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Abstract—We study the problem of a mobile target (themouse) ~ to prepare for damage activities or gather intelligence. It
trying to evade detection by one or more mobile sensors (we kta may also be able to sense its environment or plan its

such a sensor &at) in a closed network area. We view our problem tt id detecti Similarly. th il
as a game between two players: the mouse, and the collection movement 1o avol etecton. simiarly, the surveillance

of cats forming a single (meta-)player. The game ends when ¢h Sensors may be mobile. For example, they are carried

mouse falls within the sensing range of one or more cats. A cat by robots. UAVS. or a pIatoon on patrol schedules. Each
tries to determine its optimal strategy to minimize the worg case ' ’

expected detection time of the mouse. The mouse tries to datgne _Sensor W'”_ hfave a sensing range ?nabl'ng it to detect an
an optimal counter movement strategy to maximize the expeett intruder within the range. By moving, the sensors may

detection time. We divide the problem into two cases based on pe gble to efficiently cover the network area over time
the relative sensing capabilities of the cats and the mous&/hen '

the mouse has a larger sensing range than the cats, we show how‘althouQh they do not have. sufficient denS|ty to ensure
the mouse can determine its optimal movement strategy basesh complete coverage all the time. The sensors’ movement
local observations of the cats’ movements. When the mouse $ia may be either deterministic or randomized. In particular,

a sensing range smaller than or equal to the cats’, we develop tochasti ti frective i . f
dynamic programming solution for the mouse’s optimal straegy, stochastuc movement IS efieclive In overcoming uniore-

assuming high level information about the cats’ movement mael.  Seen or probabilistic events in the operating environment,

We discuss how the cats’ chosen movement model will affectsit g ch as the failure of another sensor. or the unexpected
presence matrix in the network, and hence its payoff in the game. ’

Extensive experimental results verify and illustrate the aalytical presence of obstacles in the surveillance area.

results, and evaluate the game’s payoffs as a function of senal In this paper, we model and analyze the game between
Important system parameters. the sensors and the intruders. The sensors plan their
I. Introduction movement to detect the intruders as soon as possible,

in order to initiate timely response against the presence
of the intruders. The sighting of an intruder can be
reported by a wide-area cellular or 802.16 network
i (I)rastructure, and the response action can be in the

the strategic zone is vast and sometimes spans diffic {n: of/ralstlng ﬂt]he a_Ietrt Ijvel, orltr?endlhng |nhtroo?s :O
terrains, it is impractical forX to install an expansive . estroyicap ur? el.'r.]tlru ers,.da gu_g tr?uc ac uaTL:)n
static sensor network covering the whole area, and ensifeu©S are not expicitly considered n the paper. the

that all the sensors are operational and functioniﬂntrUderS’ on the other hand, plan their movement to

according to the planning stage. Instead, with advancgéo'd detection for as long as possible, in order to

in robotics and unmanned aerial vehicles (UAVs) [8], iProlong their own mission. In addition, an intruder itself

will be feasible for the zone to be monitored by a balance® have a ster]lstlkrllg range alloy;/;]ng lttt)olseedthte pf[redse\;:lce
of mobile robots, UAVs, patrol vehicles, etc, accordin r movement ot the sensors without being detected. Vve

to the deployment conditions. It is then important t nalyze the best movement strategies for both the mobile

. : . Intruders (we call such an intruder raouse) and the
control the patrol routes in order to achieve effectlvélob"e sur(veillance sensors (we call such a)senmt)
area monitoring. a

We consider the use of a group of surveillance sensol'f'gder different conditions in a closed network area. We

to secure a network area against one or more intrude?s>uMe that the network area is of uniform interest to a

An intruder (e.g., an enemy vehicle) may lurk in the aredouse, and use t_he “'T”e until detection as the primary
performance metric of interest.
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Consider a strategic zone belonging to counify
and bordering with another untrusted couniry For
its national safety, it is important foK to monitor the
zone for the presence of any intruder. However, beca



for the mouse’s expected detection time; i.e., themovement information can be exploited by the mouse to
solution minimizes the maximum expected deteavoid or delay detection.

tion time over all possible starting positions of the

mouse in the network area. The optimal cat and I1l. Related Work

mouse strategies are in Nash equilibrium. Meguerdichianet al. [6] derive an optimal path for
« For aseeing mouse having a larger sensing range; mopile target to minimize its exposure to a set of

than that of the cats, we show how the mouse caiyiic sensors in getting to a given destination. They do

use its local observations of the cats’ movements {Q,t assume that the target can observe the sensors, and
maximize the expected detection time. implicitly study the case of the blind mouse only. Our

« We present extensive experimental results 10 Verategic goal for the target is also different. Rather than
ify and illustrate the analytical results. We alsqninimize the target's exposure in getting to a specific
empirically evaluate how the detection time caRegiination, our goal is for the target to minimize its
be affected by important system parameters, sugfspapility of being detected by the sensors, among all
as the players’ movement strategies, their sensigssible paths to all possible destinations.

ranges, and the speeds of their movements. Network coverage by mobile sensors has also been
addressed by Liet al. [5]. Their work and ours differ
in the following aspects. First, we consider a closed

We study the problem of one or more mice trying tmetwork area with explicit boundaries, whereas they
evade detection by one or more cats in a closed netwarsinsider the network to be an unbounded infinite space.
area. The network is modeled as Anx Y rectangular Second, they implicitly study the case of the blind mouse
region, whereX andY are in distance units. When thereonly. We show how a seeing mouse can use local obser-
are multiple mice, we assume that each mouse will tyations of the cats’ movements to avoid detection. Third,
its best to escape detection, independent of the actidghsy assume infinitely many cats spatially distributed
by the other mice. Hence, without loss of generality, waith a given density (in the steady state). We assume a
will consider the case of a single mouse. We will vievgiven number of cats, and consider how their movement
our problem as a game between two players: the moust&rategy can impact their steady state spatial distributio
and the collection of cats forming a single (meta-)playefe.g., uniform versus non-uniform), which can in turn
The mouse has a sensing rangeRyf, and a speed of impact their ability to detect the mouse quickly.

V. For simplicity, we will assume that each cat has a Pursuit-evasion games have been studied in the con-
sensing range oR. and a speed of.. The assumption text of a DARPA research challenge [3], [4], and sys-
can be easily relaxed to include the case when differelein implementations are available [7]. While pursuers
cats have different sensing ranges and different speedgbésing evaders in a pursuit-evasion game is similar in
movement. The game ends when the mouse falls withimagery to our cat-and-mouse problem, the technical
the sensing range of one or more cats. problem formulation is quite different. Their goal is

Given that the mouse is initially located at positier; not for a pursuer to eventually detect an evader whose
the expected detection time of the mouse is denoted pgsition was unknown to the pursuer, but mtuating
E[Tdeteet] which is also the mouse’s payoff in the gamethe pursuer to physically intercept an evader assuming
For the cats, we assume that the initial position of thiéat the pursuer can observe the evader's movement. The
mouse is in general a random variable whose distributignursuer’s goal is for the interception to occur as far away
is unknown. Hence, the cats try to minimize the maxirom a given position as possible.
mum payoff of the mouse over all the initial positions; In [1], an optimal algorithm is presented for a sensor
i.e., the game’s payoff for the catsdsmax,, E[T2¢*!]. moving in a circle to maximize the capture of given
Notice that because the initial position of the mouseansient events. Their events differ from our targets in
is known to the mouse, but not to the cats, the gantleat (1) they neither move in space nor attempt to evade
is not a simple zero-sum game. A player’s strategy idetection, and (2) they may disappear according to a
the game specifies how the player should move in tlgiven random process. Rather than move in circles, our
network area. The mouse and the cats will optimize thesensors are allowed to have more general movement over
strategies in order to maximize their own payoffs. a two-dimensional network area.

We consider general movement strategies for theRather than movement during the sensing process, a
mouse and the cats. They can be autonomous or reactiv@re limited form of sensor movement has been used in
and they can be deterministic or probabilistic. In partidaybrid mobile/static sensor networks [9], [10]. In these
ular, when the mouse has a larger sensing range thatworks, the sensors may move to better deployment
the cats (i.e.,R,, > R.), the mouse can see some opositions when the network is formed, but they do not
the cats’ movements while remaining undetected. Suatove after the network is formed, or a mobile relay

II. Problem Formulation



may move among static sensors to facilitate the daxynamic programming solution for the best strategy:
collection by acting as a sink of the data. Given the presence matriX, what strategy should the
] mouse use to maximize the expected detection time? One
IV. The Blind Mouse: R. > R, simple greedy strategy is for the mouse to continually
In this section, we focus on the case where the cat®ove to the neighboring cell having the lowest presence
have a longer sensing range than the mouse. In this cgsmbability, and stop moving when all the current cell’s
the mouse is always detected before it can see the aajghbors are more dangerous (i.e., they have a higher
hence, the mouse can be considered a “blind” mousepresence probability). The intuition is that the expected
detection time will immediately increase whenever the
mouse visits a new cell along the path. However, the
Since a blind mouse cannot sense a cat's actuglkeedy strategy may not always find the best path for
movement, the mouse is assumed to have some high leed mouse, since it prevents the mouse from considering
information about the cats’ movements in order to avoidhose paths that temporarily access a more dangerous
detection. Specifically, we assume that the mouse knowsighboring cell but will eventually lead to a safe
the statistical movement model and the sensing rafige network location. For example, in Figure 2, the greedy
of the cats. Based on the information, we estimate tistrategy suggests that the mouse should move frona.cell
probability of finding at least one cat for any position irto cell ¢ along the illustrated path, and finally stopcat
the network, and design the best strategy for the mouldewever, under most values of the mouse’s and cat's
accordingly. speeds, the optimal path for the mouse is to move from
With a sensing rang&,., each cat controls a circularcell a to cell b.
region of arear R2. Roughly speaking, each cat controls
a square region—which we call @ll—of size s x g, | %] %% 000 0o07s| ooors| oory ocors) 0oRS
with s = /mR.. We then consider the network aredcsws e |ow | o657 oo | o5
to consist of X/s by Y/s disjoint cells, with each cat ST
controlling the cell in which it is currently located. The T rro;ofz?%
presence matrix II is defined such thall[x,y] denotes [ows | o¥ oo’ oo | oos | oos
the probability that at least one cat is presentin cefl |1 N | | _
(z,y) at any instant (when the context is clear, we nise L e e
as a shorthand fdil[z, y]); note thatll can be obtained [°®=|°® | § | oe | oo | oo
since the cats’ movement model is known. For inStanCe o Tomn o oo ast ssszooos oo
Figure 1 shows the presence matrix for a single cat (i.€.,
N. = 1) moving under the random waypoint (RWP)
algorithm [2] in a network area af0 x 10 cells.

A. Strategy of the mouse
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Fig. 2. A greedy movement strategy may not be optimal.

To avoid missing the optimal path, we apply the
dynamic program as shown in Figure 3. In the figure,
there are three groups of variables, namgljfdetect],
E[T™], and E[T;%"¢]. The value E[Td*"] rep-
resents the expectéd detection time when the mouse
starts at celi and uses the best path among the paths
considered so far. This value will be updated as the
algorithm proceeds, and will eventually hold the desired
expected detection time when the mouse usestthe best
Fig. 1. The presence matrix withO x 10 cells for a single cat path among all possible pa_ths. .The Va“EQTiS "]
moving under the RWP algorithm in the network area. The mdan §€notes the expected detection time when the mouse
the probabilities is 0.01, while the standard deviation.1@. starts at cell and stays there forever. Finally, the value

E[T}m2v¢] denotes the expected detection time when the
Remark: If N. > 1 and the cats are moving inde-mouse starts at cel, moves to a neighbor cell and
pendently under the same movement model, it is eafllows the best strategy once it reaches ¢ell
to obtain the presence matrix for N, cats based on In the algorithm, we initializeF[T2**!] to E[T**Y]
the presence matrix of a single cat. In particular,gdet for each celli in Line 1, and insert the cell into a heap
be the presence probability of one cat in cellThen, with key value E[T{¢**“!], sorted in decreasing order
the presence probability for at least one of tNg cats (Line 2). For each iteration (Line&12), we first extract
appearing in celi is m; = 1 — (1 —p;)Ne. Also note that the celli with the largest key value from the heap, so that
Y,pi=1 and Y. m < N.. the valueE[T¢**!] will not be further updated. Then,




MAXIMIZE DETECTTIME()

1 Initialize E[Tet*<t] of each celli with E[T"*Y] )

2 Put each celi into a max-heap using[T#¢¢¢] as key ki i i detect

3 while heap is not empty mi(1 — i) BT tdt + (1 — mi) P (BT ]+ te.i)

4 Extract cell: from heap with largest key 0 . .

5  for each neighbor celk of i It can be shown that the dynamic program has time
6 Calculate E[T;77"°] complexityO(nlogn), wheren = XY/s2. We omit the

7 if BIT"ve] > BTt analysis due to limited space.

8 Update cellk’s key E[Tgetect] to E[T]0v¢

9 Re-insert cell; into the max-heap B. Strategy of the cats
1(1) end'vi'farkl ask's next step Based on the strategy in the previous section, the
12 end for mouse may eventually move to a safer position that has
13 end while a lower cat presence probability than its current posi-

tion, thereby maximizing the expected detection time.
Accordingly, the best strategy for the cats is to maximize
the minimum presence probability among all the cells in
1T

Fig. 3. Dynamic program for the mouse’s best strategy.

for each neighboring celt of i, we updateE[T¢!c!]

to E[Ty"] if the latter value is larger, meaning that The maximin strategy implies that when the cats are
the mouse starting at celi can benefit from moving to 4ying independently under the same movement model,
cell 7. If there was an update, we reinsert delinto the e pest choice for each cat is to move in a way such
max-heap with the updated key value (Liries). AlSO,  {hat the presence probability is the same in each cell. (We
we mark celli to be the next cell to move to when thegy|| the resulting presence matrix in which all the entries

mouse is in celk (Line 9). have equal values aniform presence matrix.) With a
The correctness of the algorithm follows from the facfniform presence matrix, there is no particularly safe
that when cell is removed from the heap in Line 3,pj5ce for the mouse to stay, which reduces the (worst-
B[Te*"] is set to the expected detection time for @ase) expected detection time of the mouse. One simple
mouse starting at ceil and using the best path. This iSexample movement that will yield a uniform presence
because all the paths that go through a neighboricellyatrix is to sequentially and circularly scan all the net-
of cell i either (i) are already considered if céllis \york cells. However, the deterministic nature of the cats’
removed from the heap before cell or (i) yield a moyements may allow the mouse to accurately predict
smaller expected detection time if cdllis still in the \yhere the cats will be and therefore easily avoid them.
heap. _ . Hence, a probabilistic movement strategy for the cats
It remains to show how to comput&([7;"*’] and s necessary and preferred in practice. In Section V-B,
E[T}"*¢]. To do so, we introduce a concept called thge will present a simple, practical, and randomized

cell sojourn time, which is the length of time that a catmygyement model which can achieve a presence matrix
stays in the current cell before it moves to a neighboringsse to being uniform.

cell. The expectedojourn time, denoted by=[T*], can |t N, cats move in disjoint areas of the network,
be calculated since the cats’ movement model is knowhe sum ofr; in the presence matrix is equal ¥,

For the purpose of estimation, we may assume that thgich is greater than the sum af if the cats move
status of whether any cat is present in a certain cgl{gependently to monitor the network area. This suggests
is unchanged during the time intervidt, (¢ + 1)t), for  that if the cats are allowed to move in a coordinated
t = E[T*] and any non-negative integérThen, we can way, we should always assign them disjoint areas in the

estimate£[7;*""] by network to monitor. Accordingly, the best strategy for
o the cats is to divide the network intdy, equally sized
((E[T*))m; (1 — m)" = E[T°]/m;. (1) Partitions, in which one cat moves within each partition
=0 to yield a uniform presence matrix.
To calculate E[T7°**] based on the optimal V. The Seeing Mouse:R. < Ry,

E[Tidetect], we lett; ; be the time taken by the mouse In this section, we discuss the case when the mouse
to move from (the center of) cell to (the boundary of) has a larger sensing range than the cats. In this case,
cell i. Then, the mouse will either be caught in cellor once a cat enters the mouse’s sensing range, the mouse
it can reach cell so that it is expected to be caught aftecan know the cat's movement in advance without being
another time ofE[Td¢*e*]. The probability that it can detected. We first propose a strategy for the mouse to
reach cell; without being caught can be estimated bgscape from the cats based on such advance knowledge.
(1 —m;)t+/EIT"] "Using an approach similar to the onéWe then discuss some possible strategies that the cat may
used to estimateZ[7°'*Y], we can estimateZ[T;°*]  use to reduce the detection time, knowing that the mouse
by ' may run away when it sees the cat.



A. Strategy of the mouse y is maximized when this angleris2
Mouse

We first study the special case in which there is only|
one cat in the network. Then, we generalize the strategy +

to maximize v

. Vm "y,
to the case of multiple cats.
Avoiding a single cat: When the mouse tries to escape Ve
from a cat, it is better if it can move in a directigisuch Cat
that the minimum distance between the mouse and the
cat (assuming that the cat does not change its speed and @V =V — Ve (b) To maximize-y.
moving direction) in the future is as large as possible. Fig. 4. The mouse’s choice gf* to maximize~y.

Let C and M be the current positions of the cat and

the mouse, respectively. Let be the moving direction N . , -
of the cat. Then, the position of the cat at timelenoted the directions. In other words, if there arg cats within
by C(t), can be expressed as the sensing range of the mouse, we have

C+ (Vocosa-i+ Vesina-j)t. @ 5 =argmax mm{d;(ﬁ),d;(ﬁ),...,d;(ﬁ)}. (6)

Similarly, if the mouse chooses to move in a direc-
tion 8 at a speed of/,,, the position of the mouse at
time ¢, denoted byM (3, t), can be expressed as

Notice that in the case of multiple cats, a directj®n
that maximizes the minimum distance for one cat does
not necessarily yield a short minimum distance for an-
M+ (Viypcosf-i+ Vpysing-j)t. (3) other cat. Finding the optimé&l* may require us to con-

) sider all theQ(j2) intersections between any two of the
Then, the distance between the cat and the MOUSQ . esq:(3). An alternative way is to obtain a close

at timet is equal tod(f,t) = [|C(t) — M(5,1)l. BY agtimation of3*, by choosing a small angieand com-
differentiatingd(3, t) with respect tot, we can find the uting alld* (3) values forg = 0,8, 26,3, ..., |27 /66,
minimum distance between the mouse and the cat fgﬁd then ;‘indingﬁ* based onvo’nlyv these values. The

t = 0. We denote _SUCh a distanc_e @S/(ﬂ). . drawback of the above estimation is that we may miss the
In other words, in order to maximize the distance frorgima) 3+ when it is not a multiple of. However, there
the cat in the future, the mouse should find a direcion are onlyO(j /) values to compute, and the simplicity
such that . y of the method will usually allow us to obtain a good
pr= arghax @ (B). (4)  enoughg* efficiently in practice.

Remark: In fact, by a simple geometric argument, thé:)_egree of freedom and a revised strategyin general,

optimal 5* for the single-cat case can be easily obtaineé.IS npt ne*cessary_ for the mouse to c_hoose the optimal
Essentially, the cat is moving in a vecttir = V. cosa - irection 3* to avoid being caught. It is because when

i+ Vesina - ), while the mouse choosing a directigh cholosmg a _(t:hrec_'uc.)rﬁ, a (;r_m:use V\f['" nlcl)tthbe d?tef:tet?]
is Moving in a Vecton,, = V,,, cos 3 - i + Vi, sin 3 - 5 as long as its minimum distance to all the cats in the

Equivalently, we may assume that the cat is stationalr%u,ture is larger than the cat_s sensing rarigg Hence,
while the mouse is moving in a directidifi — an - ‘7} e mouse may choose a direction frorfeasible set B
towards the cat. To maximize the distance between tﬁgm that

cat and the mouse, we want (the absolute value of) the
angley betweenl/ and the vector from the mouse to the
cat (i.e.,é — M) to be as large as possible. As shown
in Fig. 4, we have

B- {ﬁ nggj (@)} > Rc} NG

Thus, the larger the size @ is, the more directions

the mouse can choose from, so that it is more likely for a
) _ (5) Mmouse to escape successfully. Note that the mouse may

have fewer choices when it is located at the boundaries

or the corners of the network area. In fact, if the cats
Avoiding multiple cats: We have shown how the mousemove under the RWP algorithm and the mouse uses the
can choose the optimal directigit when there is only above strategy to escape (so that it chooses to move
one cat. In the case of multiple cats, we need to fidi a at an angle of3* when one or more cats are around,
that maximizes the minimum distance to all the cats iand stops moving when no cat is around), the results in
the future. Using similar notations, we léf(3) denote Fig. 5 show that the mouse will likely be “pushed” to the
the minimum distance between the mouse andithe corners/boundaries of the network, and then be caught
cat in the future, assuming that the mouse is moving there.

. Vin
16} —oz—i—arccos,(V
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Fig. 5. The black dots show the positions where the mousetésel
in 50,000 simulation runs. The mouse is caught at the the amktw
corners and boundaries in most cases.

Fig. 6. The presence matrix wittd x 10 cells for a single cat moving
This leads to a revised strategy for the mouse tider the bouncing strategy in the network area. The mairoldse
always move towards the center region of the netwofk e uniform presence matrix.
whenever there is no cat detected within its sensing
range. We call this theentric strategy. Our results in the network area, we will refer to the movement as the
Section VI show that this strategy always works wekican strategy.
among the strategies evaluated, even if the cats use RWR) Benefits of dynamic programming solution for

movement. the mouse: We compare the performance of different
movement strategies for the mouse in Table I. In the
B. Strategy of the cats table, the column “DP” refers to the case when the mouse

Since a cat knows that the mouse may see it beforedgtermines its movement by the dynamic programming
sees the mouse, the cat may assume that the mouse gifiategy in Section IV-A. The mouse is initially located
try to run away from it in advance. One logical choice ofit the center of the network area. The column labeled
strategy for the cats is then to visit more frequently theStay” in Table I is used for baseline comparison, and
center region of the network, where the mouse has mdgfers the to case when the mouse simply stays at its
freedom to move and escape. As shown in Figure 1, a &@rting position (i.e., it does not move at all afterwards)
can achieve the goal of visiting the center region morEhe experiments use one cat. Its movement strategy is
often by playing the RWP strategy. On the other hanghown as the rows of Table I, and is chosen to be
the cats may also benefit from a movement strategy tHa) the uniform scan strategy, (2) the bouncing strategy
will yield a uniform presence matrix, so that they willin Section V-B, and (3) the random waypoint (RWP)
eliminate safe havens for the mouse to hide in. As bogirategy, in three sets of runs. From the table, notice
kinds of strategy have their merits, we will compare theihat the mouse can achieve a significantly higher average
empirical performance in Section VI. detection time by playing the dynamic programming

We now describe a simple and practical realizatiogfrategy, as the analysis in Section IV-A shows.
of random movement that will allow the cats to achieve
a close approximation to the uniform presence matrix. TABLE |
|n the movement algorithm, a cat moves in a StraigrﬁvERAGE DETECTION TIME(IN S) FOR DIFFERENT CAT AND MOUSE

. [ MOVEMENT STRATEGIES IN A500M BY 500M NETWORK.
line until it hits the boundary or a corner of the network y, — v, "= 10 m/s, R. = 25 M, AND THE MOUSE IS INITIALLY

area. Whenever it reaches the boundary/corner, it selects LOCATED AT THE CENTER OF THE NETWORK
a direction randomly and uniformly from all the feasible [ M.\ M., | DP [ RWP | Stay |
directions and proceeds to move in the selected direction. [ uniform scan 1083.26| 415.31] 511.50
We call this movement model thbouncing strategy. Bouncing 628.66| 442.23| 30503

. : . RWP 2823.26| 271.73| 226.13
Figure 6 shows the presence matrix for a cat moving
under the bouncing model.

VI. Experimental Results 2) Uniform presence matrix benefits the cat: The

, “DP” column in Table | also shows how a uniform

A. The blind mouse: R. > Ry, presence matrix may benefit the cat. From the results,

This section evaluates the case of a blind mouseotice that the simple scan strategy can greatly reduce
Unless otherwise specified, we report average resultge detection time compared with the non-uniform RWP
over 100 simulation runs, each lasting 200,000 second#tategy. However, as discussed in Section IV-B, the
We omit the standard deviations, because they are vahgterministic nature of the scan strategy may allow the
small compared with the means. In the discussion, whemouse to predict where the cat will be in advance and
a node deterministically cycles through all the cells ithus effectively avoid the cat. To avoid the problem, the



bouncing strategy can closely approximate the uniformouse moves at a higher speed. This is because a faster
presence matrix without being deterministic. mouse can move from its current position to a safe
3) Effects of the cat’s sensing range:In this ex- position more quickly, and benefit from staying in the
periment, there are one cat and one mouse moving irsafe position longer. We also find that the mouse can
500 m x 500 m network area. The mouse plays thbenefit more from moving at a higher speed, if the cat
dynamic programming strategy. The cat uses (1) tlitself is moving at a higher speed. This shows that a fast
RWP strategy and (2) the bouncing strategy, in tweat will force the mouse to be fast to avoid detection.
different runs. We measure the average detection time of
the mouse for different sensing rangég,, of the cat.
Fig. 7 shows that a&. increases, the average detection
time decreases as an inversely proportional function of
R., showing that the cat’s ability to detect the mouse
increases proportionally to its sensing capability.
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o w20 Ri"(m) 40 %060 the cat and the mouse in a 500 m by 500 m netwdik.of the cat is
15 m.

0

Fig. 7. Average detection time (in s) of the mouse versus #is c
sensing rangek. (in m); Ve = V,,, = 10 m/s.
We further show that the path of movement computed
4) Number of cats: In this experiment, we measureby the dynamic program in Figure 3 is dependent on
the average detection times when the number of cdhle speed of the mouse. In Figures 10(a) and 10(b), the
is varied. The network area is 500 m 500 m, and the gray level represents the cat's presence probability (the
sensing range of each cat is 25 m. Similar to the previodgrker an area, the lower the cat’s presence probability
experiment, the mouse plays the dynamic programmitigythe area). The cat has a speed of 10 m/s. The arrows
strategy, while the cats independently play either the the figure show the escape paths of the mouse in a
RWP or the bouncing strategy. Fig. 8 shows that &0 mx 500 m network area divided into 10 10 cells.
the number of cats increases, the average detection tififee paths when the mouse has a speed of 10 m/s are
decreases, approximately like inversely proportional ghown in Figure 10(a). The paths when the mouse has
NEF, wherek is a constant slightly larger than one.  a higher speed of 15 m/s are shown in Figure 10(b). In
the figure, cellsj and k are celli's neighbor. Cellk is
3000 safer thanyj, and both of them are safer thanAssume
200 that the mouse is currently in cell Notice that when
2000 the mouse has the lower speed, it will move to the less
safe neighborj becausej is closer in distance thah.
Choosing the closer neighbor allows the mouse to leave

1500
1000

500

Average detection time (s)

ol the more dangerous cell soon (considering that the

o w3 00 mouse moves slowly). When the mouse has the higher
Fig. 8. Average detection time (in s) versus the number of dat spe(_ad, it can afford to move a longer d|3ta'jlce before
in a 500 m by 500 m network are®; = V,, = 10 m/s. leaving celli. Hence, it will choose to move directly to

) . the safer neighbok althoughk is farther away.
5) Effects of V., and V,,, on dynamic programming

solution: In t_his experiment, there are one cat gnd ong The seeing mouseR,, > R.

mouse. We illustrate how the expected detection time

of the mouse varies with different speetls and V,, We now evaluate the case of a seeing mouse. In the
of the cat and the mouse, respectively. The mouse plagxperiments, unless otherwised specified, the cats play
the dynamic programming strategy. Fig. 9 shows that titee bouncing strategy an. = 5 m andR,,, = 10 m.
average detection time is reduced when the cat mow&& report maximum, minimum, and average results over
faster (i.e.,V. is higher). This is because a faster cab,000 simulation runs within a 100 m by 100 m area.
can cover a larger area in the same amount of time.1) Movement direction § for the mouse: In this
Notice also that the detection time increases when te&periment, we report the optimal directigh calculated
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Fig. 10. Escape paths calculated by the algorithnas a function of the cat's sensing ran@&. Ten cats are randomly
Maxi m zeDetect Time() for a 500 m by 500 m network placed in a 100 m by 100 m networR,, = cc.
area divided into 10 by 10 grids, for different speeds of trmuse.

by Egn. 6 to maximize the minimum distance betweepoth the optimal minimum distance (of the mouse) from

the cats and the mouse. We uge=V,,, = 5 m/s. any of the cats and the average detection time decrease.
There are six cats and one mouse. Figure 11, shows

the minimum distance of the mouse from each cat, as

a function of the mouse’s direction of movemehtin Maimum

the figure, the thick line shows the minimum distance of L Median ]

the mouse from any of the cats. Of the thick line, the

dark segment shows the range of the movement angles

over which the minimum distance (from any of the cats)

is maximized, and thus gives the range of the optimal

maximin solutions computed. Any angle that falls within

the range can be used by the mouse as its optimal

movement direction. N
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3) Effects of R,, and V,,,: We show the impact of
the mouse’s sensing randg,, on the detection time in
Figure 14(b). AsR,, increases, the mouse can detect
the cats earlier and are better able to make the necessary
N M N moves to avoid the cats. Hence, the detection time
Beta (degree) increases significantly at first. AB,,, increases beyond
Fig. 11. The minimum distance* (8) calculated by Equation 6 9 m, however, the detection time does not change much.
between six cats and one mouse as a function of the mousemme™ This shows that information about the cats that are far
direction 3. The cats and the mouse are initially randomly placed in .
a 100 m by 100 m network. away (as captured by a large sensing raRgg may not
be that useful to the mouse in determining its immediate
2) Effects of R. and N,.: In this experiment, we course of action.
use ten cats, and show hai. can affect the range of The results in Figure 14(c) show that the detection
maximin solutions available to the mouse as it tries thime generally increases as the mouse’s speed increases.
find an optimal angle of movement. In Figure 12, wéhis is because a faster mouse can avoid the cats more
report the fraction of the movement angles that are muickly and allow itself more choices of the optimal
the feasible seB (defined by Equation 7) as a functionmovement directiors*.
of R.. The results show that the fraction of feasible 4) Comparison of different strategies: We dis-
solutions decreases like exponentially Bs increases cussed the bouncing and centric strategies for the mouse
(up to R,,,), showing that the mousedegree of freedom in Section V-A and Section V-B, respectively. In the
in choosing a solution is severely restricted as the catgeing mouse case, these strategies define what the
sensing capability increases. mouse should do when it sees no cat within its sensing
We next consider the effects 8f., the number of cats. range. An alternative strategy in such a situation is for
In Figures 13 and 14(a), we show that s increases, the mouse to simply stay where it is, presumably to
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conserve energy, and we call it ttgatic strategy. In a group of mobile sensors trying to detect the target as
this experiment, we compare the performance of thegeickly as possible. For a blind mouse, we presented
strategies for the mouse, while ten cats in the netwodnd analyzed a dynamic program for the mouse to
play either the bouncing or the RWP strategy. maximize its expected detection time, assuming high
The average detection time results are shown lavel knowledge about the cats’ movements. We further
Fig. 15. As a baseline case for comparison, we also shangued that the cats’ choice of a uniform presence matrix
a “stay” strategy in which the mouse simply stays atan minimize the worst case (over the mouse’s starting
its starting position; i.e., the mouse never moves (i.@psitions) expected time to detect the mouse. For a see-
V» = 0) and doesot apply Equation 6 to determine itsing mouse, we presented an efficient optimal algorithm
angle of movement. From Fig. 15, notice that bouncingased on geometric arguments that allows the mouse
is the best strategy for the cats, where their preseniwe maximally delay detection by reacting to the cats’
matrix is approximately uniform. For the mouse, its beshovements within its sensing range. We then discussed
strategy depends on the cats’ strategy. When the cats pigssible counter strategies by the cats to reduce the
the bouncing strategy, the best strategy for the mouseeispected detected time. Extensive experimental results
centric. When the cats play the RWP strategy, the bestrified that the optimal algorithms can significantly
strategy for the mouse is bouncing. The results show antperform alternative heuristic algorithms.
interesting interplay between the cats’ and the mouse’s
movements. When the cats use the bouncing strategy,

the mouse benefits by moving towards the center of tié N- BiS”i‘g_IA- Abouzeidvb_ancti tV- Isler, If‘tStOChta_StE% evemgt;;e
. . using monile sensors supject to a quality metric, Hiroc. -
network, where it has a higher degree of freedom S oM, September 2006.

discussed in Section V-A. However, this higher degrge] J. Broch, D. A. Maltz, D. B. Johnson, Y. C. Hu, and J. Jetehe
of freedom is offset, in the case of this experiment, “A performance comparison of multi-hop wireless ad hoc roekw

] ; outing protocols,”, inProc. MOBICOM, 1998.
when the cats use the RWP strategy to achieve a hlgfﬂgl[H. Cao, E. Ertin, V. Kulathumani, M. Sridharan and A. Aaor

presence in the center area. The static strategy performspifferential games in large-scale sensor-actuator nefted in
the worst in all of the cases measured. Proc. Int. Conf. Info. Proc. in Sensor Networks, 2006.

[4] J. P. Hespanha, K. H. Jin, and S. Sastry, “Multiple-agerdba-
bilistic pursuit-evasion games,” iRroc. |IEEE Conf Decision and
Control, vol. 3, 1999.

[5] B. Liu, P. Brass, O. Dousse, P. Nain, and D. Towsley, “Miopi
Improves Coverage of Sensor Networks,”Rnoc. MobiHog 2005

[6] S. Meguerdichian, F. Koushanfar, G. Qu, and M. Potkonjk-
posure In Wireless Ad-hoc Sensor Networks,"Rroc. MOBICOM
2001.

[7] L. Schenato, S. Oh, and S. Sastry, “Swarm coordinatiompéosuit
evasion games using sensor networks,” Rroc. Int. Conf. on
Robotics and Automation, 2005.

[8] R. Teo, J. S. Jang, and C. J. Tomlin, “Automated MultiplévU

Flight — the Stanford DragonFly UAV Program,” iRroc. |EEE

Conf. Decision and Control, Dec 2004.

Z. Vincze, D. Vass, R. Vida, A. Vidacs, and A. Telcs, “Adap
sink mobility in event-driven multi-hop wireless sensotvmerks,”
in Proc. InterSense, 2006.

[10] G. Wang, G. Cao, and T. L. Porta, “Movement-assisteds@en

VII. deployment,” inProc. IEEE INFOCOM, 2004.

We have considered the cat-and-mouse game between
an intelligent mobile target trying to evade detection and
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Fig. 15. Average of the mouse detection time (in s) undeertfit
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Conclusions



