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Abstract- This paperconsidersa schedulingproblemaris-
ing for numerically controlled machinesin the manufac-
tur e of printed circuit boards. In order to maximize the
thr oughput rate of thesemachinesthe time taken for the
pick and place sequenceof componentsfor each board
hasto beminimized. The determination of goodpick and
placesequenceson a singleplacementmachinegivesrise
to thr eerelatedproblems,namely the assignmentof com-
ponent types to feeder slots, the problem of tool changes
and the sequenceitself. In this paperweconsidera sophis-
ticated type of placementmachinery equippedwith multi-
ple placementheads.Wearegoing to intr oducea suitable
model for this complex schedulingproblem and present
tailor ed constructive and local search heuristics to deter-
mine good,locally optimal solutions. We embedthe local
search techniquesproposedin the Variable Neighborhood
Searchmetaheuristicframework to find still better locally
optimal solutions and effectively search a larger part of
the solution space.The heuristicshavebeenimplemented
and applied to a panel of twelve test circuit boards to an-
alyzetheir performance.

1 Intr oduction

Enormousgrowth in demandfor consumer, commercialand
industrial computerand other electronicdevices hasmade
PrintedCircuit Board(PCB) assemblya fastgrowing market
with an estimatedworldwide economicvalueof nearly350
billion US dollars[21]. As thevarietyof productsin needof
PCBsgrows, thecircuit boardmanufacturingindustryrelies
moreandmoreuponhighly automatedproductionprocesses
to supplytheincreasingdemand,including,in particular, nu-
mericallycontrolledmachinesfor theplacementof electronic
componentson thecircuit board.

The recent introduction of Surface Mount Technology,
which hasnearly replacedpin-through-holetechnology, for
PCB assemblyhasenabledthe mountingof an even larger
numberof electroniccomponentson a singlePCB. The in-
creaseof circuit board complexity has gone hand in hand
with an improvementof thequality of placementmachinery
availablein termsof speedandaccuracy. However, assembly
timesandthroughputratesof sucha numericallycontrolled

machinearehighly dependenton the quality of the instruc-
tions given. This makes the machine’s performancehighly
sensitive to its schedulesandintroduceshigh quality process
planningasanimportantissueto increasethroughputandcut
down productioncosts.

In a printed circuit board production line, the circuit
boardsto be assembledusually travel on a conveyer belt
througha line of componentplacementmachines,eachof
themplacinga numberof electroniccomponentson thecir-
cuit board. Assumingthis type of productionsetupthe pro-
ductionplanningproblemwe areconfrontedwith canbedi-
videdinto threesubproblems:

1. the allocationof componenttypes to placementma-
chines,

2. the assignmentof componenttypes to component
feederslotsfor eachplacementmachine,

3. the componentplacementsequencingfor each ma-
chine.

Many publicationshave addressedthe problemof opti-
mizing PCBassemblyandvariousmodelsandsolutiontech-
niqueshavebeenproposed.Oneof theearliest,by Shellwell,
BuzacottandMagazine[22], introducesa detailedmodelof
a circuit boardmanufacturingfacility. Ball andMagazine[2]
concentratedon the sequencingproblem,modelledasa ru-
ral postmanproblem[14], andtheallocationof components
to feederslots. Bard et al. [3] presenteda very detailed
modelfor a singleHigh SpeedChip shooterplacementma-
chine. A geneticalgorithm-basedapproachto determinethe
componentplacementsequencewas proposedby Kho and
Ng [12]. A good literaturereview and descriptionof vari-
ousplacementmachinerytypescanbe found in Moyer and
Gupta[18] who alsointroducea suitablemodelandheuristic
for the sequencingproblemof a High SpeedChip Shooter.
FouldsandHamacher[9] concentratedon the identification
of optimalbin locationsfor componentpick up. A combined
model for sequencingand componentassignmentwas sug-
gestedby Leipälä andNevalainen[16] which wasmodelled
asa quadraticassignment/Travelling SalesmanProblem.An
approachfor all threeproblemsmentionedabove was pre-
sentedby Cramaetal. [7] consideringtheassemblyof differ-



entboardtypesonasingleassemblyline of High SpeedChip
Shooterplacementmachines.

For the remainderof this paperwe aregoing to assume
that the first of the problemslistedabove, the high level ca-
pacityplanningproblemof theallocationof componenttypes
to machines,hasalreadybeensolved leaving the problems
(2) and(3) for a singlemachine.Most publicationsconsider-
ing this problemstreatthemasseparated,oftenmodelledas
a quadraticassignmentproblemanda sequencingproblem,
andsuggesta hierarchicalapproachto solve them. In con-
trastto thisapproachweareproposingto solvebothproblems
togetherusingsuitableheuristics. We believe that this will
producebettersolutionsoverallsincetheassignmentof com-
ponenttypesto feederslots hasan significantinfluenceon
thequality of theplacementsequenceandvice versa.A fur-
thercomplicatingfactoris thehighly sophisticatedplacement
machinewe are consideringwhich is equippedwith multi-
ple placementheads,capableof picking severalcomponents
from differentfeedermagazinessimultaneously.

In thispaperwearegoingto addresssubproblems(2) and
(3) for a singlemulti-headedcomponentplacementmachine.
We will introducea modelfor themachineryconsideredand
proposeheuristicsto determinelocally optimalsolutions.We
furtherdemonstratehow thisheuristicscanbeembeddedinto
the Variable Neighborhoodmetaheuristic,as suggestedby
HansenandMladenović [10][11][17], to find better locally
optimal solutionsby searchinga larger part of the solution
space.

The paper is structuredas follows. In section 2 we
describethe placementmachineryand productionprocess.
Section3 introducesa suitablemodel. In section4 we will
describeheuristicsto simultaneouslydetermineplacement
sequencesandassigncomponentsto feederslots andshow
how they can be embeddedefficiently into the Variable
NeighborhoodSearchmetaheuristic. The fifth sectiondis-
cussesthenumericalresultswehavegainedfor theheuristics
describedin this paperappliedto 12 test circuit boardsof
various sizes. The last sectioncovers the conclusionswe
have drawn from this researchandgivesa brief overview of
plannedfutureresearch.

2 Processdescription

In this sectionwe are going to describethe printed circuit
boardproductionprocessin more detail. Of specialinter-
esthereis theplacementmachineryin use,asdifferenttypes
of machineryoften vary significantly in their operationand
thereforegive rise to very different mathematicalmodels.
The typical componentplacementmachineusuallyconsists
of four parts:

1. thework tablewherethecircuit boardis placedduring
theassemblyprocess,

2. the feedermagazine(s)wherecomponentsare stored
for pick up

3. the placementhead(s)to pick up and place compo-
nents,

4. theautomatictool changer.

Thetypeof componentplacementmachinewe areconsider-
ing in thispaperis amulti-headedcomponentplacementma-
chineasillustratedin fig. 1. This typeof machineryhasalso
beenconsideredin Cramaetal. [8], LaarhovenandZijm [13]
andLeeetal [15]. Printedcircuit boardsarenormallyassem-
bled on a productionline. The printedcircuit boardis first
moved onto the work tableof the placementmachine,usu-
ally by aconveyerbelt,whereit remainsfixedatapredefined
locationduringtheplacementprocess.
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Figure1: Multi-headedcomponentplacementmachine

The componentsto be placedon the circuit board are
stored,readyfor pick up, in oneor more feedermagazines
locatedaroundthe work table. A typical feedermagazine
consistsof a numberof feederslotsoften equippedwith ei-
thertapereelorvibratoryski slopefeedersto ensuretheavail-
ability of componentsfor placementon theboard.For some
typesof placementmachinery, suchastheHigh SpeedChip
Shooter[19][18] or theDualDeliveryplacementmachine[1],
thefeedermagazinemustmoveto enablecomponentpick up.
For the type of machinesconsideredherethe feedermaga-
zinesarefixed.

Probablythe most importantpart of the machineis the
placementheadwhich moves successively betweenfeeder
magazineandcircuit boardto pick upandplacecomponents.
A specialfeatureof theplacementmachinewe areconsider-
ing is thatit is equippedwith threeplacementheadsmounted
on a moving placementarm. Eachof the threeplacement
headscanusea variety of nozzlesfor vacuumplacementor
grippersandcanrotateto orient thecomponentsfor pick up
or placement.Thethreeplacementheadsenablethemachine
to move to the feedermagazine,pick up at mostthreecom-
ponents,eithersimultaneouslyor by moving alongthefeeder
magazine,andthenmove backto the circuit boardto place
thecomponentsat their appropriatelocationswithout having
to returnto the feedermagazineeachtime a componenthas
beenplaced.



Dueto differencesin physicaldimensionsnot all compo-
nentscanbeplacedby thesameplacementtool. Thisrequires
a changeof the placementtools. Tool changesaretypically
carriedoutautomaticallyby anautomatedtool gripper/nozzle
changer, markedATC in figure1. We stressthattool changes
aretimeconsumingin comparisonto thepick andplaceoper-
ationsandarethereforeusuallyonly performedif absolutely
necessary.

3 The model

In this section we are going to discussa mathematical
model for the productionplanningof multi-headedcompo-
nentplacementmachines.Theapproachconsideredhereuses
themodelweproposedearlierin [5]. For acomponentplace-
mentmachineequippedwith multiple placementheadsand
fixed feedermagazine(s),as describedin the previous sec-
tion, we areconfrontedwith the following threecloselyre-
latedschedulingproblems.

(SP1) Componenttypeshave to beassignedto distinctslots
in thefeedermagazine(s).

(SP2) Suitabletools have to be assignedto eachplacement
location,and

(SP3) a feasiblecomponentplacementsequencehasto be
determined.

As already indicated in the introduction, most publi-
cations consider these three problems as separatedfrom
anotherandsolve them independently. However, sincethe
problemsare strongly relatedto one anotherwe suggesta
differentapproachwherewecombinetheminto a multi level
optimizationproblem. To introducethis approachwe will
makeuseof thefollowing notation:

� : numberof placementlocations,� : numberof differentcomponenttypes,�
: numberof feederslotsavailable,where

��� � ,� : numberof differentplacementtoolsavailable,�
: numberof placementheadsavailable,�
: Setof placementlocations�
	���
�	���
�������
�	���� ,�
: Setof availablefeederslots ������
���� 
�������
���!"� ,#
: Setof componenttypes ��$���
%$���
�������

$�&'� ,(
: Setof placementtools ��)
��
*)+�,
�������

)*-�� ,. : mapping.0/ #213�

assigningeachcomponent
typeto a nonemptysetof feederslots(no feeder
slot is assignedmorethanonecomponenttype),4 : mapping45/ � 1 (

assigningasuitabletool
for thecomponentateachplacementlocation,

The basicideaof our model for multi-headedplacement
machinesis to considerthesequencingproblemasageneral-
izationof theTravelling SalesmanProblem,a minimumcost
hypertourproblem,asillustratedin fig. 2.

Here, we definea multiple-pick up and the correspond-
ing placementas an orderedsequenceor hyperedge687:9
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Figure2: HypertourProblem
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quencestartingwith empty placementheadsat location 	 7 �
from where the placementarm moves to the feedermaga-
zine to pick up the componentsneededto be placedat the
locations	 7� 
�������
�	 7< = . Then the placementarm movesback
to the circuit boardandplacesthe componentsin the order
	 7� 
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�	 7< = finishingwith all headsemptyat placementloca-
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where 687po06 @ denotesthe setof all the placementsin ei-
ther 6l7 or 6 @ and 687qar6 @ denotesthe set of placements
commonto both. Keepingin mind thateachhyperedgecor-
respondsto a pick andplacesequence,startingwith empty
headsataplacementlocationandfinishingwith emptyheads
at a placementlocation, after the pick and placeoperation
hasbeenperformed,the inequalities(1) ensureeachhyper-
edgeconsistsof at leastonebut notmoreplacementsthanthe�

placementheadsavailable.Equalities(2) guaranteethatthe
finishinglocationof ahyperedgeis thestartinglocationof its
successor. (3) and(4) arenecessaryto avoid a placementlo-
cationbeingvisitedmorethanoncewhile (5) ensuresthatall
placementlocationsto bevisited.

To maximizethe overall throughputrateof a singlema-
chine the aim is to minimize the placementarm travelling
timesof thepick andplacesequences.In orderto determine
the quality of a sequencewe needto introduceweightsor
distancesbetweenplacements.Let sut�v w ; 6 ? denotethetime



neededto perform the pick and placesequencedefinedby
hyperedge6 subjectto agivenassignmentof componentsto
feederslots . andtools to placementlocations 4 . Thenwe
canstatetheproblems(SP1),(SP2)and(SP3)asathreelevel
optimizationproblemwhich is givenby:

xly{z\y{x8y>|�}~ v t�v w
R�
7 n �

s t�v w ; 687 ? 


subjectto constraints(1)-(5) introducedabove. Note, that
in the caseof a single headedplacementmachine F 6 7 FI9S 
���W�9 L 
 S 
�������
�Y . This meansthat eachhyperedgeonly
consistsof asingleedgereducingthemulti leveloptimization
problemfor fixed . and 4 to a Travelling SalesmanProblem
wherethedistancescorrespondto thetravel timestartingata
placementlocationto moveto thefeedermagazine,pick upa
component,movebackto theboardandplaceit.

4 Heuristic approach

In thissectionweintroducesomenew heuristicsto determine
goodlocally optimalsolutionsfor thecomplex optimization
problemwe describedin theprevioussection.First we pro-
posea constructive heuristicto determinea feasiblesolution
for boththecomponentassignmentandthesequencingprob-
lem. Thenwe will introducea local improvementheuristic
to searchthe neighborhoodof a feasiblesequencefor a lo-
cal optimum. We arethengoing to show how this approach
canthenbeembeddedinto theVariableNeighborhoodSearch
metaheuristicto establishbettersequencesandcomponentas-
signments.

To presentthe heuristicswe introducesomeassumptions
which will be usedthroughoutthe remainderof this paper.
In the following we aregoing to concentrateon the compo-
nentassignmentandsequencingproblemandneglectthetool
assignmentproblem,assumingthat eachplacementheadis
equippedwith auniversaltool ableto pick upandplacecom-
ponentsof all types. We further assumethat the numberof
differentcomponenttypes� is equalto thenumberof avail-
ablefeederslots

�
, i.e. thateachcomponenttypeis uniquely

assignedto exactly oneslot in the feedermagazine.These
assumptionswill simplify our exposition andcan easily be
relaxedsothatourheuristicmaybeappliedto practicalprob-
lemswherethey donot hold.

4.1 Constructing an initial solution

The constructive heuristic we introducehere is related to
thewell known NearestNeighborheuristicfor theTSP. Our
heuristiccreatesan initial solution to the problem,i.e. de-
terminea feasiblecomponentassignmentandplacementse-
quence,of acceptablequality. Thisheuristicis detailedin fig-
ure3. We startwith all feederslotsunassignedto component
typesandall placementlocationsempty, with theplacement
armat a randomlychosenfeederslot. At eachstepwe con-
struct a hyperedgeassigningcomponentsto feederslots as

necessary. Eachof the hyperedgesconstructed(exceptpos-
sibly thelastone)will useall

�
placementheads,sothat the

correspondinghyperedgeshave cardinality
�8J2L

. Note that
the heuristic attemptssimultaneouslyto minimize the dis-
tancebetweensubsequentplacementlocationsandbetween
componentfeederslotsvisited. This processis thenrepeated
for aslong asplacementlocationsareavailable.

Setsequence�������
No componenttypesareassignedto feederslots,

i.e. �\���
���j���������,�����������+�*�+�*���
Selectarbitraryfeederslot �
� ,
While not all placementlocationsvisitedDo� set ���5���

If �\���
���j�K���� selectnearestplacementlocation� to �*� whosecomponent
typehasnot beenassignedyet,� Set �\��� � � to componenttypeof � ,

Else� selectnearestnon-visitedplacementlocation� to �*� of
componenttype �"�D�*��� ,

End If� add� to � ,
While not all placementlocationsvisitedandheadavailableDo� selectnearestfeederslot �*���� �¡ to �
� whosecomponents

havenot all beenplacedyet,
If �"���
���f �¡��������¢ selectnearestplacementlocation�����f �¡ to � whose

componenttypehasnotbeenassignedyet,¢ Set �"��� ���f �¡ � to componenttypeof � ,
Else¢ selectto � nearestnon-visitedplacementlocation� ���� �¡

of componenttype �\��� ���� �¡ � ,
End If� add������ �¡ to � ,� set�£�8� ���� �¡ ,

End While� Add � asahyperedgeto sequence� ,� Selectthenearestfeederslotsto thelastplacementlocationof �
whosecomponetshavenot all beenplacedyet asthenew starting
position �
� ,

End While
Return Sequence� .

Figure3: TheNearestNeighborSequencingheuristic

An advantageof this algorithmis that it candeterminea
feasiblesequenceandalsoassigncomponenttypesto feeder
slotswhile constructingthe sequence.It is, further, of low
time complexity asthe overall time complexity of the algo-
rithm is ¤ ; � � ? , asusually

�¦¥ � , i.e. thesamecomplexity
asthenearestneighborheuristicfor theTravelling Salesman
Problem.

Figure4 illustratesanexampleof thisheuristicfor acircuit
boardwith

L S
componentsto beplacedof § differentcompo-

nenttypesbyaplacementmachineequippedwith threeplace-
ment heads. Thoughon first sight the sequenceand com-
ponentassignmentfound look rathergoodwe have to keep
in mind that this is a very small example. For boardswith
moreinsertionsandfeederslotswe canexpecttheconstruc-
tiveheuristicnot to performwell enough,makingfurtherim-
provements,necessaryandour resultsbelow will show this.



Nearest Neighbor Sequence

15342

Figure 4: NearestNeighborSequencefor a 12 placement
problem

4.2 Local Search

We will now proposea local searchheuristicfor the hyper-
tour problemto improve initial solutionsdeterminedby the
nearestneighborconstructionheuristicdescribedabove. The
basicideaof this algorithm is to successively apply simple
sequencemodificationsfor as long as improved sequences
canbe found. By applyingmodificationsthe neighborhood
of a feasiblesolution is explored in order to reacha local
optimum. The local searchheuristicwe are going to dis-
cusshereis calledhyperoptandis basedon a local improve-
mentalgorithmwe suggestedbut did not experimentallytest
in [5]. Thisheuristichas,in amodifiedform alreadybeenap-
plied to symmetricTravelling SalesmanProblems[4][6] and
performedvery well in comparisonto powerful TSP-solvers
suchasLin-Kerninghanand ¨\^ opt [14][20].

Our local searchheuristicwill only try to optimizeplace-
ment, fixing the assignmentof componentsto feederslots.
In thenext sectionwe useVariableNeighborhoodSearchto
recombineboth problemsto determinelocally optimal se-
quencesandcomponentassignmentsof veryhighquality.

In the local searchapproachwe suggestfirst two hyper-
edgesare removed from the currentsequence.For hyper-
edgesof maximallength,whereall placementheadsareused,
this leaves

; S � ^ S ? placementlocationsunconnectedto the
sequencewhile the startandfinishing locationsof the cho-
senhyperedgesremainattachedto the sequence.The now
unattachedplacementlocationsare then reconnectedto the
sequenceby constructingnew hyperedgesconsistingof opti-
mal feasiblesubsequences.This processis illustratedin fig-
ure5 for the caseof a ¨\^ headedcomponentplacementma-
chine.In figure5(a)theinitial hyperedgesareshown,fig. 5(b)
illustratestheunattachedplacementlocationsafterthehyper-
edgeshavebeenremovedwhile fig. 5(c)and(d) presentstwo
possibleoutcomesof thereconnectionprocess.

The neighborhoodintroducedby this heuristicis of size
exponentialin

�
andintroducesmany morepossiblemoves

thanwould be consideredby, for example,simpleswapsof
placementlocations.However, for the currentgenerationof
placementmachinesthe numberof placementheadsis usu-
ally in therange

S
to © , sothehyperedgereconstructionpro-

cessis still computationallytractable.
We illustrate the performanceof this algorithm in com-
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Figure5: Schemaof ¨\^ hyperoptmoves

parisonto thenearestneighborapproachdescribedabove by
applyinghyperoptto thenearestneighborsequenceandcom-
ponentassignmentof the small exampleproblemshown in
fig. 4. The resultingsequencewasimprovedby about ¨�§ ª
in lengthif comparedto thenearestneighborapproachandis
illustratedin fig. 6. Wegivefurthercomparisonsin section5.

Hyperopt Sequence
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Figure6: HyperoptSequencefor the12placementproblem

A problem of the hyperoptlocal searchtechniquepro-
posedis thatoncea hypertouris chosenfor eachhyperedge
thestarting	 7 � andfinishingplacementlocations	 7< = stayfixed
duringthehyperoptlocal search,see	���
�	�« and ¬���
%¬�« in fig-
ure5. This may leadto a local optimaof poorquality since
theinitial hypertourhasbeendeterminedby theconstructive
heuristicdescribedearlier.

In order to overcomethis problemwe suggestallowing
swapsof these,otherwisefixed,placementlocationswith any
otherplacementlocationof the hypertour. This meansthat
the startingandfinishing placementlocationof eachhyper-
dege may be swappedwith any otherplacementlocationin
sequenceP if this representsan improvementof the current
sequence.For our implementationwe choseto performthis
processaftereachhyperoptiterationthusincreasingthesize
of theneighborhoodof our local search.

A furtherdrawbackconcerningthemulti level scheduling
problemwe statedearlier is that modificationsareonly ap-
plied to the placementsequence,neglecting the assignment
of componentsto feederslots.In orderto simultaneouslyop-
timize the placementsequenceand the assignmentof com-
ponenttypesto feederslots,andimprovesolutionquality we



embeddedthis local searchheuristicin the VariableNeigh-
borhoodSearchmetaheuristicasdescribedbelow.

4.3 Variable NeighborhoodSearch

Theconstructive heuristicandthe local searchtechniquede-
scribedaboveshow promiseatdetermininggoodlocally opti-
mal solutionsto theoptimizationproblemwe areconfronted
with. However, a drawback of the local searchheuristic
we proposedis that it only considersa part of the overall
problem, namely the determinationof good placementse-
quences.Furtherwe mayget trappedin a local optimumof
poor quality. In order to overcomeboth problemswe em-
bedthe local searchtechniqueinto a VariableNeighborhood
Search(VNS) heuristicassuggestedby HansenandMladen-
ović [10][11][17].

Initialization� UseNearestNeighborconstructionheuristicto determinea feasible
initial solution,� Fix themaximalnumberof iterationsasstoppingcriteria

Search:
Until stoppingcriteriametDo:

(1) Set ­ ���
(2) Do� Swaprandomly ­ feederslot assignmentsto createthe

neighboringsolution ® �� Apply local searchto ® � to determinea localoptimum ®�¯� ,
If local optimum ®�¯� is of betterquality than ®�¯ ,� Set ®�¯X�K®�¯� andGoto (1),
Else� Increase­ by oneandGoto (2)
End If

End Do
End Do Until

Figure7: VariableNeighborhoodSearchfor thePCBassem-
bly problem

The basic idea of this metaheuristicapproachis to sys-
tematicallyapplyneighborhoodchangesto a locally optimal
solution, either by changingthe local searchneighborhood
altogetheror by makinglimited changesusingalargerneigh-
borhoodbeforerevertingto theoriginal local searchmethod.
A neighboringsolutionis thenonly acceptedif it represents
an improvementto the bestsolution found so far and is re-
jectedotherwise.HansenandMladenović suggesta number
of differentapproachesto changeandexploreneighborhoods.

In our implementation,the hyperoptapproachis usedas
a local searchtechniquewhile changesin the assignmentof
componentsto feederslotsarethelargerneighborhoodmoves
which “shake” themetaheuristicout of a local optimumand
into a differentpart of the solutionspace.The algorithmis
shown in figure7.

A vital part of VNS is to “shake” the current solution
stronglyenoughsothatthelocal searchheuristicwill not fall
backonanalreadyvisitedlocaloptimumbut notsomuchthat
all informationin thecurrentsolutionis lost (andwehaveac-

tually arandomrestart).Theshakeswehavechosenherecan
guaranteethat will not happen,asthe local searchheuristic
itself doesnot have any influenceon theassignmentof com-
ponentsto feederslots.

VNS Sequence

51234

Figure8: Sequencefor the12placementproblemusingVNS

To illustrate the performanceof this metaheuristicap-
proachwe alsoappliedit to the exampleproblem,which is
shown in fig. 8. After just

S�°
“shakes” our metaheuristic

wasable to improve the initial solutionby morethan § S ª .
This providesan indicationof the very large savings which
aremadepossibleby simultaneouslyconsideringthealloca-
tion of componenttypesto feederslots and the placement
sequenceof components.

In thenext sectionwe will to investigatetheperformance
of the heuristicandmetaheuristicapproachesproposedhere
in moredetail.

5 Experimental Results

Theheuristicswedescribedin theprevioussectionhavebeen
implementedandappliedto a testpanelof twelve randomly
generatedcircuit boards. The numberof placementsand
componenttypesrangedbetween43 and413componentsto
be placedandof up to 34 differentcomponenttypes. The
placementlocationsandtypesaregeneratedrandomly. The
numberof placements� andcomponenttypes� for eachcir-
cuit boardareshown in table1. Theplacementmachinecon-
sideredhereis equippedwith threeplacementheadsandone
feedermagazinewhich is locatednext to the circuit board.
We usetheEuclideandistancemetricbetweentheplacement
andfeederlocations.

Theconstructionandlocalsearchheuristicshavebeenim-
plementedin exactly the way asthey weredescribedabove.
For the VariableNeighborhoodapproachwe have fixed the
numberof iterations(or “shakes”) to 100 andrestrictedthe
numberof feederassignmentswapswithin each“shake” to
6. In orderto analyzetheperformanceof our approacheswe
havealsoimplementedtwo multi-start(MS) approaches.For
both,thenearestneighborheuristicis startedfrom a random
assignmentof componenttypesto feedersandthenthe local
searchdescribedin section4.2appliedto this initial solution.
For the first multi-start approach,referredto as MS-1, this
processis, asfor VNS, iterated100 timesandthe bestsolu-
tion is reported,while the secondapproach,MS-2, is given



thesameCPU-timeasneededby theVNS approach.
Theperformanceof thefour approachesis comparedin ta-

ble1. This tableshowstheimprovementin percentgainedby
local search,VariableNeighborhoodSearchandmulti-start
comparedto thesolutionof thenearestneighborsequencing
andcomponentassignmentapproachof section4.1.Thesec-
ond and third columnof this tableshow the dimensionsof
the artificial problemsin numberof placementlocations �
anddifferentcomponenttypes� .

We canseethat local andVariableNeighborhoodSearch
havebeenableto improvetheinitial sequenceandassignment
significantly. Especiallythe local searchapproachprovedto
be very successfulas it was able to improve the solutions
generatedby our nearestneighborconstructionheuristicby
up to ¨ § ª . The Variable NeighborhoodSearchapproach
alsoprovedto performwell asit enabledtheheuristicto find
evenbetterlocal optimafor all testproblems.This approach
gainedresultswhichareupto © ° ª betterthantheinitial solu-
tionsfrom whichthelocalandmetaheuristicapproacheswere
started.In comparisonwith bothmulti-startapproaches,VNS
wasableto determinebetterlocally optimalsolutionsfor all
but onetestproblem.Especiallyfor theproblemsnumber©j
%§
and

L °
VariableNeighborhoodSearchprovedto find signifi-

cantlybettersolutions.For amassproductlikeprintedcircuit
boardsthesegainscouldtranslateinto many tensor hundreds
of thousandof poundsin increasedproductivity.

boards % improvementonconstructive approach
No. ± ² LocalSearch MS-1 MS-2 VNS

1 43 8 28.02 37.23 37.18 39.42
2 55 16 17.58 17.83 17.83 20.12
3 75 19 33.92 33.72 32.11 35.99
4 80 24 30.97 30.06 30.06 34.43
5 97 26 35.26 33.92 33.92 40.32
6 117 14 25.04 24.73 24.73 26.05
7 134 27 29.10 31.16 29.88 31.18
9 138 11 26.18 27.95 27.95 29.22
9 178 29 32.30 34.60 34.60 35.82

10 217 34 34.42 31.90 31.90 35.11
11 238 25 27.33 27.93 27.72 28.74
12 413 16 24.02 26.23 26.23 24.64

average: 28.67% 29.75% 29.50% 31.75%

Table1: Experimentalresults:Boardspecificationsandim-
provementin ª

The CPU-times of the Variable NeighborhoodSearch
metaheuristicapproachpresentedrangedfrom half a minute
for the smallestup to several hoursfor the larger testprob-
lems. However, speedup and code optimizationwere, at
this stageof our research,not a primarytarget. TheVariable
NeighborhoodSearchproposedin this paperperformedcon-
siderablyfasterthanmulti-start. Whenboth approachesare
giventhesameCPU-time,asin theVNS andMS-2 columns
of table1, VNS wasableto improveits advantageovermulti-
startevenfurther. Sincethe“shakes” we have chosenenable
VNS to reachanunexploredpartof thesolutionspacewith-
out losingtoomuchinformationof theformerlocally optimal

sequence,thelocal searchproposedusuallyneededfewer it-
erationsto reachanew localoptimumthanwhenstartedfrom
a completelynew initial solutionasit did for multi-start.

6 Conclusions

In this paperwe have presenteda complex schedulingprob-
lem arisingin themanufactureof printedcircuit boards.The
paperconcentrateson the problemof assigningcomponent
types to feederslots and the determinationof locally op-
timal pick and placesequencesfor a multi-headedcompo-
nent placementmachine. We useda model for a very so-
phisticatedtypeof placementmachinery, describedearlierin
[5], andheuristicswereproposedto constructfeasiblesolu-
tions.Thesesolutionswerefurtherimprovedby localsearch.
In contrastto mostpublicationsconcerningthis subjectwe
did not separatethesetwo very closelyrelatedproblemsbut
treatedthemasa singleproblemandsolvedthemsimultane-
ously. We showed that large improvementsarepossibleby
combiningtheproblems.

Our localsearchheuristicwasembeddedinto theVariable
NeighborhoodSearchmetaheuristicassuggestedby Hansen
andMladenović [10][11]. This enabledthe heuristicto im-
prove the placementsequencesandcomponentassignments
still more by searchinga larger part of the solution space.
The computationalresultshave beencomparedto a Multi-
start approachalso basedon the local searchheuristicpre-
sentedin this paper. Here, VariableNeighborhoodSearch
outperformedMulti-start for all but oneof thetestproblems
andwasableto find locally optimalsolutionsof significantly
betterquality for someof them. For a productlike printed
circuit boardseven a small reductionin assemblytime of a
few percentcanleadto considerablecostsavings.

Our future researchwill investigateways to considersi-
multaneoustool changesin addition to the assignmentof
componenttypesto feedersandthesequencingof placement
locations. A further interestingareaof future researchmay
beto analyzetheperformanceof different“shake” neighbor-
hoodsfor the VariableNeighborhoodSearchapproachpre-
sentedandinvestigate“intelligent shakes”basedon informa-
tion obtainedduringthesearchprocess.
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