,

(14.2)

y =b—rcycosasinf +r, sinacos 0.

14.2.3. Camera calibration and attitude determination

Another application of the generalised evolutionary Hough transform is detecting
the 3D position of a flying helicopter in order to assist its landing on a ship. A
camera pair (video or infrared) is used in order to determine the 6 position and
angle parameters of the helicopter, whose shape is known. The fitness function is
based on a comparison between the silhouette A extracted from the stereo images
and the silhouette B predicted by image synthesis:

area(A N B)

JJarea(A)area(B) (14.3)

fitness =

We tested the algorithm first on realistic scenes (obtained using a Revell scale
model), then in simulation (using noisy synthetic images) to be able to compare
with reliable ground truth data. While limiting the algorithm to 30 generations
with a population of 60 individuals, which ensures video rate processing with
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a cheap laptop computer, the average errors taken on 29 trials are
(i) average position error (using the distance between cameras as a unit):
(a) xand y,0.01,
(b) z (depth), 0.04;
(ii) average error on angles (in degrees):
(a) « (rotation of the helicopter around the vertical axis) 0.86,
(b) B (pitch) 1.74,
(c) y (roll) 2.14.
The low precision on y is certainly due to the low variations of the silhouette
when the helicopter rotates around its main axis.

14.3. Collective representation: the Parisian evolution and
the fly algorithm

In most classical approaches of artificial evolution, as illustrated above, each indi-
vidual represents a potential solution of the problem to be solved. The best indi-
vidual is retained as the solution. This philosophy is well adapted, for example, to
detect predetermined patterns in images, provided that each object to be detected
correspond to a unique point in the parameter space.

However, in many applications, it is not possible to interpret the image or the
image sequence just as the sum of separable image entities, each one corresponding
to a particular point to be discovered in the parameter space of a suitable model. It
is often more convenient to describe the image as the combination of the outputs
of a model which has been applied to a large subset of a certain parameter space. In
the following sections, we will examine how it is possible to exploit the “Parisian”
(or “individual”) approach [3] which considers that the solution will not be rep-
resented by a single individual in the population but by the whole population (or
at least by an important fraction of it).

14.3.1. The principles

Many applications of stereovision to robotics do not require an exhaustive geo-
metrical description of the scene, as it would be given by costly classical stereovi-
sion methods based on image segmentation. Vote-based (Hough-inspired) meth-
ods are generally unpractical because of the high dimensionality of the parameter
space. The method presented here is an example of the third alternative, evolving
a population of 3D points so that they will concentrate onto the visible surfaces of
the objects in the scene. This bias towards simplicity® will be exploited even into
the way the fitness function is written—which is a major contribution to the to-
tal calculation load. We will then show that extending this “fly algorithm” to time
sequences opens the way to real-time processing even with low-cost hardware.

In the fly algorithm, the population of flies evolves in order to tend to spread
onto the visible surfaces in the scene. The fitness function is designed in order to

3As such, this is in a way similar to the work of Eberhart and Kennedy [4] on particle swarms,
another optimisation tool inspired by artificial life concepts.
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Left camera ai

Right camera

FiGure 14.7. Pixels by and by, projections of fly B, have identical grey levels, while pixels a; and a5,
projections of fly A, which receive their illumination from two different physical points on the object’s
surface, have different grey levels.

give higher fitness values to flies whose projections into the different cameras are
consistent. In other terms, if a fly is not on an object’s surface, then its calculated
projection in one image will be in reality the projection of the first real object
on the line from the lens to the fly: there is no reason why the fly’s projections
would be similar or correlated in any way (Figure 14.7).* Conversely, if the fly is
on an object’s surface, then its projections into any camera will actually be the
projection of the corresponding point of the real object, and will usually be similar
(same colour, same texture, high correlation, etc.). The fitness function translates
the degree of similarity of the fly’s projections onto the different cameras used
(usually two).

An individual (a fly) is defined as a point in space, whose chromosome is its
set of coordinates (x, y,z). The coordinates of the fly’s projections are (xz, y1) in
the image given by the left camera and (xg, yr) in the right camera. The calibration
parameters of the cameras are known, and therefore xz, y1, Xz, yr may be readily
calculated from x, y, z using projective geometry [6]:

X X
XL XR
_ y _ Yy
=F =F , 14.4
VL AMEpL Rl (14.4)
1 1
1 1

where F;, and Fy are the projective matrices (3,4) of the left and right cameras.

The fitness function exploits this property and evaluates the degree of simi-
larity of the pixel neighbourhoods of the projections of the fly onto each image,
giving highest fitness values for the flies lying on objects surfaces:

fitness = G . (14.5)

Zcolours z(i,j)EN (L(xL + i,}/L +]) - R(xR + i))’R +j))2

#This may not be true if the surfaces do not follow Lambert’s law, which assumes that for a given
illumination, the object’s radiance does not depend on the observer’s position. Most surface-based
stereovision methods are also sensitive to this property.
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FiGURE 14.8. The fly population is initialised inside the intersection of the cameras 3D fields of view.

(1) (x1, yr) and (xg, yr) are the coordinates of the left and right projections
of the current individual (see Figure 14.7).
(if) L(xg +1i, yr + j) is the grey value of the left image at pixel (xz + 14, yr + j),
similarly with R for the right image.
(iii) N is a neighbourhood introduced to obtain a more discriminant com-
parison of the fly’s projections.
In colour images, square differences are calculated on each colour channel.
The numerator G is a normalizing factor designed to reduce the fitness of
the flies which project onto uniform regions. It is based on an image gradient
norm calculation. The best experimental results are obtained when G is defined
as the square root of Sobel’s gradient norm: highest fitness values are obtained for
flies whose projections have similar and significant pixel surroundings. G has been
empirically defined as

G:\J S (Lo +ivye + ) — Lixe, y)) (14.6)
(i,j)eN

The fitness function is corrected, using a local averaging of grey levels, in
order to eliminate the constant component of the images and reduce the fitness
function’s sensitivity to unbalanced brightness or sensitivity adjustments in the
cameras.

Now, the fitness function contains all pixel calculations. Let us examine the
evolution operators.

The population is initialised randomly inside the intersection of the cameras’
fields of view (Figure 14.8). The statistical distribution is chosen in order to ob-
tain uniformly distributed projections in the left image. The values of z~! are uni-
formly distributed between zero (or 1/dmay) and 1/dmin. Thus, the density of flies
decreases gently with depth.

Selection uses the tournament technique.

2D sharing is based on the densities of the 2D projections of flies on the im-
ages. It reduces the fitness values of flies projecting into crowded areas to prevent
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them from getting concentrated into a small number of maxima [2]. It reduces
each fly’s fitness by K X N, where K is a “sharing coefficient” and N the number of
flies which project into the left image within a distance R (“sharing radius”) from

the current fly, given by
1 Npixels
R~ -,/ -1]. 14.7
2 ( Niijes ) ( )

Mutation allows extensive exploration of the search space. It uses an approx-
imation of a Gaussian random noise added to the flies’ chromosome parameters
(x, y,z). We chose standard deviations oy, 0,, 0, equal to R, so that they are of the
same order of magnitude as the mean distance between neighbouring flies.

Two barycentric crossover operators have been introduced, in order to take
into account the frequent straight lines and planar surfaces existing in real-world
scenes. The first one builds an offspring randomly located on the line segment
between its parents: the offspring of the two flies Fy(x1, y1,21) and F>(x2, y2,22)
is the fly F(x, y,z) defined byﬁ = AOF; + (1 — 1)OF;. The weight A is chosen
using a uniform random law in the interval [0, 1] or [—0.5,1.5].% Similarly, the
second crossover operator uses three parents and determines the offspring F such
that OF = \OF; + yO—F; +(1-A- y)ﬁ; in the parents plane, using two random
weights A and p.

14.3.2. Real-world images: processing stereo sequences

Results of the algorithm on static indoor scenes have been published in [12]. There
are several possible approaches to extend the static fly algorithm to stereo image se-
quences. The simplest is the random approach, which consists of keeping the same
population evolving through frame changes. Thus, only the images (and therefore
the parameters used by the fitness function) are modified while the fly popula-
tion evolves. When motion is slow enough, using the results of the last step speeds
up convergence significantly compared to using a totally new random population.
Here, the population of flies is used as a memory of space, allowing the algorithm
to exploit the similarity between consecutive scenes rather than forgetting the in-
formation collected during the previous steps. This does not require significant
algorithm changes. To improve detection of new objects appearing in the field of
view, we introduced an extra mutation operator, immigration, which permanently
creates random new flies in a way similar to the procedure already used to first
initialise the population: used with a low probability (1% to 5%), this favours a
convenient exploration of the whole search space.

The dynamic approaches introduce explicit velocity components into each
fly’s genome. The advantage is a better precision for a given number of generations

STt is generally accepted that a barycentric crossover operator with positive coefficients has con-
tractive properties which may be avoided by extracting weights from a larger interval. Here, the choice
depends on whether it is desirable or not, to fill in surfaces whose contours have already been detected,
rather than to extend them.
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FIGURE 14.9. Real-time processing on a highway. The flies (black dots) concentrate on contrasted road
edges and other cars.

FiGURE 14.10. Alarm values (car on the highway).

or evaluations, but this goes with a significantly higher calculation cost at each
generation, and therefore a smaller number of generations in a given time interval.
The best trade-off will depend on the scene style and complexity of motion.

In what follows, as we consider a vision system embedded into a mobile ro-
bot, we will use the simple random approach described above, but update the flies’
positions at each generation, using the information available about the robot’s mo-
tion in order to give better initial conditions and allow faster convergence of the
fly population. This will be the basis of the proprioceptive fusion described in
Section 14.3.4.2.

To process faster motion, it is possible to extend the chromosome by en-
riching it with velocity components: each fly is now represented by the 6-uple
(x, y,2,%, §,2) to keep its own velocity information, in a way reminiscent of a
Markov process. These extensions are described in more detail in [12]. The fol-
lowing examples (Figures 14.9-14.12) show the results of the fly algorithm in real
time in a car equipped with two cameras.® An “alarm value” is given to each fly,
depending on its fitness and proximity to the anticipated car trajectory. An emer-
gency braking system uses the sum of alarm values as an input.

14.3.3. Application to robotics: fly-based robot control

Scene and obstacle representation by a population of flies is the most unusual way
to represent the physical environment of a mobile robot. Classical robot controllers

®Data captured and processed by O. Pauplin in the framework of a cooperative project between
the IMARA and COMPLEX teams at INRIA, Rocquencourt, France.
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FIGURE 14.11. Pedestrian.

FIGURE 14.12. Alarm values (pedestrian).

are not designed to use flies as an input. Of course, one could think the natu-
ral way to integrate the fly algorithm into a mobile robot would be to interface it
with existing controllers by building a translator, able to transform the fly-based
scene representation into a more classical representation, for example, a polyhe-
dral model, which a classical controller would be able to use.

Our position is that such a translator would almost certainly remove most of
the advantages of the fly algorithm, in particular in terms of speed and simplicity,
and that it is wiser to develop new navigation methods—or adapt existing ones to
the fly input. The results shown in this section (Figures 14.13—14.19) have been
obtained by A. Boumaza using his simulator which simulates all the perception-
action loop:

(i) astereo camera pair simulator (image synthesis),
(ii) the fly algorithm,
(iii) the trajectory planning algorithm,
(iv) a kinematic simulator of the robot’s motion.

A. Boumaza first developed a trajectory planner based on classical potential-
based methods. A force derived from the addition of an attractive (target) and a
repulsive (flies) potential was acting as a steering command: the blockage situa-
tions were resolved using two heuristics creating a new force attracting the robot
out of the potential minimum (random walk- and wall-following methods).
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(a)

FiGUre 14.13. The robot facing an obstacle (a) and the corresponding harmonic function (b).

(a) (b)

FIGURE 14.14. A synthetic image of the scene as seen by one of the robot’s cameras. (b) shows the flies
along the door, as previously detected by the robot.

Not surprisingly, the robot encounters blocking situations, where the control
force oscillates around zero (potential local minima). To resolve this, we imple-
mented two heuristics [9, 21] to create a new attraction force out of the local min-
imum.

With the random walk method, the algorithm creates random secondary tar-
gets and uses in priority those having the smaller number of obstacles between
themselves and the robot, and between themselves and the target. This secondary
target replaces the main target as long as necessary [2].

The wall-following method just modulates the direction of the attraction vec-
tor, so that the new resulting force becomes roughly parallel to the obstacle’s ori-
entation.

The next more efficient potential field-based path planner that we developed
is based on harmonic functions [9]. A harmonic function is a function which
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FIGURE 14.15. A direct trajectory without blockage situations.

satisfies Laplace’s equation

U PU

AU*ﬁﬁ'Tyzf

0. (14.8)

The robot’s vision system uses the population of flies to build its own repre-
sentation of the environment as the samples of a harmonic function. Values of the
function at the target and obstacle positions are modelled as Dirichlet boundaries:
1 for obstacles, 0 for the target position. The harmonic function is built itera-
tively using a finite difference operator, such as the Gauss-Seidel operator which
replaces the value of a point with the average value of its four neighbours. After
convergence, we end up with a smooth function having a single minimum at the
target position.

One of the interesting properties of harmonic functions is the absence of local
minima, which in our case eliminates the blockage situations found in the first
simulator.

The steering command of the robot is the gradient of the harmonic function.
Linear interpolation is used when the robot position falls between grid points.
During the movement towards the target, new obstacles detected by the fly algo-
rithm are introduced into the harmonic function according to the local fly density,
as high potential Dirichlet boundaries. Since the harmonic function is constantly
iterated, there will be a constantly updated obstacle avoiding path for the robot to
follow (Figure 14.17). The Dirichlet boundaries are built using high-fitness flies in
the robot’s field of view.

14.3.4. Sensor fusion

Sensor fusion plays a central role in a robot’s perception system. Many classical
approaches are based on Bayes’ theorem. This is not possible here as Bayes is only
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(a)

FIGURE 14.16. Two examples of obstacle avoidance using secondary targets. The circle represents the
main target.

applicable in probabilistic approaches, and the results of the fly algorithm cannot
be formally considered as probabilities. However, it is possible to introduce an
efficient exteroceptive and proprioceptive sensor fusion, by tickering into the heart
of the fly algorithm.

14.3.4.1. Exteroceptive sensor fusion: a multisensor fitness function

The new fitness function should integrate information issued by all the exterocep-
tive sensors. As stated above, it is difficult to give a formal mathematical justifi-
cation of how to extend the expression of the fitness function to integrate several
sensors. In qualitative terms, if a fly’s position is in accordance with several inde-
pendent sensors, its fitness must be increased accordingly. Conversely, a fly con-
firmed by the visual sensor should still be considered seriously as a real obstacle
even if unnoticed by another sensor (e.g., a visible obstacle covered with sound
damping material). We defined each sensor’s contribution to the fitness function
as follows: if a fly is located inside the vision angle of a triggered detector, and its
distance to the detector matches the obstacle distance given by the detector accu-
rately enough, then the fly’s fitness is increased by a given percentage B.

If the fly’s position does not match any rangefinder information, then the fit-
ness remains unchanged. We chose a multiplicative rather than an additive contri-
bution to the fitness because of the low angular resolution of the ultrasonic sen-
sors: this prevents other flies at the correct distance inside the field of an ultrasonic
sensor from getting high-fitness values even if they are inconsistent with image
data.

In addition to the integration of additional sensors into the fitness function,
we introduced an additional immigration operator: new flies are introduced into
the population with a bias in favour of 3D positions given by the sonars. This
helps detecting close obstacles which might otherwise have been overlooked by
the system.
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FIGURE 14.17. A harmonic function used for obstacle avoidance and the resulting robot trajectory.

This allows the fusion of an arbitrary number of sonars (or any similar exte-
roceptive sensors) at the fitness level, but it is not appropriate to the integration of
proprioceptive sensor information, which we examine in the following sections.

14.3.4.2. Proprioceptive sensor fusion: the proprioception
genetic operator

Proprioceptive sensors provide information about the robot’s own state, in par-
ticular its position. Inertial sensors and odometric sensors (using wheel rotation
coders) are among the most commonly used sensors to estimate the robot’s posi-
tion. Without such sensors, the fly algorithm is able to optimise in a quasicontin-
uous way the population of flies, which will follow the scene’s motion while the
robot is moving slowly. However, information about the robot’s motion helps to
update the positions of flies and speeds up convergence, especially in case of fast
robot movements.

In most applications, wheel rotation is under control of the trajectory plan-
ner. The actual robot trajectory does not exactly match the target trajectory due
to “trajectory noise” caused by factors such as wheel slipping, tyre wear, or rough
ground surface. In our simulator, the robot’s actual position is simulated by adding
a Gaussian noise to the planner’s command, but the sensor fusion algorithm only
gets what it would get in the real world, for example, the odometric estimation
which is strictly identical to raw trajectory planner data. Integration of odometric
information is performed through updating the flies’ 3D coordinates in accor-
dance with the motion of the robot’s coordinate system. Experiments show that
flies’ convergence, which otherwise needed around 10 generations, is now satis-
factory after less than 3 generations in spite of the low precision of odometric
information.

In this example (Figures 14.18 and 14.19), the robot is rotating (1 degree per
frame and one generation per frame). In Figure 14.18, obtained without propri-
oceptive fusion, there is some delay in detecting the short range obstacle as the
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Robot sim Rebot sim

(a) (b)

FiGure 14.18. Frames N and N + 5 without proprioception.

flies tend to remain on the further wall, already detected on the preceding images.
Figure 14.19 shows the results on the same sequence, with proprioceptive fusion.
Updating the flies’ positions allows for faster convergence and better detection of
the short range obstacle.

14.3.5. Real-time and artificial evolution

Artificial evolution does not have a good reputation in terms of speed. The general
reasons for this reputation could be discussed interestingly, but let us examine
what happens with the fly algorithm in this respect.

The speed of an evolution strategy strongly depends on the complexity of
fitness calculation—which is in the lightweight side with the flies. Anyway, speed
in itself is not the ultimate criterion of real time. Real time refers to the ability to
exploit the flow of input data so that the system is able to react fast enough for the
end user.

Adaptation is probably an important feature here. Generally speaking, evo-
lution strategies are able to cope with a fitness function changing with time dur-
ing the program’s execution [18], which most other optimisation methods cannot
do. An autonomous robot must continuously optimise its strategy while the en-
vironment is changing. This makes evolutionary methods specially interesting in
autonomous robotics applications.

Unlike in image segmentation-based algorithms, image pixels only need to be
read when the fitness of a fly has to be evaluated; therefore, the random pixel access
allowed by CMOS imagers can be fully exploited and new events in the scene can
be processed without the usual frame refreshing delays. With the fly algorithm,
each individual evaluation only needs pixel values on a small neighbourhood.”

"Most commercial CMOS imagers directly deliver small (e.g., 8 x 8) pixel neighbourhoods on
request.
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FiGUre 14.19. The same images with proprioception, better detection of obstacles.

5 < | Scene Robot
£ |Pixels . R control signal
2 Vision g ata
— — —
Camera o system ° Path planner
g
£ 8
— w

FIGURE 14.20. A classical (synchronous) robot vision-planning system. Defining T as the frame rate
period, a classical vision system will use input data which may react to real-world events with a delay
up to 2T, and a synchronous planner must wait until complete update of the vision’s output to begin
its own work. This leads to a minimal delay of 3T in addition to processing time.

CMOS camera technology is well adapted to this requirement as it is able to deliver
these values at any time, while conventional image processing techniques do not
exploit this feature. This shows that the fly algorithm annihilates the usual delay in
input data found in classical image processing algorithms (Figure 14.20).

Similarly, on the output side, the fly algorithm delivers quasicontinuously up-
dated information at any time (Table 14.3). This gives a second similar speed ad-
vantage.

Third, if the planner is able to use immediately the quasicontinuous fly al-
gorithm’s output, this gives the planner truly faster reaction to scene events. The
harmonic function-based planner continuously updates its grid and always uses
the freshest information provided by the flies. This conforms to the “anytime al-
gorithms” concept.

To summarise, using artificial evolution in real-time image processing allows
one to get free from the usual delays of synchronous pro