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Abstract. In thispaperweconsideramulti-cellularsensingandcommunication
network,embeddedin anagelessaerospacevehicle, thatis expectedto detectand
reactto impactlocation,intensityanddamageover a wide rangeof impactener-
gies.In particular, we investigateself-organisationof impactboundariesenclos-
ing critically damagedareas,andmeasuretheir spatiotemporalrobustness.The
presentedquantitativeinformation-theoretictechniquesclearlyidentifyphasetran-
sitions,separatingchaoticdynamicsfrom orderedandrobustpatterns.

1 Intr oduction

Theresearchresultspresentedin this paperwereobtainedaspartof the joint CSIRO-
NASA AgelessAerospaceVehicle (AAV) project.The aim of the AAV project is to
developandcritically examineconceptsfor integratedsmartsensingandcommunica-
tion networks, with the ultimate goal of developinga self-monitoring,self-repairing
aerospacevehicle[1,6,11].

A modular(multi-cellular)sensingandcommunicationnetwork is expectedto de-
tect,reporton andreactto impactlocation,intensityanddamageovera wide rangeof
impactenergies,rangingfrom micro-particlesto meteoroids.Thenetwork is expected
to self-organisein thefaceof damageto its partssothatrobustmonitoringandreporting
continuesaslongaspossible.To achievethis,wemodelledandsimulatedamulti-agent
systemmadeof “cells”, thatwill not only form a physicalshell for anaerospacevehi-
cle, but will alsohave sensors,logic, andcommunications.Theprimaryprinciple that
is followedin our work is theemergenceof global responseasa resultof interactions
involving transferof informationembeddedlocally — in orderto completelyavoid or
reducethenumberof singlepoints-of-failure.In otherwords,without centralisedcon-
trollers,agents(cells) areexpectedto self-organiseandsurvive on the basisof local,
ratherthanglobal,information(no singleagenthasaccessto whateveryoneelseis do-
ing). Singlecells may needto make fastandautomaticresponsesto suddendamage,
while collectionsof cellsmaysolve morecomplex tasks,for example,produceanim-
pactboundarywith desiredcharacteristics[6] or form a spanningtreeconnectingcells
thatdetectednon-criticalimpacts[11]. Importantly, thebehaviour of eachcell should
beassimpleaspossible,in termsof theinternallogic andthecommunicationpolicies.
Economyof informationis directly relatedto theability to manufacturenew andrepair
or replacedamagedcells:thesimplerthecell, theeasierit is to repair/replaceit.



Recentadvancesin sensornetworks andmicro-electro-mechanicaldevicesled to
the ideaof localisedalgorithms,in which simplelocal nodebehavioursachieve a de-
siredglobalobjective[3,7], while communicatingonly with nodeswithin someneigh-
bourhood.However, despitesomeprogress,thereis a lack of a unifying methodol-
ogy underlyingdesignof localisedalgorithms.The main questionis how to produce
andretaindesirableemergentbehaviour while avoiding potentiallyadversepatternsof
agents'interaction.Somepromisingresultshave beenreportedby Nagpal[8], in con-
text of amorphouscomputing,whereprogrammableself-assemblywasdemonstrated
usingbiologically-inspiredmulti-agentcontrol.Nagpalde�ned a smallclassof primi-
tives(eg.,gradients,neighbourhoodquery, polarity inversion,cell-to-cellcontact,etc.),
a setof globaloperations,anda translationimplementingtheglobaloperationsaslo-
calisedalgorithmsusingthesetof primitives.However, thequestionof how to obtain
andinter-connectglobaloperationsthemselvesis left unanswered.Moreover, the task
of discoveringthecorrectprimitivesandtranslatingtheminto localisedagentprograms
would haveto berepeatedfor eachdomain.

Theproblemof globalresponseengineeringin multi-agentnetworksmotivatesour
searchfor patternsandinvariantsin self-organisationof multi-agentsystemsmonitoring
andrepairingimpactson theAAV. Our proposedmethodologyis basedon aniterative
processincluding the following steps:a) forward simulationleadingto emergentbe-
haviour (for aclassof localisedalgorithmsdealingwith impactsof variousstrengths);b)
quantitativemeasurementof boundedemergentbehaviour (usinginformation-theoretic
metricsfor phasetransitions);c) evolutionarymodellingof the desiredglobal emer-
gentbehaviour, wherethe �tness functionscorrespondto themetricsobtainedat step
b). Thework on impactboundaries[6] andimpactnetworks[11] modelledthestepa).
Thispaperstudiesthestepb).

2 Impact Boundaries

Ideally, a modularmulti-cellularAAV skin shouldtraceimpactboundariesandspread
despiteconnectivity disruptionsandcell failures— analogousto theclottingof awound
on a mammalandthe regenerationof neuronsby re-growing severedaxonswithin a
myelin sheath.Oneof the immediatetasksis the formationof impactboundariesen-
closingcritically damagedareas.It is highly desirablethatsuchboundariesform contin-
uouslyconnectedclosedcircuits,andarerobustto �uctuationscausedby proximity to
theimpact.In short,theaimis to achievespatiotemporalstability in impactboundaries.

Let us brie�y sketchherethe AAV simulatorand the algorithmsproducingself-
organisingcontinuousandclosedimpactboundariesthatarepresentedin moredetailin
[6]. In theAAV simulatoreventsmayoccurin parallel,sothesimulationis, essentially,
a statemachinethatsweepsthroughthecells,updatingtheir currentstateon a regular
basis.Cells arerepresentedasobjects(polygons)on a two-dimensionalplane,where
they interactonly with their immediateneighboursin von Neumannneighbourhood,
throughconnected(geometricallyoverlapping)communicationports.Furthermore,the
AAV simulatorhasthe ability to simulatesimple environmentaleffects,suchas the
incidenceof small impacts.

An importantcharacteristicof a critical impactis that,typically, energy of the im-
pactdissipatesthroughoutsomeneighbourhood,destroying cells closeto thepoint of



the impact (epicenter)and damagingthe communicationlinks betweenthe survived
cells.The communicationdamageis simulatedby assigninga probability of a bit er-
ror dependenton proximity of the affectedcommunicationport to the epicenter. The
proximity dependency underlyingtheprobabilitydistributioncanbemodelledin many
ways,andweinvestigatedarangeof functions— from linearto exponentialdecreases.

Our �rst target was formationof a boundarythat is not necessarilycontinuously
connectedasa closedcircuit, but is well placedin separatingthecellsthatsufferedun-
recoverablecommunicationdamage(including thosethatwerecompletelydestroyed)
from the cells that areable to communicateto their normal functionalcapacity. The
initial algorithm enablesself-organisationof both an internal “scaffolding” and the
“frame” of thedesiredclosedboundary, regardlessof cellsshape(triangularor square),
andincludesthefollowing communicationpoliciesandbehaviours:

(i) everycycleeach cell sendsan “OK” message to all its neighbours;
(ii) uponreceivingthe“OK” messageeachcell replieswithan“Acknowledgement”

message;
(iii) if all neighbourcells failed to communicatethe“OK” message, switch to the

scaffoldingstateSs;
(iv) if at leastoneneighbourcell failed to communicatethe “OK” message and

at leastoneneighbourcell did communicatethe “OK” message, switch to the frame
boundarystateSf .

(v) if all neighbourcells failed to communicatethe “OK” message or there is no
“Acknowledgement”message fromanyneighbourcell, stopsendingmessages.

In orderto producecontinuouslylinkedclosedboundary, weneedthefollowing:

(vi) if thecell stateis Sf , andthere are at leasttwo communicatingneighbours � 1

and� 2, switch to theclosedstateSc.
(vii) if thecell stateis Sc, 1) determinea (the)cell � that failed to communicate;

2) determinetwo communicatingneighbourcells � 1 and � 2 nearest to the cell � on
oppositesides(clockwiseandcounter-clockwiserelativeto � ); 3) establisha boundary
link betweenports to � 1 and � 2; 4) mapthe directionsto � , � 1 and � 2 to a desired
direction
 ; and5) senda “Connect(� ; 
 )” message to theseneighbourswith a “time
to live” parameter� ;

(viii) uponreceiving“Connect(� ; 
 )” messagefromthecell � , if thecell stateis not
Sc, 1) switch to thestateSc; 2) determinethecommunicatingneighbourcell � nearest
to the cell � in the direction
 ; 3) establisha boundarylink betweenports to � and
� ; 4) if � > 0, mapthedirectionsto � and � to a desired direction
 0 and5) senda
“Connect(� � 1; 
 0)” message to theneighbour� .

The “time to live” parameter� determinesthemaximumamountof time themessage
may live in thenetwork, effectively settinga limit on thenumberof cells themessage
maypassthroughbeforebeingdiscarded.In general,thedescribedpolicy achievesthe
desiredrobustnessandcontinuityof self-organisingimpactboundariesfor a varietyof
cell shapes,impactenergy dissipationpro�les andcommunicationdamageprobability
models(Figure1). However, on someoccasionsthe boundaryis erraticandunstable
— somecells frequentlychangetheir statesfrom “frame” to “scaffolding” to normal,
etc. The reasonfor this spatialandtemporalinstability is that, a simpledetectionof



Fig.1.A stableimpactboundary:squarecells(� = 10). Whitecellsaredestroyed,dark-grey cells
form “scaffolding”, blackcellsform “frame”. Boundarylinks areshown aswhite double-lines.

a missedacknowledgementmaysometimesbe insuf�cient — especiallywhenthe in-
volvedcellsareonaperipheryof thedamagedarea.In otherwords,in orderto detecta
persistentfailurein communicationswith anadjacentcell, thecell needsto �lter away
spuriousoccasionalmiscommunications.Thelength� of sucha �lter (i.e., thecell-to-
cell communicationhistory, allowedto bekeptby eachcell), is animportantparameter,
directly affecting spatialand temporalstability of self-organisingimpactboundaries.
Our experimentsveri�ed that largervaluesof � leadto stableboundaries,while � = 0
(nohysteresisat all) couldnotproduceany boundaries(Figure2).

Fig.2. An unstableimpactboundary:squarecellswith � = 0.

3 SpatiotemporalStability and PhaseTransitions
The analysisof spatiotemporalstability of self-organisingimpactboundarieswith re-
spectto the parameter� is the primary subjectof our investigation.In particular, we
characterisedynamicsof multi-cellularimpactboundariesin termsof genericinformation-
theoreticproperties,suchastheShannonentropy, andpinpointcertainphasetransitions.



Information-theoreticmethodsareappliedin many areasexhibiting multi-agentin-
teractions.For instance,Cellular Automata(CA) area well-studiedclassof discrete
dynamicalsystemswith emergentbehaviour resultingfrom localandshortrangeinter-
actions,andwhereinformation-theoreticmeasuresof complexity (suchasShannonen-
tropy of certainfrequency distributions)wereeffectively usedto categoriseandclassify
distinct emergentcon�gurationsandphasetransitionsbetweenthem[13,5]. Langton
hasshown in his seminalwork [5] thatan increasein themutualinformation(de�ned
asa function of individual cell entropiesfor a particularvalueof the � parameter)is
an indicationof a phasetransitionfrom “order” to “chaos”. Wuensche[13] hasused
a similar quantitative metric — varianceof input-entropy over time — in classifying
rule-spaceof 1-dimensionalCAs into ordered,complex andchaoticcases,relatedto
Wolframs's qualitative classesof CA behaviour [12]. It hasalsobeenpointedout by
Suzudo[10] that the entropy trajectory(plotting spatialentropy againsttemporalen-
tropy) is a usefuldescriptorfor a varietyof self-organisedpatterns.For example,cer-
tain (non-complex) typesof CA have simpleentropy trajectoryanddo not renew their
self-organisedspatiotemporalpattern.Complex CA haveanirregularentropy trajectory
in thetemporal-spatialentropy plane(similar to Figure7), andrenew thepattern.

The information-theoreticanalysisof phasetransitionsis typically basedon the
notionof mutualinformation. For instance,Langton[5] investigatedthemutualinfor-
mationof CA, de�ned asa simplefunctionof the individual cell entropies,H (A) and
H (B ), andtheentropy of thetwo cellsconsideredasa joint process,H (A; B ):

I (A; B ) = H (A) + H (B ) � H (A; B )

andrelatedit to phasetransitions.In particular, trajectoriesof entropy H (A) andmutual
informationI (A; B ) betweenacell anditself at thenext time-stepwereobtainedwhile
varying the parameter� — the ratio of cells with a given property(“li ve” cells, for
example).Interestingly, the individual cell entropy H (A) wasincreasingwith � , and
showedadiscretejumpbetweenlow andhighentropy values.Thisevidencepointedtoa
�rst-order phasetransition,similarto thatobservedbetweenthesolidand�uid phasesof
matter, however thefactthat thegapis not completelyemptysuggestedthepossibility
of second-ordertransition[5]. Anotherintriguing featurewasthat theaveragemutual
informationhasa distinctpeakat thetransitionpoint:

theaveragemutualinformationis essentiallyzerobeforethe transitionpoint,
it jumps to a moderatevalue at the transition,and then decaysslowly with
increasing� . Thejumpin themutualinformationclearlyindicatestheonsetof
thechaoticregime,andthedecayingtail indicatestheapproachto effectively
randomdynamics.

It is importantto realisethattherearetwo opposingforcesshapingthetrajectoryof
mutualinformation— individualdiversityandinterdependence.In thecasestudiedby
Langton,increasing� led to an increasein diversityandgrowth of individual entropy.
At thesametime,correlationandinterdependence(re�ected in theentropy of thejoint
process)weredecreasing:at the start the cells wereoverly dependent,andat the end
they werepracticallyindependentof eachother. The“battle” betweenthesetwo forces
is themostintenseat thetransitionpoint,or in otherwords,at theedgeof chaos, where
thesystemdynamicsexhibits themostcomplexity.



A metricbasedon mutualinformationis suitablepreciselybecauseit incorporates
thesetwo tendenciesinto a singleexpression.Anotherway to achieve this combina-
tion is to usea varianceof input-entropy. Wuensche[13] characterisedrule-spacesof
1-dimensionalcellularautomatawith theShannonentropy of rules' frequency distribu-
tion. Moreprecisely, givenarule-table(therulesthatde�ne aCA), theinput-entropy at
timestept is de�ned as

St = �
mX

i =1

Qt
i

n
log

Qt
i

n
;

wherem is thenumberof rules,n is thenumberof cells (systemsize),andQt
i is the

look-upfrequency of rulei attimet — thenumberof timesthisrulewasusedatt across
theCA. Theinput-entropy settlesto fairly low valuesfor ordereddynamics,but �uctu-
atesirregularly within a narrow high bandfor chaoticdynamics.For thecomplex CA,
theinput-entropy generallyfollowsanattractorcycle,whereorderandchaosmaypre-
dominateat differenttimescausingtheentropy to vary. A measureof thevariability of
theinput-entropy curve is its varianceor standarddeviation,calculatedover time.This
variance,in asense,capturesmutualinformationcontainedin CA dynamics,combining
both individual rules' diversityandtheir interdependence(correlation).Wuenschehas
convincinglydemonstratedthatonly complex dynamicsexhibitshighvarianceof input-
entropy, leadingto automaticclassi�cationof the rule-space.Importantly, thepeakof
input-entropy variancepointsto a phasetransitionagain.

We believe thata metricmodelledafter the input-entropy St maycaptureonly the
temporalstability of impactboundaries,but not thespatialstability of continuousand
closedcircuits.Put simply, the input-entropy St may be very low andmay vary only
slightly for temporallystablepatternsthatkeeptheir disconnectedshape.So it would
haveto becomplementedwith anothermetricdesignedfor spatiallyconnectedpatterns.
Therandomgraphstheorythatdatesbackto seminalworksof ErdosandRenyi [2] sug-
geststo usethesizeof largestconnectedsub-graph(LCS) andits varianceor standard
deviationobtainedacrossanensembleof graphs,asanindicatorof phasetransitionsin
thegraphconnectivity. It is well-known thatcritical changesoccurin connectivity of a
directedgraphasthenumberof edgesincreases— thesizeof theLCSrapidly increases
aswell and�lls mostof thegraph,while thevariancein thesizeof theLCS reachesa
maximumat somecritical point beforedecreasing[4]. A metricbasedon thevariance
in thesizeof theLCSmaycaptureconnectivity in impactboundaries.Again,by itself,
it wouldbeinsuf�cient: acontinuousboundarymaychangeits shapeovertime,without
breakinginto fragments,andkeepingthesizeof LCSalmostconstant.Together, tempo-
ral andspatialmetricsmaycapturebothimportantaspects— steadinessandcontinuity
of impactboundaries.

4 Experimental Results

In orderto analysetemporalstability, we considerstatechangesin eachcell at every
timestep.Thereare6symmetricboundarylinks possiblein eachsquarecell,connecting
ports“left-right”, “top-bottom”, “left-top”, etc.(Figure1). Thus,thereare26 possible
boundarystates(including“no-boundary”),andm = 212 transitions.Thesetransitions
describespace-timedynamicsinsidean 1-cell neighbourhood(in CA terms),andex-
emplify a moregeneralcaseof p-cell neighbourhoods(von Neumannneighbourhood
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Fig.3. Temporalentropy H temp (� ) for � = 0 (top), � = 4 (middle),and� = 10 (bottom).

with p = 5; Mooreneighbourhoodwith p = 9, etc.).For eachvalueof theparameter
� (varyingfrom 0 to 20), we calculatetheentropy H temp (� ) of a particularfrequency
distribution St

i (� ), wheret is a time step,andi is a cell transitionindex: 1 � i � m.
Analogouslyto theanalysisconductedby Wuensche[13], wede�ne input-entropy as

H temp (� ) = �
mX

i =1

St
i (� )
n

log
St

i (� )
n

;

wheren is thesystemsize(thetotalnumberof cells),andSt
i (� ) is thelook-upfrequency

of the transitioni at time t. Eachexperimentsimulatesan impactat a prede�nedcell,
andlasts500cycles;the�rst 2� cyclesareexcludedform thedistributionSt

i (� ) in order
not to penaliselongerhistory(�lter) lengths.Figure3 plotstemporalentropy H temp (� )
for differenthistory lengths� . The � = 10 plot is almosta straightline — thereis
practicallyno variationin theentropy values,astheboundaryis stable.We conducted
threeexperimentsfor every valueof � , calculatingstandarddeviation � temp (� ). The
plot of � temp (� ) is shown on Figure4, clearly identifying a phasetransitionfor some
critical valueof � between� = 4 and� = 5.

Theanalysisof spatialstability of impactboundariesis basedon theconceptof a
connectedboundary-fragment(CBF). A CBF is simply a setF of cells in the closed
stateSc suchthat every cell in F is connectedwith at leastoneothercell in F , and
thereexist nocell outsideF whichis connectedto at leastonecell in F (ananalogueof
amaximallyconnectedsubgraphor agraphcomponent).Wecarriedout63moreexper-
iments(3 for eachvalueof � between0 and20),calculatingtheaveragesizeH sp(� ) of
CBF's in self-organisingimpactboundariesat eachtime-point,andits variance� sp (� )
over time.Figure5 plotsH sp (� ) for � = 0 (bottom),� = 4 (strongly�uctuating), and
� = 10 (almoststraightline). It is clear that the impactboundaryin this casehasa
size24,andthehystereticbehaviour of length� = 10 leadsto stableself-organisation.
On the otherhand,the cells without any hysteresis(� = 0) arenot capableof self-
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Fig.4. Standarddeviation � temp (� ) of temporalentropy H temp (� ).

organisationat all — an averageCBF containsabout5 cells. The intermediatecase
(� = 4) is mostunstable,however! Sometimesit createsboundariestwice aslong as
needed,andsometimesit collapsesinto a lot of small fragments.In otherwords,the
hystereticbehaviour leadsto “order”, while tropisticbehaviour, usingadirectmapping
from communicationinputsto actions(� = 0), produces“chaotic” dynamics.Some-
wherein themiddle,we observe “complex” dynamics,andFigure6 makesthephase
transitionapparent— again,between� = 4 and� = 5. Theentropy trajectoryin the
temporal-vs-spatialplaneis shown in Figure7, plotting � sp (� ) against� temp (� ). The
bottom-left “order” corner(the pointsafter the phasetransition)is clearly contrasted
with thetop-right“chaos”(thepointsbeforethephasetransition).Thesmallclusterin
the bottom-centreregion correspondsto tropistic behaviour (� = 0). Absenceof any
pointsin themiddleindicatesa �rst-order phasetransition.

5 Conclusions

In thispaper, weconsideredformationof impactboundariesthatenclosecritically dam-
agedareason a multi-cellularskin of agelessaerialvehicles.A numberof quantitative
techniquesmeasuringspatiotemporalrobustnessof self-organisingboundarieswaspre-
sented.In particular, we focussedon identifying the “edgeof chaos”,leadingto dis-
covery of evidentphasetransitionsin sensornetworks.In future,we intendto usethe
presentedmetricsas�tness functions— in evolvingthedesiredglobalbehaviour.
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