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ABSTRACT

In this paperwe designswarm clustering algorithm to
build, move andplaceclustersof building materialson the
desiredplaceon2 D plane.Suchalgorithmconsistof three
phases:building clusters,moving themradially andthen
orbitally. We presentainexamplethatdemonstratedesired
clusterplacement.In particular it is shovn thatwith pro-
posedalgorithm capableof building clusters,moving and
placingthemwith respecto eachotherin accordancevith
givenrequirements.
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1 Intr oduction

Thereare, in the naturalworld, swarmsof insectswhich
have evolved over long periodsof time and which pos-
sesdhecapabilityto constructarge structuresmary times
largerthantheindividual insectin the swarm. Suchstruc-
turescanrangein designfrom thosewith remarkableegu-
larity, suchashong/combsof beesandwaspsto thesome-
what irregular structuresof termites,ants, or communal
spiders. Swarmsin the naturalworld are not only capa-
ble of building the homesin which they live, but they also
interactwith them,providing repairservicesvhenneeded.
Moreover, the swarms’ homescanbe constructedn such
a way that the swarm can use them to maintain atmo-
sphericconditionswith a control that rivals systemsbuilt
by Mankind.

The abilities of theseinsectswarmshave prompted
scientist4o proposehe designof agent-basedystemghat
carryoutsimilartasks.Suchsystemavould enjoy mary of
the samebenefitsonefindsin the naturalworld:

1. Theindividuals may be rathersimplein designand
capability

2. The swarm may be capableof carryingout tasksthat
arebeyondthe capabilityof individual agents.

3. The swarm canbe extremelyrobustin comparisorto
therobustnes®f theindividual agent.

Among these systemsare puck clustering systems,in
which agentsareinvolvedin the movementof generalized
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constructiormaterialsknown aspucks.Pucksaretypically
moved betweenclustersby autonomousgentswith each
agentmoving one or more pucksat a time. The general
goal of clusteringsystemss to createsomespecifichnum-
ber of clustersin a predetermine@rganization.Typically,
eachagentcarriesout a seriesof actionswhich is stochas-
tic in nature,resultingin randommovementsbetweenor
aroundclusters.

Puckclusteringsystemshave the potentialto leadto
morecomplex constructiorsystemsSinceit is now possi-
bleto generate particulamumberof clustersof apredeter
minedsize,thenext stepis to placetheclustersn particular
relative positions.Oncethis stepis accomplishedthe posi-
tionsof the clusterscanbe usedasmarkersfor subsequent
constructiontasks.As anexample,wall structureamay be
placedbetweertlustersandcolumnsmaybebuilt ontop of
them. This potentialityindicatesa uniquearchitectureand
potentialmethodfor generatingmore complex structures
thanclusters.

Sincetheearlynineties extensvework hasbeendone
on clusteringsystemd1, 2, 3, 5, 11]. Initial studiesexam-
ined the use of small roboticssystemsn the cooperatie
collection of pucks. Theseefforts centeredaroundphys-
ically instantiatingthe clusteringrobot. As a rule, these
studiesare either successfuln generatinga single cluster
[4, 6] or in generatingsereral clusters.The succes®r fail-
ure of the clusteringsystemsare determinedby the geo-
metric propertiesof the system. Thesepropertiescanin-
cludethe size of the arena,the arrangementor absence)
of gripperson the robot, and otherdetailedparametersf
the system.However, whatis lackingin thesestudiesis a
generaldescriptionof just whatit takesto createa system
thatsuccessfullyclusterspucks.

In contrastto earlierstudies Kazadiet. al. in [7] in-
vestigatesseveral of the propertiesof clusteringsystems,
leadingto a generaldescriptionof whatit takesfor a clus-
teringsystemto yield a singlecluster Thework allows for
thedevelopmentobustclusteringasacomponenbf larger
systemscapableof carrying out multiple tasks(eitherin
parallelor sequentially).Thus,a researcheneedsonly to
build a robotwhich satisfiesghe generalconditionandthe
systemwill produceonecluster

We considerandomlyplacedrobotsandpuckson2 D
planeasinitial configurationof the systemas depictedin



Figure 1. Initial configurationof a clusteringsystemcon-
sistingof robots(large)andpucks(smallcircles).

Figure 1. Similar systemsaredevelopedin Kazadiet. al.
[9] in which several clustersare producedn a predictable
way.

Oneside effect of the system,however, is that clus-
ters producedin this way appearin randomplaces. This
is anunavoidableconsequencef the systemdesignasthe
individual agentsare not supposedo have accesgo de-
tailed global information. As a resultthe clustersmustbe
moved from their original positionsto new relative posi-
tionsif they areto be usedasa basisfor generatingstruc-
turesof predeterminedlesign. In the study by Kazadiet.
al. [10], methodsof generatingnultiple clustersare cou-
pledwith methodsof moving clustersinto specificrelative
positions.However, in this study it is determinedhatthe
exactplacemenbf severalclustersof differentdesignssuf-
fers from the existenceof degeneratestates. Thesestable
stategesultfrom clustermovementaway from their points
of origin. Occasionallyandwith increasingfrequeny as
the numberof clustersin the designincreasesthe clusters
move to aformationwhich cannotbe alteredby the swarm
of agents. This is a significantproblemfor consideration
of the potentialuseof swarm-basedlusteringsystemsas
constructiortools. It is hardlyreasonabléo developbuild-
ing tasksin which one of a multitude of degeneratestates
might occut

As aresult,we exploreamethodof remaving thestate
degenerag which plaguescurrentefforts in swarm-based
construction We presentecentwork which effectively re-
movesthe degenerag. In Section2, we review the major
elementsof puck clusteringsystems. Section3 givesan
accountof the degenerag problemand describesnethod
usedto remove the degenerag problem. Its useon the
constructiontasksis illusratedby examplesin Section4.
Finally, Section5 offerssomeconcludingremarks.

2 Puck Clustering Systems

Puckclusteringsystemsarestill in theirinfang in regards
to their ability to accomplishtasksof significance. How-

ever, even thoughthe systemsarein their infangy, a sig-
nificanteffort hasbeenexpendedn developingtheir prop-
ertiesusingmethodologie®asedn predictive theory This
sectionreviews someof theresultsof previousstudiespar
ticularly thoserelevantto constructiorefforts.

2.1 SingleCluster Evolution

Puck clusteringsystemshave beencharacterizedheoreti-
cally in severalways. The simplestof thesewaysis the
descriptionof therequirementgor individualagentsvhich
leadto the swarm'’s clusteringof pucksin a singlecluster
We assumehatrobots’ behaiors canbe characterizedby
two differentinteractions:the interactionof an agentcar
rying a puck andthatof anagentnot carryinga puck. The
agentwhich is carrying a puck may drop the puck at the
cluster while thatnot carryinga puck mustpick up a puck
dependingon whatit's assessmermdf the situationis. Sup-
posethat f (V) representshe probability, undera particu-
lar designthatarobotnotcarryinga puckwill pick oneup
from aclustercontainingNV pucks.Moreover, supposehat
h (N) is the analogfor agentscarrying pucksand poten-
tially droppingoff a puckata clusterwith N pucks.Then,
lettingg = % it is the casethatthe swarmwill generatea
singleclusterif

dg

aN =
wherethe strictinequalityis required.Onceanagentis de-
signedwith behavior that satisfieghis condition,the clus-
teringbehaior of the swarmis guaranteed7].

Another important design concernis the speedof
clustering. Oncewe have guaranteedhat the systemwill
leadto a singlecluster we would lik e to know whetheror
not the methodwe areusingcanbe supplantedy another
methodthat is quicker in termsof its cornvergencetime.
Thatis, if we havetwo behaiorscharacterizedy function
pairs(fa,g4) and(fp, gp), underwhatconditionscanit
be shovn thatswarm A will bequickerin corvergingthan
swarm B? This conditionwasderivedin [7], whereit was
shown that swarm A would be more efficient than swarm
Biff

0, 1)

g4 < gB- 2

This designrequirementmay be appliedto the designof
agentsyielding increasinglyefficient clustering.

Finally, it is interestingo askwhetheror notit is pos-
sible for agentsto produceseveral clustersinsteadof one,
with the final clusterstaking on a predeterminesize and
multiplicity. This is indeedpossible[9], and the condi-
tion requiredfor the developmentof theseis remarkably
simple. Ratherthana stronglymonotonicallydecreasing
functional, the conditionis the existenceof a multiphasic
¢ functioncontainingonedecreasinghaseollowedby an
increasingphase.The point at which the g function shifts
from adecreasindgo anincreasingphases theequilibrium
point Ny, the maximumsizeof the cluster(s).
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Figure 2. This figure illustratesa potentialmultiphasicg
functionwith aminimumat Ny. Suchamultiphasicg func-
tion yieldsmultiple clusterswith size N,y pucks.

2.2 Cluster Motion

In general,the clustersin randomclusteringsystemsap-
pearin unpredictabldocations. The processof building
theclusterdrom individualelementss stochastién nature,
andary singleelementmay be usedasa startingpoint for
what may eventuallybe the final cluster As aresult,the
clustermay startin ary location. Of course,if someone
is to build a structureusing clustersasinitial markers of
structuraldesign,it mustbe possibleto placethe clusters
in specificpositionsrelative to oneanother This requires
thatmovementof the clusterbe partof the capabilityof the
swarm.

In orderto move a clusterwithout changingits shape
or disassembling andreassembling in anew location,it
is necessaryo generate netmovementof pucksfrom one
sideof the clusterto the other The situationis depictedin
Figure3.

On the right side of the cluster the robotsare more
likely to pick up puckswhile ontheleft side,they aremore
likely to dropoff pucks.Thesituationcausesgradientin g
valuesfrom right to left, anindicatorthata puckmovement
is occurringbetweerthe areasof high g valuesandlow g
values.

This can generallybe accomplishedn a numberof
ways.Onemethodthathasbeenemployedin [10] involves
differential bias of the likelihood of drop off asthe angle
of therobotencounteringhe clustervaries. The methodis
avariationon a thresholdingmodelof clustersizemainte-
nance. In the thresholdingmodel, the probability of pick
up of apuckis givenby
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Figure3. Thisfigureillustratesthecreationof a g-gradient.
Sucha gradientindicatesa net movementof pucksfrom
high ¢ valueareasto low ¢ valueareas.In this case,the
areasare on oppositesidesof a cluster andso leadto a
movementof thecluster

wherep is somesmallnumberi, isthelowerthresholdsize
of the cluster andu,, is the upperthresholdof the cluster
Thethresholdmodelis alteredby choosingu;, asfollows

up, = up (1 —ecos (9)), 4)

whereg representshe anglebetweerthe desireddirection
of motion and the anglethat the robotis facing. By in-
creasinghe upperthresholdoppositethe desireddirection
of motionanddecreasinghe upperthresholdn thedesired
direction, the effect is that on the side oppositethe direc-
tion of motion, the robotsattemptto decreasehe cluster
sizewhile on the othersidethe robotsattemptto increase
the clustersize. The effectis a creepingmotionin the de-
sired direction of motion provided that the clustersizeis
at leastas closeto the upperthresholdase. If the cluster
is not large enough,thentherewill be no effect from the
changingof theupperthreshold.

Thismethodof motiongeneratiorhasinterestingcon-
sequencesimongtheses thefunctionalform of thespeed
of thecluster Thisis givenby

; _ dary  f(N)h(N) (5)
e = TR FON) T h(N)

where f andh areasdefinedabove, r; is thetotal number
of robots,« is thedensityof robotsat the cluster d,, is the
diameterof a puck, and NV is the numberof pucksin the
cluster Interestingly this speedis inverselyproportional
to the squareroot of the numberof pucksin the cluster

This reflectsthe fact that smallerclustersare mucheasier
to movein this mannerthanlargeclusters.

2.3 Relative Placement

The motion of clustersis necessaryor the correctplace-
mentof the clustersput by itself, it isn’t sufficientfor their



Figure 4. This figure illustratesthe degeneratepentagon
form. Clusterspostionsarenot asdesired thoughthey are
atthefinal states.

correctplacement. Not only mustthe clustersmove, but

their motionmustbein a particulardirectionin orderto be

useful. The direction mustbe consistentwith the genera-
tion of the desireddesign. Thatis, it mustbe possiblefor

the individual autonomousagentto determinea direction
thattheclustershouldbe moving in, andthenreactaccord-
ingly.

This questionis addresseth [10]. In thatstudy each
agentis assumedo have accesgo accuratecurrentposi-
tions of all of the clustersrelative to the robot. The po-
sitions canthenbe usedto calculateaccuratecurrentdis-
tancesanddirectionsbetweerclusters.Thisinformationis
thenusedto determinehedirectionof motionutilizing the
following directioncalculation:

5d = 2351135 (dij — Dij) (6)

wheredd representshedirectionof motion, u;; represents
theunit directionbetweerclustersi andj, d;; is theactual

distancebetweenclustersi and j, and D;; is the desired

distancebetweerclusters; andj.

The effect of this is thatarny two clustersthataretoo
closeto oneanotherwill be pushedapart,while thosetoo
farapartwill bepulledtogether Theaggrayateeffectof all
of theotherclustergherebydefineghedirectionof motion
of ary givencluster

This methodologyis capableof generatinga move-
mentthataccuratelyplacesairsandtripletsof clustersrel-
ative to oneanother

3 Cluster Placementwith Minimal Cluster-
Cluster Impedance

In swarm engineeringwe determineminimal conditions
requiredfor the global outcometo occurandthendesign
agentbehavior that provably leadsto the global outcome.
In thiscasetheglobaloutcomds thecorrectrelative place-
ment of the clusters. The minimal condition is the fol-

lowing: ead clustermovesalong a path that hasa finite

=0,

Figure5. Placemenbf clustersin cornersof square Clus-
ter 1 is “central” andclusters2, 3, 4 are“secondary’clus-
ters. Map provided to eachagentincludesdistancese-
tweenclusters2, 3, 4 and“central” cluster1, andangles
/312 and/412.

length, endsat the desiled relative position of the cluster
andcannotbeimpededdy constainscausedy otherclus-
ters. Thisis a provableminimal conditionin the sensehat
thereis afinite time afterwhich the clusterwill belocated
at the end of the path, and this time will definethe total
designtime. How thesepathsare generatedandhow the
clustersaremovedalongthemis the subjectof this study

First, we simplify our discussionby viewing each
clusterasa singlepoint. This pointmaybeobtainedoy av-
eragingthe positionof the individual pucksandusingthis
centroidasthe positionof the cluster We assumehatthe
agentswvhich arecarryingout this actionarecapableof as-
sessinghecentroidof agroupof pucks,arestrictiononthe
capabilitiesof theagentsin realisticexperimentsthis may
be accomplishedising passie camerasandsimpleimage
processing.

Oncethe puck positionshave beendeterminedgach
robotmustdeterminehow to biasthe pick up anddrop off
probabilitiesso that the clustersare moved in the proper
direction.We assumelsothatamapis providedto eachof
therobotsin theform of alist of distancegrom a“central”
clusterto eachof the otherclusters,alongwith the angle
from a“secondary’clustersradialconnectoto the central
clusterto that of eachothercluster Thatis, in orderto
positionclusterswe needto have datasimilar to thosein a
tablebelow.

Tablel
| ClusterNumber | Distance| Angle |
1 0 0
2 100 0
3 100 90
4 141 45

This table describesthe relative placementsof all



clustersrequiredto createa squarearrangemendf clusters
asshown in Figure5. Underanarrangementr placement
of clusterswe understandguchpositioningof clustersthat
they are placedin the cornersof a definedgeometricfig-
ure. Notethateachclusteris initially randomlyplacedwith
respectto the othersandhasary absolutepositionin the
plane.As aresult,themechanisnmequireshateachcluster
be carefully movedto specificrelative positionsvia some
meanghat are absolutelyincapableof beingrestrictedby
otherclusters.

Our methodproceedsn two phases.n Phasel, the
clustersaremovedaway from the“central” clusterto adis-
tancecommensurateith thedesireddistance Thismaybe
accomplishediia themovementprotocoldescribedn Sec-
tion 2. The pick up probabilitiesare biasedbasedon the
robot'sdirectionwith respecto theray directly connecting
agivenclusterandthe“central” cluster If thetwo clusters
aretoo close,theupperthresholds alteredaccordingto

d = —eBcos (¢), (7)

wheree is a small positive constant,B is the currentupper
threshold,and¢ is the anglebetweerthe robot’s direction
andthe ray connectingthe “central” clusterto the cluster
in question.If the clustersaretoo far apart,this relationis

negated,resultingin the clustermoving toward the “cen-
tral” cluster Note thatthe “central” clusteris not biased;
the agentshave identicalinteractionswith it regardlessof

the directionof motion of the robotwheninteractingwith

the cluster This meanghatalthoughtherewill be a slow

randomwalk, in generalthe clusterwill not move signifi-

cantlycomparedo thedeliberatenotionsof theotherclus-
ters.

In Phasel I, the clustersarerotatedaroundthe cen-
tral cluster usingthe“secondary’clusterasareferencdor
measuringngles.Themethodassumeshattheagentscan
measurehe anglesbetweenthe ray connectingthe “cen-
tral” clusterandthe “secondary”cluster andtheray con-
nectingthe “central” clusterand the clusterthe agentis
working with. Oncethe anglehasbeendeterminedthe
agents interactionsare biasedin sucha way that the in-
duceddirectionof motionmovesthe clustertowardthede-
siredangleby the shortestoute. The biasis, aspreviously,
doneby alteringthe upperthreshold. This meanghatthe
biashastheform

d = teBsin (¢), (8)

ratherthanthe previous one, with the sign dependingon
whetheror nottheanglebetweerthe desiredocation(rel-
ative to the “central” and“secondary”clusters)lies closer
via a clockwiseor counterclockwisedirection.

The describedsituationis depictedin Figure6 for a
squareplacementOncefour clustersformed,oneof them
was randomly picked to be “central” cluster Otherones
radially move away from it and then orbit to the desired
positions.

)

—

Figure6. Thisfigureillustratesthemechanisnusecto con-
structa square.First, threeclustersare moved away from
a “central” cluster Then,two aremoved aroundthe cen-
tral cluster orbiting atthe desiredradiusfrom the“central”
cluster The orbit endsat the final, desired,points,whose
positionsaremeasureggainsthecentralandfirst cluster

4 Generation of Simple Geometric Forms

Let usnow considerexamplesof right triangle,squareand
right pentagorarrangementsf the clusters. Eachcluster
contains80 pucks.All pucksaremovedby 30 agents Sim-
ulation startsfrom randomplacemenbf robotsandpucks
on 2D plane.Oncethe clustersarebuilt, they areassigned
uniqguenumbersfrom 1 to N, where N is total numberof
clusters.Clusterl is a“central” clusterandit remaindixed
during simulation. Other clustersmove away from it on
a desireddistancefirst (radial movement)and then move
away from eachother(orbital movementjasshovn on Fig-
ure6.

The proposednethodcanbe usedto constructasym-
metricaswell assymmetricstructures.ln our simulations
we build symmetrictriangle, squareand pentagon. This
allows usto compareresultswith thoseKazadiet. al. ob-
tainedin [10].

First, we considerright triangle clustersplacement.
During simulations after clusterswere built, “secondary”
clusters2 and 3 moved from cluster 1, then cluster 2
stoppedandonly cluster3 continuedits orbital movement
away from cluster2. Figure7 illustratescreationof right
triangle.

In the caseof higherorderplacementsuchassquare,
pentagonretc. the problemof clustercollision avoidance
shouldbe takeninto account. For the squareplacemenit
follows from Table 1 that during secondphaseof move-
mentclusters2 and3 aremoving on the sameorbit which
malkesit possiblefor themto crushinto oneanother We
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Figure7. Thisfigureillustratesbuilding procesf right triangle,squareandpentagon.

encountesimilar situationwith pentagorarrangemenand
otherhigh-ordergeometrigplacements.

For this purposethe following modificationswere
made.During radialphaseof movementagentgequiredto
move clusterdurtherthannecessargndproceedo second
phase. Whenthe angleis asdesiredthen clustersmoved
radially back to their orbit. This allows anotherclusters
which arestill in the secondbhaseof movemento passal-
readyplacedclusters.In Figure7 correspondingnovement
of clusterdgs shown.

Oncethe clustersare placedat the desiredpositions
they stayatthemwith respecto thecentral‘cluster”. How-
ever, the clusterspositionsmay deviate slightly. Thesede-
viationsareadditive in thesensehat“central” clusters de-
viationsleadto deviationsin otherclusters positions. In
orderto avoid them,agentdorcedto stoponceinformation
they measureoincideswith desirednformationthey were
givenapriori.

The mostsignificantfeatureof proposedapproacho
clustersplacementis that it allows to avoid degenerag.
Under degeneraciesve understandsuchstateswhen dis-
tancesandanglesbetweerclustersaresameor closeto de-
siredones but structureformedis differentfrom required.
This situationwas describedn [10] andis illustrated by
Figure4. The percentagef runswhich developedcorrect

structuresn thatpaperis reportedn tablebelow.

Table2
Structure CorrectShapePercentage
Old Results| New Results
EquilateralTriangle 100% 100%
Square 66.667% 100%
Pentagon 12.5% 100%

This table shows that as the numberof clustersin-
creasesthe numberof degeneratestatesalso increases.
With the algorithm proposedn this paperall placements
arenon-deyenerate.So, the methodologywe have exam-
inedis capableof building clustersandmoving andplac-
ing themaccordingto desiredmap.

5 Conclusionsand futur e work

Historically, clusteringbecamea basisfor constructiorde-

velopment.In orderto build a structureit is necessaryo

obtainadrawing, or a mapof this structure.Thenthe next

stepin actualbuilding procesds to markimportantpoints
suchascornersof the building. After thatit is possibleto

build walls, ceilingsetc. The developmentof an accurate
markingtechniquethusis a significanttask.



This paperreviewed work that hasbeendone pre-
viously on building clusters,and proposedalgorithm for
movementclusterssuchthatthey areplacedon 2D plane
asrequiredby an engineer It wasshown that problemof
degeneray thatwasnt solvedin previouswork, wasover-
cameby moving clustersstraightaway from randomlycho-
sen“central” clusterandthen changingdirection of their
movementso that they “orbit” aroundcenteruntil reach-
ing desiredposition. It shouldbe notedthat this position
is given with respectto other clusters,particularlyin this
casewith respectto “central” cluster We don't take into
accountlusterspositiononaplane.

In caseof large enoughstructuresanotherproblem
arise. Sincethe agentsarerelatively small andtheir field
of vision is boundedt might happernthatthey don't “see”
whole constructiorcite, but only partof it. Robotsneedto
identify to whatpartof constructiorthey belong.

This setsa taskfor a future work in the area. It is
necessaryo designamethodwhich allows agentgo know
whole mapof constructiorandidentify themseleson this
map. Thenonceclustersof building materialspositioned
in requiredplaces,robots build walls betweenthem and
then ceilingson top. In otherwords, presentresultslead
to building one story structuresby swarm of minimalist
robots.
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