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Abstract— An energy aware, collaborative tracking algorithm of randomly distributed low-end sensors. Every cluster of
is proposed for ad-hoc wireless sensor networks consisting of sensors is assumed to have a high-end sensor that acts as a
randomly distributed low-end sensors and a high-end data q5i5 gathering node and communicate with all the sensors in

gathering node which is assumed to be located at the center of . . .
each cluster. The collaborative tracking algorithm is implemented its cluster to collect observations from them. Only thisadat

distributively by passing sensing and computation operations gathering node is able to communicate with a base station
from one cluster to another based on an energy-based cost func and other data gathering nodes in the network. The proposed

tion that attempts to maximize the whole network lifetime. The distributed collaborative algorithm is based on the totergy
performance of the proposed collaborative algorithm is evaluated consumption of the sensor network, in which the active sasnso

in terms of both tracking error and energy consumption of the ¢ h ti instant h b dat theri de i
whole network. Simulation based performance results for both &t €ach ime instant are chosen by a data gathering node in

single and multiple simultaneously active sensors have also beenorder to minimize the total energy spent by the network. The
presented. data gathering node decides the next set of active senssed ba

on a cost function calculated by taking into account energy
requirements for both communication and sensing.
The remainder of this paper is organized as follows: In
An ad-hoc wireless sensor network consists of a set 8ection Il the system model is presented. In Section Ill the
randomly distributed sensors that communicate with edoérot basic distributed tracking algorithm based on the Kalmaerfil
over a radio link. In this paper, we focus on such an adk presented. Next, in Section IV the energy-aware, collabo
hoc wireless sensor network deployed for collaborativgetar rative algorithm for active sensor determination is dédwaxti
tracking. The sensors in this network are assumed to haweSection V sensing and communication energy computa-
finite sensing radii and hence the network can convenientlgn is performed. Simulation results for target trackinghw
be divided into multipleclusters. An active cluster in such single and multiple active sensors and energy consumption
a network is defined as one in which a moving target @omparison of the network are presented in Section VI. Kinal
interest is currently present. For simplicity, the moviagget concluding remarks are given in Section VII.
is assumed to be on the same plane on which the sensors are
located and only aractive sensor is expected to detect and
track the target. All other sensors will be in an idle mode so
as to save the energy. We model the ad-hoc wireless sensor network as a com-
Most often sensor nodes in an ad-hoc wireless sendwnation of randomly distributed low-end sensors who sense
network are battery driven. Energy consumption is possibdy moving target and pass information to a high-end sensor
the most important performance metrics for wireless ad-hadich acts as a data gathering node. The entire network is
sensor networks since it determines the operationalttifesf divided into N, clusters each having/; data collection low-
the network. An important design choice for achieving epergnd sensors. Hence the total number of sensors in the network
efficiency in multisensor networks is the collaborativensig is N = (N. x N) + N, where the last term represents the
and information processing (CSIP); i.e, how to dynamicalljigh-end sensors located at the center of each cluster.
determine who should sense the target, what should be sense®rotocol design to implement energy-aware collaborative
who should be the next leader and who should perform thacking algorithm is done in such a way that when a target
collaborative tracking [1]. Thus, power management is dne enters a particular cluster, it becomes the active clustethft
the most challenging problems in such networks [2]-[4].Sehemoment and the data gathering node in that cluster becomes
energy constraints impact both hardware operations amdlsigthe leader sensor. We assume that data gathering nodes are
transmissions associated with node operation [5]. Thugdesnot energy constrained and thus data gathering nodes imeall t
of energy-aware collaborative signal processing algomtlis clusters will be in active mode. In each cluster periodicall
important in order to maximize the lifetime of such sensa small set of low-end sensors will be chosen randomly to
networks [6]. be in a sleep-awake mode. In this mode these sensors will
In this paper, a collaborative tracking algorithm is devekurn on for a short interval of time and check the presence
oped for such a wireless ad-hoc sensor network consistiofya target. If a sensor detects a target, then it sends the

I. INTRODUCTION

Il. SYSTEM MODEL
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Fig. 1. (a) The Orientation of an Active Sensor and the TafgeComputing Delay and Doppler. (b) Velocity Components af farget.

observations to the data gathering node and the data gaghetended Kalman filter is used as the tracking algorithm in [9],
node starts the collaborative tracking algorithm. If thir@o while here we use the Kalman filter for a linear system (after
target, the sensors will go back to sleep mode. The schegullmearizing the system model). The target location estémat

is performed in such a way that, each sensor’s on-time [B] was based on a simple centroid computation. Also, [10]
significantly less than the sleep-time. During the short ogensidered the same model but with only a single cluster and
time, each sensor will await for any notification from the single active sensor at each time. In this paper, however,
data gathering node regarding a current active sensor in thaltiple clusters with multiple active sensors are consde
network. If it does not receive any such notice, then it withnd a method for computing energies for sensing and commu-
go back to scheduled sleep. Note that, this small humber ra€ation are also presented.

randomly chosen active sensors in each cluster ensures the

detection of a new target that enters the area covered by the

sensor network. Moreover, it is assumed that there is a Wa,g;_Target Movement Model

up channel that can be used by the data gathering node tdVe assume that the target movement can be modeled by a
awaken the next active sensor (or multiple active sensors)discrete-time, linear, dynamical system perturbed by tadi
sense the target during the collaborative tracking process noise. Letx(t — %) be the state of the target at timevhich

data gathering node will allow the current active sensor (@bnsists of the position and velocity (ix(t — %) = [z(t —
sensors) to go to sleep only after confirming the received da@), y(t— @)’ it — @)’ gt — %)}T) where superscript
from the next active sensor. Such wake-up channel and sengofenotes the transpose am() is the round trip delay of

modules consisting of very low-power tone-based wake-4Re transmitted signal between the sensor and the target. We
modules have been previously considered in, for example [¢hn then model the target movement as,

In the absence of a wake-up channel, the data gathering node

will have to wait until the required next active sensor beesm

awake. Effectively, active sensors are chosen in such a wa)gt _ ﬂ + T) — AX (t _ ﬂ) +u (t _ ﬂ) G
that they are nearer to the target so that the sensing cost i 2 2
minimized and they are also nearer to the data gathering n(ﬁﬁ @) . S
in order to minimize the communication cost. When the targ ereu (t 2 IS the state noise Wh'Ch IS assu.med. to be
leaves the current active cluster and enters the next clirste 2€70-mean with covariance matr@, 7' is the sampling time
leadership is passed from the current data gathering node?fi§! the system matriA is given by,

the data gathering node in the next active cluster. Speatsd c

of multiple active sensor scenario, when one active low-end 1 0 7T 0
sensor is in the neighboring cluster and other active lod-en 01 0 T
sensor are in current active cluster, the leadership willb@o A= 00 1 0 @)
changed to the next cluster until most of the active low-end 00 0 1

sensors are in the next cluster. ) o .
Note that, while for simplicity we only consider the target

Similar, collaborative target tracking schemes for wissle location and velocity as the state of the system, it is easy
sensor networks have been considered previously, for eeampo incorporate target acceleration in order to obtain aebett
in [1], [8]-[10]. In [8], the target is assumed to move irsystem model. Suppose that a sighdk) is transmitted by a
a straight line, whereas in this paper we model the targedrticular sensor at timeé The received signal reflected from
movement using a linear dynamical system. Moreover, ethe target is given by,



C. Observation Model with Multiple Active Sensors
s.(t) = R(AE(t— T(t))ejwc(tff(t))% ©) The observation vector with/ active sensors can be written

where A, = /2P, and (P, includes the transmit power andas’
the two-way propagation and reflection processes [11])s

the carrier frequency. Note thé(-) denotes the real part of 7(t)
a complex number. 0 fo(t)
The delayr(¢) is given by, y (t — %) = ;
9 7(t)m
7(t) = m — —redy, @) fp(t)m
where T is a reference delay and.,q is the radial velocity = Cx (t - %) +v <t — %) ,

of the target. Substituting (4) in (3) we get
wherer(t)., and fp(t)., are the time delay and Doppler mea-
B 2Urad ,\ jwo(t—ro+ 2orad p) surements by then-th active sensor an€@ is the augmented
se(t) =R <A’“E <t 7o+ t) € e - O gpservation matrix defined as,

From (5), we note that the doppler frequency slHfift of

. . . r z(t_1)—zs y(t_1)—ys

the received signal is, ] R ’ )
2f 0 0 % cos(p) % sin(yp)
fD = _Cvrad- (6) ~ ; .
c C=
Referring to Fig. 1(a), the time delay(t) can be written : : : :
as, 2 [m(tfﬂfwsm} 2 [’y(tfl)*ysm] 0 0
c R(t_1) c R(t_q)

) = ¢ (o (1= T2) =) o (o (1= T2) -0 » 0 0 e cos(y) 2 sin(p) |

. . . . ~ t .
where(z,,y,) represents the location of the active sensor. The new observation noise vectv)r(t - #) is assumed to

Linearizing the above equation aroufitk_1,y:-1), Where e ;o1 mean, Gaussian with covariance maix
(z¢—1,y:—1) IS the previous location of the target, we have

2 Ti_1 — Ts T(t Yt—1 — Ys T(t
T(t) = - [(tRlT) z (t - %) + (tRlT> Y (t - %)] : Ill. TRACKING ALGORITHM FOR SENSORNETWORKS

In this section, we develop a distributed tracking alganith
Suppose that the target is moving with a total veloeitgs based on the Kalman filter [12], [13] which recursively upggat
shown in Fig. 1(b). Then, the radial component of the vejocithe estimate of the state vector by processing successive
is given by, measurements. It should be noted that this Kalman filter is
implemented distributively in that as active cluster chesithe
. 7(t) . T(t)\ . Kalman filter computation changes from one data gatherin
Urad =& (t B _) cos(¢) + (t - —> sin(@): (M) 1ode to another. Klso, the obsegrvation that forms tﬁe vectogr
where angles represents the orientation of the line connecting(-) comes from different sensing nodes depending on which
the target and the sensor. sensors are active. When the leadership is passed from one
Substituting (7) in (6) we have that, cluster to another cluster, the Kalman filter at the nextéead
sensor is initialized with the predicted state obtainednfthe

2f. [ 7(t) ' )\ . previous leader sensor.
fot) ==~ [T <t - T) cos(p) + 9 (f - T) Sln(@)] . The predicted state and its corresponding error covariance
matrix, denoted by (¢ + 1|¢t) andP (¢ + 1]t), respectively are
B. Observation Model with a Single Active Sensor given by,

Observation vector for a single active sensor is given by,

) ) X(t+1t) = Ax(tt), (8)
y (t - T) = [ fot) } P(t+1)t) = AP(tH)AT +Q. 9)
(1) (t) wherex(t|t) is the filtered state estimate at timeThe filtered
= Cx (t - ) +Vv (t - T) , estimatex(t + 1|t + 1) is given by
o . R(t+1t+1) = K(t+1])+ (10)
wherev (¢ — TT) is a vector of zero-mean, Gaussian random K(t+1) (vt +1) = St + Dx(t +111))
disturbance with a covariance matfkandC is the observa- ) ) ]
tion matrix defined as, where the Kalman gaii (¢) is defined as
2 [z(;_l)—zs} 2 [y(;%_l)—ys] 0 0 ~T
=TT T o) esingy) K(E41) =P+ 1HCT(E +1) h

(C(t+ 1Pt +1t)CT(t+1) +R) L.



Fig. 2. Geometric Arrangement of Sensors with Respect to Tabgga Gathering Node and the Base Station

The corresponding filtered error covariance matrix is, The data gathering node chooses the set of active sensors at
each time instant so that the total energy spent by the whole
network is minimized.

Let S be the set of indices of all the sensors in the active
cluster and4 be the set of indices of the current active sensors.
Then the energy-based active sensor selection algorithm ca
be written compactly as:

In this section we develop the proposed energy-based coii ti alization: A=¢
laborative tracking algorithm for a wireless ad-hoc sensbor i € S
network model described in Section Il above. We assume Cr(i) = %IWIQﬁwLPdImIQ
that the sensing cost depends on the distance between &hd,
sensor and the target, i.e, larger the distance to the fangee Cr = sort (Crp),
energy is required for a reliable sensor measurementA.etfor m=1:M
be the sensor transmit power. The sensor received power can A= AU Cr(m)
be written as, end,

whereU denotes the union of sets andis the empty set.
P, r The total energy cost incurred by the whole netwarlk, .
= G (13) at each time instant is then given by,

P(t+1jt4+1) =Pt +1Jt) — K(t+ 1)C(t + 1Pt + 1]t). (12)

IV. ENERGY-BASED MULTISENSORCOLLABORATION

P,

where|S4T| is the distance between the active sensgrand P — o3 o
the targetl’ as shown in Fig. 2y is the reflection coefficient Cram =Y (TSmT| + Pp|SmSp ) : 7
and g is an attenuation exponent. From (13), the required meA
transmit power for sensing is given by
V. ENERGY COMPUTATION FORSENSING COST AND

28 COMMUNICATION COST
Pr|SAT)|

Py=—""—. (14)  Here, we develop a model for computing the sensing energy
o ) expenditure based on a commercial Doppler radar speed

.The communication cost is assumed to dep(_end on tgénsor, which can see a large target up to approximately

distance between the sensor and the data gathering node,i&iers with an effective radiated power Bf — 0.98 W ~
Iarger_the distance b_etvv_een them, more energy_will be needeg [14]. The sensor measures the speed of the target by
for reliable communication. LeP. be the transmit power by yransmitting a signal at a fixed frequency and observing the

an active sensof4 communicating with the data gatheringgpift in frequency of the received reflected signal (Doppler
node Sp. The received power at data gathering ndfig is shift).

r

given by, Based on the above model an approximation to the constant
Py, is given by,
P
Pp = |7W|OH (15)
APD r
P, = —. 18

where |S4Sp| is the distance betweesiy and Sp and « is
an attenuation factor. From (15), the required transmitggow Substituting (18) in (14) we have,
for communication is,

— P = ‘SAT‘ 2
P. = Pp|SaSp| . (16) s 300 :
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Fig. 3. (a) A Snapshot of Location of Sensors and the Targtt Multiple Active Sensors. (b) Target Position Error witruMple Active Sensors Versus
Single Active Sensor.

If we assume that an active sensor is on during the whole
sampling time, the sensing energy is:

ETotal = Esensing + Ecomm
— 28
SaT
SaT\ - (330> o
Esensz'ng - ( 300 ) x T. (19) 2
2 X Fejee X k+ Egmp x k x d°.

In (16), only distance is considered, since all other p&ote that, here we are not considering the communicatioh cos
rameters are common for both energy-based and conventiongblved in passing the leadership to a new data gathering
algorithms to choose the active sensors. Hence we use tloele since it is common for both proposed algorithm and the
following model to compute the communication energy whicbonventional method of choosing the active sensors randoml
considers all the parameters that is needed. The radio disif E;4 is the total energy spent by a network using
sipatesE.;.. J/bit to run the transmit or receive circuitrythe conventional method (i.e choosing the active sensors in
and E,m, J/bit/m? for the transmit amplifier to achieve ana cluster randomly) then the percentage of energy savings

acceptabld?, /N, at the receiver [15]. Thus, the energy needeakhieved by the proposed energy-based multisensor cadlabo

to transmit ak-bit message for a distanekis given by, tion algorithm is,
_ (Epgs — Erota
ET{L’(k7 d) - ETmfelec(k) + ETzfamp(k: d) ne = Erandl x 100.
Tota

= Eelec X k+ Eamp x k x dz. (20)
VI. SIMULATION RESULTS
Similarly, the energy spent by the radio circuitry to re€eiv \ye simulate an ad-hoc wireless sensor network of an area

a k-bit message is, 1000 x 1000 m?2 which is divided intoN, = 100 clusters of
equal area. The entire sensor network consistVof= 1100
total number of sensors with000 randomly distributed low-
Epa(k) = Erociec(k) end sensors ant)0 data gathering nodes located at the center
= Fepee X k. (21) of each cluster. It is assumed that at each time instant only
the M-active sensors in the network measure the time delay
As in [15], we choose the parametefs,.. = 50 nJ/bit  and the Doppler shift corresponding to the target. Figued 3(
and Eqpmp = 100 pJ/bit/m?. Hence from (20) and (21), the shows a snapshot of the locations of the sensors and the. targe
total communication energy required forkebit message over The sampling interval is set tol andM = 3 in the following
a distancel is, results.
Figure 3(b) corresponds to the target position estimata err
at the leader sensor. Note that here the initial target itgloc
Ecomm = FEraz(k,d) + Era(k) was chosen aéz, ) = (0.2,0.2), Q = ¢,2T andR = 0,21
= 2X Bgee X k+ Egmp x k x d*. where position error is plotted foio,2,0,%) = (0.01,0.01)
and (042,0,%) = (0.005,0.005) . From Fig. 3(b), we can
The total energy spent by the network at each instant is thbserve that the proposed energy efficient collaborataektr
sum of the sensing and the communication energies: ing algorithm with multiple active sensors can achieve $nal
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