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Abstract— A set of mobile wireless sensors observe their @ Rin2 @
environment as they move about. We consider the subset of
these sensors that each made observations when they were atll ® Sensor mote
approximately the same time/location. As they continue to mmve, ‘ b ‘ & CH-Cluster Head
one of them processes its observations and decides that areav ;' ® ‘Fra(f 1) 8 NécisionEiror
that must be reported has taken place. To reduce the probalily ‘ “ < ” ‘
of a false alarm, this sensor assumes the role of a Cluster-
Head (CH) and requests that all other sensors that collected
observations at that time/location reply with their decisons. The
motion of each sensor determines how many wireless hops its
decision data must make to reach the CH. We analyze the effect
of this motion in the 1D case by modeling each sensor’'s motion Fig. 1. A 2-hop, 2-D cluster. The mobility of the sensors proes this
as a Correlated Random Walk (CRW), which can account for temporary, multi-hop cluster for applications such asati&n. As they move,
transient behavior, geographical restrictions, and nonze drift. ~ the cluster changes size and more hops may be required foelellant
Quantities, such as the energy required to collect the dedi S€nsors to participate. Each sensor's decision may beréutobecause of
from all relevant sensors and the error probability of the final measurement noise; transmitted packets may suffer birsefvecause of

- : : : noisy communication channels. If the number of hops in thstet increases
decision at the CH, can then be determined as a function of tig with time, the energy required for communication will ingse and detection

performance will decrease.

Cluster of radius 2r

s, Comm Error

Sector of Ring 2

I. INTRODUCTION

In an ad-hoc mobile wireless sensor network, mobile sensors )
sample their environment, process these samples to makie 134!l therefore affect the number of hops, and thus the detect

decisions, and transmit/relay these decisions as needed. &curacy at the CH and the energy consumed to achieve this
consider a group of sensors that have each collected a sanfpyg! 0f accuracy. It will also affect the network’s perfaance
in a specified spatial region and time interval. They procels t€rms of coverage, maximum throughput, and throughput-
their samples as they continue to move. The first sensordgl@y trade-offs.
get a positive result floods the network with a request for Many mobility models have been proposed for analyzing the
decisions from all others that took samples within the sarf€havior of mobile ad hoc networks. In [3], [4], those models
spatiotemporal region. These other sensors report badieto &re categorized into four classes: random models, modéts wi
requesting sensor, which is called the Cluster Head (CH) [t¢mporal dependency, models with spatial dependency, and
The CH fuses these decisions with its own to obtain a mofeodels with geographic restrictions. For instance, random
reliable decision [2]. walks and random waypoint models are random models;
In the 2D case, the communication architecture for thigauss-Markov mobility models and Smooth Random models
application looks like the 2-hop cluster shown in Fig. 1. Thare models with temporal dependency; group mobility models
sensor in the center of the cluster, the CH, is the one tHdl are models with spatial dependency; Pathway mobility
requested the decisions from other sensors. The sensava sh@odels and Obstacle mobility models are models with geo-
in the first ring are one wireless hop from the CH; the ones gfaphic restrictions. These models are all useful as analyt
the second ring are two hops away. Three sensors in a se@opimulation tools but none of them can account for all the
of ring 2 are shown forwarding their decisions to one sensor§onstraints in real systems.
ring 1. Each sensor’s observation is affected by measuremenCorrelated Random Walks (CRWSs) have thus been proposed
noise and all communications throughout the network wids a mobility model that accounts for time dependency, geo-
be affected by channel noise, fading, and transceiver frragraphical restrictions and nonzero drift. They are moreegain
Because the cluster is multi-hop, decisions forwarded frothan random walks but still easy to analyze. The limiting
the outer rings will suffer repeated exposure to the soun€esdistributions for a discrete-time 1-D completely infinit&R®&
communication error and more energy must expended to getlerived in [5]. The probabilities of being at any lattiosint
them to the CH. The mobility model governing each sensat thenth step for a discrete-time 1-D CRW in different cases



are solved in [6]-[9]. The absorbing probability and expédct For this QBD process,
duration of a discrete-time CRW is solved in [10]. For the -
. . . . - -A2A 0 0 0 0 0 O
transient behavior of the continuous-time CRW, the semi-
- . ) . . gA=X 0 p A0 0 0 0 ...
infinte 1-D case is solved in [11]. The behavior of multiple N0 XA 0 0 0 0
sensors whose motion is modeled by processes related to b2 2
. . . . . 0 Oql)\—)\ Opl/\o 0 ...
CRWs is studied in [12]. In this paper, we focus on continuous Q=10 0pA 0 -AgA 0 0 2)
time 1-D CRWs on finite state-spaces. 00 0 0 qguh-A 0 prh...
0 0 0 0 paA 0 —AgaX...

This paper is organized as follows. In section Il, the transi
behavior of semi-infinite correlated random walks is revédw ) .
The solution to the finite case, which is a good model for L= - = = T i

the motion of vehicles or people in a sector of a city, ifor simplicity only, assume the initial position of the senis
provided in section lll. Its statistical properties are lgnad (: i.e., 7(0) = [1,0,0,---]. Definell,(s) to be the transform

in section IV. In section V, the detection problem in mobilgf 7, (¢), the vector of transient probabilities for states on level
wireless sensor networks is studied. Numerical results afeof the process.

shown in section VI. They demonstrate: (i) the use of the

mobility model to determine the energy required to collect

data from each participating sensor; (ii) the error proligbi — (A + ) (s) + I (5) |:q1/\:| -1, 3)
at the cluster head once the decisions from all particigatin P2

sensors have been gathered. Both the energy required and the ~(A+s)
error probability are functions of time and the parametdrs o Allp(s) + T (s) [ 0 ] =0, (4)
the mobility model. Some conclusions and a discussion of
future work are provided in Section VI. IL,(s)B(s) + ny1(s)C(s) = 0,m = 1, (5)
where \
Bls) = | ol ©)
—(A+5) g2
Il. TRANSIENT ANALYSIS OF A CORRELATED RANDOM
WALK ON [0, c0) @A =(A+9)
e = |7 ™
In this section, we briefly review results on the transier-llihus we get I L (s\W 8
probability distributions of a continuous-time 1D CRW on nt1(s) = Tl (s)W (s), (8)
[0,00) [11]. In this case, the sensor moves according to thghere
following rules: A __pigh
It takes a step in the same direction as its previous step W (s) = —B(s)[C(s)] ™ = [quf aps 2R ] )
with probability p; or p, depending on whether its previous Ats p2A  p2(Ats)

step was in the positive or negative direction, respegctivél

takes a step in the opposite direction of its previous steéh wi The boundary variables must satisfy the following equation
probabilityg; =1 —p; or ¢ = 1 — po depending on whether B

its previous step was in the positive or negative direction, Li(s)pa(s) = 0. (10)
respectively. On reaching a (reflecting) boundary, it ta#eswhere p, (s) denotes the right eigenvector corresponding to
step in the opposite direction with probability one. the eigenvalue of¥ (s) whose magnitude is greater than or

The time at which it takes its next step is governed by egual to 1 for all possible values ef For this CRW, W (s)
Poisson process of intensity is diagonalizable and its eigenvalues are given by:

A CRW on [0,00) with a reflecting boundary at 0 can be _f(s) - (—=1)*\/(f(5))2 — dp1p2A2(\ + 5)2
modeled as a quasi-birth-death (QBD) process with the state'k(s) = 2pa A\ + 5) (11)
transition diagram shown in Fig. 2. The state at any leveh ]
is entered when the sensor moves to locatidiiom location Wheref(s) = (p1 +p2)A? +2sA+s?, for k = 1,2. The right
n + 1. The staten+ any leveln is entered when the sensof€igenvectorgy(s), k = 1,2 corresponding to the eigenvalues

moves to locatiom from locationn — 1. A1(s) and Ay(s) are given by
Letting Q denote the generator for this QBD process, F(8)=2p1p2 A +(=1)* \/(f (5))2—4p1p2a X2 (A +5)?
the Laplace transformil(s) of the vectorr(¢) of transient  Pk(s) = 2”2(”2’1’1)”
probabilities for all states in the process satisfies thetos: (12)
[13]

We find numerically that, for all possible values@f po, A,
II(s)(Q — sI) = —m(0),7(0) = m(t)|¢=0 (1) ands, the magnitude of\;(s) is greater than or equal to 1.



= PA e DA pA ~ pA | a PA
(0- j&— A 1- j&— {22 & — -y g - \D-{,
N N v 1 1
1 (11/1 QA qu 5]4/7;\ qli I a4 G . G a4 %A
) NN NN J VR Ve A A s
;/rr\pl/LA,@pI)LA‘—\pli Yo+ —pf 2+ ) eeeees xl(;“w——‘lf)——f»N
D R e » 3+ ) > - =

\

Fig. 3. a Correlated Random Walk ¢6, N].
Fig. 2. A Correlated Random Walk (CRW) d6, co).

IV. STATISTICAL PROPERTIES

Hence,
2)\(1 - pg)
iy (s) =
+p2— A2+ (1-2 + )2+
(P +p2 = 1) ( p2)(s +) 9(5213) For the CRW or{0, N], the steady state probability of being

whereg(s) = at any locatiom: is [9]:

VN =1 =2p)(1 = 2p2) + IR+ 5)2 + (pr+p2 - 2N _ 1 (p1/p2) — 1 21
1) =5 o AN T (21)

(p1/p2)

7 =70(p1/p2) 1,

Ty = 7?0(1 +p1/p2)(pl/p2)N_17n = 17 27 ey (N - 1)
For the special case @fi = p2 = p,7o = 7y = 1/(2N) and
T =1/N,1,2,...,(N —1).

Suppose the CH is static and there are a totakasensors
A CRW N1 with reflecting boundari 0 any in the cluster. They start at the the same location as the CH

b <()jn I[O(’j J wit I;?D ecting our_lhar;]es at0am  5nd move independently based on identical but independent

can be modeled as a Q process with the state ransitigg,y mogels. Define; (t) as the location of théth sensor at
diagram shown in Fig. 3 and the following generator: time ¢. Further defined,a.(f) and dmin(f) as the maximum

q distance and the minimum distance between any sensor in the
cluster and the CH, respectively. Then,

P(dmax(t) = n) = P(dmax(t) <n) — P(dmax(t) <n —1)
=P(z1(t) <n)® — Pz (t) <n—1E

IIl. TRANSIENT ANALYSIS OF A CORRELATED RANDOM
WALK ON [0, N]

(=X X 0 0 0 0
ql)\—)\ 0 pl)\ 0 0
pz)\ 0 —/\QQ)\ 0o 0 ...
0 0 uA—X 0 prA...

o O O oo
(el en el en B en)

Q: 0 0 pz)\ 0 —)\qQ/\... (15) n n—1
S A = _m®)* = O m)~ (22)
0 0 0 0 ...q2A=X 0 p1A =0 =0
0 0 0 0 ...poA 0 —=Ag\ and
00 0 0 ...0 0 X —X\]

We assume w.l.o0.g. that the initial position of the sensd;is = P(z1(t) > n)5 — P(a1(t) > n+ )X
i.e.,7(0) =1[1,0,...,0]. Then we get N N
A = m) (Y me)*  (29)
D9+ | W] = -1 as) 2 2
—-(A+9)] If the CH is also mobile and its position is governed by
Mo (s) + 1L (s) [ 0 =0, A7) 4 crw, then dmax(t) and dmin(t) become the maximum
distance and the minimum distance between a specified sensor
0 B and any other sensor in the cluster. The probabilities nremai
ALl (s) + Ty —1(s) [—()\ + s)} =0, (18)  the same whether the sensor is designated as the CH before
) or after motion of the sensors begins. Denote the position of
—(A 4 $)IIn(s) + Tn_1(s) [21/\] =0, (19) the CH byzo(t). We have
2
P (dmax(t) = n) (24)

N
IL,(s)B(5) + s (5)C(s) =0,1 <n < N —2.  (20) = 3" Plao(t) = m) P(dmax(t) = nlzg = m)
m=0



N
= Z P(xo(t) = m)[P(dmax(t) < TI,|I0 = m)

m=0

—P(dmax(t) < n—1|zg = m)]

more complicated and, wheld > N, it is always zero.

V. DETECTION IN WIRELESSSENSORNETWORKS

N This paper assumes a multi-hop sensor network in which
= Z P(zo(t) = m)[P(m —n < z;(t) <m+n,1 <i< K) each wireless hop is modeled as a Binary Symmetric Channel
m=0 (BSC). The BSC cross-over probability captures the efféct o

—Pm—-n+1<zi(t) <m+n-11<i < K) channel errors on each individual decision bit and is easier
N m-+n K mA4n—1 K to estimate than the full characteristics of the channek Th
= Z Tm (1) ( Z m(t)> — ( Z m (t)) assumptions of symmetry and the same cross-over prolyabilit
m=0 l=m—n l=m—n-+1 for each mote-to-mote channel are easily relaxed — they are
P (duwin(t) = n) (25) used only to simplify the analysis so that important trends
N can be discerned. This paper also assumes that the error
- Z P(x0(t) = m)[P(dmin(t) > nlzo = m) probabilities of the individual received detection resudire
o learned over time by the CH. Hence, the CH is assumed to
—P(dumin(t) > n+ 1|zo = m)] know the optimal weights for the weighted median in the MAP
N —n N K detector [14] it uses to fuse the received detection results
_ Z T (1) ( m(t) + Z m (t)) In_[14], a MAP approac_h to the distributed detection prob-
—0 =0 I lem in a multi-hop cluster in a sensor network was developed.

N 1 N K It considered a cluster wit rings andV;, motes in thekth
ring. Each mote makes a decision between two hypotheses,
- m t t t
Z Ton () ( Z m(t) + Z mi( )> so = 0 ands; = 1, where “1” denotes that an event has
o . occurred and “0” that it has not. The detection results by
The probability distribution of the distance between anp Wyitterent motes are assumed to be i.i.d. Bernoulli random

sensorsi(t) is: variables, each with a detection error probabiity < 1/2.

=0 l=m+n+1

N The noise processes in different wireless channels arenassu
P(d(t) =0) = Z T ()2 (26) to be independent and white. Each hop in the network is
m=0 modeled as a BSC with cross-over probability< 1/2. The
and forn # 0, decisions made by motes in the outer rings are relayed by the

N motes in inner rings to the CH. Let the error probability of th
detection results received by the CH from #tl ring bep, k.
P(d(t) = = m () (Tman (T m—mn (Tt 27 )
(d(t) =mn) Z o () (Tomon (1) + 7 (t) (27) Then, for examplepe,1 = pe(1—pm)+pm(l—p.). Denote the
detection result received by the CH from tith mote in the
Define D,ax(t) and Dy,in(t) as the maximum distance andkth ring by ry ; and arrange the detection results in the same

m=0

the minimum distance between any two sensors in the clusténg in a vectorr, = (rx.1,7%.2,---s TN, ) k= 1,2,..., K.
Then, Let £ denote the event that a decision error happens at the
CH.

P (Dpax(t) = 0)

In a one-hop cluster, suppose the correct decision should be

N N . o .
B K s. Assume the prior probability(s = s¢) = p < 1/2 and find
- ZOP(xZ(t) =m1<i<K)= Z:me(t) (28) areal numbey such thain((1—p)/p) = x In((1—pe,1)/Pe,1)-
" "= DefineW = | N,/2+x/2]. The MAP-based decision bit at the
and forn # 0, CH is # = (71)w = W’th order statistic of(ry,r2,...,7x,).
P (Duax(t) = n) (29) The decision error probability at the CH is:
N—n N1 N ) )
=3 Pmin{z;(t)} = m() P(E)=(1-p) <Z ( ) (pen)'(1 —pe,1>N”>
m=0 =W
max{x;()} =m+n,1<i<K) N N . ‘
N—-nK-1K-l K K—1 l . —|—p ( Z ( Zl) (pe,l)z(l _pe,l)N1—1> (30)
- Z I , T (8) T n () i=N,—W
m=0 I=1 r=1 Kl It is shown in [14] that, as an estimate of the true decision
min—1 - bit, this weighted order statistic is biased but asympédific
s (t) unbiased. When the prior probability js= 1/2, it simplifies
s=m-+1

into a binary median filter.

wherel sensors are at the location and » sensors are at Now we summarize key results in [14] for threulti-hop

the locationm + n, while all the others are in between. Thecase. For a mote thatishops away from the CH, the detection
calculation of the probability distribution @b,,,;,,(¢) is much result received by the CH after being relayed over these hops



has error probability:

1 1
5~ (1= 2pm)(1 = 2pe) k> 1

We use the notatio’ {z, which meanse should be dupli-

DPe,k = (31)

catedIV times. For simplicity, suppose the prior probabilities 107

arep(s=so) =p(s=s1)=1/2.

Theorem 1 Define x; = In((1 — pe,x)/pex), and assume

theseyy's can be scaled so that; : xo : ... : xxg = Wy :

Wy o ... : Wk, where theWW}’s are positive integers with Fig. 4.

ged(Wy, Wy, ...
then given by = Median(W1 7, Waldra, ..., W OF k).
The decision error probability at the CH is given by:

K
N,
>, I (ck)@e,mu —pe) e
S Wi (268 — Ni)>0k=1 \ F
(32)

wherec;, is the number of occurrences bf- s in the vector
re,k=1,2,..., K.
[ ]

P(E)

Because the weighted median is the MAP detector, we

——large deviation bound
——actual error probability

8 L L L L
1 2 3 4 5 6
Expected Number of Neighbors

Comparison for a 3-ring cluster of the error proligbibbtained

.,Wk) = 1. The MAP-based decision bit is via simulation and its large deviations bound. The erroroeemt is clearly

correct and the difference approaches zero asymptotic@lymparing the
performance of complex strategies via their error expanesilt thus correctly
show which strategy is best when motes have large numbers-hafpl
neighbors. Direct calculations and simulations are usedndirm those results
for small to moderate numbers of neighbors.

Pe,k — 1/2 < 0. We have:

, K N )
P(E) < Ele! S S Wi — TTT] Ele™]

k=11i=1

assume — even for sector-level fusion algorithms — that the , )
CH calculates this weighted median after receiving inputsf For each term in the produo.’c;[etW”W] = pere2Wr 4 (1—

all motes in the cluster. To understand what happens in these
more complex cases, the asymptotic behavior of the weigh

median must be determined for the singbnd multi-hop
cases; otherwise, it is too difficult to determine the proligb
of a cluster-wide decision error at the CH.

)67 $tWy . Sett|ng M

5 =0, we find:

Wi _

1
§Wkpe,k€%t Wi(1 —pe,k)ef%twk

[l ORI

t= (36)

The asymptotic behavior of the median filter in one-hom

clusters has thus been studied using large deviation tgebsi
in [15]:

lim — ——P(E) = C(pes)

N;—o0 1

Clper) = ~Mn(2) — 2 (pea(l —per)  (33)

This error exponent is accurate and the bound is tight when
the motes are densely deployed; i.e., the number of sersors i
large. Minimizing P(E) when the number of motes is finite
is a very difficult combinatorial problem, so we can minimize
this upper bound instead. Also note that the effect of each
ring of motes on the decision error probability at the CH is

We now find the error exponent for the decision errgiPParentin this bound. It may thus be used to simplify many

probability for the multi-hop case.

Theorem 2 In multi-hop sensor networks in whigh  is the
error probability of the individual detection results rawesl by
the CH from nodes in ring;, the error probability of the MAP
detector is upper bounded by: [16]

K
n(P(E) < 37 Nulin(2) + 3 (pes(1 ~ pes))] (34
k=1

Proof: In the context of the weighted median filter, the

decision error probability at the CH is:

K Ny, K
P(E)=P(Y_ Wiy rii=y WilNi/2)
k;l . =1 k=1
:P(ZZWk(Tk,i_1/2) >0) (35)
k=1 1i=1

SinceP(Z > 0) < E[e?!], letr, ; = r;—1/2, andE[r; ] =

optimization problems in distributed detection in multgh
scenarios.

Fig.4 compares the large deviation bound on the error
probability with the error probability from simulationsrfa 3-
ring cluster. It shows the desired result that the largeat®n
error exponent is accurate — the bound is parallel with the
simulation result over the entire range of spatial dersit@f
course, the bound is high by a multiplicative factor, whish i
often the case with large deviation techniques.

If the CH is static, then we have

K
H 2 \/ pe,i(l - pe,i)‘|
i=1

P(E)<E

(37)



. 6
where sensors. The six sensors all collected measurements at the

1 1 22 (6) /7] same time/place but then continued to move. By the time
Peq =35 = 5(1 = 2pm)(1 = 2pc) (38) 4 request to send in all data has been received, they are
The expected energy consumption for collecting the datadk locations in the state space with probabilities deteeahin

by their CRWs. The data collected and decisions made by
C = K[E[z:1(t)]/r] (39) the sensors that have wandered the furthest require the most
energy to collect — that data must travel over the largest
If the CH is also mobile and its position is governed by gaumber of hops to reach the CH.
CRW, then we have Also note that the mobility of the CH has a significant
impact on the energy consumed to collect data. If it is

then

™ =

P(E)< ) P(xo(t) = m)P(Elzo(t) = m) (40)  mobile and all sensors are moving according to a CRW that
’”;O K is asymmetric, then the energy required for collection first

_ Z P(xo(t) = m) H E [2\/M|$o(t) _ m} increases and then d_ecreases. In this case, it is betteﬂe?otco
0 =1 data either very quickly after the event, or, if that is not

x possible because of the time to process measurements,tto wai
P(xo(t) =m) [E [2\/pe,1(1 = Pe,1)|zo(t) = m” until the CH and the other sensors bunch up again at their

I
M=

m=0 destination.
where Fig. 9 shows the large deviation bound of the error proba-
1 1 bility as a function of time for a static or mobile CH to coltec
- _I(1— _ [d(t)/r
Pes =5 = 5(1=2pm)(1 = 2pc) (1) one packet of data from five mobile sensors. It shows good

The expected energy consumption for collection of the datadgreement with the results in Fig.8, which shows the expecte
energy consumption as a function of time for a static or neobil

C=K[E[(®)]/r] (42) CH to collect one packet of data from five mobile sensors.
Fig. 10 shows the expected error probability as a function

of time for a static or mobile CH to collect one packet of
Fig. 5 shows the transient probability distribution of twajata from five mobile sensors. The same comments made

CRWs on [0,10] with different parameters. One CRW igreviously about the effects of the mobility of the clustsati,

asymmetric, which means the walker tends, in the case shownd the effects of symmetric and asymmetric walks, apply
to prefer motion to the right. The other CRW is asymmetrigere.
which means that the walker has no preference for one
direction or the other — but its motion is still correlated. VII. CONCLUSIONS
Fig. 6 shows the transient probability distribution of the In this paper, the solution to the finite state space CRW was
distance from a static clusterhead to the furthest of fiygrovided and its statistical behavior was studied bothyanal
mobile sensors for each point in time. The static clustathegally and numerically. As an illustration of the applicat:
is assumed to be at location 0. This distance d is important fpecific performance measures it can help address, we dtudie
calculating the number of wireless hops between each seng@rimpact of motion on the energy required to gather detssio
and the CH that is trying to gather data. If the transmissidfom each sensor in a multi-hop cluster created by the ntgbili
radius of each sensor is then the number of hops to the CHof these sensors and the error probability of the final decisi
is the ceiling ofd/r. made based on those individual ones. In [17], we have given a
Fig.7 shows the transient probability distribution of theéhorough solution to the problem of distributed estimation
maximum distance between any of the five sensors and the @Hlti-hop wireless sensor networks. In future researchylle
when the mobile CH moves according to the same mobiligtudy the impact of motion on the energy required to gather
model as the sensors. This is probably the most realistie cafata and the variance of the final estimate in complex mobile
for mobile networks. It leads to an interesting phenomenavireless sensor networks.
when the motion is on a finite grid and the CRWs are all
asymmetric in the same direction. The sensors start at 0 when REFERENCES
they gathered their observations. With time, they spread qu S. Bandyopadhyay, Q. Tian and E.J. Coyle, “Spatio-terapsampling
but all tend to move to the right. As they get close to the other rates and energy efficiency in wireless sensor networkSEE/ACM
barrier. thev then tend to b h in. This effect islaimi Trans. Netw.,, vol. 13, no. 6, pp. 1339-1352, Dec. 2005.
arrier, they en. en_ 0 lec u_p ag?"n' IS élfect 1s arrm [2] S. Bandyopadhyay and E.J. Coyle, “Minimizing commutima costs in
to a crowd moving in a given direction and then gathering hierarchically clustered networks of wireless senso€gmput. Netw.,
around that destination. The distance here, when divided b?/ vol. 44, no. 1, pp. 1-16, Jan. 2004. , o
the transmission radius of the sensors tells the maximuey iy’ | Bal and A. Helmy, “A survey of mobilty modeling and ayais in
) - e wireless ad hoc networks\\reless Ad Hoc and Sensor Networks, Kluwer
in wireless hops, of the cluster. Academic Publishers, Jun. 2004. -
Fig. 8 shows the expected energy consumed — as a functi@nT- Camp, J. Boleng, and V. Davies, "A survey of mobility des for
. . : . ad hoc network researchyMreless Commun. and Mobile Computing,
of the time at which data collection starts — for a static or

] ) ] special issue on mobile and ad hoc networking: researchdgreand
mobile CH to collect one packet of data from five mobile applications,vol.2, no.5, pp.483-502,2002.

VI. NUMERICAL RESULTS
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toward and tends to stay near 10.

(a) All sensors move according to asymmetric
CRWSs withp1=0.8, p2=0.2
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(b) A symmetric CRW withp;=0.9, p2=0.9.
The walker starts at 0 and then it is eventually
equally likely to be in each position except a
boundary state.

Fig. 5. Transient probability distribution of two CRWs on10]. The curve
for a givenn shows the probability that the walker is at positiorat time t.
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(a) All sensors move according to asymmetric
CRWs with p1=0.8, p2=0.2
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(b) All sensors move according to symmetric
CRWSs with p1=0.9, p»=0.9

Fig. 6. Transient probability distribution of the distarftem a static CH to
the furthest of five sensors that are moving according topeddent CRWs
on [0,10].
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(b) All sensors move according to symmetric
CRWs withp;=0.9, p2=0.9

Fig. 7. Transient probability distribution of the distanflem a mobile
CH to the furthest of five sensors. The CH and the sensors hracaing
independently and according to CRWs on [0,10].
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(a) All sensors move according to asymmetric
CRWs withp1=0.8, p2=0.2
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(b) All sensors move according to symmetric
CRWs withp;=0.9, p2=0.9

Fig. 8. Expected energy consumed by the network when theatioh of
data from the five mobile sensors begins at time t. The casesidayed are
when the transmission radius of each sensar=i$ or r=3 and all sensors
move according to symmetric or asymmetric CRWs.
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(a) All sensors move according to asymmetric
CRWs with p1=0.8, p2=0.2
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(b) All sensors move according to symmetric
CRWs with p1=0.9, p2=0.9

Fig. 9. Large deviation bound of the error probability whia tollection of

data from the five mobile sensors begins at time t. The casesideyed are

when the transmission radius of each sensar=ib or r=3 with p,,, = 0.10
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Fig. 10. Expected error probability when the collection aftalfrom the

five mobile sensors begins at time t. The cases consideredvizea the
transmission radius of each sensorrisl or r=3 with p,, = 0.10 and

pe = 0.05 and all sensors move according to symmetric or asymmetric

CRWs.



