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Abstract

Evolutionary algorithms possess promising

potential for solving manufacturing control

problems. While this has been shown during

the last years real-world applications of these

methods are still rare. There are two basic

reasons for this. Firstly, a scheduling tool

based on Evolutionary algorithms (EA) has

to �t into the organizational structure of to-

day's companies i.e. it has to be coupled with

e.g. Enterprise Resources Planning-Systems

(ERP-Systems) in such a way that the power

of evolutionary search is used to a full ex-

tend. This topic is only addressed in short

in the following. The focus in this article is

on the second reason - the size of real-world

shop oor scheduling problems. To deal with

it the authors propose a continuously oper-

ating EA-scheduler which can easily adapt

to sudden changes in a production system.

Two di�erent approaches to parameter adap-

tation by coevolution are discussed. To de-

crease the amount of calculation time needed

to �nd a satisfying solution a simple paral-

lelization approach is introduced. In the last

section the results of a test of a real-world

application based on these ideas are shown.

1 Introduction to the Problem

The task of shop oor scheduling is to �nd sequences in

which n jobs are to be processed on a set ofm resources
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(machines, sta�, special tools etc.) so that several con-

straints (technological, organisational, etc.) are met

and so that a given objective (e.g. mean ow time,

mean lateness etc.) is satis�ed as good as possible.

Each job can consist of one or more operations. The

technological sequence of the operations within a job is

not necessarily set. Thus real-world shop oor schedul-

ing comprises many di�erent combinatorical optimiza-

tion problems like Job Shop, Flow Shop, Open Shop,

Parallel Machines Problems and many other. While in

Operations Research models for these problems and

heuristics to solve them had been developed it was

still not possible to handle shop oor scheduling as a

whole. Even today it is mostly done manually. With

evolutionary methods and other meta-heuristics like

Simulated Annealing or Threshold Accepting at hand

there seemed to be hope for a change of this situation

for the �rst time.

Within the last ten years a number of attempts have

been made world-wide to solve hard combinatorical op-

timization problems in the �eld of production control

with the help of Genetic Algorithms (GA) from the

early work of Davis [Davis, 1985] over the interesting

approaches of Nakano and Yamada [Nakano and Ya-

mada 1995, 1996] or of Bierwirth and Mattfeld [Bier-

wirth et al. 1993, 1995] to recent developments e.g. by

Mattfeld [Mattfeld, 1999] or van Bael [van Bael, 1999]

to name only a few. However, real-world applications

in the �eld of shop oor scheduling are still rare al-

though the results shown in benchmark tests have been

far better than those of the best priority rule heuris-

tics. What is the reason for this?

There is of course the problem that there is a di�er-

ence between theoretical research work and the devel-

opment of a real-world application. But this is not the

main point. More important is that benchmark prob-

lems are rather small compared to real-world ones and

they do not contain those many, little extra problems

and degrees of freedom that increase the complexity



of real-world shop oor scheduling by some powers of

ten compared e.g. to the job shop benchmark prob-

lems that are often used for testing scheduling GAs.

Regarding this high complexity the question of the

time that is needed to calculate a satisfying solution

is of highest interest for a practical use of EA-based

scheduling tools. Often there are demands for calcula-

tion times no longer than �ve minutes as a study car-

ried out by the authors in 1998 showed [Teich, 1998].

There is no reason to believe that the solution an Evo-

lutionary Algorithm delivers after �ve minutes could

not be improved further. Therefore it seems like a

good idea to let the algorithm run continuously. There

are two problems that have to be solved to do this.

Firstly, there has to be an organizational framework

which allows companies to make use of a continu-

ously running Evolutionary Algorithm for shop oor

scheduling. Since in today's organizations schedul-

ing is usually done once at the beginning of a plan-

ning period while afterwards only minor changes are

allowed, companies are not prepared to handle new

improved schedules delivered by an EA after the �rst

schedule has been �xed and its sequencing information

has been distributed to every worker. To change this

the authors developed an organizational framework in

which these new improved schedules can easily be han-

dled. However, since these are matters which do not

lie within the �eld of Evolutionary Algorithms they

are not discussed further in this paper.

Secondly, there is the Evolutionary Algorithm itself.

Since situations in production systems may change fre-

quently no set parameter constellation seems appro-

priate. To adapt to changes parameters themselves

should be the matter of a coevolution process. Last

not least the computational resources companies can

use for shop oor scheduling are often rather limited.

Therefore a simple parallelization approach using in-

telligent terminals of a plant data acquisition system

(PDA) has been developed and tested successfully.

2 Evolutionary Search Scheduling

Algorithm

The shop oor scheduling EA introduced here consists

of two parts - a Genetic Algorithm for the schedule

optimization and a second evolutionary algorithm for

the parameter coevolution. For schedule optimization

a GA developed by the authors in 1998 for job shop

problems was used [K�aschel et al., 1999a]. It is build

upon a genetic representation of permutations with

repetition. This approach was developed by Bierwirth

et al. in 1993 [Bierwirth et al., 1993]. Figure 1 gives

an idea how it works.

Figure 1: Genetic representation of the schedule opti-

mization GA

Each job is occuring within a chromosome as often as

it has operations. Thus it is possible to avoid invalid

solutions without a complicated evaluation procedure.

To build a semi-active schedule the chromosome has

only to be read from the beginning to the end and

each operation has to be placed on the necessary re-

sources at the earliest possible starting date at which

all resources have to be available and the predecessor

of the operation within the same job must be �nished.

The latter condition could be weakened because some-

times there are operations whose sequence is not nec-

essarily set. For crossover we used the Generalized Or-

der Crossover (GOX) developed by Bierwirth et al. in

1993 and the Generalized Position Based Crossover

(GPBX) developed by the authors [Teich, 1998]. Each

operator is chosen with a certain probability poxi
with

X

i

poxi
= 1:

Thus possible disadvantages of the use of just one

crossover operator shall be overcome. Tests carried

out by the authors [Teich, 1998] seem to justify this

approach because the mean results reached by com-

bined use of the two operators were better than the

results reached by using single operators. Both GOX

and GPBX are generalized versions of crossover op-

erators which were originally developed by Syswerda

[Syswerda, 1991] for the Travelling Salesman Problem.

Syswerdas attempt to preserve order and absolute po-

sition information respectively is unfortunately partly

undermined by Bierwirths genetic representation. The

problem is that actually order/position information

of operations shall be preserved whereas the chromo-

some contains job numbers to avoid invalid solutions.

This dilemma on one hand and the high redundancy

of the representation which increases the dimension of

the search space by some additional powers of ten on

the other hand let it seem worthwhile to use a more



powerful scheduling GA in the future. Therefore the

authors are currently comparing the concepts of van

Bael [van Bael, 1999] and of Mattfeld [Mattfeld, 1999]

with regard to their suitability for real-world shop oor

scheduling. For mutation the scheduling GA uses a

reservoir of no less than six operators which di�er in

their power to destroy the genetic information. A shift

operator which takes only one operation out of the

chromosome and moves it to another position and a

scramble operator which changes the chromosome are

the two opposite ends of a scale these operators can be

placed on. For mutation one of them is chosen accord-

ing to the same principle as the crossover operator.

The same concept was applied with selection schemes.

The idea behind the implementation of this variety

of operators was to produce a robust algorithm which

avoided a problem that GAs which use only some oper-

ators often have - they do well on one problem but fail

to deliver satisfying solutions on another one. With

its variety of operators our algorithm proved to be ro-

bust but at the cost of an inferior quality of solutions

for benchmark tests. A �rst version of this algorithm

was implemented in 1998 as generational replacement

GA. Results of this algorithm can be found in [K�aschel

et al., 1999a]. For easier parallelization it was later

changed to a steady state GA. New solutions are ac-

cepted if they are better than the worst individual or

with a certain probability if they are worse. This con-

cept was borrowed from Simulated Annealing [Davis,

1987, Kirkpatrick et al., 1983]. The probability is low-

ered during the course of the optimization according

to what is called a cooling schedule in Simulated An-

nealing. The parameters which determine the cooling

schedule can themselves be changed by coevolution.

The idea of coupling the Simulated Annealing Concept

with a steady state GA was born because of the very

good results the authors reached with a simple Sim-

ulated Annealing procedure on the Fisher-Thompson

benchmark problems for the JSP [Muth et al., 1963,

K�aschel et al., 1999b].

The schedule optimization GA uses a weighted combi-

nation of mean lateness and mean ow time as objec-

tive function. Job priorities can easily be taken into

account thus. For the simulation tests whose results

are displayed at the end of this paper both objectives

were wheighted equally. Parameters for the schedule

optimization are represented as integer values within

the chromosome sketched in �gure 2. The schedule op-

timization GA is run until there have been no improve-

ments within the last 400 iterations. Then its param-

eters are mutated with a normal distributed mutation

operator as part of a simple (1+1)-Evolution Strat-

egy (ES) and the scheduling GA is run again with the

new set of parameters until there have been no im-

provements throughout the last 400 iterations. Then

the former parent and o�spring are compared and the

better is chosen for a new mutation.

Figure 2: Parameter representation

As another way of parameter coevolution the authors

tried to tie one parameter chromosome to each indi-

vidual of the schedule optimization GA. The parame-

ter chromosomes use a crossover operator that calcu-

lates the mean value of the two parent chromosomes.

The mutation operator is the same as in the Evolution

Strategy described above.

3 Parallelization

Today's companies usually have only very limited com-

putational resources available for shop oor schedul-

ing. Therefore the only practicable solution for a

parallelization of our EA seemed to lie in the PDA-

terminal computers. The only tasks these comput-

ers have to perform are to distribute work sequence

information to the workers and to allow them to re-

port the status of the job they are currently work-

ing on (e.g.: job in progress, job �nished etc.). Nat-

urally they are idle most of the time. Since in our

case (and probably in many cases) these computers are

only comparably slow (133MHz RISC-Processor, 32

MB memory) the best way to use them for paralleliza-

tion seemed to be a single population master-slave ap-

proach [E. Cantu-Paz, 1998]. The idea is sketched in

�gure 3.

Each time a new individual has been created by

crossover or mutation on the computer where the GA-

scheduler is running (master) it is sent to one of the

PDA-terminals (slave) which is currently idle. All

the information needed for scheduling (capacity data,

technological constraints etc.) is held in a shared data

base. The terminals as well as the GA-scheduler load

up this information when they are switched on and

update it each time an operation is reported �nished,

a new job is released or some disturbance occurs. The

slave computer is carrying out the time consuming



Figure 3: Asynchronuous Master-Slave Parallelization

evaluation procedure and sends the values of the ob-

jective and the �tness function of the schedule back to

the master computer. To avoid that the GA gets stuck

the evaluation procedure is carried out on the master

computer if all slaves are busy. Since we use a steady

state GA it is possbile to run the process asynchron-

uously so that it is not necessary to put individual A

and B back into the population in the same sequence

in which they have been sent away for evaluation.

4 Test results

The shop oor scheduling system was tested on real-

world data of a German engineering company. For this

purpose the release date, the �nishing date and the due

date of each job that passed the plant within a period

of two months was recorded as well as the date and the

duration of all disturbances of the manufacturing pro-

cess (machine breakdowns, rejects because of material

defects, illness of workers etc.). The plant is organized

according to the workshop principle that is to say ma-

chines are grouped according to the operations that

have to be carried out on them rather than according

to the products that are manufactured on them. With

this data it was possible to build a complete simula-

tion model of the plant as shown in �gure 4 on which

the scheduler could be tested.

For comparisons we used the mean ow time and the

mean lateness of jobs. The EA-scheduler was tested

in four di�erent real-time simulations with the Evolu-

tion Strategy for parameter coevolution (ESCO) that

has been described above and with continuous co-

evolution within the GA (GACO). These two ver-

sions were additionally tested with parallelization (ES-

COPA) and (GACOPA). For comparison we used the

results reached by manual scheduling which could be

obtained from the data recorded (MANUAL), and sim-

ulations with a priority rule-based scheduler (PRI-

ORULE) and a GA-scheduler (NONCONGA) which

Figure 4: Simulation environment

were both run for �ve minutes each time reschedul-

ing was necessary because of changes (new jobs, ma-

chine breakdowns etc.). The priority rule scheduler

was allowed to calculate a number of single, standard

priority rules (e.g.: Shortest Processing Time, Earliest

Due Date and others) and combinations of these rules.

The best result was used. For the NONCONGA the

schedule optimization GA was used without parame-

ter coevolution. The test results are displayed in table

1. With manual scheduling in practice a mean late-

ness of 2.4 days and a mean ow time 13.2 days was

reached. These values were set to 100 % to ease the

comparison.

Table 1: Relative results (manual scheduling = 100%)

scheduler mean lateness mean flow time

MANUAL 100.0 % 100.0 %

PRIORULE 95.3 % 97.9 %

NONCONGA 83.4 % 93.1 %

ESCO 64.2 % 88.2 %

GACO 55.8 % 85.1 %

ESCOPA 63.2 % 87.8 %

GACOPA 55.3 % 85.0 %

The results show clearly a superior quality of the solu-

tions of the continuously running EA schedulers to the

other approaches. Parameter coevolution within the

GA does a little better than the ES approach. This

we think is because of the larger amount of parameter

sets that can be tried if every individual of the schedule

optimization GA has its own parameter chromosome.



If the evolution strategy is used a change of parame-

ters takes place only every 5-15 minutes as we found

out during the simulation. It is remarkable though

that this simple evolution strategy still does compara-

bly well. The inuence of parallelization is only small.

This could be due to the relatively small number of 5

PDA-terminal computers that we were able to use. A

more massive parallelization would possibly do better.

There is still quite a number of jobs late. However,

we see the main reason for this not within the sched-

uler but in the due dates the companie's sales oÆcials

negotiated for the jobs long before the manufacturing

process started.

5 Conclusion

As a result it can be stated that EA-based scheduling

tools for real-world shop oor scheduling allow com-

panies to mobilize a lot of reserves in their produc-

tion systems at comparably low cost. The author's fu-

ture research will be directed towards a more powerful

scheduling GA as has already been mentioned above

and towards a useful determination of due dates which

means to go beyond shop oor scheduling towards pro-

duction planning.
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