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Abstract. Thispapempresentsinew multi-agentphysics-basedimulationframe-
work (DISCOVERY), supportingexperimentswith self-oiganizing undervater
sensorandactuatometworks. DISCOVERY modelsmobile autonomousinder

watervehicles distributedsensorlandactuatomodesaswell asmulti-agentdata-
to-decisiorintegration.Thesimulatoris areal-timesystemusingadiscreteaction
model,fractal-basederrainmodelling,with 3D visualizationandan evaluation
mode,allowing to computevariousobjective functionsand metrics.The quanti-
tative measure®f multi-agentdynamicscanbe usedasa feedbackior evolving

theagentbehaiors. An evaluationof a simplesimulatedscenariowith a hetero-
geneougeamis alsodescribed.

1 Introduction

This papempresenta softwaresimulationsystemfor self-oganizingundervatersensor
andactuatometworks. The simulationsystemprovidesa test-bedfor co-evolution of
distributedandmobile sensorsaandactuatorsandrequiredcommunicatiortopologies.
The broadaim is to develop symbioticsensor/actuatanetworks which include agents
recognizingandforming relationshipof mutualbenefitacrossvarioustypes:e.g.,net-
work nodesmay assistnavigation of submersiblaobots,while beingpoweredby the
robots.

Theundervatersensor/actuataretworks areintendedto protectcritical marinein-
frastructureandwaterresourcesExampleof suchsafety-criticaktructuresncludeoff-
shoreoil platforms,deep-oceamwell headstankers,dams bridges pipelines.etc. Typ-
ical protectionandresponsdaskscomprisetrackingoil spills to their sourcessource
identificationand diagnostics(e.g., measuremenof oil slick thickness),and actions
suchasburning, skimming,anddispersing Offshorehydrocarborexplorationby sen-
sor arraysfor the identificationof petroleumsystemss anotherpotentialdomain of
interest.

Simulationof the undervater sensor/actuatonetworks shouldaccountfor possi-
ble off-shoredeploymenton demandor in advance,asautonomouslevices (nodesor
submersiblaobots)with compound-specifichemicalsensingpropulsionand actua-
tion, acousticand optical communicationand multi-agentself-olganizing teamvork
capabilities An importantscenaricconsideredn this studyis thedeploymentof a het-
erogeneouteamwith someprimaryagentgleadershaving differentor moreadvanced
sensorsandsecondanagentswith morepowerful actuatorgollowing theleader(spsa
backupteamuntil thereis a needfor distributedactuation A prey-and-predatovariant
of thisscenarias a searchandcontainmentaskwith theprimaryagentbeingthetarget



pursuedy thesecondanagentsin eithercasetheemplo/edagenthave to dealwith a
problemthat changesoncurrentlywith the problem-solvingprocessesandcooperate
in solving taskswhich are distributed over space(3D) andtime, acrosscomple un-
derwaterterrains.The developmentof self-oilganizingstratgies,whenanincremental
lossof a portion of the network leadsto anincrementallossin quality, ratherthana
catastrophidailure,is our mainfocus.

Thefollowing Sectiondescribeghe simulationsystemcreatedby the CSIRO DIS-
COVERY! project,developedto studysymbioticbehaior in undervaterself-oganizing
sensorandactuatometworks. It is followed by preliminaryexperimentalresults(Sec-
tion 3) andconclusions.

2 Simulation Platform
2.1 Architecture

The mainrequirement®f the physics-basedimulationof distributedmulti-agentsys-
temsinclude simulation of mobile autonomousundervater vehicles,as well as dis-
tributedsensorlndactuatomodes andmulti-agentdata-to-decisiorfD2D) integration,
rangingfrom datavalidation by individual agentsto decisionintegration and action
coordinationby self-oiganizing sub-networks and networks of agents.An important
partof theD2D integrationis quantitatve measuresf multi-agentdynamicq13,14,6,
17] which canbe usedasa feedbackfor evolving the agentbehaiors acrossmultiple
runs. Suchmeasuregan useeitherfull informationon agents’statesandtheir inter-
connectionor work with partial information, obtainedlocally: localizablemeasures
[16]. Of course]ocalizablemeasuresanbeembeddedh theagentdhemselesandbe
accessibl¢o local “hierarchs”(e.g.,clusterheadq10, 15]), controllingagentoehaiors
duringrun-timevia anadaptve feedback.

The DISCOVERY multi-agentphysics-basedimulationplatform supportghefol-
lowing componentsl) Simulator;2) Visualizer;3) Agent;4) Metric-Analyzer A sim-
ulation sessiornis carriedout in client-serer style. The Simulator(sener) providesa
domain(a virtual environment),simulatesall the actionsof objectsin this domainand
controlsascenaricaccordingo asetof rules.Thisis awell-known approacho simula-
tion, usedfor example,in theRoboCupSimulationLeagud9, 2, 1]. Thecharacteristics
of the Simulatorare specifiedby a setof sener parameterse.g.,the amountof noise
addedo sensoryperception@ndthe maximumspeedf anagent.

Agentsarecontrolledby autonomousglient programswhich connectto the sener
througha specifiedport. Eachclient programcan control a singleagent.All commu-
nication betweenthe sener andthe clientsis donevia TCP/IP soclets. Using these
soclets,clientprogramssendrequestdo the senerto performanaction(e.g.“thrust”).
Whenthesenerrecevessuchamessagé handlesherequesandupdategheerviron-
mentaccordingly Upon an agents requestthe sener also sendssensoryinformation
aboutthe agents neighbourhoodo the agent.Clients communicatewith eachother
indirectly, via the sener, usingmessagingrotocolswhich restrictthe communication.

The sener is a real-timesystemusing a discreteactionmodel,i.e., working with
discretetime intervals (cycles)of a specifiedduration,e.g.,10 ms. During this period
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clientscansendrequestgor agentactionsto the sener. At theendof acyclethesener

executesthe actionsand updateshe stateof the world. Sendingno requestduring a

given cycle meanghat the agentmissesan opportunityto affect its currentdynamics.
Sensingandactingareasynchronouglientscansendactionrequestso theseneronce

every cycle, but they receve informationon requestsThis informationis fragmented,
limited anddegradeswith thedistance.

Simulatoralso supportsan evaluationmode,allowing to computeobjective func-
tions andmetrics.In this mode,eachagentregularly updatesSimulatorwith a prede-
fined setof agents internalparametersgnablingcalculationson bothlocal andglobal
levels.For example,it is possibleto computeentrofy of agents'statesandcharacterize
diversity of their behaiors. In addition,the evaluationmodeincludescomputationof
spatiotemporadistribution of agentsgetc. The collecteddatacan be usedby Metric-
Analyzeroff-line, andcontribute to geneticalgorithmsevolving agentsbetweerexper
imentalruns.

Visualizerdisplaysthe virtual world, beingconnectedo the Simulatorvia TCP/IP
Although similar to anagent,it hasno physical representatiolin the simulatedervi-
ronmentandusesa differentsetof commandsThe Simulatorsendsnformationto the
Visualizereachcycle or uponrequestcontainingthe currentstateof the world. Visu-
alizeralsoprovidesa visualinterfaceto the sener in orderto specify start,pauseand
stopascenario.

The ervironmentSimulatoris the mostcomputationally-intense part of our soft-
ware systemwherethe performancas critical. Thereis a rangeof librariesavailable
for physicalsimulationshowever, we werenot ableto identify ary library or simulator
thatwould adequatelyover arequiredcombinationof fluid dynamicsandkinematics,
aswell astheright balancebetweenthe precisionand performanceof the simulation
systemWhile we adoptedsomedesignandimplementationdeasfrom theavailable3D
simulationsystemssuchasODE, Gazebo/Stageluice, Webots the Simulatorwasde-
velopedbasedn our own setof routinessatisfyingown codingrequirementsndstan-
dards A soclet-basednulti-agentsever-clientcommunicatiorsuite(DBP-MAP: Deep
Behaviour ProjectionMulti-Agent Platform),developedearlierby CSIRO [11,12], was
our startingpointin developingcommunicatiorarchitecturdor the simulationsystem.
Theprojectalsobuilds on the expertisedevelopedwithin CSIRO UnderwaterRobotics
[5], CSIRO DirectedSelf-Assemblyin Multi-Agent Networks [8], and CSIRO-NASA
AgelessAerospacé/ehicleq17,13,14] projects.Consideringherequiremenbf cross-
platformcompatibility Java3Dis agoodchoicefor thedevelopmenbf thecombination
of therenderingengineanduserinterface.As the Visualizerrelaysthe dataincoming
from the Simulatorto the native graphicsenginewithout ary significantcalculations,
Java performancepenaltyis notsignificant.

2.2 Terrain and Callision Modelling

Terrainof theseabeds modelledusingarectangulamesh.Theterraincanberandomly
generatedr userdefinedby creatingaHeightMap,agrayscalerasterimagefile (pixel,
not vectorbased)jn which the RGB valueof eachpixel is mappedo a corresponding
vertex height,thuscreatinga threedimensionameshwhich representshe seabed.

In our terrain model verticesare equidistantalong the z and z axis, while the
height, or y, coordinateis eitherderived from a height map, or generatedvith frac-



tals, or producedasa combinationof both thesemethods.The fractal techniqueused
is the Diamond-Squaralgorithm[7], which is a form of mid-point displacements-
ing a squarebase Startingwith the outsidecornervertices the heightof the mid-point
verticesis generatedy averagingthe surroundingverticesand addinga randomdis-
placementfirst in diamondandthensquarestep.The algorithmwasmaodifiedto allow
the seedingof the grid with valuesfrom a heightmap,thusresultingin a userdefined
terrain,smoothedand modifiedby noise. Therearethreemethodsof loadingaterrain
into the Simulator:a userdefinedheightmap,a smoothecheightmapanda randomly
generatederrain.

A userdefinedheightmapcanbe of ary width andheightin pixelsandis stretched
to afixed sizein the Simulator The RGB valuesare scaledby a factorof 0.2, with a
valueof 240 indicatingsealevel. For example,avalueof 0 will be48 metersbelov sea
level, while avalueof 255 will be3 metersabove sealevel.

A smoothecheightmapmusthave awidth andheightof theform 22 + 1, wherex
is aninteger, i.e., heightmapswith odd-numbereavidthsandheightswould bevalid. A
smoothecheightmapis handledsimilarly to a userdefinedheightmap,exceptthatthe
numberof verticesusedin theterrainmeshis expandedThe heightsof theseadditional
pointsarethengeneratedisingthe Diamond-Squaralgorithm[7]. Figure 1 showvs a
resultingterrain. Finally, a randomterrain can be generatedby taking four random
verticeswhich areusedasinputinto the Diamond-Squaralgorithm.

| Fig. 1. An exampleundervaterterrainobtained
with asmoothecheightmap.

Terraincollision detectionis implementedusing Coldet,an OpenSource(LGPL)
Collision Detectionlibrary [3]. The library provides a numberof collision detection
techniquesintersectingpolygons spheresandrays.We modeltheterrainasa setof tri-
angles(polygons),andpredictcollisionsbetweeragentsandtheterrainusinga sphere
centerentheagents centreof mass.

Whena collision is detectedthe physical movementof the agentis altered.Colli-
sionscanbemodelledaseitherelastic,wherekineticenegy is preseredor non-elastic,
wheresomeof the kinetic enegy of the colliding objects,is transformednto another
form duringthecollision. In DISCOVERY collisionsaremodelledaselastic,although
this canbe modifiedto provide morerealisticbehaiour in the future.

Theagentsvelocityis thencalculatedattheimpactpoint, consideringhereduction
in time takento reachit. The agents velocity is reflectedagainstthe surfaceplaneof
theterrainpolygonwheretheimpacttook place.



2.3 Physics-based Simulation

A physically realisticdynamicmodelling of volume of water both solubleandinsol-
uble contaminantgresentin water (crudeoil, salts,etc.), insolublecontaminantson
watersurface(crudeoil), andundervaterrobotscanbe achiezed only asa balancebe-
tweenphysical accurag and computationaperformanceWe selectedan appropriate
adjustablescaleof the model, including the simulationgrid step,the time step,and
anoption of selectvely disablingcertainsimulationfeatureso speedup someexperi-
ments:e.g.,apurelyundervatersimulationcanbe donewithout watersurfacecalcula-
tions. If anexperimentdoesnot requireprecisewaterdynamicsthe systemcanassign
constantparameterssuchas currentdirectionandrotation, to the watervolume grid.
At the moment,insolubleliquid contaminantsnoving in the water are simulatedas
solid objectsaffectedby buoyangy, gravity, andcurrentsin a normalforce-momentum-
positioncycle. The water surfaceand surface-boundcontaminantssuchas crudeoil
slicks, canbe eitherlinked to the watergrid or simulatedseparatelythe methodcur
rently usedin DISCOVERY) from thebody of waterasweight-springneshegupdated
in anormalforce-momentum-positioaycle of the physical simulation).

2.4 Simulator-Agent Sensor Protocol

In principle, every ervironmentvariablemaintainedby the Simulatormay be percev-
able by an agent.One of the DISCOVERY objectiesis to design,selectand verify
a correctsetof relevant sensorssuitablefor a multi-agenttask,and couplethemwith
availableactuatorsin theinitial setup,anagenthasa numberof sensorse.g.,achemi-
calsensoratemperaturasensora pressuresensora conductanceensoraflow sensor
aninternalbatterysensoranaccelerometea compassa collision sensora sonarsen-
sorandacommunicatior{acousticandoptical)sensorThe Simulatorprovidessensory
datato agentsuponrequest.

Actuatorsincludethrusts,fins, a sonar and communicatiordevices (acousticand
optical).As aresultof experimentspnen sensorandactuatorsnay beaddedandsome
of thelisted sensor@andactuatorsnay be suppressedrhrustallows the agentto accel-
eratebothpositively andnegatively in a particulardirection.A specifiedforce provides
accelerationn thedirectionof thethrustactuator Threethrustactuatorsieedto becon-
structedfor movementwithin the (x, y, z) plane.Fin allows a moving agentto change
its currentdirection.Eachagenthasa particularbuoyang/ valuewhich allowsit to float
towardsthe surfaceof thewaterwhenthereis no downwardthrust.

3 Preliminary Experiments

The maindifficulty in trackingandidentificationof an undervatersourceof contami-
nationis thatthe insolublecontaminantge.g.,oil bubbles)canbe sensednostly only
locally and may rise to the surface quite a distanceaway, being shifted by currents,
winds, etc. The problemis complicatedoy non-trivial dynamicsof undervaterplumes
and bubbles,in particulartracking of their gradients,as well as compleities of the
undervater terrain, and may require heterogeneouteamsof agentswith distributed
sensingandactuation.

In the context of offshorehydrocarborexploration,identificationof petroleumsys-
temspresentsan additionalchallenge.lt is well-known that hydrocarboncan be en-
trappedin sub-terrainresenoirs formedin non-porousock. Exploring featuresof in-
terestin suchcomple environmentsby a sensor/actuatanetwork is likely to require



heterogeneougams:not only to spreadacrossa largearea but alsoto combinediffer-
entsensingandactuationmodalities(from sonardo magneticandseismicsuneys).

Fig.2. An emepent sphericalsurface around
theExplorer(asmallspherén thecenter) with
several Supporteragentgconically shaped).

Toillustratethe simulatorcapabilitieswe designedah scenariawith aheterogeneous
team(one Explorerandten Supporteragents).The Exploreris a task-orientedagent
which hasa goal of finding a proxy to a featureof interest(e.g,shallavestpointin the
local terrain,a chemicalanomalysensedy a combinationof chemicalsensorsetc.).
While moving in theervironment,it alsoemitsanomnidirectionakignalwhich canbe
usedby Supporteagentdo detectits direction,if thereis anunobstructedine of signal
betweertheExplorerandthereceving agentThe Supporteagentdhave thesameactu-
atorsasthe Explorer with additionof sensorsvhich areableto detecthesignalemitted
by the Explorer The Supportergollow two simplerules:(i) move alongthedirectionin
whichthe Exploreris sensedintil a specifiedrangeis reachedvithin atolerancdimit;
(i) whenthedistanceto the Exploreris lessthanthe specifiedrange move away from
theExplorer If thesignalfrom the Exploreris notreceved,a Supporteagentreatsthe
lastdirectionasvalid, andmayuseextra-thrustin following this direction(“extra-thrust
behaiour”). We alsoexperimentedwith the third behaiour: (iii) within the tolerance
limit of the specifiedrange,maintainit by moving orthogonallyto the directionof the
Explorer The rules (i)-(iii) leadto emegenceof a sphericalsurfacearoundthe Ex-
plorer, on which the Supporteragentsrandomlymove in orderto maintainthe range
(Figure 2). Thereis a differencebetweentwo kinds of emegence:patternformation
andintrinsic emegence distinguishedby Crutchfield[4]: a) patternformationrefers
to an external obsener who is able to recognizehow unexpectedfeatures(patterns)
‘emeige’ or 'self-olganize’ during a procesde.g.,spiralwavesin oscillatingchemical
reactions)— thesepatterngnaynothave specificmeaningwithin thesystemput obtain
a specialmeaningto the obsener whendetectedp) intrinsic emegencerefersto the
emegentfeaturesvhichareimportantwithin thesystembecausé¢hey conferadditional
functionality to the systemitself, like supportingglobal coordinationand computation
(e.g.,theemegenceof coordinatecbehaiour in aflock of birdsallows efficient global
informationprocessinghroughlocal interaction which benefitsindividual agents) To
verify whetherthe emegenceof a sphericalsurfaceis intrinsic and contritutesto the
quality of the supportingtask,we run anumberof experiments.

The Metric-Analyzerautomateshe scenaricby settingsimulationparametersie-
peatedlyrunning the Simulatorand agentsfor eachexperiment,logging the relevant



Fig.3. The actual/specified ratio: sphere-
tracing behaior (solid line), extra-thrustbe-
haviour (dashedline), simple behaior with
rules(i) and(ii) only (dottedline).
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information (velocities, distancesgtc.), and collating the results(the overall experi-
mentrunsfor severaldays).In the ExplorerSupporterscenariat is importantto have
the Supportelagentamaintainingthe specifiedrangeovertime, i.e. theactualachiezed
rangeshouldbe ascloseaspossibleto the specifiedone. The actual/specifiedatio, av-
eragedvertheteamof the Supportemgentandovertime afteracertaininitial interval,
is plottedin Figure3 againstdifferentspecifiedranges.The resultsof multiple exper
imentsdeployedin the sameterrainindicatethe difficulty of maintainingcloseranges
(within [5; 10] meters),for a teamof Supporteragents.The Supporteragentclosest
to the Exploreralwaysattainsthe specifiedrange(the ratio is closeto 1.0). It is worth
pointingoutthatit is notthesameagentout rathertheonewhichis theclosestatagiven
time, i.e. thereis alwaysat leastone Supporteragentdirectly observingthe Exploret
We obsenredthata) the extra-thrustbehaior doesnot attainbetterquality, andb) the
emegenceof a sphericakurfaceis notintrinsic: it doesnot contrituteto the quality of
the supportingask,measuredn termsof the actual/specifiedatio. A sphericakurface
may, however, be beneficialif anequidistanspatialspreads important.

4 Conclusions

Thispapempresenteédnen multi-agentphysics-basedimulationframevork (DISCOV-

ERY), supportingexperimentswith self-omganizingundervatersensoandactuatomet-
works. The simulationsystemprovides a test-bedfor co-evolution of distributed and
mobile sensorsand actuatorsand requiredcommunicationtopologiesin challenging
scenariosln orderto illustrateits capabilitieswe briefly describeda simplesimulated
scenariowith a heterogeneouseam(the ExplorerSupporterscenario) andits evalu-

ation by Metric-Analyzer Someof the tasksfor future experimentsinclude: identifi-

cationof hazardgo safety-criticalstructuresyesponseo contaminatiorof watersup-
pliessuchasoil spills; perimetefformationfor absorptiorbarriersandtraffic exclusion
zonesicollection,storagefransportatiorandanalysisof contaminatedtems/evidence.
TheDISCOVERY Simulatoris intendedo beaflexible tool for simulation,quantitatve
analysisanddesignof comple undervatersensoandactuatometworks, with varying
degreesof autonomydecentralizeadontrol,anddata-to-decisioimtegration.
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