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abstract

Inthispaper,wegiveasolutionfortravelingsalesmannpersonM townproblem(TSP(n/M))whichis

anextensionoftravelingsalesmanproblem(TSP)byusingthegeneticalgorithm(GA).TSP(n/M)isa

generalizedproblemoftheordinarytravelingsalesmantoaproblemwhennpersonexists.Here,we

proposeanewalgorithmnamedmulti-parentsexchangemethodwhichgeneratesoneoffspringfrom

severalparents.Moreover,weproposeanewmethodbycombiningthisalgorithmwiththesurface

dividingmethodwhichisamethodintheareaofOperationsResearch.

1.Introduction

Ordinary traveling salesmanproblem is a problem which looks for the shortest

Hamiltonian path when one salesmanvisits every one city. This is a typical NP

problemconsideredto be solvedonly by calculatingall the possiblepaths to find the

optimal path. The number of possiblepaths increaseexponentiallyaccordingto the

numberof cities to visit. For example,as the numberof cities increasesfrom 10to 20.

thepossiblepaths increase10billion times.To find the optimalcombinationamongall

the possible combinations is called the combinatorial optimization problem. The

investigationfor this optimizationproblemis donealmost for TSP and is extendedto

theotherproblems.This is dueto the factthat thedefinition ofTSP is simpleandTSP

containsmanypracticalapplications.

However, it is necessaryto extendthe definition of TSP for solving the practical

problem,sinceTSP is toosimpletoapplyto thepracticalproblem.Here,weextendthe

ordinary TSP to the problem concerning the several salesmen, since it is often

happenedthat severalsalesmensharethecitiestovisit.

In this case,we usually assign each salesmana range to visit and try to find the

shortestpath for each salesmanin his range.Though this methodfinds the shortest

way for eachsalesman,wedo not alwaysminimize the distancefor the salesmanwho

hasthe longestpath.

So.weconsiderthetravelingsalesmanproblemn personM townproblem(TSP(n/M))

whichdoesnotconcernthe rangetovisit. TSP(n/M) is definedto bea problemhowwc
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minimize the distance for the salesmanwho has the longest path. This problem

happensin thefollowingcase:Whenn salesmenhavetovisit M towns,howcanwefind

theshortestpaththatall thesalesmencomebacktotheir companyassoonaspossible?

This containsmanypractical applicationssuch as to the conveyingplan by several

trucks. The various solution methodsfor TSP have beenproposed,such as neural

network,geneticalgorithm(GA) andetc.However,thesemethodsarenot forTSP(n/M)

but for ordinaryTSP. [1]showsthat themethodbyneuralnetwork is notgoodformore

than twenty towns.And GA which uses subtour exchangecrossoverhas a serious

problemthat toomuchcomputationis neededto find the samesubtourbetweenboth

gene.In this paper,weproposemulti-parentsexchangemethodinsteadof thecrossover

used in ordinary GA. And we give a solution for TSP(n/M) by combiningGA using

multi-parentsexchangemethodwith surfacedividing methodwhich is often used in

the area of OR. In section 2, we introduce the traditional encode/decode-crossover

problemfor TSP. In section3, we proposemulti-parentsexchangemethod.Here, we

introducelink matrix usedin themulti-parentsexchangealgorithm. In order to show

theeffectivenessof this method,wecompareGA usingmulti-parentsexchangemethod

with GA using subtour exchangecrossover.In section4, we proposeto apply the

surfacedividingmethodtoTSP(n/M) andexaminegoodnessof this newmethod.

2.The Solution for TSP by the Ordinary GA
Here,we introducethe typicalencode/decode-crossoverin GA for TSP andgive some

consideration.

Let thenameofcitybegene.The encodingbytheorderof thecity nameis calledpath

representation.The crossoverwhich replacesthe rest behinda point with that of the

otherparententirely is calledonepoint crossover.The problemis that GA using this

path representationand onepoint crossoverdoesnot generallyyield offspring which

are legaltours.

In order to avoid this difficulty. GA using ordinal representationand one point

crossoverandGA usingpath representationandpartially mappedcrossoverhavebeen

proposed.

Though these methods are guaranteed not to yield illegal tour, charactcr-

preservingnessarc neglectedand these methodshave almost the same ability as

randomsearchperformedbymutationonly.

Yamamura etal. [3] proposedGA using path representationwhich mademuch of

character-preservingnessand subtourexchangecrossover.Subtourexchangecrossover
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methoddoesnot destroythe subtourwhich has useful propertyand leavethis useful

propertyto the next generation.This is a kind of two point crossoverand the range

betweentwo points on the chromosomeis exchangedonly when the set of cities

involvedin the subtourcorrespondsto that of theother parent.Since the distancefor

each path is not changedwhen we go through the path conversely, two parents

generatefouroffsprings.This causesdifficulty thatmuchcomputationis needed.

In order to avoid these difficulties mentionedabove,we proposeGA using path

representationandmulti-parentsmethod.Sinceseveralparentsyield only onechild in

this method,weusethe term"exchangemethod"in steadof crossover.

3.Multi-Parents Exchange Method

Multi-parentsexchangemethodis madeof twoparts. One part is to preparea link

matrix in order to makemuch of characterpresevingness.And the other part is to

generateoneoffspringbyusingthis link matrix.In the following,wediscussonthe link

matrix andmulti-parentsexchangealgorithmconcretely.

3.1 link matrix

In multi-parentsexchangealgorithm,we makemuch useof the informationwhere

thesalesmancomesfromandwhere the salesmangoesfor. This informationobtained

fromeachparentis calleda link informationandwerecordthis informationin the link

matrix. For example,the link matrix of the parentwho has the followingchromosome

is as follows.

Table 1. Link Information

Parent :5 2 4 1 3 6

i 2 3 4 5 6
l 0 0 1 1 0 0
2 0 0 0 1 1 0
3 1 0 0 0 0 1
4 1 1 0 0 0 D
5 0 1 0 0 0 1
6 0 0 1 0 1 0

The Linkmatrix is madeout by adding 1 to thecorrespondingcolumn of the cities

visitedbeforeandafter for eachrow of thecity. For example,for the city 2. (2.5)and

(2.4)componentsareaddedto 1.sincethecities beforeand after the city 2 arecities S

and4.

Notethatthecitybeforethestartingcity is thelastvisiting city and thecity after the

lastvisitingcity is thestartingcity. For example,thelink matrixof the four parents
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whohavethe followingchromosomeis as follows.

Table 2. Link Matrix

Parentl 5 2 4 1 3 6
Parent2 5 2 3 1 6 4
Parent3 6 5 4 2 3 1

Parent4 1 2 5 3 6 4

i 2 3 4 5 6
1 0 0 1 1 0 0
2 0 0 0 1 1 0
3 1 0 0 0 0 1
4 1 i 0 0 0 0
5 0 i 0 0 0 1
6 0 0 1 0 1 0

3.2 Multi-Parents Exchange Algorithm

Next,we showan algorithmwhichgeneratesoneoffspringby using this link matrix.

As the componentof thematrix is larger and larger, the correspondingcity of the row

and thecorrespondingcity of thecolumnareconnectedmoreclosely.

Multi-Parents Exchange Algorithm

1. Let the rowof thecomponentwhichhas the largestvalueamongall thecomponentsin

the link matrix bethestartingcity andaddthecity at thebeginningof the list. And let

thecolumnof thecomponentbethepresentcity. (If severalcomponentswhich havethe

samevalueexist,chooseoneof theseat random.)

2. Removethecorespondingrowandcolumninvolvedin the list fromthe link matrix.

3. Add the presentcity to the list and let the columnwhich has the largestvalue among

the rowof the presentcity be thenewpresentcity. (If severalcomponentswhich have

the samevalueexist,choosethecity which has the smallestsumof thecorresponding

row.)

4. If the unvisitedcitiesexist, go toStep 2. Otherwise,wecan obtain the list as the new
offspring.

Note that, in step 3. we let the character prcscrvngness to be meaningful.The

offspringgeneratedfromthe link matrix in Tabic 2 is as follows.

Table 3.

Parent : 5 2 4 1 3 6

However,the sameoffspringn* that in Figure 3 is not alwaysgenerated,sincethis

algorithmis a kind of randomalgorithm.

3.3 Simulation Results
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In order to examinethe usefulness of this multi-parentsexchangealgorithm, we

compareGA using this multi-parents exchangealgorithm with GA using subtour

exchangecrossoverbysimulationstudies.Weevaluatethegoodnessof thesemethodby

thedistanceof theobtainedshortestpath and their searchingtime.We locatecities at

randomin therangeofa 1x 1squareandlet thecenterof thesquarebea startingpoint.

We havedonesimulationstudiesfor the followingcases:
* The numberof citiesis 30andsearchingnumberis 100thousandtimes.
* The numberof citiesis 50andsearchingnumberis 200thousandtimes.

Werepeatthecalculationthreetimesandshowtheaverageofthe results.In Table3,

weshowthe resultsof our simulationstudies.

Table 4. Simulation Results
GAtSubtourexchange
crossover)

GAtMuiti-parents
exchangeMethod)

TSP(2/30) 2.777 2.426
329 163

TSP(4/30) 1.767 1.696
754 209

TSP(2/50) 4.785 3.693
9786 1217

TSP(4/50) 2.67 2.353
9,45 1398

We have the followingobservations.There is not so much differencebetweenthe

distanceobtainedbyGA with subtourexchangecrossoverandthat obtainedbyGA with

multi-parents exchangemethod in the case of 30 cities. On the other hand, the

searchingtimefor findingits shortestpathbyGA with multi-parentsexchangemethod

is aboutbalf of that byGA with subtourexchangecrossover.Moreover,the numberof

salesmendoesnot affectnot so much the searching time for GA with multi-parents

exchangemethod.On the other hand, for GA with subtour exchangecrossover,the

searchingtime is longerand longerasnumberof thesalesmanincrease.

In the case of 60 cities. GA with multi-parents exchangemethodgives a better

solutionthanGA with subtourexchangecrossoverdoes.And thesearchingtimeof the

formeris about1/6of thatof thelatter. By theaboveobservations,we find thatGA with

multi-parentsexchangemethodgenerallygivesa bettersolutionand finds the solution

for a shorter time thanGA with subtourexchangecrossoverdocs.And the numberof

salesmandoes not affect so much the seraching time for GA with multi-parents

exchangemethod.

4. GA combined with surface dividing method

In this section,wediscusson the surfacedividing methodfor TSP simply first, and
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applythis methodtoTSP(n/M).

4.1 The Surface Dividing Method

In the surfacedividing method,we divide the givencities into parts called backett

andgetan approximatesolutionquicklybypatrolling thebackettin theappropriately

order.Here, a triangular backettis used,sincewe can find in which backettthe city

existsquickly.And let theobjectiveareabea square.The squarecanbedividedinto the

congruentright-angledisoscelestriangle called triangular backettby a diagonal line.

We can divide the right-angled isoscelestriangle into the the right-angled isosceles

trianglesrecursively.Weshowthe2' (t=4)triangular backettsin Figure 1.In Figure 1,

we alsoshowthe path throughall the backetts.This curvewhen t tendsto infinity is

calledSierpinski curve.

4.2 Comparison between GA and Surface Dividing Method
Next,wegivea solutionforTSP with 30citiesbothbyGA andby thesurfacedividing

methodto examinethe effectivenessof the surface dividing method.We show the

results in Figures2and3.

The distance=4.737 The distance=5.363

Fig 1.The solutionforTSP byGA Fig 2.The solutionfor Surfacedividingmethod

From Figures 2 and 3. we find that the solution by GA is better than the surface

dividingmethod.But it takesonly a secondfor the surfacedividing methodto obtain

such a solution,while it takesaboutoneminute for GA. We can say that the surface

dividingmethodfindsa goodsolutionin somedegreeveryquickly.

4.3 the Method Combining the Surface Dividing Method
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Weareabletoobtaina goodsolutionin somedegreequickly bycombiningthesurface

dividingmethod.However,thesurfacedividingmethodis not for TSP(n/M) but forTSP

andwecan not applythis directly toTSP(n/M). Thereforewe use the surfacedividing

methodfor theonesalesmanin TSP(n/M). As weshowedin 4.2,by GA wecanobtaina

bettersolutionthan bythesurfacedividingmethodand thebettersolutionobtainedby

GA maybedestroyedbycombiningthesurfacedividingmethodwith GA. Therefore,we

usethe surfacedividingmethodas a mutationin the operationof GA and let the ratio

of themutationdecreaseasthegenerationproceeds.

4.4 Simulation Results

In orderto showtheeffectivenessof GA combinedwith the surfacedividingmethod,

wecomparethis methodwith GA using the subtourexchangecrossoverand using the

multi-parents exchangemethod.We use the multi-parents exchangemethodas an

exchangemethodfor GA combinedwith the surfacedividing method.We have done

simulationstudiesas in 3.3.Weshowthe results in Table 5.

Table 5. Simulation Results
ItUAtSubtourexchange
Acrossover)

UAtMultr-parentt
exchangeMethod)

UAlMuttl-parantsexchange
MethodHSurfaceDividingMethod

TSP(2/30) 2.777 2.426 2.379
329 163 185

TSPM/30) 1.767 1.696 1.555
754 209 195

TSPtt/50)
4785 3693 3.318
9786 1217 1320
2.67 2353 1.949
9145 ,398 1375

We find from the Table that by GA combinedwith the surfacedividing method,we

canobtaina shorterpath than byGA using subtourexchangecrossoverand using the

multi-parentsexchangemethodin everycase.And it takes almost the sametime to

finish searchingfor a solution.However,wedo not showas yet whetheror not wecan

obtaina goodsolutionat the beginningof the searching.To examine this, we showa

changeof a distanceagainsta searchingnumberand a changeof a distanceagainsta

searchingtime in Figures4and5.
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We find fromFigure4 that in 1/10of alt thesearchingnumberGA combinedwith the

surfacedividing methodgeneratesan offspringhaving almostthe samedistancewith

an offspringafter finishing all the search.Even if we let the searchingnumber to be

1/10.wecanget thesolutionalmostas goodas thesolutionafter all the searchingand

this meanswe can decreasethe searchingtime to be 1/10.On theother hand, by the

other twomethods,wecannotobtaina solutionasgoodasa solutiongivenafter all the

searchingin a short time.It takesa much longer time for GA usingsubtourexchange

crossovertoobtaina solutionas goodas a solutionafter searchingthan it docsfor GA

usingmulti-parentsexchangemethod.So. we can attain theobjectthat we geta good
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solution at the beginningof searching by GA combinedwith the surface dividing

method.

In ordinaryGA, offspringwhichhas thesamechromosomecanexist at thesametime.

In this paper,wedonotadmittheexistenceofthis duplication,sinceduplicationcauses

an initial convergenceproblemthat there becomesto exist only the sameoffsprings

which arenotevena localsolution.

5.concluding remarks

In this paper, we propose GA combinedwith the surface dividingmethod for

TSP(n/M) and proposeto use multi-parents exchangemethod in stead of subtour

exchangecrossoverusedin ordinary GA. We cangeta bettersolutionbyour proposed

method

than by GA using the subtour exchangecrossover,but it remains a problem in the

ability of localsearch.Fromnowon,weneedtobeabletoperformlocal searchbyusing

heuristicmethodin the last stageof GA with multi parentsexchangemethodand the

surfacedividingmethod.
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