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Abstract— In this paper, we consider a version of the game in wigch
In this paper, we consider the design and implementation of pursuers collectively attempt to capturevaders (Section I1).
practical, yet near-optimal, pursuit-evasion games. In prior work  \ne are interested in the convergence time of the game (i.e.,

we developed, using the theory of zero-sum games, minimal .
completion-time strategies for pursuit-evasion. Unfortunately, the minimum number of steps for the pursuers to capture the

those strategies do not scale beyond a small number of robots. In €vaders). We decompose the multi-player game into multiple
this paper, we design and implement a partition strategy where multi-pursuer single-evader games. We prove that our algo-
pursuers capture evaders by decomposing the game into multiple rithm terminates, has bounded captured time, is robustjsand

multi-pursuer single-evader games. Our algorithm terminates, gcalaple in the number of robots, being suited for practical

has bounded capture time, is robust, and is scalable in the number L .
of robots. In our implementation, a sensor network provides applications. Based on our previous work, where we have

sensing-at-a-distance, as well as a communication backbone thatdesigned the optimal policy that pursuers should use inrdede
enables tighter coordination between pursuers. Our experiments capture evaders with the minimum number of steps, we design
in a challenging office environment suggest that this approach is an assignment algorithm that optimally decomposes the game
near-optimal, at Iea_st for the configuratiqns we have evaluated.  An embedded network provides sensing, communication
g\é%rt?gls‘ grl:(; &Or;kmtlﬁit;f}fi an innovative interplay between and computational resources to the robots. The pursuers mak
use of the resources of an environment-embedded network,
I. INTRODUCTION wherein robot sensing and communication is enhanced by the
network, to have full knowledge of the game.
We are motivated by practical problems in security and We present results from running an implementation of our

monitoring for large, structured, spaces (e.g., to enshee falgorithm on a physical robot testbed (Section V).
integrity of a large building or complex). The problem we
focus on is pursuit-evasion wherein robots must pursue and!l- ASSUMPTIONS TERMINOLOGY AND DEFINITIONS

catch evaders. In this section, we start by stating the sensing and com-
In Pursuit-Evasion Games (PEGs), multiple robots (thaunication assumptions for our PEGs, then discuss the class
pursuers) collectively determine the location of one or enoof games we are interested in. We then lay down some
evaders, and try to corral them. The game terminates whignminology, and formally define the objective of our PEGs.
every evader has been corralled by one or more robots. $evédias sets the stage for our main contribution, a scalable-nea
versions of the problem exist. In certain frameworks, it isptimal algorithm for PEG, which is discussed in the next
acceptable to merely “sight” an evader for it to be “located’section.
in others, a precise coordinate must be reported. Other for\We focus on PEGs in bounded, spatially complex, environ-
mulations insist on a certain speed of convergence withrfewaents similar to today’s office environments. In such enviro
constraints on accuracy. Finally, formulations vary def)emy ments, we can assume imperfect geometric regularity (e.g.,
on whether the multi-robot control algorithm is required tthe presence of corridors and 90-degree turns, but possibly
have provably correct behavior, whether the number of egade regular placement of doorways or elevator exits). Because
is known a priori, and whether they are malicious or benigsuch environments are obstructed, they present limiteddfa
Each variation of the problem brings with it a different sét csight visibility. However, it is increasingly true that suen-
challenges, and several of these variations have beendsolvieonments are well provisioned with wireless communimati
to varying degrees. capability, and that many such environments will likely éav
We consider the class of PEGs played on a discrete gragdense embedded sensing (for surveillance or environmental
Specifically, we use a topological map of the environmentpntrol).
whose nodes correspond to coarse-grained regions and whoda this paper, we assume sucketwork-assistedenviron-
links connect neighboring regions [1, 2]. Discrete grapbelsh ments; these environments provide sensing-at-a-distéamce
games are acceptable for many uses of pursuit-evasion (ecgcumvent line-of-sight limitations. Moreover, they pide a
surveillance, finding survivors). Of course, the physicaltim network communication capability that enables much tighte
robot games run on a continuous space, but we discretize do®rdination than would have been possible otherwise. More
environmental for our localization and game model. specifically, the network a) contains sensors that are able



to approximatelylocalize all participants, and b) provides aRestriction No motion model for the evaders available to
communication backbone that enables participants to exggha pursuers.
game state. The game terminates whencapture states reached. In a
Based on these assumptions, we consider the classcapture state, at least one pursuer occupies the same vertex
PEGs in which all participants have complete (but possibig which an evader resides. There exists a different dedimiti
imprecise) knowledge of the positions of all participantsf termination: if, during the evolution of the game, a pw@isu
Furthermore, our PEGs are played on a discrete space: iwaches an evader’s position, the evader exits the gamg. It i
model the environment as a topological map, whose nodeasy to see that our definition results in a game that is Igtrict
correspond to coarse-grained regions and whose links conrfgarder than this variant.
neighboring regions [1, 2]. Our discrete-space assumpson
acceptable for many uses of pursuit-evasion (e.g., slaveg,
finding survivors) and we argue that more precise captureln defining the game, we have avoided mention of the
can be implemented with the addition of a simple proximitparticular strategy that the pursuers and evaders useidn th
sensor (e.g., a low resolution camera) if necessary. We &gction, we discuss this strategy, which is the main focus of
interested in the class of games where enough pursuers @ paper. We start by discussing the optimal strategy, lwhic
make this more precise in the next section) exist to guaganieé computationally intractable. We then discuss a computa-
termination. Finally, we also assume that pursuers andegsadionally feasible strategy that, as we show experimentelly
move at the same speed (more precisely, we assume that thegr-optimal.
move exactly one hop in the topology at each time step); we
have left a relaxation of this assumption to future work. '
Within this framework, we are interested in the optimal !N our game, we have assumed that both pursuers and

strategy that pursuers and evaders should play, where gypders have_complete infgrmation about the positions|of al
measure of optimality is the capture time (defined belom_layers. Consider now thaptimal strategyor the pursuers and
Before we discuss this, we lay down some terminology. evaders: for the former, to capture the evaders in the storte

Let G= (V,L) be a finite connected undirected graph witf{mMe. @nd for the latter, to avoid capture for the longestjine
V vertices and_ links or edges. There are two sets of playedMe- To formalize this intuition, we turn to zero-sum games.
called pursuer®® and evader<. Initially, P and E occupy Pursuit-Evasion is a zero-sum game since the pursuers’ gain

some vertices of5. In describing the algorithm, we assumé’ loss is exactly balanced by the losses or gains of the evade

that time is discrete and increments at steps of 1; in O-llJ—Pe evader's goal is to escape as long as possible whereas the

implementation, of course, we make no such assumption. R{rSuers have to capture the evaders as fast as possibte. Zer
each time step, all pursuers and evaders are given theqrasitiSUMm 9ames have been extensively studied in the game theory

of all participants. Both teams play a game Gnaccording literature, and our solution models a PEG as a zero-sum game

to the following rule. At each step, each pursuer choosed! it uses the minimax algorithm [5]. This algorithm minigsz
neighboring vertex ofG to move to, then the evaders ddN€ Maximum possible loss for each player in the game.

the same. They then move to the corresponding vertex inTo describe this algorithm, consider first that the evohutio
G, as defined in [3], and repeat the previous step. The te&h@ny PEG can be represented by a game graph, a directed
of pursuersP wins if it “captures” all evaders. If an evaderdr@Ph with possible cycles. The start state (as defined by
can avoid capture indefinitely, then the evader team wins tHi¢ Starting configuration of the pursuers and evaders) has a

game. In the literature [4], the necessary number of pussuéilireCted edge from itself to all possible next states that th
to capture an evader in a graghis denoted by ¢(G)). pursuers can make from the start state. (In our game, we
Let p=|P|, r=|E|, v=|V|. Let B be the current position of assume that pursuers and evaders move alternatively)rrn tu
- 1 - b - - |

theith pursuer ancE; be the current position of thiéh evader. from each of these states, there is a directed edge to albfmss
The tuplea=< Py P,.Eo E. > represents the currentNext states resulting from evaders’ moves from that stadte. T
— IR o7} PRI =)

position of all participants. We define a boolean variabl%raph can thug be recursivgly defined. In ge_neral, agameis a
T(turn) to denote if it is the pursuers’ turn to move or no{raversal on th's. graph. If this traversal e.nQS ina Cap“".@s
(recall that, in our algorithm, pursuers and evaders aterat the pursuers win the game. However, it is also possible for

each time stel). We say that the tuplec &, T > encodes the the traversal to repeat states: such a traversal will résudt
state sof a garﬁe ' non-terminating game and the evaders win.

We can now define our game more formally as follows: We construct the game graph by generating all states and

Input Coarse estimated positions pfrobots and evaders in 22I£3I§1?Ieblti;r?:ngl?onsret;?:txvgegasiitrees.s;ctjé iasf: 5;3:3“:')?:’(")‘; y
a bounded environmert. P 9 p

Output Motion commands foip robots. ?pl)lproach. Then, this is the strategy that pursuers and evade
Goal Minimize the capture time of the evaders. OllOW. .
.. Each pursuer’s strategy is to move to the vertex

1This assumption enables us to analyze our algorithm. Of cpinseal dictated by that ne|ghb0”ng_ state whose cost is
world experiments, it is difficult to ensure this synchrony. least. Each evader’s strategy is to move to the vertex

IIl. PURSUIT-EVASION STRATEGIES

Optimal Strategy



dictated by that neighboring state whose cost is most formally as follows:
among all neighbors.

min ~ max_ GjjXj

In previous work [6], we proved the following theorem: hi=1N

Theorem 3.1:For any given topological grap® and any subject to ixij —1 VieN
given initial configuration of pursuers and evadet§,termi- =

. .. n

nates in the minimal number of steps_. x; =1 VieN

In practice, to play the game, we first pre-compute a com- i&
plete state transition diagram offline. This is pre-loadedb xj €{0,1}  V(i,j)eN.

the robots, and each pursuer or evader makes a decentralized
local state transition decision, given the current stake (t This problem is calledlinear bottleneck assignment
positions of all the robots), to calculate next state. (LBAP) [7] and can be solved optimally by any of the
The complexity of this precomputation ©(vP*"). Un- polynomial-time algorithms based on network flow theory. [8]
fortunately, the computational cost of enumerating theéesta The assignment algorithm described above is summarized
transition diagram is not practical; for instance, usingaern in Algorithm 1.
desktop, we have been unable to compute the robot’s strategy
for 9 robots. Algorithm 1 Assignment of pursuers to evaders
This motivates the work presented in this paper. In the next: Compute a cost metric for & G) — 1 game.
section, we present a scalable algorithm, where we partitio 2: Generate all possible team configurations, witteams which

PEG into multiple multi-pursuer, single-evader games. hasc(G) pursuers and one pursuer does not belong to more than
’ one team.

. 3: for all feasible team configuratiordo
B. Partition Strategy 4:  calculate matching cost as a LBAP.

In our partitioning strategy, the pursuers divide the evade 5:  update assignment with minimum max game cost.
amongst themselves and playG)-1 sub-games (recall that 6 endfor _
¢(G) is the minimum number of pursuers required to guaranteé: M€turn min max assignment.
termination on a graphG). In each of these sub-games,
the pursuers and the evader each play the optimal strategylgorithm 1 assigns(g) =r pursuers tar evaders. Ifp >
discussed in Section IlI-A, and the goal is still to minimtbe c(g) «r, the unassigned pursuers chose randomly which evader
time to capture the evader. The key insight is that computitig capture. This may modify the minimum capture time of all
the state transition diagram for these partitioned gameseigaders, and adds robustness to our algorithm in case of robo
computationally feasible. This section discusses an ass0t failure.
algorithm that allocates(G) pursuers to each evader. Our algorithm solves the global optimization problem de-
Our assignment algorithm assumes-= c(G) «r, i.e, that scribed above even with the restriction that a pursuer can
the number of pursuers is at least that required to ensute tparticipate in at most one team. Would a simple greedy
c(G) pursuers can be assigned to each evader. The inpaiigorithm have worked? A greedy assignment strategy can
to the assignment algorithm include the gra@hand the resultin a non-terminating game. Consider-a2game where
initial positions of all pursuers and evaders. The assignme,o ¢(G) = 1 and the cost matri =
algorithm outputs for each pursuer which evader to pursue . . , 3
(and eventually capture). assignment that minimizes the time to capture of all evafders

We model the assignment problemrofeams and evaders this_, mat_rix is pursuer 1 to evader 2 and pursuer 2 tq evader 1,
as a matching problem. Consider the bipartite graph- which gives max “'f“e o captuee= 3. The greedy assignment
(T,E,L). The sefl contains nodes, each of which represents"&OUId '“Ste"?‘d assigh pursuer ! 0 evader 1 and pursuer 2 to
teamof pursuers: each team represents a distinct combinatf?)\ﬁ"‘der 2, with cost = . Figure 1 illustrates such a game.
of pursuer robots. Each node in the &tepresents a single

2 The optimal
(o]

evader. Finally, each edde= (u,v) from the setL represents § .
the assignment of teamto evadernv. Each edgéd has a cost P2 g &
cyv Which is the time to capture evaderwith teamu. It is Q pt Q
possible to computey, the expected time to capture evader i
by teamu, by evaluating &(G) — 1 game. Realize that we can \J\Qﬁ

pre-compute this cost and we only need to verify one game
to know the cost of every position. We represent the cgst
in a matrix C.

The goal is to find the assignment that minimizes the . .
: . Each pursuer robot runs the assignment algorithm locally.
maximum time to capture all evaders.

An assignment can be represented as a matrix [x;] The inputs to the algorith.m'are the' current pqsitions of all
where x;; Is equal to 1 if team i is assigned to evader jpursuers and evaders; this information is obtained from the
and equal to 0 otherwise. The assignment problem is writteetwork (and may, of course, be inexact because of sensing

Fig. 1. An instance of a bad game for greedy strategy.



noise). Each pursuer executes the assignment only once, @adsition diagram. Then, after being informed by the nekwo
sticks with the assignment until the game terminates. of the positions of all robots, each robot runs the assigimen
1) Complexity: The number of evaluated team configuraalgorithm described above once. Thereafter, using the pre-
tions x can be modeled as the number of ways to put computed state transition diagram and network localiratio
distinct balls inr identical boxes. Each distinct ball representapdates, all robots continuously play the game until altdeva
a pursuer and each identical box represents an evader. &rhe captured.
boxes are identical because we do not need to determine the
identity of the evaders, the matching will determine thisr F IV. DESIGN
instance, ift(G) =3,r =2, p= 6, configuration< p;p2ps >< In this section, we discuss the hardware and network testbed
papsps > is equivalent to< papsps >< p1p2p3 > in our which form the basis for our pursuit-evasion experiments. W
matching input. Moreover, each box should ha{€) balls. then describe, in some detail, our PEG software design and
The number of ways to pup distinct balls inr identical implementation. This sets the stage for our system evaluati
boxes is to first imagine the boxes as distinct and then det@mich is discussed in the next section.
mine what we over-counted. The number of distributions of a
set of p distinct balls into a set of distinct boxes if each box A- Platform
is to hold a specified number of balls @ﬁl-pzi?m,pr) = m% The Robot Platform. We use a commoditized robotics plat-
wherepy + p2+ ...+ pr = p. In our case, since aly = c(G), form and made minimal modifications to it using commercial
we have@(é%- Due the fact that the boxes are identical, weff-the-shelf products. Our platform consists of an iRobot
over-counted!. Hence, the number of configuratiarwe have Create and a small embedded computer mounted on top of
is X = (C(G% it (Figure 2(b)).
Given %hat n%. ~ n" (Stirling’s approximation), we have The Create, a differential drive robot, has a round chassis o
X ~ W;r*(rr) If p=c(G)xr, we have the number of 33 cm diameter. The robot essentially has two kinds of sensor

evaluated configuration~ rP~". The complexity of the Linear FIrSt. @ pair of tactile sensors that, together with a bungan
Bottleneck Assignment Problem (LBAP) with nodes is help determine whether a robot hits an obstacle and the angle
O(N?) [9]. Thus, this part of our algorithm i©(x?). We at which it does SO. Second, a suite of infrared (I.R) Sensors:
also need to evaluate aG) — 1 game to know the cost the pqmpgr contains an IR' wall sensor on the nglh.t and an
metric, which has complexit(|V|<C)+1) (from Section Ill- omnidirectional IR receiver in the top, and fou_r additiofal
A). Thus, our overall complexity i@(x2+ Mc(e)ﬂ), where S€nsors mOl_Jr_1ted under_neath the bumper facing dévendo
X — (c(G)!p)!f*(r!) ~ 1P~ instead of previou(|V|P*"). Since no_trr?:de?ndbdelgzréil igrr:]smg hardware to the Crgate.

puter, the Ebox 3854, is an 800MHz

r << |V|, this algorithm is significantly more computationall .
Vi g g y P yembedded PC with 256MB shared DDR memory, and supports

efficient. :
2) Properties: Here we enumerate the properties of th@ 1280x1024 VGA interface, one 10/100 LAN, and USB,
partition strategy. mini PCI and compact flash sockets. We chose the EMP-
Termination: Lemma 3.2 guarantees game will terminat8602 mini-PCI 802.11 a/b/g wireless card to provide network
assuming no robot fails. connectivity. This choice of platform is primarily desighto
Lemma 3.2:Our algorithm guarantees that tipe-r game €nable ease of programming (the Ebox runs standard Linux),
will terminate. and has enough ports to support various connectivity option

Proof: Since we decompose the-r game intor parallel The embedded computer is powered by the Create’s battery
¢(G) — 1 sub-games, and each of these games is guaranteetfgugh a DC-DC power adapter (picoPSU).
terminate by Theorem 3.1, the overall-r game terminates. The embedded computer runs Linux Fedora Core 6 as the
m operating system. For sensing and control, we developed a
Optimality of partitioning: Our algorithm optimally par- Create driver for Player [10], using which we are able to move
titions the evaders across the pursuers, subject to the dbéxrobot, turn on/off LEDs, read the bumpers, buttons and IR
metric. This property follows from the optimality of the LBA Sensors. We set the nominal speed to 0.2 m/s.
assignment algorithm. The Network. The robots use the network shown in Fig-
Bounded capture time: The completion time for thg—r ure 2(a). This network is deployed above the false ceiling
game is the maximum completion time across ti€) —1 on one floor of a large office building and consists of two
sub-game. However, is it still an open question how far offers: an upper tier containing 6 Stargates (embedded com-
from the optimal completion time this partition strategy is puters running Linux), and a lower-tier containing 56 T&los
Scalability: Our algorithm scales better than the optimanotes (tiny commercial sensor nodes). The sensor nodes run
strategy, since its scaling is dominate by, while the an 8MHz Texas Instruments MSP430 microcontroller, have
optimal scales ap/|P™", and usuallyr << |V|. 10KB RAM and a 2.4 GHz IEEE 802.15.4 Chipcon Wireless
Robustness:If p > ¢(G) xr, our algorithm can assign extraTransceiver with a nominal bit rate of 250 Kbps.
pursuers to evaders to ensure robustness to robot failures. The network provides the robots two capabilities. The
To summarize, our algorithm works as follows. In a dedpper-tier nodes form a wireless communication backboat th
centralized manner, each robot pre-compute$s@ — 1 state can be used for inter-robot communication and coordination



In the absence of this backbone, communication between the Wall-following

robots can be significantly delayed as a result of transientgiyen the paucity of sensors on the Create (and our coarse
network outages caused by robot mobility. The presence gtajization technique), we use a simpial | - f ol | owi ng

a static network infrastructure ensures that robots cackiui penavior using the IR sensors to traverse the environment.
communicate with each other, and thereby coordinate MQtgarly, wal | - f ol | owi ng may not generalize to other
effectively. The lower-tier nodes provide the capability2 yinds of environments. It suffices for our purposes as a mpl
virtual position sensor, and can sense the position of RusSUeyen primitive, traversal behavior; more sophisticatebabe

and evaders. We describe the details of this capabilityvbelogrs can only improve the performance of our system. That

said, ourwal | -fol | owi ng component includes several

L 'aem—z—l optimizations to ensure robustness: in our environment, at
A Ml i RAALL X p @ least, it always results in forward progress.

- 2. The robot continuously emits IR signals and reads the IR
» D ¢ receiver continuously. As long as the IR values are between
o & $9°22 W e P0e®" two thresholds and none of the bumpers are activated, the

o g v a @ oo robot will move forward parallel to the wall using simple PD

w0 4 control.
2 9 @ “ . arivic If the IR reading falls below a threshold, the robot assurnes i

@ ®) has “lost” Fhe wall gnd at_tempts wearch ft_)r it. It does this.

by executing a spiral (simultaneous rotation and trarmsiati
Fig. 2. a)Layout of the network testbed b)robot platform until the bumper senses contact (assumed to be with the. wall)
To avoid open office or elevator doors in the experiments, we
use a “virtual wall” (essentially, an IR transmitter) awdile
from iRobot. When the virtual wall is detected, the robotdrie
avoid going through it by going back and turning to the
for a while without bumping, then going forward while

B. Network-Assisted Localization

Our robots do not have extra hardware such as sonartB

lasers to determine robot poses. In our system, the netw!ﬁ ) . . .
estimates robot position. As we have discussed above, Lning to the right also without bumping. If the bump sensor

use a topological map as a representation of the environméﬂtackt'vatﬁd and the t‘)’"rt]“al_ Wa(‘}:' IS s_lbmléltgnleously detecte
The goal of our network-assisted localization subsysteito js IMvokes theescape benhavior described below.

: : : . .1 The escape behavior is invoked whenever the robot is
approximately place each robot at a node in this topological e e ,
mpellop yPp polog stuck. In addition to the scenario discussed above, this be-
. . e havior is invoked whenever the power consumption of the
This subsystem uses the signal strength of periodic “b&acan . . .
. robot is above a predetermined threshold over a predefined
messages emitted roughly once every second (we add sqme . S
L : . ime window (this might happen when the robot encounters a
randomization to the interval to reduce collisions) by the .
Small obstacle that does not activate the bumper). To esecut
robots themselves.

) ) the escape behavior, the robot simply moves backwards for a
The second-tier motes receive these beacons, and reportall; yistance and then resumes | - f ol | owi ng.

beacons whose signal strength is above a certain thresholdy - ropor's wall following behavior uses the IR transmitter
Tenet [11], a readily available open-source software pg&kanqa; the right side of the robot. As such, it keeps the wall to
for programming wireless sensor networks, is the softwagi (it To reverse direction, the robot implementea ach
that collects the beacon signal strength. A centralizedtroly) o, qvior which enables it to cross a corridor and find the
location server then applies a voting scheme on a S"di'&%posite wall. Thedet ach behavior is simple: the robot
window of reports (the width of the window is 7) to generatgyiels slightly to the left and then moves in an arc until
a location estimate. Since radio propagation charad®sist, p,mper is activated. However, if the robot hits a wall irsles

can vary significantly even with small displacements, W, 4 preset time, it repeats this maneuver since it is eiglik

use a simple heuristic filter to smooth the estimate. Thﬂ'é have crossed the corridor in that (short) time.
filter essentially updates a robot’s current position orftgra

n consecutive reports are received. Clearly, this trades & Navigation

increased latency for a smoother evolution off the estimate The navigation component calculates the goal position, and

Figure 3(a) motivates the need for smoothing the estimatgvokeswal | - f ol | owi ng to move from one topological

and shows the performance of the filter on our testbed.  node to the adjacent one. Navigation is executed every time
Our architecture also allows for a decentralized locatim s the robot changes its position (as well as when any evader

tem. Instead of retrieving location information from thev&, changes its position), so the robot continuously updates it

this information is flooded on the upper-tier network, of @hi trajectory.

the robots are a part. We have experimented with this versionThe navigation component calculates the goal positiongive

as well, and the performance of the system is comparableit®team’s position and that of its assigned evader. Usihg [6

the centralized system, as we show in Section V. we pre-compute a state transition diagram for a given team



configuration. This state transition diagram is pre-loacieall The drawback of our partition strategy is we might use more
the robots, and each pursuer or evader makes a decentralip@duers than the minimum necessary. In a ring topology, 3
local state transition decision, given the current stateis T pursuers are sufficient to capture 2 evaders. In the partitio
decision tells the robot which topological node to move tstrategy, we need 4 pursuers. We believe that this tradeoff
next. is acceptable, since the partition strategy enables efficie
However, there exists an important subtlety in the navigeti capture.
algorithm imposed by the minimality of our platform. Our It is not enough, however, to use the simulator alone. The
robot has no inherent proprioception capability, it canyonisimulator plays an idealized game and differs from the real
travel parallel to a wall, keeping the wall to its right (sinc environment in three ways. First, it is not affected by lecal
the robot has only one IR wall sensor positioned on its rightgation error, which can shorten or prolong a game, dependin
As a result, the robot might actually move in a directioon whether the error affects the pursuer or the evader. Slecon
opposite to that intended by the navigation component. Vehile our robots only follow walls in one direction (and
rectify this, we add a simple posteriori correction to the must cross the corridor to reverse direction) and therefore
navigation component. If theal | - f ol | ower moves the must correct their orientatioa posteriori (Section V), our
robot to a node that it does not expect to arrive at, it invokegmulator does not mimic this constraint. The third diffece
the det ach behavior described above to reverse direction.arises from the synchronous execution in the simulator. In
the real world, the pursuer and evader decision-making tis no
synchronized, and the game may terminate (but infrequently
In this section, we describe the results from several gam&grlier than in a simulator. For this reason, we played a few
played on the physical robot testbed described in Section Ipecifically, 2- 1, 4—2, and 6-3) games on our real world

We play the games on the floor plan shown in Figure 2(apstbed, and we discuss the results below.
using the network whose nodes are shown in that figure. While

V. EVALUATION

our games are played only in the one environment shown (and'oPelogy (@) | t(c(G)-1 game) OI(ZC(GI)'Z Pgame)
future work needs to validate the generality of the claims wesrgs5 33 5 7 pima argt'on
make later in this section), we emphasize two importanttgoin| Cylinder Grid 3x3| 2 3 3 3
about the environment that lead us to believe that our mesult_Torus Grid 4x4 3 4 4 4
would hold generally in other similar environments. Fisty TABLE |

building floor is representative of many office buildings(i. GAMES AND THEIR PROPERTIES

it does not have any unusual features that would materiay |llustrative Game Instance. Figure 3(b) shows the
affect our conclusions) and we do not alter the environmeﬁgjectory of each pursuer during one instance of a 2
in any way other than to place virtual walls in some locatfonsgame. The nodes and solid undirected edges connecting them
Second, our network design is not optimized in any way feepresent the topological map. The solid directed lina®gi
this particular application. Rather, the network was destj with arrows) show the pursuer path as determined by the
to mimic harsh wireless communication conditions to streg§calization system. The dashed lines illustrate the avpalth.
test wireless systems and applications. The edge labels represent the time sequence of the robot.
The convergence time of a game depends on the initihe pursuer and evader’s initial positions are indicatedhey
configuration. We play our games using a worst-case initiébrresponding icons.
configuration (there can be many). To calculate the worséca The game evolves as follows. Pursuers 1 to 4 start at
configuration, we implemented an idealized game simulat@jpsition 3, 3, 4, and 4 respectively, and all evaders start at
which models time in discrete steps and implements th@sition 8 (this is a worst-case configuration, as deterchine
strategy discussed in Section IV. We exhaustively enureergfy simulation). Pursuers execute the partition algorithmd a
all configurations to compute a worst-case configuration. independently decide on their teams. Pursuers 1 and 2 try to
We can also use the simulator to compare the partitie@pture evader 1 and pursuers 3 and 4 will chase evader 2.
strategy with the optimal (Table I) for various topologiespyrsuers 2 and 4 try to corral the corresponding evader by
The first column is the topology. The second column is thghproaching them through the alternate path in the topplogy
necessary number of pursuers to guarantee the termindtiofile pursuers 1 and 3 try to capture evaders by moving
the game for that topology. The third column is the maximumfirectly towards them. At time 2, pursuers 1 and 3 are at
number of steps to terminate the gartjewith 1 evader, which |ocation 2. They do not have to move since either option will
of course is the same in both Strategies. The fourth and flﬁbt affect the game convergence time. At the end of time 2,
columns give the maximum number of steps to terminate ta@ pursuers are at near location 2. All pursuers keep moving
game using optimal and partition strategy for two evadews. Fand are at location 5. At time 4, pursuers 1 and 3 switch their
these topologies, the partition strategy has the same @opl orientation (turn around to another wall invokidgt ach). At
time as optimal strategy. time 5, evaders move to location 0 to be as far away from all
2We place a virtual wall in front of the elevator doors to prevthe robot pursers as possible, otherwise pursuer 1 would have capture
from entering an open elevator. We also place a virtual waliront of the them. Pursuers are at 2, 2, 7,and 7. Finally, at steps 6 and 7,
doors whose thresholds are lower than the height of the €tmanper. pursuers go toward the evaders and corral them since evaders
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do not have any option to escape. the opponents’ strategy or planning algorithm; whether the
In simulation, the capture time for the described game @&wironmentis modelled as a graph (discrete) or a polygon
5 steps. Our results took 7 steps because our robots do foontinuous half-space with lines in 2D as boundaries); how
have a sense of direction and can only reverse direction the evader icaptured whether by being surrounded, seen or
going in the wrong direction to determine that they have dosensed by the pursuer, or approached within a certain distan
so0. This behavior is not capture in the simulator. Despite thor physically contacted; the relatigpeedbetween the pursuer
(and other) non-idealities, our implementation works well and evader;and, if theme to captures important.
the real-world. Table 1l shows a classification of the related work in the

Results across Multiple GamesFinally, Figure 3(c) depicts literature glong these_ dimensions. Our WOI"k is distinctrfro
stveraI pieces of prior work, as shown in Table Il. The

the capture time across multiple games. The capture time i X . )
elty of our proposed work is clear in several dimensions:

similar between the games, as one might expect (since edN!

game is partitioned into a 21 game). However, there areWh"e other work has explored theoretical bounds on evéntua

small differences in capture times. For a 2 game, even with cgpture [22, 23], or pursuit-evasion _under con.str.ainedlwo
a pursuer failure in localization, the game terminated sind1s [2,4’ 21, 28, 29], or has examined sophisticated _c_bnf[ro
only 2 robots are needed in our topology. Our 8 game had strategies [26, 21], our proposed work attempts to minimize

a longer convergence time because robots are not able to mBfetime of carl)_ture_:d Of:‘ rﬁult_|-p:1rsu?_r mgltl-evader undier t
at nominal speed continuously as a results of floor surfaBEgmatic realization of physical multi-robot games.
differences and because (as it happens in our environmentB” [4], an algorithm to .determme if K pursuers are sufficient
pursuers bump into each other and are slowed down duriify CaPture an evader is presented. They also showed that
obstacle avoidance. every graph is topologically equivalent to a graph with pers

A video demonstrating a game is available online [12]. Thi2umber at most two.
video was taken by attaching a video-capable cellphone to/n the survey presented by Alspach [30], a number of
each robot, so it shows the progress of the game from tirferences on the necessary number of pursuers for a given

perspective of each robot. One can see the wall-followirdy af@Ph class can be found. Aigner and Fromme [22] proved
detach behaviors at work. that in a planar graph G, 3 pursuers are sufficient for the

pursuers to win the game. Quilliot [31] extended this result
VI. RELATED WORK giving an upper bound to the number of pursuers depending

Our broad interest is in the theme of using pervasi\%? the genus Oftt?f 3rapz G.tr:n [32], thrf ne((:jes?ary “”{T‘be“
sensing and communication infrastructure with actuation. of pursuers 1s studied under threée grapnh product operations

the robotics and sensor networking communities this arg};\[33]' given ce_rtam conditions, the complexity of putsoin
has burgeoned recently. Examples include investigations %graph is Exptime-complete. i
sensor-network guided robot localization [13], sensdwnek To the best_of our kn_oyvle_:dge, we are the first to present_ a
guided robot navigation [14, 15, 16, 17] and exploration],[18scalable angnthm to minimize the tlme_ to ca_ptgre of a multi
robot-assisted sensor network localization [13], rolsstisted PUrsuer multi-evader game, and to validate it in a real-orl
sensor network deployment [19, 20, 18] and sensor—netwdmplementat'on'
guided robot pursuit-evasion [21].

To situate our work in the existing literature, we classify
the type of PEGs using seven criteria: tlado of the number  We presented an assignment algorithm that guarantees
of pursuers to the number of evaders; whether pursuers dhd game terminates, has bounded captured time, is robust,
evaders have full and/or globuisibility, or whether they can and is scalable in the number of robots, being suited for
only see within a threshold distance or until occluded byractical applications. We have reported on the design and
an obstacle (usually modelled by the edge of a polygon @xperimental characterization of a nontraditional motmleot-
2D); what additionainformation robots have with respect tobased pursuit evasion system. In our system robot sensing

VIlI. CONCLUSIONS



[22] [23] [24] [25] [26] [21] Our work

Pursuer to Evader Ratip > 1 1 >1 >1 >1 1 > 1
Pursuer Visibility full full local local local full full
Evader Visibility full full full full local none full
Information full full full full no pursuer full full

Environment Graph | Polygon | Polygon | Polygon | Polygon Polygon Graph

Capture touch touch see touch touch touch touch

Speed (faster entity) | same same same evader any same same
Time to Capture no no no no no no yes
Robot Implementation | None None None None Partial Partial Full

TABLE Il

RELATED WORK IN PURSUIT-EVASION

and communication is enhanced by an environment-embedd@ss) G. Alankus, N. Atay, C. Lu, and B. Bayazit, “Adaptive endoied
network. We have validated the feasibility of our algorithm
by experimentally playing mobile robot-based pursuit e&ms [17]
games on a physical testbed.
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