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ABSTRACT
In this paper we design swarm clustering algorithm to
build, moveandplaceclustersof building materialson the
desiredplaceon

���
plane.Suchalgorithmconsistsof three

phases:building clusters,moving themradially and then
orbitally. We presentanexamplethatdemonstratesdesired
clusterplacement.In particular, it is shown thatwith pro-
posedalgorithmcapableof building clusters,moving and
placingthemwith respectto eachotherin accordancewith
givenrequirements.
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1 Intr oduction

Thereare, in the naturalworld, swarmsof insectswhich
have evolved over long periodsof time and which pos-
sessthecapabilityto constructlargestructures,many times
larger thanthe individual insectin theswarm. Suchstruc-
turescanrangein designfrom thosewith remarkableregu-
larity, suchashoneycombsof beesandwasps,to thesome-
what irregular structuresof termites,ants, or communal
spiders. Swarmsin the naturalworld are not only capa-
ble of building thehomesin which they live, but they also
interactwith them,providing repairserviceswhenneeded.
Moreover, the swarms’ homescanbe constructedin 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
scientiststo proposethedesignof agent-basedsystemsthat
carryoutsimilar tasks.Suchsystemswouldenjoy many of
thesamebenefitsonefindsin thenaturalworld:

1. The individuals may be rathersimple in designand
capability.

2. Theswarmmaybecapableof carryingout tasksthat
arebeyondthecapabilityof individualagents.

3. Theswarmcanbeextremelyrobust in comparisonto
therobustnessof theindividualagent.

Among these systemsare puck clustering systems, in
which agentsareinvolvedin themovementof generalized

constructionmaterialsknown aspucks.Pucksaretypically
movedbetweenclustersby autonomousagents,with each
agentmoving oneor more pucksat a time. The general
goalof clusteringsystemsis to createsomespecificnum-
berof clustersin a predeterminedorganization.Typically,
eachagentcarriesout a seriesof actionswhich is stochas-
tic in nature,resultingin randommovementsbetweenor
aroundclusters.

Puckclusteringsystemshave thepotentialto leadto
morecomplex constructionsystems.Sinceit is now possi-
bleto generateaparticularnumberof clustersof apredeter-
minedsize,thenext stepis to placetheclustersin particular
relativepositions.Oncethisstepis accomplished,theposi-
tionsof theclusterscanbeusedasmarkersfor subsequent
constructiontasks.As anexample,wall structuresmaybe
placedbetweenclustersandcolumnsmaybebuilt ontopof
them.Thispotentialityindicatesauniquearchitecture,and
potentialmethodfor generatingmore complex structures
thanclusters.

Sincetheearlynineties,extensivework hasbeendone
on clusteringsystems[1, 2, 3, 5, 11]. Initial studiesexam-
ined the useof small roboticssystemsin the cooperative
collectionof pucks. Theseefforts centeredaroundphys-
ically instantiatingthe clusteringrobot. As a rule, these
studiesareeithersuccessfulin generatinga singlecluster
[4, 6] or in generatingseveralclusters.Thesuccessor fail-
ure of the clusteringsystemsare determinedby the geo-
metric propertiesof the system. Thesepropertiescan in-
clude the sizeof the arena,the arrangement(or absence)
of gripperson the robot, andotherdetailedparametersof
thesystem.However, what is lacking in thesestudiesis a
generaldescriptionof just what it takesto createa system
thatsuccessfullyclusterspucks.

In contrastto earlierstudies,Kazadiet. al. in [7] in-
vestigatesseveral of the propertiesof clusteringsystems,
leadingto a generaldescriptionof what it takesfor a clus-
teringsystemto yield asinglecluster. Thework allows for
thedevelopmentrobustclusteringasacomponentof larger
systemscapableof carrying out multiple tasks(either in
parallelor sequentially).Thus,a researcherneedsonly to
build a robotwhich satisfiesthe generalconditionandthe
systemwill produceonecluster.

Weconsiderrandomlyplacedrobotsandpuckson
���

planeas initial configurationof the systemasdepictedin



Figure1. Initial configurationof a clusteringsystemcon-
sistingof robots(large)andpucks(smallcircles).

Figure1. Similar systemsaredevelopedin Kazadiet. al.
[9] in which severalclustersareproducedin a predictable
way.

Onesideeffect of the system,however, is that clus-
tersproducedin this way appearin randomplaces. This
is anunavoidableconsequenceof thesystemdesignasthe
individual agentsare not supposedto have accessto de-
tailedglobal information. As a resulttheclustersmustbe
moved from their original positionsto new relative posi-
tions if they areto beusedasa basisfor generatingstruc-
turesof predetermineddesign. In the studyby Kazadiet.
al. [10], methodsof generatingmultiple clustersarecou-
pledwith methodsof moving clustersinto specificrelative
positions.However, in this study, it is determinedthat the
exactplacementof severalclustersof differentdesignssuf-
fers from the existenceof degeneratestates.Thesestable
statesresultfrom clustermovementaway from theirpoints
of origin. Occasionally, andwith increasingfrequency as
thenumberof clustersin thedesignincreases,theclusters
moveto a formationwhich cannotbealteredby theswarm
of agents.This is a significantproblemfor consideration
of the potentialuseof swarm-basedclusteringsystemsas
constructiontools. It is hardlyreasonableto developbuild-
ing tasksin which oneof a multitudeof degeneratestates
might occur.

As aresult,weexploreamethodof removing thestate
degeneracy which plaguescurrentefforts in swarm-based
construction.We presentrecentwork which effectively re-
movesthe degeneracy. In Section2, we review the major
elementsof puck clusteringsystems.Section3 givesan
accountof the degeneracy problemanddescribesmethod
usedto remove the degeneracy problem. Its useon the
constructiontasksis illusratedby examplesin Section4.
Finally, Section5 offerssomeconcludingremarks.

2 Puck Clustering Systems

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

ever, even thoughthe systemsare in their infancy, a sig-
nificanteffort hasbeenexpendedondevelopingtheirprop-
ertiesusingmethodologiesbasedin predictivetheory. This
sectionreviewssomeof theresultsof previousstudies,par-
ticularly thoserelevantto constructionefforts.

2.1 SingleCluster Evolution

Puckclusteringsystemshave beencharacterizedtheoreti-
cally in several ways. The simplestof theseways is the
descriptionof therequirementsfor individualagentswhich
leadto theswarm’s clusteringof pucksin a singlecluster.
We assumethat robots’behaviors canbecharacterizedby
two differentinteractions:the interactionof an agentcar-
rying a puckandthatof anagentnot carryinga puck. The
agentwhich is carryinga puck may drop the puck at the
cluster, while thatnot carryinga puckmustpick up a puck
dependingon whatit’s assessmentof thesituationis. Sup-
posethat �����	� representstheprobability, undera particu-
lar design,thatarobotnotcarryingapuckwill pick oneup
from aclustercontaining� pucks.Moreover, supposethat
 ���	� is the analogfor agentscarryingpucksandpoten-
tially droppingoff a puckat a clusterwith � pucks.Then,
letting �
���� , it is thecasethat theswarmwill generatea
singleclusterif �

��
���

���
(1)

wherethestrict inequalityis required.Onceanagentis de-
signedwith behavior thatsatisfiesthis condition,theclus-
teringbehavior of theswarmis guaranteed[7].

Another important design concernis the speedof
clustering. Oncewe have guaranteedthat the systemwill
leadto a singlecluster, we would like to know whetheror
not themethodwe areusingcanbesupplantedby another
methodthat is quicker in termsof its convergencetime.
Thatis, if wehavetwo behaviorscharacterizedby function
pairs ����� � ����� and ����� � ����� , underwhat conditionscanit
beshown thatswarm � will bequicker in convergingthan
swarm � ? This conditionwasderivedin [7], whereit was
shown that swarm � would be moreefficient thanswarm
� if f

� � � � �! (2)

This designrequirementmay be appliedto the designof
agents,yielding increasinglyefficient clustering.

Finally, it is interestingto askwhetheror not it is pos-
sible for agentsto produceseveralclustersinsteadof one,
with the final clusterstaking on a predeterminedsizeand
multiplicity. This is indeedpossible[9], and the condi-
tion requiredfor the developmentof theseis remarkably
simple.Ratherthana stronglymonotonicallydecreasing�
functional, the conditionis the existenceof a multiphasic
� functioncontainingonedecreasingphasefollowedby an
increasingphase.Thepoint at which the � functionshifts
from adecreasingto anincreasingphaseis theequilibrium
point �#" , themaximumsizeof thecluster(s).



Figure2. This figure illustratesa potentialmultiphasic�
functionwith aminimumat �#" . Suchamultiphasic� func-
tion yieldsmultiple clusterswith size ��" pucks.

2.2 Cluster Motion

In general,the clustersin randomclusteringsystemsap-
pearin unpredictablelocations. The processof building
theclustersfrom individualelementsis stochasticin nature,
andany singleelementmaybeusedasa startingpoint for
what may eventuallybe the final cluster. As a result, the
clustermay start in any location. Of course,if someone
is to build a structureusingclustersas initial markersof
structuraldesign,it mustbe possibleto placethe clusters
in specificpositionsrelative to oneanother. This requires
thatmovementof theclusterbepartof thecapabilityof the
swarm.

In orderto movea clusterwithout changingits shape
or disassemblingit andreassemblingit in anew location,it
is necessaryto generateanetmovementof pucksfrom one
sideof theclusterto theother. Thesituationis depictedin
Figure3.

On the right sideof the cluster, the robotsaremore
likely to pick uppuckswhile ontheleft side,they aremore
likely to dropoff pucks.Thesituationcausesagradientin �
valuesfrom right to left, anindicatorthatapuckmovement
is occurringbetweentheareasof high � valuesandlow �
values.

This can generallybe accomplishedin a numberof
ways.Onemethodthathasbeenemployedin [10] involves
differentialbiasof the likelihoodof drop off asthe angle
of therobotencounteringtheclustervaries.Themethodis
a variationon a thresholdingmodelof clustersizemainte-
nance. In the thresholdingmodel, the probability of pick
up of apuckis givenby
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&('*)+�
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Figure3. Thisfigureillustratesthecreationof a � -gradient.
Sucha gradientindicatesa net movementof pucksfrom
high � valueareasto low � valueareas.In this case,the
areasare on oppositesidesof a cluster, and so lead to a
movementof thecluster.

where
)

is somesmallnumber,
-/.

is thelowerthresholdsize
of the cluster, and 0

.
is the upperthresholdof thecluster.

Thethresholdmodelis alteredby choosing0
.

asfollows

0
2 . � 0

. � &('43+57698 �;:<�=� � (4)

where : representstheanglebetweenthedesireddirection
of motion and the anglethat the robot is facing. By in-
creasingtheupperthresholdoppositethedesireddirection
of motionanddecreasingtheupperthresholdin thedesired
direction,the effect is that on the sideoppositethe direc-
tion of motion, the robotsattemptto decreasethe cluster
sizewhile on the othersidethe robotsattemptto increase
theclustersize. Theeffect is a creepingmotion in thede-
sireddirectionof motion provided that the clustersizeis
at leastascloseto theupperthresholdas

3
. If thecluster

is not large enough,thentherewill be no effect from the
changingof theupperthreshold.

Thismethodof motiongenerationhasinterestingcon-
sequences.Amongtheseis thefunctionalform of thespeed
of thecluster. This is givenby
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where � and



areasdefinedabove,
D E

is thetotal number
of robots,

C
is thedensityof robotsat thecluster, HNJ is the

diameterof a puck, and � is the numberof pucksin the
cluster. Interestingly, this speedis inverselyproportional
to the squareroot of the numberof pucksin the cluster.
This reflectsthe fact that smallerclustersaremucheasier
to move in this mannerthanlargeclusters.

2.3 RelativePlacement

The motion of clustersis necessaryfor the correctplace-
mentof theclusters,but by itself, it isn’t sufficient for their



Figure 4. This figure illustratesthe degeneratepentagon
form. Clusterspostionsarenot asdesired,thoughthey are
at thefinal states.

correctplacement.Not only must the clustersmove, but
theirmotionmustbein a particulardirectionin orderto be
useful. The directionmustbe consistentwith the genera-
tion of the desireddesign.That is, it mustbepossiblefor
the individual autonomousagentto determinea direction
thattheclustershouldbemoving in, andthenreactaccord-
ingly.

Thisquestionis addressedin [10]. In thatstudy, each
agentis assumedto have accessto accuratecurrentposi-
tions of all of the clustersrelative to the robot. The po-
sitionscanthenbe usedto calculateaccuratecurrentdis-
tancesanddirectionsbetweenclusters.This informationis
thenusedto determinethedirectionof motionutilizing the
following directioncalculation:'OP H � �RQ%SUTVXW 0

S W � H S W 'Y�$S W � � (6)

where
'OP H representsthedirectionof motion, 0

S W represents
theunit directionbetweenclustersZ and[ , H S W is theactual
distancebetweenclustersZ and [ , and

�\S W is the desired
distancebetweenclustersZ and[ .

Theeffect of this is thatany two clustersthataretoo
closeto oneanotherwill bepushedapart,while thosetoo
farapartwill bepulledtogether. Theaggregateeffectof all
of theotherclusterstherebydefinesthedirectionof motion
of any givencluster.

This methodologyis capableof generatinga move-
mentthataccuratelyplacespairsandtripletsof clustersrel-
ative to oneanother.

3 Cluster Placementwith Minimal Cluster-
Cluster Impedance

In swarm engineering,we determineminimal conditions
requiredfor the global outcometo occurandthendesign
agentbehavior that provably leadsto the global outcome.
In thiscase,theglobaloutcomeis thecorrectrelativeplace-
ment of the clusters. The minimal condition is the fol-
lowing: each clustermovesalong a path that hasa finite

Figure5. Placementof clustersin cornersof square.Clus-
ter

&
is “central” andclusters

�
, ] ,

B
are“secondary”clus-

ters. Map provided to eachagentincludesdistancesbe-
tweenclusters

�
, ] ,

B
and“central” cluster

&
, andanglesT ] &^� and

T B &^�
.

length,endsat the desired relativepositionof the cluster,
andcannotbeimpededbyconstrainscausedbyotherclus-
ters. This is a provableminimal conditionin thesensethat
thereis a finite time afterwhich theclusterwill belocated
at the endof the path, and this time will definethe total
designtime. How thesepathsaregenerated,andhow the
clustersaremovedalongthemis thesubjectof this study.

First, we simplify our discussionby viewing each
clusterasasinglepoint. Thispointmaybeobtainedby av-
eragingthepositionof the individual pucksandusingthis
centroidasthepositionof thecluster. We assumethat the
agentswhicharecarryingout thisactionarecapableof as-
sessingthecentroidof agroupof pucks,arestrictiononthe
capabilitiesof theagents.In realisticexperiments,thismay
be accomplishedusingpassive camerasandsimpleimage
processing.

Oncethepuck positionshave beendetermined,each
robotmustdeterminehow to biasthepick up anddropoff
probabilitiesso that the clustersaremoved in the proper
direction.Weassumealsothatamapis providedto eachof
therobotsin theform of a list of distancesfrom a“central”
clusterto eachof the otherclusters,alongwith the angle
from a“secondary”cluster’s radialconnectorto thecentral
cluster to that of eachother cluster. That is, in order to
positionclusterswe needto have datasimilar to thosein a
tablebelow.

Table1
ClusterNumber Distance Angle

1 0 0
2 100 0
3 100 90
4 141 45

This table describesthe relative placementsof all



clustersrequiredto createasquarearrangementof clusters
assho_ wn in Figure5. Underanarrangementor placement
of clusterswe understandsuchpositioningof clustersthat
they areplacedin the cornersof a definedgeometricfig-
ure.Notethateachclusteris initially randomlyplacedwith
respectto the othersandhasany absoluteposition in the
plane.As aresult,themechanismrequiresthateachcluster
be carefully moved to specificrelative positionsvia some
meansthatareabsolutelyincapableof beingrestrictedby
otherclusters.

Our methodproceedsin two phases.In Phasè , the
clustersaremovedawayfrom the“central” clusterto adis-
tancecommensuratewith thedesireddistance.Thismaybe
accomplishedvia themovementprotocoldescribedin Sec-
tion 2. The pick up probabilitiesarebiasedbasedon the
robot’sdirectionwith respectto theraydirectlyconnecting
a givenclusterandthe“central” cluster. If thetwo clusters
aretoo close,theupperthresholdis alteredaccordingto

H � '�a �cbedFf%�;:<� � (7)

where
a

is a smallpositiveconstant,� is thecurrentupper
threshold,and : is theanglebetweentherobot’s direction
andthe ray connectingthe “central” clusterto the cluster
in question.If theclustersaretoo far apart,this relationis
negated,resultingin the clustermoving toward the “cen-
tral” cluster. Note that the “central” clusteris not biased;
the agentshave identical interactionswith it regardlessof
thedirectionof motionof the robotwheninteractingwith
the cluster. This meansthatalthoughtherewill be a slow
randomwalk, in general,theclusterwill not move signifi-
cantlycomparedto thedeliberatemotionsof theotherclus-
ters.

In Phasè�` , the clustersarerotatedaroundthe cen-
tral cluster, usingthe“secondary”clusterasareferencefor
measuringangles.Themethodassumesthattheagentscan
measurethe anglesbetweenthe ray connectingthe “cen-
tral” clusterandthe “secondary”cluster, andthe ray con-
necting the “central” clusterand the cluster the agentis
working with. Oncethe anglehasbeendetermined,the
agent’s interactionsare biasedin sucha way that the in-
duceddirectionof motionmovestheclustertowardthede-
siredangleby theshortestroute.Thebiasis, aspreviously,
doneby alteringthe upperthreshold.This meansthat the
biashastheform

H �hg a �if=Zkjl�m:<� � (8)

ratherthan the previous one,with the sign dependingon
whetheror not theanglebetweenthedesiredlocation(rel-
ative to the “central” and“secondary”clusters)lies closer
via a clockwiseor counter-clockwisedirection.

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

Figure6. Thisfigureillustratesthemechanismusedto con-
structa square.First, threeclustersaremovedaway from
a “central” cluster. Then,two aremovedaroundthe cen-
tral cluster, orbitingat thedesiredradiusfrom the“central”
cluster. Theorbit endsat the final, desired,points,whose
positionsaremeasuredagainstthecentralandfirst cluster.

4 Generation of SimpleGeometricForms

Let usnow considerexamplesof right triangle,squareand
right pentagonarrangementsof the clusters.Eachcluster
containsn � pucks.All pucksaremovedby ] � agents.Sim-
ulationstartsfrom randomplacementof robotsandpucks
on
���

plane.Oncetheclustersarebuilt, they areassigned
uniquenumbersfrom

&
to � , where � is total numberof

clusters.Cluster
&

is a“central” clusterandit remainsfixed
during simulation. Other clustersmove away from it on
a desireddistancefirst (radial movement)and thenmove
awayfrom eachother(orbitalmovement)asshown onFig-
ure6.

Theproposedmethodcanbeusedto constructasym-
metricaswell assymmetricstructures.In our simulations
we build symmetrictriangle, squareand pentagon. This
allows us to compareresultswith thoseKazadiet. al. ob-
tainedin [10].

First, we considerright triangle clustersplacement.
During simulations,after clusterswerebuilt, “secondary”
clusters

�
and ] moved from cluster

&
, then cluster

�
stoppedandonly cluster] continuedits orbital movement
away from cluster

�
. Figure7 illustratescreationof right

triangle.
In thecaseof higherorderplacementssuchassquare,

pentagonetc. the problemof clustercollision avoidance
shouldbe taken into account.For the squareplacementit
follows from Table 1 that during secondphaseof move-
mentclusters

�
and ] aremoving on thesameorbit which

makesit possiblefor themto crushinto oneanother. We



Figure7. Thisfigureillustratesbuilding processof right triangle,squareandpentagon.

encountersimilar situationwith pentagonarrangementand
otherhigh-ordergeometricplacements.

For this purposethe following modificationswere
made.During radialphaseof movementagentsrequiredto
moveclustersfurtherthannecessaryandproceedto second
phase.Whenthe angleis asdesiredthenclustersmoved
radially back to their orbit. This allows anotherclusters
whicharestill in thesecondphaseof movementto passal-
readyplacedclusters.In Figure7 correspondingmovement
of clustersis shown.

Oncethe clustersareplacedat the desiredpositions
they stayatthemwith respectto thecentral“cluster”. How-
ever, theclusterspositionsmaydeviateslightly. Thesede-
viationsareadditivein thesensethat“central” cluster’sde-
viations leadto deviationsin othercluster’s positions. In
orderto avoid them,agentsforcedto stoponceinformation
they measurecoincideswith desiredinformationthey were
givena priori .

Themostsignificantfeatureof proposedapproachto
clustersplacementis that it allows to avoid degeneracy.
Under degeneracieswe understandsuchstateswhendis-
tancesandanglesbetweenclustersaresameor closeto de-
siredones,but structureformedis differentfrom required.
This situationwas describedin [10] and is illustratedby
Figure4. Thepercentageof runswhich developedcorrect

structuresin thatpaperis reportedin 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-
creases,the numberof degeneratestatesalso increases.
With the algorithmproposedin this paperall placements
arenon-degenerate.So, the methodologywe have exam-
ined is capableof building clusters,andmoving andplac-
ing themaccordingto desiredmap.

5 Conclusionsand futur e work

Historically, clusteringbecameabasisfor constructionde-
velopment. In orderto build a structureit is necessaryto
obtaina drawing, or a mapof this structure.Thenthenext
stepin actualbuilding processis to mark importantpoints
suchascornersof thebuilding. After that it is possibleto
build walls, ceilingsetc. The developmentof an accurate
markingtechniquethusis a significanttask.



This paperreviewed work that has beendonepre-
viouslyo on building clusters,and proposedalgorithm for
movementclusterssuchthat they areplacedon

���
plane

asrequiredby an engineer. It wasshown that problemof
degeneracy thatwasn’t solvedin previouswork, wasover-
cameby moving clustersstraightawayfrom randomlycho-
sen“central” clusterand thenchangingdirectionof their
movementso that they “orbit” aroundcenteruntil reach-
ing desiredposition. It shouldbe notedthat this position
is given with respectto otherclusters,particularly in this
casewith respectto “central” cluster. We don’t take into
accountclusterspositionona plane.

In caseof large enoughstructuresanotherproblem
arise. Sincethe agentsarerelatively small andtheir field
of vision is boundedit might happenthat they don’t “see”
wholeconstructioncite,but only partof it. Robotsneedto
identify to whatpartof constructionthey belong.

This setsa task for a future work in the area. It is
necessaryto designamethodwhichallowsagentsto know
wholemapof constructionandidentify themselveson this
map. Thenonceclustersof building materialspositioned
in requiredplaces,robotsbuild walls betweenthem and
thenceilingson top. In otherwords,presentresultslead
to building one story structuresby swarm of minimalist
robots.
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