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Abstract- This paper considersa 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 takenfor the
pick and place sequenceof componentsfor each board
hasto be minimized. The determination of goodpick and
place sequence®n a single placementmachine givesrise
to thr eerelatedproblems,namely the assignmentof com-
ponent typesto feeder slots, the problem of tool changes
and the sequencatself. In this paperwe considera sophis-
ticated type of placementmachinery equippedwith multi-
ple placementheads.We are goingto intr oducea suitable
model for this complex scheduling problem and present
tailor ed constructive and local search heuristics to deter-
mine good, locally optimal solutions. We embedthe local
searchtechniquesproposedn the Variable Neighborhood
Search metaheuristicframework to find still better locally
optimal solutions and effectively search a larger part of
the solution space.The heuristics have beenimplemented
and applied to a panel of twelve test cir cuit boards to an-
alyzetheir performance.

1 Intr oduction

Enormousgrowth in demandor consumercommercialand
industrial computerand other electronicdevices has made
PrintedCircuit Board(PCB) assemblya fastgrowing market
with an estimatedworldwide economicvalue of nearly 350
billion US dollars[2]. As thevariety of productsin needof
PCBsgrows, the circuit boardmanufcturingindustryrelies
moreandmoreuponhighly automategroductionprocesses
to supplytheincreasingdemandjncluding,in particular nu-
mericallycontrolledmachinedor theplacemenbf electronic
component®n thecircuit board.

The recentintroduction of Surface Mount Technology
which hasnearly replacedpin-through-holetechnology for
PCB assemblyhasenabledthe mountingof an even larger
numberof electroniccomponentn a single PCB. The in-
creaseof circuit board compleity hasgone handin hand
with animprovementof the quality of placemeninachinery
availablein termsof speedandaccurayg. However, assembly
timesandthroughputratesof sucha numericallycontrolled
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machineare highly dependenbn the quality of the instruc-

tions given. This makesthe machines performancehighly

sensitve to its schedulesindintroduceshigh quality process
planningasanimportantissueto increasehroughputandcut

down productioncosts.

In a printed circuit board production line, the circuit
boardsto be assembledusually travel on a corveyer belt
througha line of componentplacementmachines,eachof
themplacinga numberof electroniccomponent®n the cir-
cuit board. Assumingthis type of productionsetupthe pro-
ductionplanningproblemwe areconfrontedwith canbe di-
videdinto threesubproblems:

1. the allocation of componenttypesto placementma-
chines,

2. the assignmentof componenttypes to component
feederslotsfor eachplacemenmachine,

3. the componentplacementsequencingfor each ma-
chine.

Many publicationshave addressedhe problem of opti-
mizing PCB assemblyjandvariousmodelsandsolutiontech-
niqueshave beenproposedOneof theearliestby Shellwell,
Buzacottand Magazing[22], introducesa detailedmodel of
acircuit boardmanufcturingfacility. Ball andMagazin€g2]
concentratean the sequencingproblem, modelledas a ru-
ral postmanproblem[14], andthe allocationof components
to feederslots. Bard et al. [3] presentedh very detailed
modelfor a single High SpeedChip shooterplacemenma-
chine. A geneticalgorithm-base@pproacho determinethe
componentplacementsequenceavas proposedby Kho and
Ng [12]. A good literaturereview and descriptionof vari-
ous placementmachinerytypescanbe found in Moyer and
Gupta[18] who alsointroducea suitablemodelandheuristic
for the sequencingproblemof a High SpeedChip Shooter
Fouldsand Hamachef9] concentratedn the identification
of optimal bin locationsfor componenpick up. A combined
modelfor sequencingand componentassignmentvas sug-
gestedby Leipala and Nevalainen[16] which wasmodelled
asa quadraticassignment/fiavelling SalesmarProblem.An
approachfor all three problemsmentionedabove was pre-
sentedby Cramaetal. [7] consideringheassemblyof differ-



entboardtypesonasingleassemblyine of High SpeedChip
Shootemplacemenmachines.

For the remainderof this paperwe are going to assume
thatthe first of the problemslisted above, the high level ca-
pacityplanningproblemof theallocationof componentypes
to machineshasalreadybeensolved leaving the problems
(2) and(3) for asinglemachine.Most publicationsconsider
ing this problemstreatthemasseparatedoften modelledas
a quadraticassignmenproblemand a sequencingroblem,
and suggesta hierarchicalapproachto solve them. In con-
trastto thisapproacilwe areproposingo solve bothproblems
togetherusing suitableheuristics. We believe that this will
producebettersolutionsoverall sincetheassignmentf com-
ponenttypesto feederslots hasan significantinfluenceon
the quality of the placemensequencandvice versa.A fur-
thercomplicatingfactoris thehighly sophisticateghlacement
machinewe are consideringwhich is equippedwith multi-
ple placementeadscapableof picking severalcomponents
from differentfeedermagazinesimultaneously

In this paperwe aregoingto addressubproblemg2) and
(3) for asinglemulti-headedcomponenplacemenmachine.
We will introducea modelfor the machineryconsideredand
proposeheuristicsto determindocally optimalsolutions.We
furtherdemonstrat&ow this heuristicsccanbe embeddedhto
the Variable Neighborhoodmetaheuristic,as suggestedy
Hansenand Mladenawri€ [10][11][17], to find betterlocally
optimal solutionsby searchinga larger part of the solution
space.

The paperis structuredas follows. In section2 we
describethe placementmachineryand productionprocess.
Section3 introducesa suitablemodel. In section4 we will
describeheuristicsto simultaneouslydetermineplacement
sequencesand assigncomponentdo feederslots and shov
how they can be embeddedefficiently into the Variable
NeighborhoodSearchmetaheuristic. The fifth sectiondis-
cusseshenumericalresultswe have gainedfor theheuristics
describedin this paperappliedto 12 test circuit boardsof
various sizes. The last sectioncovers the conclusionswe
have drawvn from this researchandgivesa brief overview of
plannedfutureresearch.

2 Procesdlescription

In this sectionwe are going to describethe printed circuit

board productionprocessin more detail. Of specialinter-

esthereis the placementmachineryin use,asdifferenttypes
of machineryoften vary significantlyin their operationand
thereforegive rise to very different mathematicaimodels.
The typical componentplacementmachineusually consists
of four parts:

1. thework tablewherethe circuit boardis placedduring
theassemblyprocess,

2. the feedermagazine(swhere componentsre stored
for pick up

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

4. theautomaticool changer

Thetype of componenplacementmachinewe areconsider
ing in this paperis amulti-headeccomponenplacementna-
chineasillustratedin fig. 1. This type of machineryhasalso
beenconsideredn Cramaetal. [8], LaarhorenandZijm [13]
andLeeetal [15]. Printedcircuit boardsarenormallyassem-
bled on a productionline. The printedcircuit boardis first
moved onto the work table of the placementmachine,usu-
ally by acorveyerbelt,whereit remaingixedata predefined
locationduringthe placemenprocess.
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Figurel: Multi-headedcomponenplacementachine

The componentgo be placedon the circuit board are
stored,readyfor pick up, in one or more feedermagazines
locatedaroundthe work table. A typical feedermagazine
consistsof a numberof feederslots often equippedwith ei-
thertapereelor vibratoryski slopefeederso ensurgheavail-
ability of componentdor placemenbn the board. For some
typesof placemenmachinery suchasthe High SpeedChip
Shoote[19][18] ortheDual Deliveryplacemenmaching1],
thefeedemagazinanustmoveto enablecomponenpick up.
For the type of machinesconsiderecherethe feedermaga-
zinesarefixed.

Probablythe mostimportantpart of the machineis the
placementheadwhich moves successiely betweenfeeder
magazineandcircuit boardto pick up andplacecomponents.
A specialfeatureof the placemenmachinewe areconsider
ing is thatit is equippedwith threeplacemenheadsnounted
on a moving placementarm. Eachof the three placement
headscanusea variety of nozzlesfor vacuumplacemenbor
grippersand canrotateto orientthe componentgor pick up
or placementThethreeplacemenheadsnablethe machine
to move to the feedermagazinepick up at mostthreecom-
ponentsgithersimultaneouslyr by moving alongthefeeder
magazine andthen move backto the circuit boardto place
the componentst their appropriatdocationswithout having
to returnto the feedermagazinesachtime a componenhas
beenplaced.



Dueto differencesn physicaldimensionsiot all compo-
nentscanbeplacedby thesameplacementool. Thisrequires
a changeof the placementools. Tool changesaretypically
carriedoutautomaticallyby anautomatedool gripper/nozzle
changermarkedATC in figure 1. We stresghattool changes
aretime consumingn comparisorio thepick andplaceoper
ationsandarethereforeusuallyonly performedif absolutely
necessary

3 The model

In this section we are going to discussa mathematical
modelfor the productionplanningof multi-headedcompo-
nentplacemenmachinesTheapproacttonsideredhereuses
themodelwe proposeckarlierin [5]. For acomponenplace-
mentmachineequippedwith multiple placementeadsand
fixed feedermagazine(s)as describedin the previous sec-
tion, we are confrontedwith the following threecloselyre-
latedschedulingoroblems.

(SP1) Componentypeshave to be assignedo distinctslots
in thefeedemagazine(s).

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

(SP3) a feasiblecomponentplacementsequencéiasto be
determined.

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

: numberof placementocations,

: numberof differentcomponentypes,

: numberof feederslotsavailable,wheref > m,
: numberof differentplacementoolsavailable,

: numberof placemenheadsavailable,

: Setof placementocations{p:,p2, - -.,Pn},

: Setof availablefeederslots{si, s2,...,s¢},

: Setof componentypes{ci,c2,.-.,¢m},

: Setof placementools{t, ta,...,t,},

: mappingo : C' — S assigningeachcomponent
typeto anonemptysetof feederslots(no feeder
slotis assignednorethanonecomponentype),
: mappingr : P — T assigninga suitabletool
for the componentt eachplacementocation,
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The basicideaof our modelfor multi-headedplacement
machiness to consideithe sequencingroblemasageneral-
ization of the Travelling SalesmariProblem,a minimum cost
hypertourproblem,asillustratedin fig. 2.

Here, we definea multiple-pick up and the correspond-
ing placementas an orderedsequenceor hyperedgeH; =

start Ioczlion

final location component pick up

empty head

Figure2: HypertourProblem

(pi,p5,...,p},), wherep? € P andl; = |H;| < h+ 1.
A hyperedgeH; = (p},p, ..., pj,) correspondso a subse-
quencestartingwith empty placementheadsat location p!
from wherethe placementarm movesto the feedermaga-
zine to pick up the componentsieededo be placedat the
locationsp}, ..., pj,. Thenthe placementarm moves back
to the circuit boardand placesthe componentsn the order
ph, .-, pj. finishingwith all headsemptyat placementoca-
tionp}i. ThehypertourS= (H,, H, . .., Hy,) isthendefined
asanorderedsequencef overlappinghyperedgesatisfying
thefollowing properties:

2<|H)| <h+1,i=1,....k, 1)
pfi:pi+1ai:1a"'ak_15 (2)
pfk :pii

|Hi|_|Hi+1|:1,1::].,...,k—]., 3)
|Hk|_|H1| =1,

H,NH;=0,i,j=1,...,k, |i—j|>1 (4)
and{i, j} # {1,k},

k

|_| HJ = {p17p27"'7pn}7 (5)

j=1

where H; U H; denotesthe setof all the placementsn ei-
ther H; or H; and H; N H; denotesthe setof placements
commonto both. Keepingin mind that eachhyperedgecor-
respondgo a pick and placesequencestartingwith empty
headsataplacementocationandfinishingwith emptyheads
at a placementiocation, after the pick and place operation
hasbeenperformed,the inequalities(1) ensureeachhyper
edgeconsistof atleastonebut not moreplacementshanthe
h placemenheadsailable. Equalities(2) guarante¢hatthe
finishinglocationof a hyperedgés thestartinglocationof its
successor(3) and(4) arenecessaryo avoid a placemento-
cationbeingvisitedmorethanoncewhile (5) ensureghatall
placementocationsto bevisited.

To maximizethe overall throughputrate of a single ma-
chine the aim is to minimize the placementarm travelling
timesof the pick andplacesequencedn orderto determine
the quality of a sequenceve needto introduceweightsor
distancedbetweerplacementslLet D" (H) denotethetime



neededto performthe pick and place sequencelefinedby
hyperedgeH subjectto agivenassignmendf componentso
feederslots o andtoolsto placementocationsr. Thenwe
canstatetheproblemg(SP1)(SP2)and(SP3)asathreelevel
optimizationproblemwhichis givenby:

k
s i
ml‘rglgfllee ; D77 (H;),
subjectto constraints(1)-(5) introducedabove. Note, that
in the caseof a single headedplacementmachine|H;| =
2,Vi = 1,2,..., k. This meansthat eachhyperedgeonly
consistof asingleedgereducinghemulti level optimization
problemfor fixedo andr to a Travelling SalesmarProblem
wherethe distancesorrespondo thetravel time startingata
placementocationto moveto thefeedemagazinepick upa
componentmove backto theboardandplaceit.

4 Heuristic approach

In this sectionwe introducesomenew heuristicso determine
goodlocally optimal solutionsfor the complex optimization
problemwe describedn the previous section. First we pro-
posea constructve heuristicto determinea feasiblesolution
for boththe componenassignmenandthe sequencingrob-
lem. Thenwe will introducea local improvementheuristic
to searchthe neighborhoodbf a feasiblesequencdor a lo-
cal optimum. We arethengoingto shov how this approach
canthenbeembeddedhto theVariableNeighborhoodsearch
metaheuristito establistbettersequenceandcomponenas-
signments.

To presenthe heuristicswe introducesomeassumptions
which will be usedthroughoutthe remainderof this paper
In the following we aregoingto concentraten the compo-
nentassignmenéndsequencingroblemandneglectthetool
assignmenproblem, assuminghat eachplacementheadis
equippedwvith auniversaltool ableto pick up andplacecom-
ponentsof all types. We further assumehat the numberof
differentcomponentypesm is equalto the numberof avail-
ablefeederslots f, i.e. thateachcomponentypeis uniquely
assignedo exactly oneslot in the feedermagazine. These
assumptionwill simplify our exposition and can easily be
relaxedsothatour heuristicmaybeappliedto practicalprob-
lemswherethey donot hold.

4.1 Constructing an initial solution

The constructve heuristic we introduce here is relatedto
thewell known NearestNeighborheuristicfor the TSR Our
heuristiccreatesan initial solutionto the problem,i.e. de-
terminea feasiblecomponentssignmenandplacemente-
guencepf acceptableguality. This heuristicis detailedin fig-
ure 3. We startwith all feederslotsunassignetio component
typesandall placementocationsempty with the placement
arm at a randomlychosenfeederslot. At eachstepwe con-
structa hyperedgeassigningcomponentgo feederslots as

necessaryEachof the hyperedgesonstructedexceptpos-

sibly thelastone)will useall h placemenheadssothatthe

correspondindnyperedgesave cardinalityh + 1. Notethat

the heuristic attemptssimultaneousiyto minimize the dis-

tancebetweensubsequenplacementiocationsand between
componenfeederslotsvisited. This processs thenrepeated
for aslong asplacementocationsareavailable.

Setsequenc&s= {}

No componentypesareassignedo feederslots,
ie.o(si)={}L,vi=1,2,...,f

Selectarbitraryfeederslot s,

While notall placementocationsvisited Do

esetH = {}

If o(s0) = {}

o selectnearesplacementocationp to so whosecomponent
typehasnot beenassigneget,
o Seto(s¢) to componentypeof p,
Else
o selectneareshon-visitedplacementocationp to sg of
componentypeo(so),

End If

e addp to H,

While notall placementocationsvisitedandheadavailableDo

o selectnearesfeederslot s¢?t to s whosecomponents
have notall beenplacedyet,
If O.(Snemt) — {}
o selectnearesplacementocationp™é®* to p whose
componentypehasnotbeenassignedet,
o Seto(s™e*t) to componentypeof p,
Else
o selectto p neareshon-visitedplacementocationp™e®*
of componentypea (s™e*t),
End If
o addp™e®t to H,
o setp = pnemt’

End While

e Add H asahyperedgdo sequence,

e Selectthenearesfeederslotsto thelastplacementocationof H
whosecomponethiave not all beenplacedyet asthenew starting
positionsg,

End While
Return Sequence.

Figure3: The NearesiNeighborSequencindpeuristic

An adwantageof this algorithmis thatit candeterminea
feasiblesequencendalsoassigncomponentypesto feeder
slotswhile constructingthe sequence.lt is, further, of low
time compleity asthe overall time compleity of the algo-
rithm is O(n?), asusually f < n, i.e. the samecomplexity
asthe nearesneighborheuristicfor the Travelling Salesman
Problem.

Figure4 illustratesanexampleof this heuristicfor acircuit
boardwith 12 componentso be placedof 5 differentcompo-
nenttypesby aplacemenmachineequippedvith threeplace-
ment heads. Thoughon first sight the sequenceand com-
ponentassignmenfound look rathergoodwe have to keep
in mind that this is a very small example. For boardswith
moreinsertionsandfeederslotswe canexpectthe construc-
tive heuristicnotto performwell enoughmakingfurtherim-
provementsnecessargndour resultsbelon will show this.
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Nearest Neighbor Sequence

Figure 4. NearestNeighbor Sequencdor a 12 placement
problem

4.2 Local Search

We will now proposea local searchheuristicfor the hyper
tour problemto improve initial solutionsdeterminedby the
nearesheighborconstructiorheuristicdescribecabove. The
basicideaof this algorithmis to successiely apply simple
sequencemodificationsfor as long as improved sequences
canbe found. By applying modificationsthe neighborhood
of a feasiblesolutionis exploredin orderto 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 SalesmarProblems[$[6] and
performedvery well in comparisorto powerful TSP-solers
suchasLin-Kerningharand3—opt[14][20].

Our local searchheuristicwill only try to optimizeplace-
ment, fixing the assignmenbf componentdo feederslots.
In the next sectionwe useVariableNeighborhoodSearcho
recombineboth problemsto determinelocally optimal se-
guencesandcomponentassignmentsf very high quality.

In the local searchapproachwe suggesfirst two hyper
edgesare removed from the currentsequence.For hyper
edgeof maximallength,whereall placemenheadsareused,
this leaves(2h — 2) placementocationsunconnectedo the
sequencevhile the startand finishing locationsof the cho-
senhyperedgesemainattachedo the sequence.The now
unattachedlacementiocationsare then reconnectedo the
sequencdy constructinghew hyperedgesonsistingof opti-
mal feasiblesubsequenced his processs illustratedin fig-
ure 5 for the caseof a 3—headedccomponenplacemenima-
chine.In figure5(a)theinitial hyperedgeareshown, fig. 5(b)
illustratestheunattacheglacementocationsafterthehyper
edgeshave beenremovedwhile fig. 5(c) and(d) presentswo
possibleoutcomef thereconnectiorprocess.

The neighborhoodntroducedby this heuristicis of size
exponentialin A andintroducesmary more possiblemoves
thanwould be consideredy, for example,simple swapsof
placementocations. However, for the currentgeneratiorof
placemenmachineghe numberof placemenheadsis usu-
ally in therange2 to 4, sothe hyperedgeeconstructiorpro-
cesss still computationallytractable.

We illustrate the performanceof this algorithmin com-

Figure5: Schemadf 3—hyperoptmoves

parisonto the nearesheighborapproachdescribecabore by
applyinghyperopto thenearesheighborsequencandcom-
ponentassignmenbf the small example problemshown in
fig. 4. Theresultingsequencevasimproved by about35%
in lengthif comparedo the nearesheighborapproactandis
illustratedin fig. 6. We give furthercomparisonén section5.
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Hyperopt Sequence
Figure6: HyperoptSequencéor the 12 placemenproblem

A problem of the hyperoptlocal searchtechniquepro-
posedis thatoncea hypertouris chosenfor eachhyperedge
thestartingp? andfinishingplacementocationsp;'i stayfixed
duringthe hyperoptlocal searchseep;, ps andqy, ¢4 in fig-
ure5. This mayleadto alocal optimaof poor quality since
theinitial hypertourhasbeendeterminedy the constructve
heuristicdescribecearliet

In orderto overcomethis problemwe suggestallowing
swapsof these ptherwisefixed, placementocationswith any
other placementocation of the hypertour This meansthat
the startingand finishing placementocation of eachhyper
dege may be swappedwith any otherplacementocationin
sequence if this representsinimprovementof the current
sequenceFor our implementatiorwe choseto performthis
processafter eachhyperoptiterationthusincreasinghe size
of theneighborhoof ourlocal search.

A furtherdrawvbackconcerninghe multi level scheduling
problemwe statedearlieris that modificationsare only ap-
plied to the placemenisequencengglecting the assignment
of componentso feederslots. In orderto simultaneoushpp-
timize the placementsequencend the assignmenbf com-
ponenttypesto feederslots,andimprove solutionquality we



embeddedhis local searchheuristicin the VariableNeigh-
borhoodSearchmetaheuristi@sdescribedelow.

4.3 Variable Neighborhood Search

The constructve heuristicandthe local searchtechniquede-

scribedabore shav promiseatdetermininggoodlocally opti-

mal solutionsto the optimizationproblemwe 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-
guences.Furtherwe may gettrappedin alocal optimum of

poor quality. In orderto overcomeboth problemswe em-

bedthe local searchtechniqueinto a VariableNeighborhood
Search'VNS) heuristicassuggestethy HanserandMladen-
ovi€ [10][11][17].

Initialization
e UseNearesiNeighborconstructiorheuristicto determinea feasible
initial solution,
e Fix themaximalnumberof iterationsasstoppingcriteria

Search:
Until stoppingcriteriametDo:
(1)Seti =2
(2) Do

e Swaprandomlyl feederslot assignmentto createthe
neighboringsolution Sy,

o Apply local searchto Sy, to determinealocal optimumS?,

If local optimum}; is of betterquality than.S*,
e SetS* = Sy andGoto (1),

Else
e Increasd by oneandGoto (2)

End If

End Do
End Do Until

Figure7: VariableNeighborhoodsearcHor the PCB assem-
bly problem

The basicidea of this metaheuristicapproachis to sys-
tematicallyapply neighborhoodthangedo alocally optimal
solution, either by changingthe local searchneighborhood
altogetheior by makinglimited changesisingalargerneigh-
borhoodbeforerevertingto the original local searckhmethod.
A neighboringsolutionis thenonly acceptedf it represents
an improvementto the bestsolutionfound so far andis re-
jectedotherwise.Hansenand Mladenavi¢ suggese number
of differentapproache® changeandexploreneighborhoods.

In our implementationthe hyperoptapproachs usedas
a local searchtechniquewhile changesn the assignmenof
componentso feederslotsarethelargerneighborhooanoves
which “shake” the metaheuristiout of a local optimumand
into a differentpart of the solution space. The algorithmis
shavnin figure?.

A vital part of VNS is to “shake” the currentsolution
stronglyenoughsothatthelocal searctheuristicwill notfall
backonanalreadyvisitedlocal optimumbut notsomuchthat
all informationin the currentsolutionis lost (andwe have ac-

tually arandomrestart). The shaleswe have choserherecan
guaranteghat will not happenasthe local searchheuristic
itself doesnot have ary influenceon the assignmenbf com-
ponentdo feederslots.

4(3|2]1|5

VNS Sequence
Figure8: Sequencéor the12 placemenproblemusingVNS

To illustrate the performanceof this metaheuristicap-
proachwe alsoappliedit to the exampleproblem,which is
shawn in fig. 8. After just 20 “shakes” our metaheuristic
was ableto improve the initial solutionby morethan52%.
This providesan indication of the very large savings which
aremadepossibleby simultaneouslyconsideringhe alloca-
tion of componenttypesto feederslots and the placement
sequencef components.

In the next sectionwe will to investigatethe performance
of the heuristicand metaheuristi@pproachegroposechere
in moredetail.

5 Experimental Results

Theheuristicave describedn the previoussectionhave been
implementedcandappliedto atestpanelof twelve randomly
generatedcircuit boards. The numberof placementsand
componentypesrangedbetweendt3 and413 component$o
be placedand of up to 34 differentcomponentypes. The
placementocationsandtypesare generatedandomly The
numberof placements andcomponentypesm for eachcir-
cuit boardareshawn in table1. The placementnachinecon-
sideredhereis equippedwith threeplacemenheadsandone
feedermagazinewhich is locatednext to the circuit board.
We usethe Euclideandistancemetric betweerthe placement
andfeederocations.

Theconstructiorandlocal searctheuristicshave beenim-
plementedn exactly the way asthey weredescribedabove.
For the Variable Neighborhoodapproachwe have fixed the
numberof iterations(or “shakes”) to 100 andrestrictedthe
numberof feederassignmenswapswithin each“shake” to
6. In orderto analyzethe performancef our approachesve
have alsoimplementedwo multi-start(MS) approaches-or
both,the nearesheighborheuristicis startedfrom arandom
assignmendf componentypesto feedersandthenthelocal
searchdescribedn sectiond.2 appliedto thisinitial solution.
For the first multi-start approach referredto as MS-1, this
processs, asfor VNS, iterated100timesandthe bestsolu-
tion is reported,while the secondapproachMS-2, is given



thesameCPU-timeasneededy the VNS approach.

Theperformancef thefour approaches comparedn ta-
ble 1. Thistableshavstheimprovementn percengainedby
local search,Variable NeighborhoodSearchand multi-start
comparedo the solutionof the nearesheighborsequencing
andcomponengssignmenapproactof sectiond.1. Thesec-
ond andthird column of this table shav the dimensionsof
the artificial problemsin numberof placementocationsn
anddifferentcomponentypesm.

We canseethatlocal and VariableNeighborhoodSearch
have beerableto improvetheinitial sequencandassignment
significantly Especiallythe local searchapproachprovedto
be very successfulsit was able to improve the solutions
generatedy our nearesheighborconstructionheuristicby
up to 35%. The Variable NeighborhoodSearchapproach
alsoprovedto performwell asit enabledhe heuristicto find
evenbetterlocal optimafor all testproblems.This approach
gainedresultswhichareupto 40% betterthantheinitial solu-
tionsfrom whichthelocalandmetaheuristi@pproachewere
started.In comparisowith bothmulti-startapproaches/NS
wasableto determinebetterlocally optimal solutionsfor all
but onetestproblem.Especiallyfor theproblemshnumber, 5
and10 VariableNeighborhoodSearchprovedto find signifi-
cantlybettersolutions.For amassproductlik e printedcircuit
boardghesegainscouldtranslateénto mary tensor hundreds
of thousandf poundsin increasegroductvity.

boards % improvementon constructre approach

No. n m 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
7134 | 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: I 28.67% | 29.75% | 29.50% | 31.75% |

Table1: Experimentakesults: Board specificationsandim-
provementn %

The CPU-times of the Variable NeighborhoodSearch
metaheuristi@pproachpresentedangedfrom half a minute
for the smallestup to several hoursfor the larger testprob-
lems. However, speedup and code optimizationwere, at
this stageof our researchnot a primarytarget. The Variable
Neighborhoodsearchproposedn this paperperformedcon-
siderablyfasterthan multi-start. Whenboth approachegare
giventhe sameCPU-time,asin the VNS andMS-2 columns
of tablel1, VNS wasableto improveits advantageover multi-
startevenfurther. Sincethe “shakes” we have choserenable
VNS to reachan unexploredpartof the solutionspacewith-
outlosingtoo muchinformationof theformerlocally optimal

sequencethelocal searchproposedusuallyneededewer it-
erationgo reachanew local optimumthanwhenstartedrom
acompletelynew initial solutionasit did for multi-start.

6 Conclusions

In this paperwe have presentedh complex schedulingprob-
lem arisingin the manufctureof printedcircuit boards.The
paperconcentrate®n the problemof assigningcomponent
typesto feederslots and the determinationof locally op-
timal pick and placesequence$or a multi-headedcompo-
nent placementmachine. We useda modelfor a very so-
phisticatedype of placementnachinerydescribedearlierin
[5], andheuristicswere proposedo constructfeasiblesolu-
tions. Thesesolutionswerefurtherimprovedby local search.
In contrastto most publicationsconcerningthis subjectwe
did not separatehesetwo very closelyrelatedproblemsbut
treatedthemasa singleproblemandsolvedthemsimultane-
ously We shaved that large improvementsare possibleby
combiningthe problems.

Ourlocal searchheuristicwasembeddedhto the Variable
NeighborhoodSearchmetaheuristi@ssuggestedy Hansen
andMladenaori¢ [10][11]. This enabledthe heuristicto im-
prove the placemensequenceand componenfassignments
still more by searchinga larger part of the solution space.
The computationakesultshave beencomparedto a Multi-
start approachalso basedon the local searchheuristicpre-
sentedin this paper Here, Variable NeighborhoodSearch
outperformedMulti-start for all but one of thetestproblems
andwasableto find locally optimalsolutionsof significantly
betterquality for someof them. For a productlike printed
circuit boardseven a small reductionin assemblytime of a
few percentcanleadto considerableostsavings.

Our future researchwill investigatewaysto considersi-
multaneoustool changesin addition to the assignmenif
componentypesto feedersandthe sequencingf placement
locations. A furtherinterestingareaof future researchmay
beto analyzethe performancef different“shake” neighbor
hoodsfor the Variable NeighborhoodSearchapproachpre-
sentedandinvestigate'intelligent shales” basedoninforma-
tion obtainedduringthe searchprocess.
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