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Abstract. In this papermwe considera multi-cellularsensingandcommunication
network, embeddedh anagelessaerspacevehicle thatis expectedo detectand
reactto impactlocation,intensityanddamageover a wide rangeof impactener
gies.In particular we investigateself-oiganisatiorof impactboundariesenclos-
ing critically damagedareas,and measureheir spatiotemporatobustnessThe
presenteduantitatve information-theoretitechniqueslearlyidentify phaseran-
sitions,separatinghaoticdynamicsfrom orderedandrobustpatterns.

1 Intr oduction

Theresearctresultspresentedn this paperwere obtainedaspartof the joint CSIRO-
NASA AgelessAerospacevehicle (AAV) project. The aim of the AAV projectis to
developandcritically examineconceptdor integratedsmartsensingandcommunica-
tion networks, with the ultimate goal of developinga self-monitoring,self-repairing
aerospaceehicle[1, 6,11].

A modular(multi-cellular) sensingand communicatiometwork is expectecdto de-
tect,reporton andreactto impactlocation,intensityanddamageover a wide rangeof
impactenepies,rangingfrom micro-particleso meteoroidsThe network is expected
to self-oganisdn thefaceof damageo its partssothatrobustmonitoringandreporting
continuesaslong aspossible To achiese this, we modelledandsimulateda multi-agent
systemmadeof “cells”, thatwill notonly form a physicalshellfor anaerospace&ehi-
cle, but will alsohave sensorslogic, andcommunicationsThe primary principle that
is followedin our work is the emegenceof global responseasa resultof interactions
involving transferof informationembeddedocally — in orderto completelyavoid or
reducethe numberof singlepoints-of-failure.In otherwords,without centraliseccon-
trollers, agents(cells) are expectedto self-omganiseand survive on the basisof local,
ratherthanglobal,information(no singleagenthasaccesso whateveryoneelseis do-
ing). Single cells may needto make fastand automaticresponse$o suddendamage,
while collectionsof cells may solve morecomplex tasks for example,produceanim-
pactboundarywith desiredcharacteristic§g] or form a spanningreeconnectingcells
that detectechon-criticalimpacts[11]. Importantly the behaiour of eachcell should
beassimpleaspossiblejn termsof theinternallogic andthe communicatiorpolicies.
Economyof informationis directly relatedto the ability to manuficturenew andrepair
or replacedamagedells:the simplerthe cell, the easierit is to repair/replacét.



Recentadwancesin sensometworks and micro-electro-mechanicalevicesled to
theideaof localisedalgorithms,in which simplelocal nodebehaiours achieve a de-
siredglobalobjectve[3, 7], while communicatingonly with nodeswithin someneigh-
bourhood.However, despitesomeprogressthereis a lack of a unifying methodol-
ogy underlyingdesignof localisedalgorithms.The main questionis how to produce
andretaindesirableemegentbehaiour while avoiding potentiallyadversepatternsof
agents'interaction.Somepromisingresultshave beenreportedby Nagpal[8], in con-
text of amorphousomputing,whereprogrammableself-assemblyvas demonstrated
usingbiologically-inspiredmulti-agentcontrol. Nagpalde ned a small classof primi-
tives(eg., gradientsnpeighbourhoodjuery, polarity inversion,cell-to-cellcontact.etc.),
a setof global operationsanda translationimplementingthe global operationsas|o-
calisedalgorithmsusingthe setof primitives.However, the questionof how to obtain
andinter-connectglobal operationghemselesis left unansweredvVioreover, the task
of discoveringthe correctprimitivesandtranslatingheminto localisedagentprograms
would have to berepeatedor eachdomain.

The problemof globalresponsengineeringn multi-agentnetworks motivatesour
searctfor patternsandinvariantsn self-oganisatiorof multi-agentsystemsnonitoring
andrepairingimpactson the AAV. Our proposednethodologyis basedon aniterative
processancluding the following steps:a) forward simulationleadingto emegentbe-
haviour (for aclassof localisedalgorithmsdealingwith impactsof variousstrengths)b)
quantitatve measuremerdf boundedemegentbehaiour (usinginformation-theoretic
metricsfor phasetransitions);c) evolutionary modelling of the desiredglobal emer
gentbehaiour, wherethe tness functionscorrespondo the metricsobtainedat step
b). Thework onimpactboundarieg6] andimpactnetworks[11] modelledthe stepa).
This paperstudiesthe stepb).

2 Impact Boundaries

Ideally, a modularmulti-cellular AAV skin shouldtraceimpactboundariesandspread
despiteconnectvity disruptionsandcell failures— analogouso theclotting of awound
on a mammalandthe regeneratiorof neuronsby re-gronving severedaxonswithin a
myelin sheath One of the immediatetasksis the formationof impactboundariesen-
closingcritically damagedreasilt is highly desirablehatsuchboundariegorm contin-
uouslyconnectectlosedcircuits,andarerobustto uctuations causedy proximity to
theimpact.In short,theaimis to achieve spatiotemporadtability in impactboundaries.

Let usbriey sketchherethe AAV simulatorand the algorithmsproducingself-
organisingcontinuousandclosedimpactboundarieshatarepresented moredetailin
[6]. In the AAV simulatoreventsmayoccurin parallel,sothe simulationis, essentially
a statemachinethat sweepghroughthe cells, updatingtheir currentstateon a regular
basis.Cells are representeds objects(polygons)on a two-dimensionaplane,where
they interactonly with theirimmediateneighboursin von Neumannneighbourhood,
throughconnectedgeometricallyoverlappinglcommunicatiorports.Furthermorethe
AAV simulatorhasthe ability to simulatesimple ervironmentaleffects, suchasthe
incidenceof smallimpacts.

An importantcharacteristiof a critical impactis that, typically, enegy of theim-
pactdissipateghroughoutsomeneighbourhooddestrging cells closeto the point of



the impact (epicenter)and damagingthe communicationlinks betweenthe survived
cells. The communicatiordamages simulatedby assigninga probability of a bit er-
ror dependenbn proximity of the affectedcommunicatiorport to the epicenterThe
proximity dependengunderlyingthe probabilitydistribution canbe modelledin mary
ways,andwe investigateda rangeof functions— from linearto exponentialdecreases.

Our rst targetwasformationof a boundarythat is not necessarilycontinuously
connectedsa closedcircuit, butis well placedin separatinghe cellsthatsufferedun-
recoverablecommunicatiordamaggincluding thosethat were completelydestrged)
from the cells that are ableto communicateto their normal functional capacity The
initial algorithm enablesself-omganisationof both an internal “scaffolding” and the
“frame” of the desiredclosedboundaryregardlesof cellsshapgtriangularor square),
andincludesthe following communicatiorpoliciesandbehaiours:

(i) everycycleead cell sendsan“OK” messageto all its neighbous;

(i) uponreceivinghe“OK” messgeead cellreplieswith an“Acknowledgment”
messge;

(iii) if all neighbourcellsfailed to communicatéhe “OK” messge, switch to the
scafolding stateSs;

(iv) if at leastone neighbourcell failed to communicatehe “OK” messge and
at leastoneneighbourcell did communicateéhe “OK” messge, switch to the frame
boundarystateS; .

(v) if all neighbourcells failed to communicatehe “OK” messge or there is no
“Acknowledg@ment’messge fromanyneighbourcell, stopsendingmessges.

In orderto producecontinuouslylinked closedboundarywe needthefollowing:

(vi) if thecell stateis S; , andthere are at leasttwo communicatingheighbous
and », switch to the closedstateS..

(vii) if the cell stateis S, 1) determinea (the) cell that failed to communicate;
2) determinetwo communicatingneighbourcells 1 and , neatestto thecell on
oppositesides(clockwiseand counterclockwiserelativeto ); 3) establisha boundary
link betweerportsto ; and »; 4) mapthe directionsto , ; and , to a desied
direction ; and5) senda “Connect( ; )” messge to theseneighbous with a “time
tolive” parameter ;

(viii) uponreceiving‘Connect( ; )" messgefromthecell | if thecell stateis not
S, 1) switch to the stateS; 2) determineghe communicatingieighbourcell neaest
to thecell in thedirection ; 3) establisha boundarylink betweerportsto  and

; 4)if > 0, mapthedirectionsto and to a desieddirection °and5) senda
“Connect(  1; 9’ messgeto theneighbour .

The“time to live” parameter determineghe maximumamountof time the message
may live in the network, effectively settinga limit onthe numberof cellsthe message
may passthroughbeforebeingdiscardedin generalthe describecpolicy achiezesthe
desiredrobustnessandcontinuity of self-olganisingimpactboundariedor a variety of
cell shapesimpactenepy dissipationpro les andcommunicatiordamageprobability
models(Figure 1). However, on someoccasionghe boundaryis erraticand unstable
— somecells frequentlychangetheir statesfrom “frame” to “scaffolding” to normal,
etc. The reasonfor this spatialandtemporalinstability is that, a simple detectionof
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Fig. 1. A stableémpactboundarysquarecells( = 10). Whitecellsaredestryed,dark-grey cells
form “scaffolding”, blackcellsform “frame”. Boundarylinks areshavn aswhite double-lines.

a missedacknavledgemenimay sometimese insufcient — especiallywhenthe in-
volvedcellsareon aperipheryof thedamagedrea.n otherwords,in orderto detecta
persistenfailurein communicationsvith anadjacentell, the cell needgo lter away
spuriousoccasionamiscommunicationsThe length  of sucha Iter (i.e.,thecell-to-
cell communicatiorhistory, allowedto bekeptby eachcell), is animportantparameter
directly affecting spatialand temporalstability of self-omganisingimpactboundaries.
Our experimentsveri ed thatlargervaluesof leadto stableboundarieswhile = 0
(nohysteresistall) couldnot produceary boundariegFigure?).
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Fig. 2. An unstableémpactboundarysquarecellswith = 0.

3 Spatiotemporal Stability and PhaseTransitions

The analysisof spatiotemporastability of self-organisingimpactboundarieswith re-
spectto the parameter is the primary subjectof our investigation.In particular we
characterisdynamicsof multi-cellularimpactboundarie s termsof generianformation-
theoreticpropertiessuchasthe Shannorentrory, andpinpointcertainphaseransitions.



Information-theoretienethodsareappliedin mary areasexhibiting multi-agentin-
teractions.For instance Cellular Automata(CA) are a well-studiedclassof discrete
dynamicalsystemswith emegentbehaiour resultingfrom local andshortrangeinter-
actions,andwhereinformation-theoretieneasuresf compleity (suchasShannoren-
tropy of certainfrequeng distributions)wereeffectively usedto categyoriseandclassify
distinctemepgentcon gurationsand phasetransitionsbetweenthem[13,5]. Langton
hasshavn in his seminalwork [5] thatanincreasdn the mutualinformation(de ned
asa function of individual cell entropiesfor a particularvalueof the parameter)s
anindicationof a phasetransitionfrom “order” to “chaos”. Wuenschg13] hasused
a similar quantitatve metric — varianceof input-entropy over time — in classifying
rule-spaceof 1-dimensionalCAs into ordered,complex and chaoticcasesyelatedto
Wolframs's qualitative classef CA behaviour [12]. It hasalsobeenpointedout by
Suzudo[10] that the entrofy trajectory(plotting spatialentrofy againsttemporalen-
tropy) is a usefuldescriptorfor a variety of self-oganisedpatternsFor example,cer
tain (non-comple) typesof CA have simpleentroyy trajectoryanddo notrenev their
self-omganisedspatiotemporgbattern Complex CA have anirregularentropy trajectory
in thetemporal-spatiaéntropy plane(similarto Figure7), andrenav the pattern.

The information-theoreticanalysisof phasetransitionsis typically basedon the
notion of mutualinformation For instance] angton[5] investigatedhe mutualinfor-
mationof CA, de ned asa simplefunction of the individual cell entropiesH (A) and
H (B), andtheentropy of thetwo cellsconsideredisa joint processH (A; B):

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

andrelatedt to phasdransitionsin particular trajectorieof entropy H (A) andmutual
informationl (A; B) betweera cell anditself at the next time-stepvereobtainedwhile
varying the parameter — the ratio of cells with a given property (“live” cells, for
example).Interestingly the individual cell entropy H (A) wasincreasingwith , and
shavedadiscretgumpbetweerlow andhighentropy valuesThisevidencepointedto a
rst-order phasdransition similarto thatobsenedbetweerthesolidand uid phase®f
matter however thefactthatthe gapis not completelyemptysuggestedhe possibility
of second-ordetransition[5]. Anotherintriguing featurewasthatthe averagemutual
informationhasa distinctpeakatthetransitionpoint:

the averagemutualinformationis essentiallyzerobeforethe transitionpoint,
it jumpsto a moderatevalue at the transition,and then decaysslowly with
increasing . Thejumpin themutualinformationclearlyindicateshe onsetof
the chaoticregime, andthe decayingtail indicatesthe approacho effectively
randomdynamics.

It is importantto realisethattherearetwo opposingorcesshapinghetrajectoryof
mutualinformation— individual diversityandinterdependencén the casestudiedby
Langton,increasing ledto anincreasdn diversityandgrowth of individual entropy.
At the sametime, correlationandinterdependencge ectedin theentropy of thejoint
processwere decreasingat the startthe cells were overly dependentandat the end
they werepracticallyindependentf eachother The “battle” betweerthesetwo forces
is themostintenseatthetransitionpoint, or in otherwords,attheedge of chaos where
the systemdynamicsexhibits the mostcomplexity.



A metric basedon mutualinformationis suitablepreciselybecauset incorporates
thesetwo tendenciesnto a single expression Anotherway to achiese this combina-
tion is to usea varianceof input-entopy. Wuenschd13] characterisedule-spacesf
1-dimensionatellularautomatawith the Shannorentroyy of rules' frequeng distribu-
tion. More preciselygivenarule-table(therulesthatde ne aCA), theinput-entropy at
time stept is de ned as o o

St = =! log=';
iz n

wherem is the numberof rules,n is the numberof cells (systemsize),and Q! is the
look-upfrequeng of rulei attimet — thenumberof timesthisrulewasusedatt across
the CA. Theinput-entrogy settlesto fairly low valuesfor ordereddynamicsbut uctu-
atesirregularly within a narrov high bandfor chaoticdynamics.For the complex CA,
theinput-entroy generallyfollows anattractorcycle, whereorderandchaosmay pre-
dominateat differenttimescausingtheentroyy to vary. A measuref the variability of
theinput-entrofy curveis its varianceor standardieviation, calculatedovertime. This
variancejn asensegapturesnutualinformationcontainedn CA dynamicscombining
bothindividual rules' diversity andtheir interdependencgorrelation). Wuenschehas
convincingly demonstratethatonly complex dynamicsexhibits high varianceof input-
entropy, leadingto automaticclassi cation of the rule-spacelmportantly the peakof
input-entrofy variancepointsto a phaseransitionagain.

We believe thata metric modelledafter the input-entrogy S' may captureonly the
temporalstability of impactboundariesbut not the spatialstability of continuousand
closedcircuits. Put simply, the input-entrofy St may be very low and may vary only
slightly for temporallystablepatternsthat keeptheir disconnecteghape So it would
haveto becomplementedvith anothemetricdesignedor spatiallyconnectegbatterns.
Therandomgraphgheorythatdatesbackto seminaworksof ErdosandReryi [2] sug-
geststo usethe sizeof largestconnectedsub-grapHLCS) andits varianceor standard
deviation obtainedacrossanensemblef graphsasanindicatorof phaseransitionsn
thegraphconnectvity. It is well-known thatcritical changesccurin connectity of a
directedgraphasthenumberof edgesncreases— thesizeof theLCSrapidlyincreases
aswell and lls mostof the graph,while the variancein the sizeof the LCS reachesa
maximumat somecritical point beforedecreasing4]. A metricbasedon the variance
in the sizeof the LCS may captureconnectvity in impactboundariesAgain, by itself,
it wouldbeinsufcient: acontinuousoundarymaychangets shapeovertime, without
breakinginto fragmentsandkeepingthesizeof LCS almostconstantTogethertempo-
ral andspatialmetricsmay capturebothimportantaspects— steadinesandcontinuity
of impactboundaries.

4 Experimental Results

In orderto analysetemporalstability, we considerstatechangesn eachcell at every
time step.Thereare6 symmetridboundarylinks possibldn eachsquarecell, connecting
ports“left-right”, “top-bottom”, “left-top”, etc.(Figurel). Thus,thereare2® possible
boundarystateqincluding“no-boundary”),andm = 22 transitions Thesetransitions
describespace-timadynamicsinside an 1-cell neighbourhoodin CA terms),and ex-

emplify a more generalcaseof p-cell neighbourhood$von Neumanmeighbourhood
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Fig. 3. Temporalentrofy Heemp ( ) for = 0(top), = 4 (middle),and = 10 (bottom).

with p = 5; Moore neighbourhoodvith p = 9, etc.).For eachvalueof the parameter
(varyingfrom 0 to 20), we calculatethe entropy Hemp ( ) of a particularfrequeny

distribution Sf( ), wheret is atime step,andi is acell transitionindex: 1 i m.

Analogouslyto the analysisconductedy Wuenschd13], we de ne input-entropy as

Htemp( ) = n n

i=1
wheren isthesystensize(thetotalnumberof cells),andS! ( ) is thelook-upfrequeny

of thetransitioni attimet. Eachexperimentsimulatesanimpactat a prede nedcell,

andlasts500cycles;the rst 2 cyclesareexcludedform thedistributionS!( ) in order
notto penalisdongerhistory( lter) lengths.Figure3 plotstemporalentroy Hemp ( )

for differenthistory lengths . The = 10 plot is almosta straightline — thereis

practicallyno variationin the entrofy values,asthe boundaryis stable.We conducted
threeexperimentsfor every valueof , calculatingstandarddeviation emp ( ). The
plot of mp () is shavn on Figure4, clearly identifying a phasetransitionfor some
critical valueof  between = 4and = 5.

The analysisof spatialstability of impactboundariess basedon the conceptof a
connectedoundary-fragmenfCBF). A CBF is simply a setF of cellsin the closed
stateS; suchthatevery cell in F is connectedvith at leastone othercell in F, and
thereexist no cell outsideF whichis connectedo atleastonecellin F (ananalogueof
amaximallyconnectedubgrapltor agraphcomponent)We carriedout 63 moreexper
iments(3 for eachvalueof betweerD and20), calculatingthe averagesizeH s, ( ) of
CBF'sin self-oganisingimpactboundariesat eachtime-point,andits variance sp( )
overtime. Figure5 plotsHgp( ) for = 0 (bottom), = 4 (strongly uctuating), and

= 10 (almoststraightline). It is clearthat the impactboundaryin this casehasa
size24,andthehysteretidbehaiour of length = 10leadsto stableself-omganisation.
On the other hand, the cells without ary hysteresi§{ = 0) arenot capableof self-
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organisationat all — an averageCBF containsabout5 cells. The intermediatecase
(= 4) is mostunstablehowever! Sometimest createsboundarieswice aslong as
neededandsometimest collapsednto a lot of small fragmentsin otherwords,the
hystereticdbehaiour leadsto “order”, while tropisticbehaiour, usinga directmapping
from communicatiorinputsto actions( = 0), produces'chaotic” dynamics.Some-
wherein the middle, we obsene “complex” dynamics,andFigure6 makesthe phase
transitionapparent— again,between = 4and = 5. Theentropy trajectoryin the
temporal-vs-spatigllaneis shavnin Figure7, plotting sp( ) against temp ( ). The
bottom-left“order” corner(the pointsafter the phasetransition)is clearly contrasted
with thetop-right“chaos” (the pointsbeforethe phaseransition).The small clusterin
the bottom-centreegion correspondso tropistic behaiour ( = 0). Absenceof ary
pointsin themiddleindicatesa rst-order phaseransition.

5 Conclusions

In this paperwe consideredormationof impactboundarieshatenclosecritically dam-
agedareason a multi-cellular skin of agelessaerialvehicles.A numberof quantitatve
techniquesneasuringpatiotemporalobustnes®f self-organisingboundariesvaspre-
sentedIn particular we focussedon identifying the “edge of chaos”,leadingto dis-
covery of evidentphasetransitionsin sensometworks. In future,we intendto usethe
presentednetricsas tness functions— in evolvingthe desiedglobal behaviour
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