MAGNETOTELLURIC INVERSION USING PROBLEM-SPE CIFIC

GENETIC OPERATORS

Pedro Luis Kantek

Garcia Navarro

Departamento de

Auto mação e Sistemas,

Universidade Federal de

Santa Catarina,

Florianópolis, SC, Brazil.

kantek@pr.gov.br

Pedro P.B. de Oliveira

Instituto de Pesquisa e

Desenvolvimento,

Universidade do Vale do

Paraíba, São José dos

Campos, SP, Brazil.

pedrob@univap.br

Fernando M . Ra mos

Laboratório Associado de

Co mputação e Matemática

Aplicada, Instituto

Nacional de Pesquisas

Espaciais, São José dos

Campos, SP, Brazil.

fernando@lac.inpe.br

Haroldo F. Campos-

Velho

Laboratório Associado de

Co mputação e Matemática

Aplicada, Instituto

Nacional de Pesquisas

Espaciais, São José dos

Campos, SP, Brazil.

haroldo@lac.inpe.br

Abstract

An evolutionar y co mp utation approach is described for a classical geophysics inverse problem, namely, magnetotelluric inversion. T he problem´s nature and features are briefly described, as well as the procedure used to approach it, based upon the develop ment o f three problemspecific operators: local search, ho mo genisation and spatial crossover. T he latter is presented in detail and relevant data comparing its perfor mance with unifor m crossover are provided. Comparison is then made between the solution obtained with evolutio nar yco mp utatio n and another, a classical approach, more akin to the inver se problems field. Conclusions are drawn for the necessityo f using ad-hoc operators in this problem, and establishes the balance between the two approaches: evolutionar y co mp utation generates better results while consuming more comp uting reso urces.

1 INTRODUCTION

Evolutio nar yco mp utatio n was introduced as a tool for the solutio n of co mplex problems. One of its advantages has been the ability to tackle problems that have not yet been completelysolved; in these cases, it became unnecessar y to kno w ho w to find the solution, but onlyto recognise ho wgood a potential solutio n is, regardless the way it was generated. Naturally, there is a price to be paid as we forego prior kno wledge. If, on the one hand, one does not need to dominate 100% of the problem, on the other, one has to build and adequate evolutio nar yengine associated

to the abundant co mputing resources which are consumed in the process.

Within the universe o f evolutionar yco mputation so me practitioners argue for using the same simple and sufficientlytested evolutionary framework across the applications. T he main justification for this view is the possibilityo f obtaining theoretical data (as, for example, the schema theoremor the b uilding blocks hypothesis

(Goldberg 1989; Forrest and Mitchell 1992) that may support the use of evolutionary co mp utation procedures.

Such theoretical data have been obtained mainlyfor engines that co uld be called ^canonical~ and, in principle, wo uld consist of: a) binar ycodification; b) fitnessproportional or rank-based selectio n; c) 1-, 2-, n-point or unifor mcrossover; and d) conventional mutatio n.

Ho wever, as well pointed out in Davies (1991), other researchers make a case for using hybridisation, where problem-dependent kno wledge is introduced into the evolutio nar yco mp utatio n engine, so as attain an improved perfor mance. According to Davies (1991) this can be done using three principles: 1) Algorithms adapted to the problemcan be used to generate so me of the individ uals o f the initial population. B yusing elitism one can guarantee that the perfor mance of the evolutionar y engine will not be worse than the alread yexisting algorithm; 2) Incorporating the alread ykno wn algorithm heuristics or procedures to the genetic operators; 3)

Enriching the evolutionar yalgorithm with specific coding schemas.

Kodyalama et al. (1996) say: ^the most creative step in the evolutionar y process is creation o f appropriate genetic operators for the particular problemaddressed~;

accordingly, theydesigned a problem-specific operator

(called switching ), and obtained good results in the context o f designing satellite co mpo nents. In a similar vein, Bruns (1993) defines knowledge-augmented genetic operators , those that incorporate kno wledge o f the problemso as to improve their perfor mance.

Here we report on an evolutionar yco mp utation approach that was able to produce a solution to an inverse problem onlythrough the design and use o f ad-hoc evolutionar y operators.

2 THE PROBLEM

Obtaining the pattern of underground electric conductivities in so me regio n of the Earth, based on measurements of the electro magnetic field at the surface, is a subject of great interest. T his problem, called magnetotelluric inversion, is a classical problemthat appears in many applications in geophysics such as oil prospection, mining, underground water prospection, etc, having high relevance for the exploration of regions that are difficult to stud ythrough conventional seismic methods (Ramo s and Velho 1995). Overall, what one wants to kno w then is ho w to obtain underground

(conductivity) data, once surface data (electro magnetic field) are kno wn. T he corresponding forward problem ˘ obtaining electro magnetic fields at the sur face, fro m undergro und patterns of electric conductivity˘ is solved through Maxwell´s equations in a way that is much simpler than the inverse problem. T o solve an inverse problem means to deduce the unkno wn causes of a pheno menon fro mthe observatio n of its effects; this is in contrast to solving a for ward problem, in which the we look for the effects of a phenomenon, out o f the co mplete kno wled ge of its causes (Woodbury1996).

When the problembeing investigated is mathematically described according to its inverse functions it can be treated analytically. It suffices to find the inverse functio ns and to solve them. But this is rarelythe case. In general, there is no such thing as an inverse functio n. T hat is why one is forced to accept some degree of degeneration in the results. According to this the inver se problemtheor ywas called ^diagnosis theor y~ (Sabatier

1985) in which decisions are taken within environments with var ying degrees of uncertainty. A solution of an inver se problemmaybe accepted when, even if it does not represent a single and ultimate result, it eventually leads to: a) converging answers aro und a correct result; b) a larger infor mation set related to this result; c) higher certaintydegree in ter ms of decisions taken on an applied problem; and d) anyco mb inatio n of the previous three in an optimised way, that is, providing an appropriate balance between co mp uting load required and results obtained.

Several techniq ues maybe used when looking for inverse problemsolutions. T he one discussed here is no n-linear optimisatio n. T he objective functio n is the difference between field or synthetically generated data and those produced bythe for ward model, which represents an error measure for the candidate solutio ns. T his functio n is then optimised through an evolutionar yco mp utatio n procedure. T his paper follows another, presented b y

Ramo s and Velho (1995), that also uses an iterative method (although based on a standard gradient-based optimiser) in addition to explicit regularisatio n procedures. T he problemhere is the same, but the optimiser has been replaced byan evolutionar y comp utatio n procedure. In either case, the for ward model involved is the same one presented in the original paper, where its mathematical description was described. T his for ward problemis used here on a black-box modality.

Ever yindivid ual in the population is represented b ya matrix of 7 x 10 real number s, each one referring to a rectangular slice o f underground material (in fact, a prism cut b ya half-plane) of unknown co nductivity. T hese conductivities multiply the value 1010 4 - ´ ´

w p and are

given in mhos/m, and the dimensions o f the under ground

rectangles are D y= 10 kmand D z var ying fro m1 to 10

km. T he objective functio n to be maximised is

where f is the fitness of an individual, K is a parameter

(kept constant, equal to 0.01, in the present case) that

allo ws for the selective pressure to be tuned, and e is the

magnetic error given b y

In the equation above H

p is the co mponent of the

magnetic field generated b ythe reference individual

(obtained fro mfield measurement or, as is the present

case, defined synthetic data) and H

c is the calculated

component b ythe evolutio nary engine. For simplicity of

presentation (but with no loss of generality), only the

magnetic field will be considered in this paper. T he

number 440 results fro m the fact that measurements are

being made at 11 points on the surface o f the earth, in 20

frequencies (var ying fro m0.0001 and 0.01 Hz), yielding

both real and imaginar y co mponents o f the magnetic field

at those points. I n a situation with real data e wo uld be the

onlyerror capable of being obtained. Ho wever, since the

present case uses synthetic data, the original individ ual

the evolutionar y process will tr yto reconstruct is alread y

kno wn. So altho ugh the evolutionar y search is guided b y

the error e , it is possible to define a second error measure,

the conductive error, given b y

where E is obtained out of the 70 absolute differences

between the reference and the calculated conductivities.

T he reason for presenting these two kinds o f error resides

in the fact that, due to noise (a typical ocurrence in the

inver se problemcontext), minimisatio n of the magnetic f

K

=

+

1

1 ( ) e

e = -

= å

H H

p c

i 1

440

E C C

p c

j

= -

= å

1

70 error not necessarilyentails minimisation o f the

conductivityerror. In fact, pushing minimisation o f the

for mer error too far, maylead to an increase of the latter.

Naturally, the evolutionar ysearch process has to avoid

being misled bythis feature.

3 ON PROBLEM SPECIFIC

OPERATORS

Several authors have investigated evolutionar y operators

adapted to the problembeing studied. What one waists in

ter ms of generalityfor not being able to reuse co mputer

codes is balanced bythe increased perfor mance attained

bythe evolutio nar yengine. Guerreiro et al. (1998) affir m

that ^in the GA, one is free to devise other operators~; in

tune with this statement, they present the idea of using

three different crosso ver operators with different rates for

each one.

Discussing str uctural optimisation of three-dimensio nal

objects, Kajiwara and Nagamatsu (1996) suggests that the

evolutio nar yengine should make the conversio n of a one-

dimensional chro moso me into another, defined in three

dimensions; in this way, spatial relationships derived fro m

neighbouring elements in the original objects remain

preserved in the chro moso mes that represent them. For

that theycreated two crossover operators (named

scooping out and cutting off ), whose co mmon idea is the

generatio n of three-dimensional blocks that are swapped

over among parents.

Cartwight (1993) introduced UNBLOX (Unifor mBlock

Crossover), a two -dimensional crosso ver operator. It

comes fro m adapting a two point crosso ver operator to a

two -dimensional chro moso me, but represented in only

one dimension. In the conventional crossover central

points fro ma t wo -dimensional chro moso me that was

stretched out present a higher likelihood of being selected

comparing to peripheral points. T his effect has been

called positional bias. UNBLOX corrects this ano maly b y

ensuring that all points in the chro mo so me have the same

probabilityof generating cuts. T he SPAUC operator to be

proposed later in this paper does not present positional

bias since it does not simply handle two -dimensional

chro moso mes b ystretching them out, but as full t wo -

dimensional entities.

T anaka et al . (1993) suggested a coding scheme in a

geo magnetism problemthat introduced the concept o f

spatial distributio n of electric currents. T he idea of a

rectangular crossover was sketched, but no further

develop ment was discussed.

Finally, Mitchell (1997) and Bäck (1996) report on

several crossover implementations. T he follo wing are

given: a) segment crossover, in which the total number of

cutting points is not fixed but can var yaro und so me

expected value, perhaps following a Poisson distrib ution;

b) shuffle crossover, in which the parents are shuffled in

so me way, the crosso ver made, and then the offspring

unshuffled; c) punctuated crossover, in which each

individ ual carries infor mation about the number of cuts it will be subjected to, and the actual sites where they

should occur (since these also belong to the genotype,

their tuning is also left for the evolutionar yprocess).

All in all, discussions about the generation of new genetic

operators and their performance is far fro mover. In fact,

as pointed out in Mitchell (1997), the related pieces of

work presented so far are usually associated with small

sets of test data; wor se of all, different investigatio ns give

way to conflicting results. As Bäck (1993) says: ^d uring

each of the main conferences on GA a few new operators

can be expected, especiallywhen a non-traditional

problemrepresentatio n is used~.

4 SPATIAL UNIFORM CROSSOVER

Boschetti (1996) textuallysays: ^one of the main

problems in the applicatio n of genetic algorithms to

geophysical problems is the high dimensionality~. T his is

also the case in the present application, even considering

it is based on synthetic data; in fact, since each individual

is made of 70 real numbers, and assuming the required

precision is in the order of one hundredth, the search

space has approximately10 140 points ( with real data the

situation beco mes dramatically wor se). A canonical

evolutio nar yengine working on a noiseless synthetic

problemwas not able to present appropriate results. A

search for ad-hoc operators was then initiated. T hree were

developed: local search, ho mogenisation, and a specific

crossover operator, named SPAUC (SP Atial Unifor m

Crossover).

Initial experiments we performed on this problemsoon

suggested the better perfor mance of the unifor m

crossover, co mparing to 1-, 2- or n-point crosso vers. So,

when the necessityfor presenting a new and better

crossover operator came up, the new operator came

naturallyfro mthe unifor mcrossover, through its

generalisation; ho wever, the standard unifor mcrosso ver

was not disregarded co mpletely. T he choice between

SPAUC and unifor mcrosso ver is given b ya p

probability, whose value is left for the user, remaining

unchanged through the run. So, when p = 1.0, all calls to

the operator are responded bySPAUC, whereas if p = 0.0,

unifor mcrossover is fullyin char ge.

T he SPAUC operator considers each individual as a two -

dimensional entity. Accordingly, when genetic material is

interchanged, full rectangular patches of the candidate

solutio ns are involved. T he operator implements the

neighbour hood concept both verticallyand horizontally.

T his action prevents two co mmo n problems that appear

when a two -dimensional individ ual is represented in one

dimension, that is, the possibility that: a) two

neighbouring vertical positio ns in the chro moso me no

longer be neighbour s; and b) originally distant elements

get closer to each other than theysho uld (for example, as

happens when the last value on a ro wand the first one in

the subsequent ro ware involved).

In order to implement the SPAUC operator, we used the

follo wing procedure: a) n horizontal cuts and k vertical cuts are generated on rando msites across the individ ual;

(amounting to r patches, r = ( n +1) ´ ( k +1)); b) a V mask of

size r is generated having rando mbinar y values; and c)

given the two ancestors that will be operated bySPAUC,

the offspring to be generated will obeythe follo wing rule:

patches with a mask value equal to 0 are filled up with

values fro m the first parent, while patches with a mask

value eq ual to 1 take their values fro m the corresponding

patch in the second parent. Notice that the lo nger the

mask V , the closer SP AUC will resemb le the standard

unifor mcrossover.

What follo ws is an example sho wing the operation of

SPAUC. It starts b ygenerating rando mvalues that will

indicate the cutting ro ws across the chro moso me. T he

total number of cuts is user -defined. Assuming that 2 cuts

have been generated in ro ws 3 and 4 of an individual A1,

the situatio n wo uld look like as follo ws:

a a a a a a a a a a

a a a a a a a a a a

a a a a a a a a a a

A1 = a a a a a a a a a a

a a a a a a a a a a

a a a a a a a a a a

a a a a a a a a a a

Next, the algorithmgenerates rando mcutting columns.

Assuming 3 cuts have been generated at columns 3, 4 and

7, the situation above would beco me:

a a a a a a a a a a

a a a a a a a a a a

a a a a a a a a a a

A1 = a a a a a a a a a a

a a a a a a a a a a

a a a a a a a a a a

a a a a a a a a a a

Notice that the cuts generated 12 distinctive patches

within the individual. Consequently, the typical V mask

will need to have 12 bits in order to indicate the relation

between parents and patches, that is, which parent will

generate which patch. Assuming the mask V = 1 1 0 1 1 0

1 0 1 1 1 0, and assuming the existence o f a second

parent, named A2 (filled up with with b values), applying

SPAUC wo uld generate the follo wing o ffspring:

b b b b a a a b b b

b b b b a a a b b b

b b b b a a a b b b

D1 = b b b a b b b a a a

b b b b b b b a a a

b b b b b b b a a a

b b b b b b b a a a

a a a a b b b a a a

a a a a b b b a a a

a a a a b b b a a a

D2 = a a a b a a a b b b

a a a a a a a b b b

a a a a a a a b b b

a a a a a a a b b b

5 OTHER OPERATORS

T he numerical results reported here were obtained using

two other operators besides SPAUC: local search and an

ho mo genisation operator. While the local search awards

discontinuities, forcing them to appear, homo genisatio n

creates conditions for equal conductivity regions to

appear. T he use of the 2 operators produced good results.

5.1 LOCAL SEARCH

Local search is implemented as a simple hill-climb ing

algorithm. At ever y5 generations the attempt is made to

improve the fitness of the fittest individual through about

13 cycles, of 140 trials each (the number of cycles is an

average figure, since it starts smaller and increases

througho ut the generations). T he figure 140 derives fro m

the fact that the chro mo so me is 70 points long, and each

one of them is subjected to two small rando mincrements

(one positive and the other negative), that represent

probing two neighbouring positio ns in the fitness

landscape. T hese probed positions with higher fitness are

stored until the end of the cycle, when all the changes are

applied at once, thus generating a new, higher fitted

individ ual that replaces the original.

5.2 HOM OGENISATION

T his operator is based upon the notio n that neighbouring

regions will have greater probabilityof having similar

conductivities. At ever y5 generations an attempt is made

to improve the fitness o f the fittest individ ual thro ugh an

average of 13 cycles of 3 trials each. E ver ytrial starts

with the generation o f a rectangular rando mpatch and continues, firstly, b yreplacing all values in the patch, for

one of its values ˘ thus generating an ho mo geneo us patch

˘ and checking the resulting fitness; seco ndly, b y

repeating the same procedure, individuallyfor all the

other values in the patch. T he patch the results the best

(improved) performance, if any, replaces the original.

Additionallyto the use of ho mogenisation alone, this

operator is also used in associatio n with SPAUC. In this

case, with small probability(5%) ho mo genisatio n is

applied to the individuals generated out of SP AUC.

6 RESULTS

We used the genetic algorithm package GALLOPS

(Goodman 1996), modified bythe 3 operators above that

were added to it. T he follo wing parameters were used:

population size of 100, tournament selection of size 15,

3% mutation per conductivity value, and crossover rate of

85%.

In the experiments to follo w, two co mpariso ns have been

made. First, SP AUC is co mpared to unifor mcrosso ver,

both with noiseless and noisysynthetic data. T hen, the

SPAUC-based evolutio nar yprocess is co mpared to a

classical iterative approach for the problem, that uses a

sophisticated gradient-based optimiser plus (entrop y-

based) regularisatio n. T he second experiment is fully

performed in the presence of noise, at the same amount

for both approaches.

6.1 COM PARISON BETWEEN SPAUC AND

UNIFORM CROSSOVER: NOISELESS

DATA

T he parameters summarised in T able 1 were used in the

experiment belo w, as they provided a fairlyacceptable

balance between precision and demand on co mp uter resources. T he first experiment relied on noiseless

synthetic data, and aimed at a co mparison between

SPAUC and unifor mcrosso ver.

T able 1. Values used in the SPAUC-based run

SPAUC probability p = 100%

Horizontal cuts n = 2

Vertical cuts k = 3

T otal number of patches r = 12

We compared a typical run with p ure SPAUC (100% of

cases) with pure unifor mcrossover (100% of cases). T he

runs went through 224 generatio ns, all other parameters

being the same. T he initial populatio n was initialised with

individ uals representing random co nductivity values fro m

0.0 to 100.0. T he 10.0 value stand s for a background

conductivity, meant to represent rock.

T he probleminstance at issue is depicted as T able 2; it

presents a rectangular bodyembedded in the rock, with a

conductivityo f 100.0 (that is, ten times more cond uctive

than rock). T he solutio ns found using SP AUC and

unifor mcrossover individually, are sho wn, respectively,

in T ables 3 and 4.

T able 2. T he kno wn answer of the problemthat the evolutio nar yengines sho uld find. It represents a

patch of rock (conductivity 10.0) with a rectangular block of higher conductivitymaterial (100.0) in it.

10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0

10.0 10.0 100.0 100.0 100.0 100.0 100.0 10.0 10.0 10.0

10.0 10.0 100.0 100.0 100.0 100.0 100.0 10.0 10.0 10.0

10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0

10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0

10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0

10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0

T able 3. Fittest individual using unifor mcrossover only

10.3 9.4 11.3 8.6 13.6 1.9 41.0 2.7 26.0 3.3

8.4 16.3 100.0 96.7 7.8 31.6 73.1 21.6 5.1 18.2

13.0 1.8 89.4 75.0 79.9 71.4 79.1 9.3 3.2 99.1

8.0 18.9 33.0 90.4 1.2 1.2 12.2 10.7 7.3 28.4

9.7 10.1 4.9 5.4 2.2 13.1 12.5 10.3 10.0 5.9

10.1 10.7 2.5 3.8 39.3 2.3 4.6 10.7 10.4 3.1

7.6 15.7 13.6 1.5 70.7 1.8 13.5 8.6 8.1 13.1

T able 4. Fittest individual using SPAUC only

10.0 10.0 9.8 10.2 9.8 10.2 9.7 10.1 9.9 10.1

10.0 9.9 98.4 100.0 100.0 100.0 94.0 10.6 9.5 10.4

10.0 10.0 99.9 100.0 84.5 100.0 100.0 10.4 9.4 10.9

10.1 9.9 10.2 20.5 58.9 21.8 11.1 10.1 10.2 9.8

10.0 10.0 10.0 9.7 7.4 8.3 9.9 9.6 10.0 9.7

10.2 10.0 10.0 12.9 26.4 11.6 10.3 10.2 10.0 10.8

9.7 10.0 10.0 9.9 8.5 9.5 10.1 9.5 9.5 9.8

On a single rando mly selected run a conductivityerror of

860.4 was obtained when unifor mcrossover was used and

of 132.8 when SP AUC was used. Ho wever, while the r un

using unifor mcrossover requested approximately150 ´

10 3 objective function calls, the one with SPAUC

requested 223 ´ 10 3 . Because running the process is

comp utatio nallyver yintensive onlya single run was used

in this experiment; ho wever, partial runs were perfor med

that suggested the same trend reported herein, and also,

other co mplete runs were perfor med for the other

experiments (to be described below) which turned out to

be coherent with the observatio ns above.

6.2 COM PARISON BETWEEN SPAUC AND

UNIFORM CROSSOVER: NOISY DATA

Noise was introduced at the magnetic field generated by

the individual represented b yT able 2 (the kno wn answer

of the problem). Gaussian noise was used with 0 mean

and 1% standard deviation. T he population was rando mly

initialised and three runs were perfor med with different

rando mseeds using either SPAUC or unifor mcrossover.

T able 5 presents the results.

T able 5. Comparative data using SPAUC and unifor m

crossover, using noisy data

T est performed SPAUC Unifor m

Crossover

Lo west co nductivity error

(in 4 p ´ w´ 1 0 -10 mhos/m)

262.5 600.6

Average cond uctivity error

(in 4 p ´ w´ 1 0 -10 mhos/m)

450.3 744.2

Average number of calls to

the objective functio n

102 ´ 10 3 60 ´ 10 3

As we can see, the SP AUC-based solution still yields

better results in the presence of noise than that of the

unifor mcrossover, even tho ugh the result is not as good

as in the noiseless case.

6.3 COM PARISON BETWEEN TH E PROBLEM -

SPECIF IC EVOLUTIONARY M ETHOD

WITH A CLASSICAL APPROACH

Ramo s and Velho (1995) investigated the same noisy

problem mentio ned above using E04UCF, a po werful

gradient-based optimiser of the Numerical Algorithms

library(NAG 1988).

T able 6. Fittest individual in Ramos and Velho (1995)

10.02 10.25 9.64 10.09 10.03 9.58 10.15 10.07 9.97 9.94

10.02 9.64 97.10 100.00 88.98 97.62 100.00 10.07 9.95 9.94

9.79 9.64 97.10 99.97 88.98 97.62 100.00 10.07 9.95 9.93

9.78 9.63 10.08 10.02 12.38 16.85 9.56 10.06 9.95 10.54

9.78 9.62 10.08 10.03 12.38 16.85 9.57 9.97 9.95 10.54

10.25 9.63 10.08 10.02 9.58 10.16 9.57 9.97 9.94 10.55

10.25 9.63 10.09 10.02 9.58 10.15 10.09 9.97 9.94 10.55

T able 7. Fittest individual in the present stud y

9.89 10.17 9.72 10.34 9.44 10.51 9.73 10.24 10.25 10.19

9.62 9.85 96.78 98.84 90.48 98.27 94.57 10.29 9.16 10.89

10.61 10.98 99.84 99.96 74.33 99.47 92.17 10.43 8.78 10.58

10.26 8.83 8.63 16.27 7.06 11.48 12.91 11.19 11.29 10.20

8.82 11.75 10.60 6.95 11.81 11.81 8.85 10.90 9.73 9.45

12.86 6.99 10.98 12.41 8.28 4.22 6.95 8.22 11.74 11.15

4.20 34.73 5.26 10.29 3.23 9.74 19.85 11.25 10.44 6.43

T heyran the model 4 times obtaining a conductive error

average of 453.8. T he fittest individual is represented in

T able 6. We ran the same problem6 times in our

evolutio nar y, SP AUC-based approach, and obtained a

conductivityerror average o f 210.5, with the fittest

individ ual being represented in T able 7.

Considering that the level of noise (1%) was the same for

both techniques, the problem-specific evolutionar y

process developed is clearlyjustified.

7 CONCLUDING REMARKS

Even though it may be tempting to use a canonical

algorithm, that is possibly read yfor use (as in Good man

(1996)) which co uld warrant correct results in a short

time, practice has demo nstrated that this approach is only

appropriate for simple problems. For more complex

problems ˘ in particular, for the high dimensional inver se

problems ˘ satisfactor yresults have onlybeen obtained

when problem-specific kno wledge is explicitlyintroduced

into the evolutionar yengine. Ho wever, as we did just that

in the present approach, we tried to keep the amo unt of

kno wled ge as minimal as possible in order not to forego

robustness of the procedure.

In the reported case such an attempt was successful, the

onlypieces of kno wledge used having been the facts that:

individ uals are two -dimensio nal and should be handled as

such; conductivitydistributio ns in the under ground of the

earth sho uld follo w ho mogenous patches; and that a

simple hill-climbing algorithm could well be used to help

improve the results. Contrast the first premise with

Bäumer (1996), where an evolutionar yapproach to

magnetotelluric inversion is also used, but with a more

limited, one-dimensional approach.

Another point to be remarked is that the evolutionar y

engine presented better results than a conventio nal

optimiser, altho ugh at higher cost. While the best result

fro mRamos and Velho (1995) establishes an approximate

amount of 14 ´ 10 3 objective functio n calls, our best result

sho wn here requested approximately100 ´ 10 3 calls. For

the case we reported on, which relies o n synthetic data,

both approaches have an undeniable merit.

Ho wever, on real-world data, where accuracyis the

critical concern, the evolutionar ytechnique presented

here is certainlyan appealing alternative; another

possibility, as co ncluded b yBäumer (1996), is using

evolutio nar yco mp utatio n in order to find the best region

of the search space, and then perfor ming an efficient local

search so as to find the best point of that region.

Acknowledgements

T he authors are grateful for financial support from

FAPESP (Proc. 96/7200-8) and the British Council (Ref

SPA/126/881). Additionally, PLKGN and PPBO thank

the Brazilian Council for Scientific and T echnological

Develop ment, respectively, for a scholarship (Nº

141124/94-6) and a research grant (PQ Nº 300.465/95-5).

References

Bäck, T . 1996, Evolutionary Algorithms in Theory and

Practice . Oxford UniversityPress.

Bäumer, O. 1996, ^Inverting Magnetotelluric Data Using

Genetic Algorithms and Simulated Annealing~. Inverse

Methods: interdisciplinary elements of methodology,

computation and applications . Springer-Verlag.

Boschetti F.; Dentith, M.C. and List, R.D. 1996,

^Inversio n of Seismic Refraction Data using Genetic

Algorithms~. Geophysics . 61(6):1715-1727.

Bruns, R. 1993, ^Direct Chromoso me Representation and

advanced Genetic Operators for Production Sched uling~.

In: Proceedings of fifth International Conference on

Genetic Algorithms . Illinois.

Cartwr ight, H.M. and Harris, S.P. 1993, ^Analysis of the

Distributio n of Airborne Pollution using Genetic

Algorithms~. Atmospheric Environment . 27A(12):1783-

1791.

Davis, L. 1991, The Handbook of Genetic Algorithms .

Van Nostrand Reinhold.

Forrest, S. and Mitchell, M. 1992, ^Relative Buildind-

Block Fitness and the Building-Block Hypothesis~.

Foundations of Genetic Algorithms 2 , D. Whitley(ed.).

Morgan Kaufmann.

Goldberg, D.E. 1989, Genetic Algorithms in Search,

Optimisation and Machine Learning . Addison Wesley

Publishing Co mpany.

Goodman, E.D. 1996, The Genetic Algorithm Optimised

for Portability and Parallelism System . Michigan State

University.

Guerreiro, J.N.C.; Barbosa, H.J.C.; Garcia, E.L.M.;

Loula, A.F.D. and Malta, S.M.C. 1998, ^Identification of

Reservoir Heterogeneities Using T racer Breakthrough

Profiles and Genetic Algorithms~. SPE Reservoir

Evaluation and Engineering , June 1998.

Kajiwara, I. and Nagamatsu, A. 1996, Structural

Topology Optimisation by Genetic Algorithm

(Approaches for Improvement of Calculation Efficiency) .

T echnical Report.

Kodiyalam, S.; Naggendra, S. and DeStefano, J. 1996,

^Co mposite Sand wich Structure Optimisation with

Application to Satellite Co mponents~. AIAA Journal .

54:613-622.

Mitchell, M. 1997. An Introduction to Genetic

Algorithms . MIT Press.

NAG. ^E04UCF Routine~, 1988, NAG Fortran Library

Mark 13 , Oxford, UK.

Ramo s, F.M. and Velho, H.F.C. 1995, Estimation of the

Earth Condutivity by a Maximum Entropy Reconstruction

Technique . T echnical Report, Intituto Nacio nal de

Pesquisas Espaciais, Brazil.

Sabatier, P. 1985, ^Inverse Problems - an Introduction~.

Inverse Problems . 1:1-4, 1985

T anaka, Y.; Ishiguro, A. and Uchikawa, Y. 1993, ^A

Genetic Algorithms Application to Inverse Problems in

Electromagnetics~. I n: Proceedings of fifth International

Conference on Genetic Algorithms . Illinois.

Woodbury, K. 1996, What are Inverse Problems .

T echnical Report. University of Alabama.