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ABSTRACT

A new methodfor optimizationof schedulingproblemswith nonlinearobjective functionsand multiple dependent
restrictionsis presentedT his methodis basedon an EvolutionaryAlgorithm but hasa specialchangingoperatorgor
a leadedsearchover the entire solutionspacelt canbe implementedor solving real problemsvery fast, it requires
only few controlvariablesijt is robust,easyto useandlendsitself very well to parallelcomputationThe implemena-
tion to solvea modelrepresenting real schedulingproblemin foundriesis presentedThis applicationshowsgood
resultsandthe comparisora methodbasedon a stochasticEvolutionary Algortihm, having the reputationfor being
very powerful, shows that the new methodwerges faster and with more certainty.
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PART I INTRODUCTION

Detailedplanningas part of productionplanning processess not very well supportedoy computerbasedmethods.
Onereasortor this factis the complexstructureof practicalplanningproblemswhich are characterizedby nonlinear
objective function@ndmultiple dependenandtime varyingrestrictions.Schedulingproblemsrepresenanimportant
part of suchproblemsandare of a majorimportancefor the improvementof productionprocessMany different mo-
dels exist for solving these problems but very often they are based on unreal assumptions
(DOMSCHKE/SCHOLL/VOSS 1993). So the solution of the models is possible but not of the real problem.

On the other hand, customermrequirementdorce many companiego optimize their productionprocesseso reduce
productiontimes and costs.For this reasonthe optimizationof schedulingprocessesn complexenvironmentss an
importantfield of researchThe developmenbf new methodss necessaryvhich leadnot only to optimizedsolutions
but can also be adapted to real problems. These methods should be robust and easy to use.

The methodof Differential Evolution considerstheserequirement{STORN/PRIECEL995). Good optimizationre-
sults can be achieved with short computation timethifpaperthe modelfor a real schedulingproblem,the concept
of this method as well as first computation results are presented.

PART Il APPLICABILITY OF EXISTING ALGORITHMS

In the field of Operations Research many heuristic methods havel&eglnpedo optimizeschedulingorocessesAn
extensiveoverview of thesemethodsis givenin the work of DOMSCHKE/SCHOLL/VOSS1993, p. 249ff). In this
book the authorsmentionthe efficiency of someof thesemethodsfor solving complexschedulingproblemsbut also
emphasize¢he douptfulnesof aplying thesemethodson real problems.This opinionis stressedy NISSEN (1995, p.
11ff). He gives two basic reasons for the afore mentiondagmmo

Most methods are based on special models not representing real situations and
mostmethodsareinflexible. Theycannotbe usedwhile the underlyingmodelchangesn time which is very often
necessary to represent real situations.

Becausef thesetwo facts,in the lastyearsextensiveresearcthasbeendonein the areaof EvolutionaryAlgorithms.
Thesekinds of algorithmsare by their naturevery flexible in their applicationto different models.Many different
typesof thesealgorithmshavebeendevelopedand usedfor optimizationof schedulingprocessesAll thesetypesare
basedon the sameidea: A setof solutionsis createdandthe solutionsarechangedn an iterative procedureby means
of specialoperatorsin eachiterationthe objectivefunctionfor eachsolutionis calculatedandonly the bestsolutions
(by meansof the objectivefunction) aretakeninto the nextiteration. The changeof the solutionsis similar to muta-
tion and replication procedures, and the decision for taksajutionto the nextiterationsimilar to a selectionproce-
dure. These basic ideas show the vicinity to evolution process in nature.

Many different typesof EvolutionaryAlgorithms are describedoy NISSEN (1995, p.13ff). The main differencebe-
tweenthemis basedon the way the solutionsare representedthe operatorghat are usedfor changingthe solutions
from one iteration step to the next and the objective function (SCHOENBURG/HEINZMANN/FEDDERSEN 1994).

In the last few yearsthe applicationof thesealgorithmsto combinatorialoptimization problemshave showntheir
efficiency (RECHENBERG 1973, p. 40ff, SCHWEFEL 1977). The work of MUSIER/EVANS (1989, p. 229ff),
CHEN/VEMPATI/ALJABER (1996), LEE/KIM (1995), GRAHAM (et al. 1979), CHENG/SIN (1990) and NEP-
PALLI/CHUEN-LUNG/GUPTA (1996, p. 356ff) give manypromisingresults.Without going into details,we cansay
thatby the applicationof this algorithmto modelsrepresentingeal problemsa new chapterof optimizing theoryhas
began(REEVES 1993). But mainly two facts could be seenas critical for applicationsto real problemsand made
further research messary.

The speedof convergenceés slow in many applicationsso that the necessaryime to achievegood solutionsbe-
comes very large and

many control parameterdiaveto be adjustedto achievegood resultswhich makethe real useof the algorithms
guestionable.

Froma theoreticalpoint of view thefirst fact doesn’tleadto any problembecausd=volutionaryAlgorithmslend itself
very well to parallelcomputationwvhich allows the reductionof processingimes. This is differentfor real scheduling
problems: The computers being used in most real situations for the optimization don’t support paralkhgroces



Differential Evolutionis a newkind of EvolutionaryAlgorithm which hasbeendevelopedor optimizationover con-

tinuousspace{STORN/PRIECEL995). The applicationto this kind of problemshasshownthatit convergedaster
andwith more certaintythanothermethods By its natureDifferential Evolution is a flexible optimizationprocedure
which canbe usedundermultiple conditions.The implementatioris easyandthe methodis easyto use.For this rea-

sons further research is necessary to make the algorithm applicable to combingtiorizhtion problems.

PART Il CONCEPT

Differential Evolution representsan iterative solution procedure:A numberof individuals are changedby special
changing-operatorandby the meansof an objectivefunction only the bestindividualssurvivein the nextgeneration.
The maindifferenceto existingEvolutionaryAlgorithmsis the constructionof the changingoperator.The conceptof
the method is shown in Figure IlI-1.

First of all, the userconfiguratesthe system,i.e. he makesall the adjustmentsvhich are necessaryo describethe
existingsituation.After creatingstartsolutions,the objectivefunction for eachindividual is calculatedand the solu-
tion is compared to other solutions by means of the objective function. Only if theob#ihgsobjectivefunction of the
newsolutionis betterthanthis of the othersolutionsthe individualswill betakeninto the nextgenerationlf the cri-
teria for stopping the algorithm anet fulfilled, theindividualswill be changedy meansof a mutationandrecomly-
nationoperatorandthe algorithm jumpsbackto the calculationof the objectivefunction. At the end,the solutionis
presented.
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Figure IlI-1: Concept of method

The mutationoperatorfor changingthe individualsis usedin eachgeneratiorandthe recombinatioroperatoronly if
a selected number of iterams no improvement of the best solution can be achieved.

The mutationoperatorsarebasedon a rule which is not like the basicrulesfor othermutationoperatorsonly stocha-
tic. By the conceptof Differential Evolutionthe numberof mutationsdepend®n the "distance"betweerthe individu-
als. Thisrule leadsto a searchoverthe entire solutionspacewhich dependsn the shapeof the objectivefunction. If
theindividualsof onegeneratiorare spreadoverthe whole solutionspacethentheindividualsof the nextgeneration
will be the same. But if the individuals are concentrated at a specialipaioiutionspacethenthe individualsof the
next generationstay at this point until a solution somewhereelsein solutionsspacecan be found that hasa better
value of the objecitve function. This leads to a precise search of these parts of solution spiatggpyood results.

Consider an individual being represented by a ma{rwth

wll a1I 0

A =¢ Twithj=1,...n.
éakl ay o
The columnsof the matrix representhe differentmachineson which the jobs shouldbe scheduledand eachline rep-
resents a minimum planning time ubit The variablg counts the individuals of one iteration.

To calculatethe distancebetweerthe individualsin solutionspacethe Hamilton DistanceD(A;,A-) is used.It canbe
calculated by counting the number of differences in two matlicaadA; with it i’ by
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A newindividual Aneyis generatedrom anold A, 4 by putting C,, XD(A ,A©) stochastiacchangeson this individual.

Cnue0 is a constantwhich can be adjusted by the user. The changescan be done in two ways. Either
Cune XD(A ,A¢) jobs are exchangedstochastically(then we talk aboutan exchange)or C,,, XD(A ,A) jobs are in-
verted (then we talk about an inversion).

In both cases the mutation procedure can be expressed by
Avar = Adig + s XD(A A

By the inversion a set o, XD(A ,A) jobs is chosen stochastically and the sequence is inverted:

1,815, 58 ms 8 ’an,m+cmu>D(A,Aj)’an,m+cmu>D(A,Aj)+l’ 13-
Inversion

The recombination operaton the otherhandleadsto a newsolutionby combiningto solutionsA; andA; with i * 7',
The operator separates the pool of jobs of each individwidA;, into two groups< andY by

81,850 1By m B Bumor B -

X Y

All jobs from groupX remain in the new solutiofy.,, at the old position of solutiofy. Thejobsof groupY areput on
this points in the new solutiof,.,, Which corresponds to the positions they had in solujon

PART IV REAL PROBLEM
1 Problem Formulation

The power of the new method is tested in its applicatidhe schedulingoroblemof coreblowerswhich is characte-
ized by a nonlinearobjectivefunction and many complex,dependenandtime varying restrictions.The problemis of
major importancefor foundriesbecausecore blowersare strongly connectedo automaticmolding plantswith high
productioncosts.If the coresare not producedearly enough,thenthe molding plantsmustbe stoped.On the other
handcoresgrow olderandlosequality if theyare producedo early. The schedulingoroblemmodelfor core blowers
in foundries can be described by the following premises:

Premise 1: The coreblowing processs a four stageprocess.The stagesare core-blowing,core-assembling;ore-
sleeking and core-drying.

Premise 2: The sequence of process stages is not changeable.

Premise 3: On each stage more than two parallel processors exist.

Premise 4: Some of the stages can be skipped for special jobs.

Premise 5: Not all processors can be reached bei each job.

Premise 6: Each processor can processe only one job each time.

Premise 7: Ressources of materials are not limited.

Premise 8: Special jobs can only be processed on special processors.

Premise 9: After each stage storage in a common depot with limited capacity is possible.

Premise 10: Production times are processor and job dependent.

Premise 11: Productions times are set at the beginning of scheduling process.

Premise 12: Set-up times are processor and job dependent.

Premise 13: Transportation times between the stages can be neglected.

Premise 14: Number of necessary workers depend on the processores.

Premise 15: Job-splitting is allowed.

Premise 16: Job-lapping is allowed.



Premise 17: Job-passing is allowed

The optimizationof this modelshouldbe doneon the job floor severaltimesa day. In mostcasegherearemorethan
15 parallel,heterogeneougrocessorand morethan 200 jobsto be scheduledin orderto avoid interruptof produc-
tion process, the optimization should be done within a couple of minutes. Hardware configsitzdseton common
PCs.

2 Module design

The configurationmoduleconsistsof threemajorinput-parts.n thefirst partthe input of datadescribingthe prodic-
tion situation is necessary:

Setupof discirptivetermsfor eachcore blower: Set-uptime, blowing frequency necessanrgtaff for blowing, pro-
duction costs, set-up costs, machine load,

capacities for core-blowing, core-assembling, core-sleeking, core-drying,

number of working days, number of shifts per day, shift-duration,

personnel cost,

In the second part, the input of data describing the different jobs is necessary:

Type of finishing procedureg(parallel or successive)esttime after finishing, due date,set-uptime, blowing fre-
guency, necessary storage capacity, assortment affiliation.

In the third part, the input of data describing the optimization process is necessary:

CommonData: Type of initial solutions(stochasticknowledge-basedyjumberof changesn caseof knowiedge-
based generation of initial solutions, smallest planning time, number of individualsheeatgm

Mutation Operator: Changing degre&,(,),

Recombination Operator: Criteria for initialization of recombination, number of recombinations per iteration,

With this input dataall necessarynformationare collectedto startthe optimizationprocedureAfter configurationn
initial solutionsare generatedDependingon the configurationone of the following possibilitiesfor generatingthe
start solutions can be used:

Knowledge-base@enerationin this casethe userhimself createsthe first scheduleA,, i.e. he putsthe jobs on
specialprocessorand determineghe order of jobs on eachprocessorFrom this first startsolutionthe othern-1
solutionsare generatedtochastically The numberandthe extendof this stochasticchangesds given by the con-
figuration.

StochasticGenerationin this caseall n individuals A; of the initial populationare generatedstatistically, which
meansthat the userhasno influenceof putting the jobs to specialprocessorandto determinetheir order. Also
here the number and extend of the stochastic changes is given by the configuration of the system.

In both casesof generatingthe initial solutionsonly thoseindividuals can be generatedvhich do not produceany
conflictswith one of the restrictions.In the objectivefunction the following aspectscan be consideredExceedingof
capacities,deviation from due dates,production costs, set-up costs and deviation from assortmeniaffiliation. Its
structure is the following:

Ftotd = aCapacity ><FCapacity + aDate ><I:Date + aCost ><FCost + aSe XFSe + aAssort ><|:Assort'

The variablesacapacity Apate 8coss Bset@Ndanssorr Areconstaniandtakethe rating of the different aspectsnto account
which can be changed by the user.

The variableFcapacity describesall exceeding®f capacitiedrom staff, storage-placeassemblingsleekinganddrying.
All this componentsvhereconsideredn the objectivefunction. By calculatingthe numberof planningunits where
the existing capacitiesdoesnot satisfy the demand.If K, withw = staf, storage, assenbling, slesking, drying are

these numbers then the total exceeding of capacity is
—_ ol my s —_
FCa)acity - CCa)acity xa (KW) mit CCa)acity! m/v = corst..
all w

Die variableFp, describes the deviation from due date of all jobs in a schedule by calculatintatiiene difference
between due dates and real finishing times:



Fose = Cone X8 (tue, - tear; ) With Cpye, M= const, j = jthjob.
j

The variableFc,s;describeghe productioncostsof the coreblowers.If K; arethe productioncostsfor theith machine
and if Q;(t)=1 only if theith machine is occupied by a job, otherw&)=0, then:

Fecst = Coos XA (K XQ (t)) With Ceyq m= const, i = ith mactine.

The variableFs.;describeghe set-upcosts.If R arethe set-upcostsfor the ith machineper set-upprocessandif Z
counts the number of different set-up processes oititlreachine, then:

Fse =Cse A (R >Z;)" with Cg,, m= const, i = ith mactine.

The variable Fassort describeghe affiliation of all coresto different assortmentdy calculationthe time differences
between the finishing times and due-dates of all cores of one assortn$gatelthe different assortments, then:

FAssmt = CAssmt Xé é (tdus,j - treai,j)mWith CAssmtl m= COTEt., J = JthJOb
v jls

For changingthe individualsthe describedmutation-and recombination-operatare used.The objectivefunctionis
formulated in a way that it becomes minimized by the algorithm:

Fio = Min.

By the meansof this a newindividual is takeninto the nextiteration,if the valueof the objectivefunctionis reduced
in comparison to the value of the old imidlual:

Ftotd (Aold) 3 Ftotd (Anwu) '

The algorithm terminates if one of the following conditions is fulfilled:

A number of generations is generated,
the reduction of the objective function over the last hundred generations is less than a minimum amount.

Theresultsof an optimizationprocedureare presentedn a Gantt-Diagramwhich is a graphicalpresentatiorof the
matrix A; of theindividualswith the smallestvalue of the objectivefunction. In additionto this, the valuesof consd-
ered staff and machine capacities are shown over the entire planing period. So the user is warnaekokdottl

PARTV RESULTS AND CONCLUSION

Thedescribedalgorithmis testedon real problemsin two differentfoundries.The resultsare comparedwith an Evo-
lutionary Algorithm with a stochastic mutation operator and planning results of a manual planning pratéctuie
standardn mostfoundries.For a small numberof jobs the optimum solution of the problemcan be calculatedand
handled as a lower bound for the problem. The results are shown in Figure V-1
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Figure V-1: Optimization results (5 machines, 30 jobs)

The resultsshowthat the new methodconvergedasterthana normal EvolutionaryAlgorithm with stochastidbased
changingoperator.We found out that the solutionof manualplanningprocessanbe improvedfrom 37000to about
5000. For the problem,the lower boundcan be calculatedas 4700. After 17000iterationswhich correspondgo a
computatiorntime of about10 minuteson a pentiumprocessothe methodfinds its bestsolutionwhich is closeto the
lower bound.

In addition to this, the personnel in foundries had no problems in using the algorithm instead of manual planning. The
mostimportantreasonfor this is the flexibility of the algorithmwhich makesadaptatiorto changingsituationsbe-
cause of new jobs or machinesikdown very easy.
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