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ABSTRACT
The problem considered is that of tracking an object that is
moving through a dense network of wireless sensors. Each
sensor has a limited range for detecting the presence of the
object and the goal is to track the location of the object to
within the accuracy of the range of the sensor. The net-
work is assumed to be sufficiently dense so that the sensors
cover the entire area of interest. The object is assumed to
follow a random path through the sensor field whose statis-
tics are assumed to be known a priori. It is assumed that in
order to conserve energy the sensors go into sleep mode pe-
riodically. The sleep duration is determined at the time the
sensor goes to sleep based on the information available to
the sensor. It is assumed that a sensor that is asleep cannot
be communicated with or woken up prematurely. Having
sleeping sensors in the network could result in tracking er-
rors, and hence there is a natural tradeoff between energy
savings and tracking error. This paper considers the design
of sleeping policies with the goal of optimizing this tradeoff.

Keywords : distributed signal processing, wireless sen-
sors, sleep mode, MMSE tracking.

1. INTRODUCTION

Advances in technology are enabling the deployment of vast
sensor networks through the mass production of cheap sen-
sor units with small batteries. Such sensor networks can be
used in a variety of application areas, including medicine,
search and rescue, environmental protection, military, man-
ufacturing, home security, gaming and entertainment. Our
focus in this paper is on applications of sensor networks that
involve tracking, e.g., surveillance, wildlife studies, envi-
ronmental control, and health care. For example, sensor
networks can be deployed in forests and oceans to study
and monitor various wildlife species, without actively inter-
vening in their daily lives. Such studies can be a valuable
source of knowledge for scientists and biologists.

The sensors get their energy through small embedded
batteries or from the environment (solar, vibrations, etc.).
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Regardless of their power source, the sensor nodes typi-
cally need to operate on limited energy budgets. In order
to conserve energy, the sensors may be put into sleep mode
whenever they are not required to be active. If the sen-
sors were always awake we could of course achieve perfect
tracking (with zero tracking error) since the sensors com-
pletely cover the field. The problem of interest is to trade
off tracking error with energy conservation via sleeping.

One way to effect the transition between the active and
sleep modes is to have the sensor be in sleep mode by de-
fault and to use a low power radio channel to wake up (page)
the sensor when it is needed. To the best of our knowledge,
this approach has been taken in all of the literature to date
on energy-efficient tracking using sensor networks. In [1]
and [2], the authors have considered a dynamic convoy tree
based approach. The tree consists of the sensors that are
awake, and it is updated periodically based on the position
and velocity of the object. A cell based distributed algo-
rithm is developed in [3], where the sensors in neighboring
cells to the one in which the object is present are woken up
based on the trajectory of the object. A model for sensing
cost for sensors is assumed in [4], and a collaborative track-
ing algorithm that minimizes the sensing cost is developed
to choose the sensor that will be awake and track the object
in the next time instant, based on the position and veloc-
ity of the object. In [5], the authors propose a method for
the estimation of position using a triangulation method, and
the estimation of velocity via position information for more
than one time instant. This estimated data is then used to
warn other sensors about the motion of the object so that
they can be alert and take appropriate actions. Tracking ob-
jects by the method of localized prediction, with a localized
sensor network architecture ,where most of the sensor nodes
keep sleeping until woken up by an active sensor node is
proposed by the authors in [6]. In [7], the sensor network
is divided into clusters, and a protocol that uses a predic-
tive mechanism is devised to intimate cluster heads about
approaching targets. Based on the prediction of trajectories
of the target, the cluster head activates the most appropriate
sensors before the arrival of the target.



The design problem that we consider is very different
from the one considered in the prior work described above
for the following reason. We assume that using a wake-up
channel to effect the transition between the active and sleep
modes is impractical given current sensor technology. This
is because the power consumed by the wake-up channel is
generally not negligible compared to the power consumed
by the active sensor [8]. Alternatives to the wake-up chan-
nel approach are: (i) have the sensor enter and exit the sleep
mode using a fixed or a random duty cycle, and (ii) use prior
knowledge about the sensor observations to determine the
sleeping strategy. The latter approach is clearly more effec-
tive than the second if prior knowledge about the observa-
tions is available, and this is the approach we take in this
paper.

2. PROBLEM DESCRIPTION

Fig. 1. Object tracking in a field of sensors.

The tracking problem of interest is one where the sen-
sors are distributed in a two-dimensional plane. Each sensor
has a limited range for detecting the presence of the object
being tracked, and the goal is to track the location of the
object to within the accuracy of the range of the sensor. For
such a tracking strategy to be well-posed we need to assume
that the sensor field is sufficiently dense so that the sensors
cover the entire area of interest (see Figure 1). The object
follows a random path through the sensor field whose statis-
tics are assumed to be either known a priori or estimated
on-line. The goal is to design the sleeping policies at the
sensors to optimize the tradeoff between energy consump-
tion and tracking error. The design problem is more easily
introduced for tracking in one dimension. We therefore first
consider this simpler one-dimensional case, and then gener-
alize the resulting policies to two dimensions.

Consider a one-dimensional sensor network with sen-
sors placed unit distance apart from −b to +b. An object
that has to be tracked by this sensor network is assumed to

undergo a symmetric random walk; i.e, at each time instant,
the object moves a unit distance either to the left or to the
right with equal probability. A central unit1, which controls
this sensor network, is assumed to maintain the information
required to compute the sleep times of the sensors in the sys-
tem and to assign the sleep times for the sensors that come
awake. A sensor is either awake or sleeping at each time
instant. If the object is within the range of a sensor that is
awake, the sensor detects the object and sends this informa-
tion to the central unit. Initially it is assumed that the object
is at position zero and that all the sensors are awake.

One simple policy to track the object is the ”always
track” policy where the sleep time of a sensor that has come
awake is set as the distance between the sensor and the ob-
ject, when the object is not present at that sensor’s location.
This is because the object will be able to move at most n

units of distance away from its present position during n

time units for any given positive integer n. If the object is
present at a sensor’s location then the sleep time of that sen-
sor is set to two, because the object has to move to one of the
adjacent positions before it comes back to the same position.
If we set the sleep time to be larger than the above specified
time, then the network might not be able to track the object
at all times, leading to tracking error. But sleeping for more
time will decrease the energy spent per unit time in the net-
work. Thus there is a tradeoff between energy consumption
and tracking error for this system.

3. STATE SPACE DESCRIPTION

Let φk,l and uk,l denote the residual sleep time and the input
sleep time, respectively, of the sensor located at position
l ∈ {−b,−b + 1, . . . , b − 1, b} at time instant k. If a sensor
has non-zero residual sleep time, then it sleeps during the
current time instant. Also, its residual sleep time at the next
time instant gets decremented by one. If the residual sleep
time is zero, then the sensor is awake at the current time
instant. Also the sleep time at the next time instant is set
to the input sleep time. Therefore, the evolution of φk,l is
given by

φk+1,l = (φk,l − 1) 1{φk,l 6=0} + uk,l 1{φk,l=0} (1)

where 1 is the indicator function. The position of the object
mk evolves as

mk+1 = mk + wk (2)

where the wk’s are i.i.d Bernoulli random variables taking
values +1 and −1 with equal probability for a symmetric
random walk. To simplify the notation, let

Φk = [φk,−b, φk,−b+1, . . . , φk,b−1, φk,b]
T

1Generalizations to the distributed scenario without a central control
unit are discussed in Section 9



and

Uk = [uk,−b, uk,−b+1, . . . , uk,b−1, uk,b]
T .

The state of the system is then given by Xk = (Φk,mk).
Also, we assume that the problem terminates if the object
exits the system. Therefore, the state update from (1) and
(2) takes the form

Xk+1 =

{

f(Xk, Uk, wk) if Xk 6= t and Uk 6= terminate,

t if Xk = t or Uk = terminate.
(3)

At any time instant, we assume that the object’s position can
be observed only when the sensor present at the object’s
position is awake during that instant (or when the object
exits the system). The observation at time instant k can be
represented as Zk = (Φk, sk), where sk is equal to either
the position of the object when it is known or an erasure ε,
when the object’s position is unknown. Thus,

sk = mk 1{mk=−b−1 or b+1 or φk,mk
=0}

+ ε 1{mk 6=−b−1 and b+1 and φk,mk
6=0} (4)

At any given time instant, there are two types of costs that
are incurred - the energy cost and the tracking cost. We
assume that an energy cost of unity is contributed by each
sensor that is awake, and a tracking cost of c is incurred
when the object is not tracked. Different values of c give
different points on the trade-off curve between the average
energy spent and the average tracking error. The total cost
incurred at time instant k is given by

g(Xk, Uk, wk) = 1{Xk 6=t}

[

c 1{φk,mk
6=0}+

b
∑

l=−b

1{φk,l=0}

]

(5)
The information available during the current time instant to
choose the optimal sleeping policy consists of present and
past observations, and the past input sleep times. Thus the
current sleep time can be chosen as

Uk = µk(Ik) (6)

where

Ik = [Z0, Z1, . . . , Zk, U0, U1, . . . , Uk−1]
T , (7)

I0 = Z0. (8)

We assume an infinite horizon discounted cost formulation
of the optimization problem with forgetting factor α ∈ (0, 1).
The cost function to be optimized is given by

J0(I0, µ0, µ1, . . .) = E
|I0

[

∞
∑

k=0

αkg (Xk, µk(Ik), wk)

]

(9)

where E
|I0

represents the expectation over the distribution of

(X0, X1, . . . , w0, w1, . . .), conditioned on I0. The fraction
1

1−α
denotes the approximate time period over which the

chosen sleeping policy is optimized. Hence α is chosen
such that the above fraction is equal to the expected time
that the object is present in the system. The optimal cost is
given by

J∗
0 (I0) = min

µ0,µ1,...
J0(I0, µ0, µ1, . . .) (10)

The input sleep times will not affect the sensors that are
asleep. Therefore we can reduce the input space by search-
ing for optimal sleeping policy only over those set of in-
put sleep times which are zero for sensors that are asleep.
Therefore it is enough to minimize the cost function
J0(I0, µ0, µ1, . . .) over the set of sleeping policies
Uk ∈ U(Ik), where

U(Ik) =

{

∅ if Xk = t,

{terminate, V (Ik)} if Xk 6= t.
(11)

V (Ik) = {Γk = [γk,−b, γk,−b+1, . . . , γk,b−1, γk,b]
T

∣

∣ ∀l, γk,l = 0 if φk,l 6= 0} (12)

From the dynamic programming argument, the optimal cost
function can be recursively computed as

J∗
k (Ik) = min

Uk∈U(Ik)

{

t(Ik),

E
|Ik

[

g(Xk, Uk, wk) + α J∗
k+1(Ik, Zk+1, Uk)

]

}

(13)

where

t(Ik) =

{

2b+1+c
1−α

if sk 6= −b − 1 and b + 1

0 if sk = −b − 1 or b + 1
(14)

The justification for using 2b+1+c
1−α

in (14) comes from the

fact that the optimal cost-to-go function J∗
k (Ik) < 2b+1+c

1−α
,

∀k, Ik. Therefore we will terminate only when the object
goes out of the system.

4. SUFFICIENT STATISTICS

We cannot use Ik directly because it grows indefinitely with
time. Thus we have to find a suitable transformation of Ik

that can be used instead of Ik, to compute the optimal policy
without loss in performance. Let

pk,l = Pr{object is at position l at time k|Ik} (15)

qk,l = Pr{object is at position l at time k+1|Ik}(16)

Pk = [pk,−b−1, pk,−b, . . . , pk,b, pk,b+1]
T (17)

Qk = [qk,−b−1, qk,−b, . . . , qk,b, qk,b+1]
T (18)



The probabilities Pk and Qk can be shown to evolve as

qk,l =











1
2 [pk,l−1 + pk,l+1] if l 6= (−b − 1), (b + 1)
1
2pk,−b if l = −b − 1
1
2pk,b if l = b + 1.

pk,l =















1{sk=l} + 1{sk=ε} 1{φk,l 6=0}
qk−1,l

P

m

1{φk,m 6=0}qk−1,m

if l 6= −b − 1 and b + 1,

1{sk=l} if l = −b − 1 or b + 1.

It can be shown that Ψk = (Φk, Pk) is a sufficient statistic
for the dynamic programming problem.

Remark 4.1. We can now transform the problem with par-
tially observable state-space to a problem with completely
observable state-space by considering Ψk as the state of the
system and sk+1 as the conditionally independent random
noise generated at time k.

Let ωk be the fictitious random variable which has the
same probability distribution as sk+1 given the current state
Ψk. Then,

Ψk+1 =

{

f̃(Ψk, Uk, ωk) if Ψk 6= t and Uk 6= terminate,

t if Ψk = t or Uk = terminate.

(19)

Uk = µ̃k(Ψk) (20)

J̃∗
k (Ψk) = min

Uk∈Ũ(Ψk)

{

t̃(Ψk),

E
ωk|Ψk

[

g̃(Ψk, Uk, ωk) + α J̃∗
k+1(f̃(Ψk, Uk, ωk))

]

}

(21)

t̃(Ψk) =

{

2b+1+c
1−α

if pk,−b−1 6= 1 and pk,b+1 6= 1

0 if pk,−b−1 = 1 or pk,b+1 = 1
(22)

Ũ(Ψk) =

{

∅ if Ψk = t,

{terminate, Ṽ (Ψk)} if Ψk 6= t.
(23)

Ṽ (Ψk) =
{

Γk = [γk,−b, γk,−b+1, . . . , γk,b−1, γk,b]
T

∣

∣ ∀l, γk,l = 0 if φk,l 6= 0
}

(24)

g̃(Ψk, Uk, ωk) =
b
∑

l=−b

1{φk,l=0}

+ c
[

1 − 1{∃l, pk,l=1 and φk,l=0}

]

(25)

Pr[ωk = l |Ψk] = qk,l 1{φk,l=1 or (φk,l=0 and uk,l=0)} (26)

Pr[ωk = ε |Ψk] =

b+1
∑

l=−b−1

qk,l·

· 1{φk,l>1 and (φk,l=0 and uk,l 6=0)}

(27)

5. SUCCESSIVE APPROXIMATION

It can be shown that the optimal cost-to-go function does
not depend upon the time index given the current state, i.e.,
for all possible states of the system λ, we have
J̃∗

k (λ) = J̃∗
k+1(λ), ∀k. Therefore, We can further simplify

equation (21) to obtain the Bellman equation.

J̃∗(Ψ) = min
U∈Ũ(Ψ)

{

t̃(Ψ),

E
ω|Ψ

[

g̃(Ψ, U, ω) + α J̃∗
(

f̃(Ψ, U, ω)
)]

}
(28)

Also one can show that the mapping T (W )(Ψ) = min
U∈Ũ(Ψ)

{

t̃(Ψ), E
ω|Ψ

[

g̃(Ψ, U, ω) + α W
(

f̃(Ψ, U, ω)
)]

}

is a contrac-

tion mapping. Therefore, the optimal cost and sleeping pol-
icy can be obtained by starting with W0(Ψ) = 0, ∀Ψ and
recursively applying Wn+1 = T (Wn), till it converges.

For a problem with seven sensors with maximum sleep
time of 10 and probability mass function quantized to multi-
ples of 0.1, there are about 109 possible states. Therefore, it
is infeasible to compute the optimal sleeping policy even for
a small problem with seven sensors. The number of possible
sleep times grows exponentially with the number of sensors,
and each sleep time is associated with some number of prob-
ability mass functions, resulting in this huge state space. In
the next section, we have develop a locally-optimal policy
that does not use the sleep times of all the sensors.

6. LOCALLY-OPTIMAL SLEEPING POLICY

Let
(

a
b

)

for a non-negative integer a, and a non-negative real
number b be defined as

(

a

b

)

=

{

a!
b! (a−b)! if b is an integer and b ≤ a,

0 otherwise.
(29)

Let the object be at position r at time instant k. To get to
position l at time instant (j + k) for j ≥ |l − r|, j and
|l − r| must be both even or odd. The object has to take
j+|l−r|

2 steps in the direction of position l from position r

and j−|l−r|
2 in the opposite direction.

Pr
{

m(j+k) = l|mk = r
}

=

(

j
j−|l−r|

2

)(

1

2

)j

(30)

Instead of the actual position of the object, if we know the
probability mass function of the object’s position Pk at time
k, then

Pr
{

m(j+k) = l|Pk

}

=

b+1
∑

r=−b−1

pk,r

(

j
j−|l−r|

2

)(

1

2

)j

(31)



Therefore, the expected total tracking cost F incurred by
the sensor at position l by choosing the input sleep time uk,l

is given by

F = c

b+1
∑

r=−b−1

uk,l
∑

j=|l−r|+1{l=r}

pk,r

(

j
j−|l−r|

2

)(

1

2

)j

(32)
The average expected tracking cost incurred by the sensor
during this period is F

uk,l+1 . The average energy cost in-

curred during this period is 1
uk,l+1 . The total average ex-

pected cost Ĵl(Pk, uk,l) contributed by sensor at position l

by choosing the input sleep time uk,l is given by

Ĵl(Pk, uk,l) =

c
b+1
∑

r=−b−1

uk,l
∑

j=|l−r|+1{l=r}

pk,r

( j
j−|l−r|

2

) (

1
2

)j
+ 1

uk,l + 1

(33)

The input sleep time can be chosen as

uk,l = argmin
u

Ĵl(Pk, u) (34)

We refer to the policy resulting from this minimization as
the locally-optimal policy.

In computing the locally-optimal policy we note that the
expected number of tracking errors as a function of sleep
time u first increases, reaches a maximum and decreases
back to zero. The reason is that as u → ∞, the average
number of times the object will be present at a particular
sensor’s location tends to zero. On the other hand the energy
cost is a decreasing function of the sleep time. Therefore,
the local cost function Ĵl(Pk, u) is not convex and has more
than one minimum. After the first minimum the cost func-
tion increases and then decreases back to zero as u → ∞.
Choosing u = ∞ is a greedy policy that optimizes the cost
for a given particular sensor assuming that the object will
stay within the system for an infinite time duration. There-
fore choosing the value of u corresponding to the first min-
imum gives a meaningful locally-optimal sleeping policy.

7. MINIMUM SLEEP TIME POLICY

The locally-optimal sleeping policy described in the previ-
ous section is computationally more tractable than the op-
timal sleeping policy, and can be computed and simulated
for reasonably large values of b as we see in Section 8.
However, even this simpler policy becomes computation-
ally intractable for large values of b, and would be difficult
to compute in real time for implementation in a system. The
intractability is further accentuated for the more complex
scenarios of tracking an object that moves with a variable
velocity in one dimension, and for tracking an object in a

two-dimensional environment. We therefore develop a fur-
ther simplification of the locally-optimal which is computa-
tionally tractable and practical.

If we know the position of the object, the locally-optimal
sleep time for a sensor that has come awake can be obtained
easily as simply a function of the distance of the sensor to
the current position of the object. What we now need is a
simple heuristic to replace the location of the object when
we do not know the exact position of the object. The heuris-
tic that we use is the location that results in the minimum
sleep time among the set of possible locations where the ob-
ject can be located. We call this policy the minimum sleep
time policy. We note that this minimum sleep time policy
can easily be generalized to more complicated tracking sce-
narios, including the variable velocity and two-dimensional
scenarios.

8. SIMULATION RESULTS

We first considered the a one-dimensional sensor network
with b = 20 with the object undergoing a symmetric ran-
dom walk. We simulated the the locally-optimal and the
minimum sleep time policies and obtained the tradeoff curves
for energy versus tracking costs (see Figure 2).

We then considered the more complex scenario of track-
ing an object undergoing random walk with wk = {−1, 0, 1}
with equal probability by following the steps in Section 6.
While the locally-optimal policy can be derived in this case,
we found that simulating it was computationally infeasible.
We therefore developed the minimum distance policy (given
in Section 7), simulated it and plotted the tradeoff curve (see
Figure 3).
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Fig. 2. Trade-off curve for a 1-D sensor network (b=20)
tracking an object undergoing a symmetric random walk.

The following observations can be made from the trade-
off curves:

When c is small compared to the average number of sen-
sors that have to be awake for the ”always track” policy, the
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Fig. 3. Trade-off curve for the minimum sleep time policy
for tracking an object undergoing random walk with wk =
{−1, 0, 1} with equal probability (b = 20).

average tracking error approaches one and the average num-
ber of sensors that are awake approaches zero.

On the other hand, when c is large compared to the av-
erage number of sensors that has to be awake for the ”al-
ways track” policy, the average tracking error approaches
zero and the sleeping policies tend to the ”always track”
policy.

The average number of tracking errors is a non-increasing
function of the average energy spent by the system.

The locally-optimal and minimum sleep time policies
perform very similarly.

In the case of tracking a symmetric random walk allow-
ing 10% tracking error, results in a 25% saving in energy. In
the case of random walk with wk = {−1, 0, 1} with equal
probability, the same 10% tracking error results in a 37%
saving in energy. For a realistic tracking problem where the
variation in velocity may be even higher, we expect to save
even more energy by allowing a small tracking error.

9. CONCLUSION

We considered the problem of tracking an object undergo-
ing a random motion in a field of sensors, where the sensors
are put into sleep mode to conserve energy. We assumed
that the sensors cannot be woken up prematurely from the
sleep state. To obtain design guidelines for the sleep policy,
we first considered a simplified problem of one-dimensional
sensor network with uniformly spaced sensors, tracking an
object undergoing a symmetric random walk. We showed
that computing and implementing the optimal sleeping pol-
icy is intractable for this problem, even for a network with
only seven sensors. We then developed a locally-optimal
policy that can be simulated for this simplified problem.
However, we argued that locally-optimal policy is imprac-
tical for implementation even for this simple scenario, and
furthermore, it cannot be simulated for more complex track-

ing scenarios. Finally, we developed the minimum sleep
time policy, which is tractable and can easily be extended to
more complex scenarios. We argued that this policy should
perform close to the locally-optimal policy when the aver-
age number of tracking errors is small. We verified this con-
jecture via simulations. Our simulations also show that sig-
nificant savings in energy can result by allowing for some
tracking error.

In our analysis we assumed the presence of a central
unit that determines that sleep times for the sensors. It is
of interest to study the more complicated decentralized case
where the sensors that are awake communicate directly with
each other without a central controller.
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