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I. ABSTRACT

We havedevelopeda novel control medanismthat deploys
a large number of inexpensiverobots as a distributed re-
motesensingarray, called a Distributed RoboticMacrosensor
(DRM). This DRM has the capability to tradk targets of
both a discrete (e.g., a vehicle)and diffuse(e.g., a chemical
plume) nature. Attadk resistanceis an inherant property of
the DRM as well. A relatively simple virtual spring mesh
abstiaction is usedto provide fully distributed contmol that
is both exible and fault-tolerant. We describethe algorithms
for springmeshformationandcontrol, discretetargettracking,
and diffusetarget tracking. We also presentsimulationresults
demonstating the efcacy and robustnessof DRMs.

Il. INTRODUCTION

Advancesn integration,actuatordesignandpower manage-
menthave resultedin the availability of mass-producednex-
pensve robotic componentslt is now feasibleto build small,
autonomougrobotsin large numbersat relatively low cost.
The resulting potentialto deploy robotic sensorson a large
scalecreateghe opportunityto explore a new type of remote
sensingand target tracking. Hundreds,or even thousandspf
robots can potentially be deployed to cover and explore an
arearecorddata,andtrack targetsof interest.However, while
it is now relatively simpleto deploy large numbersof robotic
sensorsthe coordinationand control of the activities of these
robotspresentsa numberof challengingproblems,including
scalability autonomy effective target coverage, e xibility of
deployment, fault-toleranceand security

We have developed a control algorithm for distributed
robotic macrosensor¢DRMs) that addressesheseconcerns.
DRMs consistof large numbersof robots whoseindividual
“instinctive” behavior directsthemtoward a commongoal. In
our approachthe propertiesof the macrosensoemege asa
resultof simple local interactionsbetweenindividual nearly-
statelesscomponentrobots. By de ning these interactions
carefully, we createa scalablemacrosensowith sophisticated
overall behaior.

The basicDRM control mechanismis basedupona virtual
spring mesh. The spring mesh has a number of desirable
properties,describedin detail in [1] and [2]. Building on
the spring meshapproachwe have de ned algorithmsthat
resultin sophisticatedarget tracking behaior, including the
ability to track and map tamgets of a diffuse as well as
a discrete nature. Diffuse targets include those without a

discretelocation,suchaschemicalcloudsor radiationsources.
Executing these algorithms, a large number of tiny robots
could detectand track diffuse tamgets over a battle eld or

remoteareaautonomoushandin real time.

I1l. RELATED WORK

Thereis a signi cant body of previous work dealing with
coordinationof small teamsof robots, e.g.[3, [4], [5], [6],
[7], [8]. Tamget tracking has also beenaddressedprimarily
in the context of discretetargets[9, [10], [11]. More recently
therehasbeenresearclinto behaior-basedandvirtual-physics
basedcontrol of large teamsof robots[12, [13], [14], [15],
[16], [17]. The work most closely related to our own is
summarizedelow.

A. Explicit Coorination

Explicitly coordinatedexplorationand mappingwas exam-
inedin the“Cover Me!"[18] project,which de nes a coverage
metric and then uses an incremental greedy algorithm to
deploy robotsinto locally optimal locations.This approachs
not designedo scaleto large numbersof robots,asit makes
use of global information and only deploys one robot at a
time. Similar work by Simmonset al.[19 computesdesired
deployment locations by attemptingto minimize overlap in
information gain. Explicit loosely-coupledobot coordination
for arbitrarygoals(not just exploration)is implementedn the
ALLIANCE system[2(, [21], which usesbehaior-basedask
selection.RETSINA[22] operatesa teamof robotsthrougha
sharedplan, which is communicatedand re ned over time.
DINTA[23] takes a hybrid approachand usesa static sensor
network to assigntasks to a set of mobile robots. This
approachhas mary adwantagesjput requiresa pre-deplyed
infrastructure.None of the explicit coordinationschemess
designedo scaleto very large groupsof robots.

B. Target Tracking

Target tracking has been addressedvithin some of these
systems. Targets are tracked in ALLIANCE[9] through a
combinationof local virtual forces and high-level behaior-
basedselection. Jung and Sukhatme[1D also use a multi-
layeredapproach;their systemcomputesa local solution for
tracking groups of targets within the same eld of view,
operating within a framework that distributes robots into
regions accordingto target density A differentapproachhas
beenproposedy Gage[1], who suggestsandomizedsearch



stratgies that use inexpensve systemsdesignedto make
detection highly probable. Gradient descenthas also been
investigatedby several researchersncluding Leonard [24].
While gradient climbing does involve diffuse tamets, it is
intendedonly to nd the minimum of a eld and doesnot
solve the generalmappingproblemthat we addresshere.

C. BehaviorbasedControl

Fully distributed control baseduponsimplelocal behaiors
hasbeenusedin several contexts. Brooks[19 hasinvestigated
behaior-basedcontrolextensiely; Werger[13 laterdescribed
thedesignprinciplesof suchsystemsBalchandHybinette[25
suggestedhe useof “attachmentsites” that mimic the geom-
etry of crystals;this is usedto createformationswith large
numbersof robots. A variety of projectshave made use of
“swarm robotics; e.g., [26] and [27], to carry out simple
taskssuchaslight tracking. Gage[14 investigatedhe use of
robot swarmsto provide blanket, barrier, or sweepcoverage
of an area. Several researchediave used models basedon
the interactionsof antswithin a colony[28], [27], [29]. These
approachegenerallyseekto de ne simplelocal behaiorsthat
leadto large-scalepropertiesthat are bene cial in a particular
application.

D. Virtual Physics

Distributed control basedon virtual physics (also called
“arti cial physics”or “physicomimetics”)hasalsobeeninves-
tigated, althoughnot in the mannerdescribedhere.Howard,
Mataric and Sukhatme[1lp model robots as like electric
chagesin orderto causeuniform deploymentinto anunknowvn
enclosedarea.Spearsand Gordon[18, [17], [30] usea more
sophisticatedmodel analogougo the gravitational force, but
make the force repulsive at closerange.Both of thesemodels
usefully connectedgraphs,althoughthe latter model cuts off
interactionsbeyond a maximumrange.McLurkin[31] useda
partially-connectedraphwith a physicsmodelsimilar to that
of compressedpringsto produceuniform deploymentwithin
a limited indoor ernvironment.

To our knowledge, there is no previous systemwith the
capability to track and map both diffuse and discretetargets.
Our researchntegratesthesecapabilities.

IV. SPRING MESH BASICS

Virtual spring meshesare an extensionof virtual physics-
basedcontrol. Virtual physics-basedobot control is inspired
by naturalphenomenand hasbeeninvestigatedorimarily in
the contet of swarm robotics[13, [16], [17]. The general
ideais that eachrobot is treatedas a particlein a simulated
physical system,complete with virtual forces and rules of
motion. While the forcesexist only in simulation,the robots
actin the realworld asif the forceswerereal. The objectis
to de ne virtual forcesandrulesof motionin sucha way that
the local interactionsbetweernrobotsresultin desirableglobal
behaior.

Suchsystemsexhibit several desirablecharacteristicsEach
robot choosesits actionsbasedonly upon local information
and a simple set of rules, but tendsto act in a manner
that contributes to a common goal. Thus, there is global
cooperationwithout ary global control, which improvesboth
fault-toleranceand scalability The collective behaior of the
groupthusemepesastheresultof the large-scaldnteractions
of individual, nearly statelessomponents.

Previous attemptsat virtual-physics based systemshave
generallyfocusedon potential elds of somekind, usingforce
elds analogousto gravity or the electromagnetidorce. In
contrast,our virtual spring meshmodel makes use only of
explicit connectiondbetweenrobots.More precisely if robots
arerepresente@dsverticesin a graphandforce is transmitted
throughedgesthe springmeshis not a fully connectedyraph
(evenlocally). Instead virtual springsare createdto transmit
force only betweenself-selectedadjacentpairs of robots.

As with real springs,eachvirtual springin the meshhas
a natural length and a spring constant(that representshe
“stiffness” of the spring). Theseparametersan changeover
time to suit varying environmentalconditions.

The control law forxeachrobot is

ks(li  lo)dh
i2s

X = KaXx_

1)
wherex is the robot's accelerationy is the robot's velocity,
S is the setof springsconnectedo this robot, |; is the length
of thei'th spring,andd; is the unit vectorfrom this robot to
theroboton the otherendof thei' th spring.Control constants
arethe naturalspringlength(lp), the springstiffness(ks), and

the dampingcoefcient (kq). These“constants’may actually
changeover time, and may be differentfor eachrobot.

V. SPRING FORMATION

Decidingwhich adjacentrobotswith which to form springs
is a nontrivial problem. After investigatingmary options[1,
we have developeda new algorithm that is basedupon an
acute-angldest describedn moredetailin [2] and[1]. Under
the Acute-Angle Testalgorithm, a given robot A will form a
spring to a neighboringrobot B if and only if for all other
neighborsC, the interior angleé ACB is acute.This creates
a meshof acutetriangles. Note that the acute-angletest is
equialentto a testfor the presenceof ary robot C inside
the circle with diameterAB , which is a moreef cient testto
compute.

Figure 1 shows two examplesof the acute-angleest. In
Figurel(a),aspringformsbetweerA andB, sinceall interior
anglese ACB areacute(with C1, C2, andC3 asrobotC in
eachof threetests).In Figure 1(b), the spring doesnot form
becausethe acute-angletest fails with robot C4. The circle
with diameterAB is also shown; it is equivalentto say that
the spring doesnot form becauseC4 is insidethe circle.

The acute-anglegtestis symmetric,so it doesnot require
communicatiorbetweertherobots.lt alsoresultsin aprovably
planarand connectedyraph,regardlessof the initial distribu-
tion of robots.It is parameteffree,doesnot requirea global



(a) Satis ed acute-anglaest

Fig. 1.

referencdrame,anddoesnot putarny constraintson the global
shapeof the mesh.

V1. SIMULATION ENVIRONMENT

We have developeda simulatorin order to test the ba-
sic functionality of spring mesh algorithms. The simulator
interface allows a user to quickly con gure the simulated
robots,changecontrolalgorithmsandparametersandalterthe
ernvironment.Thesimulatorervironmenthassimpledynamics:
robots may move in ary direction at ary speedup to a
con gurable maximum, but are stoppedif they attemptto
move throughan obstacle A robotmay call into the simulator
to getits currentpositionandthe positionsof all otherrobots
that are locally visible, optionally with some position error
added.Robotsmay communicatewith adjacentvisible robots
instantly

The simulator provides a variety of con guration options,
including selectionof the spring formation algorithm, control
constantselection,and speedlimit selection. The user may
also createand destry robots,targets,and obstaclesAll of
theseactionsmay be taken while the simulatoris running.
Figure2 depictsa screenshobf the two-dimensionasimulator
in operationUsingthe control panelon theright, theusermay
setall of the control constantsand other parameterselevant
to therobotsandthe ervironment.The panelalsohascontrols
for running and pausingthe simulator aswell as executinga
single time step.

We have alsoimplementeda versionof the simulatorthat
supports3-D ervironmentsand more sophisticatechardware
and communicationmodels. However, the additional com-
plexity of the 3-D simulator makes it more appropriatefor
prototyping code for actual robots, and less corvenient for
investigatingdifferencesn high-level algorithms.

(b) Unsatis ed acute-angldest

lllustration of acute-anglgest

VIl. DISCRETE TARGET TRACKING

Discretetargets can be easily addressedvithin the spring
meshframework. The spring formation algorithmis usedto
determinewhich robot will track the target; if a robot would
form a springwith a hypotheticalrobotlocatedat the target's
position, then the tamet is valid to track. In the case of
multiple targets, a robot will track the closestvalid target.
Since interceptingthe targetsis likely to be appropriatein
mary applicationsthe currentimplementatiorsimply matches
therobot's velocity with a vectorthatwill interceptthe target.

Figure3 shavs simulationresultsof a smallgroupof robots
interceptingtwo discretetargets. The uppertarget is moving
from right to left alongthe indicatedpath, at a speedthat is
60% of thetop speedof therobots.In this example targetsare
interceptedaggressiely, andthe springmeshdeformsin order
to keepall of the robotsconnectedwith the desiredspacing.

VIII. DIFFUSE TARGET TRACKING

Diffusetargettrackingis somavhatmorecomple, asthese
targetsdo not have a well-de ned location. Here, in addition
to identifying the location of the target, it is desirableto
know both the extent of the target substanceand its density
gradient.It also may be desirableto increasethe density of
sensorcoveragen thevicinity of a diffusetarget. For example,
when tracking a chemicalplume, one may want to precisely
map the plume extent in areasof signi cant concentration,
while sacri cing detailed information about areasof lower
concentratioror aboutareasoutsidethe plume.

Thus, diffuse target tracking involves two challengesThe
rst challengeis to locateand boundall diffusetargetsin the
areaof interest;this involves exploring the areaand moving
robots entirely through or around the targets. The second
challengeis to mapthe interior of the targets,which involves
adaptvely changingrobotdensityin thevicinity of thetamets.
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Fig. 3. Pointtamget tracking example:the uppertarget is moving alongthe indicatedpath, andthe lower tamgetis stationary

A. AdaptiveRobotDensity

Since eachrobot can control its own spring parameters,
the secondchallengeis relatively straightforvard to address.
Robotsthat detectthe desireddiffuse target simply shorten
their springs thusdrawing in their neighborgo areasof higher
concentrationln orderto maintainconsistenyg, the robotson
both ends of a spring must agreeabout the spring length;
the minimum of the two is used. This implies that robots
must communicatewith their immediateneighborswheneer
the local target intensity changesThe function for the tamet
spring lengthat a givenrobot is given by:

I(T) =la max((1 ki T);ksar) )

where I(T) is the tamget spring length for this robot, l4 is
the default spring length (that is, the length in the absence
of tamgets), T is in therange0O T 1 andrepresentshe
currentintensity of the target at the robot's location, and k;
andksy: are control constants.

The constantksy, which has the range0 < Kggt 1,
indicatesthe “saturationlevel,” or the maximum density of
robots,asafractionof thedefault springlength.No springwill
ever have a naturallengthlessthanly Ksa: . The constantk;,
which must be nonngative, re ects the aggressienesswith
which robotdensitywill increasewith targetintensity If k; =
0, thentargetsareignoredaltogetherlf k; is in nity , thenthe
presenceof a target at ary intensity will causethe robotsto



Fig. 4. Robotsmappinga simple diffuse tamget

Fig. 5. Robotsmappinga comple diffuse target

clusterat the saturationlevel.

The tamget spring length is input into a smoothing lter,
the output of which is this robot's spring length. The natural
length g of ary springis the minimum of the robot spring
lengthsat the endpoints.

In order to presere stability of the spring mesh, it is
importantthat the spring length decreasesontinuouslywith
tamgetintensity If thereis a suddentransitionin I(T), asin a
stepfunction,thenrobotsnearthetransitionpointwill oscillate
inde nitely.

Figure 4 shows the performanceof the adaptve robot
density mechanismin a simple test case.Figure 5 shawvs a
more complex caseinvolving two overlappingtargets.

B. Exploration

The challengeof exploring the areaof interestandcovering
all targetscannotbe addressedhroughsimple adjustmentgo
springparameterdnsteadwe wish to addanothemechanism
that causesthe spring meshto expand and cover the area,
and also to drav more robots into areaswith high tamget
concentrations.

For purpose®f exploration,we make a distinctionbetween
interior robotsandedgerobots.A robotA is aninterior robot

Fig. 6. Initial conditionin an examplediffuse target scenario

Fig. 7. Final con gurationof scenaricshavn in Figure6, with no exploration
force

if for all robotsB visible from A, thereexists anothervisible
robotC suchthattheinterior angleB AC is acute.Otherwise,
A is anedgerobot. This propertyis straightforvardto compute
and requires no communication.Intuitively, interior robots
are completelycontainedinside the spring mesh,while edge
robotslie on the boundaryof the mesh.

Explorationis accomplishedy an “explorationforce” that
appliesonly to edgerobots. Our original exploration force
wasbasedon the local tamget gradient;it drew edgerobotsin
towardsareasof high target concentrationThis was effective
atincreasingobotdensityin the targetarea,but ineffective at
bringing the meshall the way throughthe tarmget in orderto
boundit. It alsocausednstability in mary cases.

With furtherexperimentationyve realizedthata moreeffec-
tive approachis to explore away from the otherrobots,rather
than into the tamget. Thus, we implementedan exploration
force that pulls edgerobotsaway from the otherrobotsin the

Fig. 8. Final con guration of scenarioshavn in Figure 6, with exploration
force added
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Fig. 9. Massve failure situation.Failed robotsare shavn ashollow circles.Figure 9(a) shavs the statejust beforethe robotsfail. Figure9(b) is immediately
after a swath of the meshis destrgyed; Figure 9(c) is two simulationcycles later Figure 9(d) is the nal stablestate.

mesh,alongthe bisectorof the largest‘sweepangle”in which
thereis no visible robot. The magnitudeof the exploration
force increaseswith the intensity of the target, so the mesh
expandsaggressiely in areaswheretargetsare detected As
the edgerobotsmove throughthe target, they andthe interior
robotsbehindthemshortentheir springs(asdescribedabove),
androbotdensityincreasesUsing this mechanismihe targets
are boundedquickly andthen mappedin detalil.

Figure 6 shaws the initial condition of a simple target
exploration scenario.Figure 7 shavs the nal con guration
with no exploration force, and Figure 8 shavs the nal
con guration with the exploration force included. Note that
without the exploration force, the robots are actually pulled
out of the target area, becauseary robot enteringthe area
shortensits springs,causingit to move closerto the robots
behindit. The explorationforce countersthis effect aswell as
drawing the meshthroughand aroundthe target area.

IX. FAULT TOLERANCE

Fault toleranceis a key requirementor ary critical remote
sensingapplication.Becausecontrol is fully distributed and

individual robotsare nearly statelessthe spring meshframe-

work is inherently robust in the presenceof robot failures,
evenin large numbersWhenrobotsarelost, the meshsimply

re-formswithout the missing units. Additionally, since there
is no hierarchy or centralizedcontrol, there are no single

points of failure or obvious points of attack.Figure 9 shows

a simulatedexample of a cluster of robots that experiences
multiple simultaneousailureswhile in adiffusetargettracking

situation. As shawn, the remainingrobots automaticallyre-

form a smaller spring mesh, centeredon the tamet area,
without the failed units. This recovery happensquickly and

without any error handling beyond the detection of failed

robots. The major potentialcostis that somecommunication
may be necessaryin order to detectfailures, since a failed

robot may still be physically present;the neighborsof the

failedrobotneedsomemechanismo determinethatthe failed

robotis no longeroperational.

Due to its nearly statelessand distributed nature,a DRM
is resistantto deliberateattacksas well as randomfailures.
In particular there are no leadersor other critical units
for an adwersaryto target. Also, redeplyment of remaining



robots happensimmediately after an attack. Thus disabling
or destrging individual robots, even in signi cant humbers,
resultsin little gain for the adwersary as the meshre-forms
around the destrged robots with little delay In order to
degradethe performanceof the DRM greatly an adwersary
mustdestry or disablea large numberof robots.

X. CONCLUSION

We have describeda novel control mechanismfor dis-
tributedroboticmacrosensorisasedn thevirtual springmesh.
The spring mesh approachprovides fully distributed, fault-
tolerant,nearly statelessontrol. Building on this mechanism,
we have designedand simulateda DRM systemthat can
effectively track targetsof both a discreteand diffuse nature.
Discrete tamets are intercepted,while diffuse tamgets are
located, bounded,and mappedwith adaptie robot density
DRMs thusprovide a highly capableand e xible resourcefor
automaticallysensingand tracking diffuse targets.
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