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Abstract: Target tracking is a typical and important application of wireless sensor networks (WSNs). Existing
target tracking protocols focus mainly on energy efficiency, and little effort has been put into network management
and real-time data routing, which are also very important issues for target tracking. In this paper, we propose
a scalable cluster-based target tracking framework, namely the hierarchical prediction strategy (HPS), for energy-
efficient and real-time target tracking in large-scale WSNs. HPS organizes sensor nodes into clusters by using
suitable clustering protocols which are beneficial for network management and data routing. As a target moves in
the network, cluster heads predict the target trajectory using Kalman filter and selectively activate the next round
of sensors in advance to keep on tracking the target. The estimated locations of the target are routed to the base
station via the backbone composed of the cluster heads. A soft handoff algorithm is proposed in HPS to guarantee
smooth tracking of the target when the target moves from one cluster to another. Under the framework of HPS,
we design and implement an energy-efficient target tracking system, HierTrack, which consists of 36 sensor motes, a
sink node, and a base station. Both simulation and experimental results show the efficiency of our system.

Key words: Wireless sensor networks, Cluster, Energy efficiency, Target tracking, Scalability, Real-time data
routing
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1 Introduction

Wireless sensor networks (WSNs), consisting of
a large number of sensor nodes, have attracted ex-
tensive attention in recent years in both industry
and academia. With the fast development of micro-
electro-mechanical system (MEMS) and digital sig-
nal processing, sensor nodes are becoming increas-
ingly smaller and less expensive (Akyildiz et al.,
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2002). Therefore, it is possible to deploy large-scale
sensor networks in areas of interest. Compared with
wired networks, WSNs have many unique features,
such as easy deployment, self-organization, and wire-
less communication. However, the resources of sen-
sor nodes are quite limited, such as energy, com-
putation, and communication (Akyildiz et al., 2002;
Karaca and Sokullu, 2012), due to the distributed
nature and unattended deployment.

Target tracking is the basis of many important
applications, such as intruder detection, disaster re-
sponse, emergency rescue, and battlefield surveil-
lance. A good example is in the case of intruder de-
tection where sensors are deployed along the bound-
ary of countries. Target tracking makes it possible to
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detect and track every intruder entering the country
at all times.

In general, in target tracking one needs to de-
tect targets and estimate their locations when they
move within the network, and also forward the es-
timated locations in a timely manner to the base
station. Since energy is the most limited resource
in WSNs, many algorithms have been proposed for
energy-efficient target tracking in WSNs. Zhao et al.
(2002) proposed an information-driven dynamic sen-
sor collaboration mechanism for target tracking, in
which the next tasking sensor is selected based on
maximizing information utility and minimizing re-
source cost. An entropy-based greedy heuristic ap-
proach was proposed in Wang et al. (2004) to se-
quentially select tasking sensors to reduce localiza-
tion uncertainty. These algorithms select only one
tasking node at each time step. Zhang and Cao
(2004) developed a dynamic convoy tree-based col-
laboration (DCTC) framework to detect and track
the mobile target. DCTC relies on a tree structure
called the convoy tree to benefit sensor collabora-
tion among multiple nodes surrounding the target.
Yang and Sikdar (2003) proposed a distributed pre-
diction tracking protocol which activates three sen-
sors at each time step to form a cluster for target
tracking. Yang et al. (2007) proposed an adaptive
dynamic cluster-based tracking (ADCT) protocol in
which cluster heads (CHs) are selected dynamically
and sensor nodes surrounding the target are waken
up to construct clusters as the target moves in the
network.

Most existing solutions focus on accurate and
energy-efficient tracking of targets, but they do not
consider how to forward the estimates of target loca-
tions to the base station in a timely manner, which
is another important objective of target tracking.
For example, dynamic clustering algorithms, such as
ADCT, are energy-efficient for target tracking, but
the localization results cannot be sent back to the
base station in real time. Although many solutions
have been proposed for target tracking, few of them
have been tested and implemented on real systems.
It is necessary to propose algorithms that can be used
for target tracking in large-scale sensor networks and
whose performance can be evaluated on a real target
tracking system.

In this paper, we present a scalable cluster-based
target tracking framework, namely the hierarchical

prediction strategy (HPS), for energy-efficient and
real-time target tracking in large-scale WSNs. As
shown in Fig. 1, sensor nodes are organized into
clusters according to any suitable clustering protocol
(e.g., the popular Leach protocol), which provides a
hierarchical structure that benefits network manage-
ment and data routing. Each cluster consists of one
CH and many member nodes. By constraining com-
munications within each cluster, network congestion
can be reduced and wireless bandwidth can be saved
so that packets can be delivered with better guaran-
tee. As a target moves in the network, CH predicts
the trajectory of the target and selectively activates
nearby nodes to perform sensor collaboration for ac-
curate target localization. The estimated locations
of the target can be routed to the base station via
the backbone composed of the CHs. A soft handoff
scheme is also proposed to smoothly track the target
when it moves from one cluster to another. Based
on the HPS, we further design and implement a real
target tracking system, HierTrack, which consists of
a sink node, a base station, and 36 sensor motes.

Cluster head Member node Nodes sensing the target

A

B

C

D

E

F

Cluster

Base station

Sink

Fig. 1 Demonstration of our cluster-based target
tracking algorithm for wireless sensor networks

The main contributions of this paper are sum-
marized as follows:

1. We propose a cluster-based target track-
ing framework for large-scale sensor networks. The
cluster-based hierarchical architecture benefits not
only sensor management and collaboration for tar-
get tracking, but also real-time data routing to the
base station.

2. We propose a soft handoff scheme that guar-
antees smooth tracking of the target when it moves
from one cluster to another.

3. We design and implement a real target track-
ing system, HierTrack, for WSNs.
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2 Related work

The problem of target tracking for WSNs has
received considerable attention from various per-
spectives, and many protocols have been proposed.
Karakaya and Qi (2011) proposed a distributed tar-
get localization algorithm using a progressive cer-
tainty map. Zhang (2011) proposed an adaptive
control and reconfiguration scheme for multi-target
tracking. He et al. (2006a; 2006b) designed and im-
plemented a VigilNet system for energy-efficient and
real-time target tracking. Chen et al. (2011) and
Zhang et al. (2012) proposed distributed schedul-
ing algorithms for binary sensor networks and acous-
tic sensor networks, respectively. Recently, Fayyaz
(2011) and Demigha et al. (2012) summarized the
target tracking techniques in WSNs.

Existing work on target tracking focuses mainly
on improving energy efficiency. Demigha et al. (2012)
reviewed the work on improving energy efficiency in
collaborative target tracking in WSNs. You et al.
(2008) developed a model to predict the mobil-
ity estimation error and proposed an energy-saving
method by utilizing additional sensors on mobile tar-
gets. In Yeow et al. (2007), a hierarchical Markov
target tracking algorithm was proposed to conserve
energy through dynamic spatial and temporal man-
agement of sensors based trajectory prediction. Ling
et al. (2011) used a Kalman filter to predict the next
state of the target and select a subset of sensors in
advance to track targets. Xu and Qi (2008) proposed
to migrate a mobile agent to track targets based on
a linear prediction model.

Recently, cluster structure has gradually been
used for sensor collaboration in target tracking.
Yang et al. (2007) dynamically selected sensor nodes
surrounding the target to form a cluster to estimate
the location of the target. In Chen et al. (2004), the
active CH wakes up all sensor nodes around it to
form a cluster for local sensor collaboration and tar-
get location estimation. However, this protocol suf-
fers from the problem caused by the failure of CHs.
Hence, once a CH does not work due to mechanical
failure or power outage, the protocol cannot work
properly and may lose the target during the tracking
process. Prediction techniques are usually embod-
ied in tree- and cluster-based tracking protocols to
predict the next state of the target.

While the previous target tracking algorithms

are quite useful, they are not suitable for target
tracking in large-scale WSNs. They focus mainly
on energy efficiency, and do not emphasize the other
two important objectives of target tracking, network
management and real-time data routing.

3 System model

In this section, we present the system model in-
cluding the network model, the target motion model,
and the localization model.

3.1 Network model

We assume that a large-scale WSN is deployed
in a two-dimensional terrain where sensor nodes are
randomly deployed following Poisson distribution
with density of λ. Given an area of A in the area
of interest, the probability of having k sensor nodes
in this area is

Pr(N(A) = k) =
(λA)k

k!
· e−λA, k = 0, 1, ..., (1)

where N(A) is the number of sensor nodes in area A.
A sensor node usually has several transmission

power levels, which correspond to different commu-
nication ranges. For example, the sensor motes used
in our system, IRIS, have 16 transmission power lev-
els. In this work, we assume that the sensor network
is homogeneous and that each sensor node normally
works at a predefined transmission power level with
the communication range of rc. The sensor nodes
within the communication range of a sensor node are
called its neighbor nodes. N(vi) = {vj |d(li, lj) ≤ rc}
is the set of neighbor nodes of sensor node vi, where
li = (xi, yi) is the location of vi, lj = (xj , yj) is the
location of vj , and d(li, lj) is the Euclidean distance
between vi and vj . A sensor node can also work at
different transmission power levels in some cases. For
example, a sensor node acting as a CH can choose a
higher transmission power level to route data to the
sink node.

In general, the strength of the signal of a sen-
sor node received from the target reduces when the
distance between the sensor node and the target be-
comes larger. The attenuated disk sensing model is
adopted to capture the sensing quality:

ri =

⎧
⎨

⎩

β

dα(li, L)
, d(li, L) ≤ rs, (2a)

0, d(li, L) > rs, (2b)
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where ri is the strength of the received signal of sen-
sor node vi, β is the original strength of the emitted
signal of the target, α is the path attenuation expo-
nent, rs is the sensing range, li is the location of vi,
L is the target location, and d(li, L) is the Euclidean
distance between sensor node vi and the target.

Note that the sensing region of a sensor node
vi, denoted by R(vi, rs), is a disk with center li and
radius rs. A target will be detected by sensor vi when
it appears in the sensing regionR(vi, rs). Conversely,
only sensor nodes within the distance of rs of the
target can detect the target. Therefore, we call the
disk centered at the target and with radius rs the
monitoring region of the target, as any sensor within
this region can monitor the target.

Each node is aware of its own location by us-
ing the APIT localization scheme (He et al., 2003)
or DV-HOP (Niculescu and Nath, 2003). Each node
can operate in three states. It can transmit packets,
receive packets, and sense the target in active state.
In sensing state, it can perform only sensing oper-
ation. In sleep state, it sleeps for most of the time
and wakes up periodically to sense the target and
listen to messages. Since communication operation
dominates energy consumption, we consider mainly
the energy consumption for communication in this
study.

3.2 Target motion model

Assuming the target moves in a two-dimensional
plane, the target motion model is described as

Xk+1 = FkXk +wk, (3)

where Xk is the target state at the kth time step, Fk

is the state transition matrix, and wk ∼ N(0,Qk)

is the process noise following Gaussian distribution
with zero mean and variance of Qk. Define Xk =

[xk, ẋk, yk, ẏk], where (xk, yk) is the location of the
target, and ẋk and ẏk are the speeds in x and y

directions, respectively. Since we are considering a
constant velocity model, Fk can be described as

Fk =

⎡

⎢
⎢
⎣

1 T 0 0

0 1 0 0

0 0 1 T

0 0 0 1

⎤

⎥
⎥
⎦ , (4)

where T is the sampling time interval.

3.3 Target localization model

Target localization is an important problem for
target tracking and many techniques have been pro-
posed in WSNs. Localization, however, is not the
main concern of this study. Any localization algo-
rithm suitable to our framework can be adopted. In
general, a target can be detected by its nearby sen-
sors. Therefore, we can use the simple centroid algo-
rithm to estimate the location of the target, which is
described as follows:

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

x̄ =
1

nd

nd∑

i=1

xi,

ȳ =
1

nd

nd∑

i=1

yi,

(5)

where (x̄, ȳ) is the estimated location of the target,
(xi, yi) is the location of sensor node si detecting
the target, and nd is the number of sensor nodes
detecting the target. This localization algorithm is
simple and works for all kinds of sensors.

4 Hierarchical prediction strategy

In this section, we present a hierarchical predic-
tion strategy (HPS) to realize energy-efficient and
real-time target tracking in large-scale WSNs.

Fig. 2 shows an overview of HPS. The basic idea
is described as follows. To support efficient network
management and real-time data routing, we use a
cluster-based hierarchical structure for a sensor net-
work. To balance the energy consumption on sensor
nodes and prolong network lifetime, CHs change pe-
riodically and each sensor node has the possibility
of becoming a CH. When sensor nodes detect a tar-
get, they report sensing results to their CH which
estimates the present location, predicts the target
trajectory, and selectively activates sensors around
the predicted location in advance for sensing the tar-
get. To efficiently track a target from one cluster
to another, we propose a soft handoff algorithm in
HPS, which hands over the tracking task smoothly
and avoids wasting energy for unnecessary handoff.
We will mainly describe the key components of HPS,
initialization, trajectory prediction and sensor selec-
tion, and target tracking handoff, in the following
subsections. Note that all sensor nodes are involved
in initialization and only activated sensor nodes
are responsible for target detection. The CHs are
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(clustering)
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Fig. 2 Framework of the hierarchical prediction strategy (HPS) for wireless sensor networks

responsible for target localization, trajectory pre-
diction and sensor selection, and target tracking
handoff.

4.1 Initialization

HPS uses cluster-based network structure to
benefit network management and data routing. In
order to prolong the network lifetime for target track-
ing, we have the following requirements for cluster
formation:

1. Sensor network is organized into clusters
where each cluster consists of one CH and many sen-
sor nodes, and each sensor node belongs to only one
cluster.

2. CHs rotate periodically and each sensor node
has the possibility of becoming a CH.

This paper is not intended to propose a new clus-
tering algorithm. Any clustering algorithm that sat-
isfies the cluster formation requirements can be used.
We find that the Leach protocol, an application-
specific clustering protocol, satisfies the cluster for-
mation requirements. Detailed descriptions of the
Leach protocol can be found in Heinzelman et al.
(2002).

In the Leach protocol, CHs directly send data
to the sink node, which is not energy-efficient since
long range communication consumes much energy.
Besides, although a sensor node has multiple trans-
mission power levels, sometimes it is too far away to
reach the sink node in one hop. Therefore, to bal-
ance energy consumption and real-time data routing,
in this study, we organize CHs into a high-level back-
bone for the sensor network. Hence, CHs in neigh-
boring clusters can communicate with each other di-
rectly. For example, as shown in Fig. 1, CHs in
clusters A, B, C, D, E, and F form a high-level
backbone which can be used to route data quickly to
the sink node. The algorithm for constructing the
backbone is described as follows.

Each CH maintains a hop count value to the
sink node and a neighbor table containing the hop

count of its neighboring CHs. The hop count of each
CH to the sink node is initialized to a large value,
say 1000. The sink node sets its hop count to 0, and
broadcasts a BBC message containing its hop count
to the sensor network. Let hopi and hopj denote
the hop counts of sensor nodes si and sj , respec-
tively. Once a CH, say si, receives a BBC message
from a neighboring CH, say sj , if hopi > hopj + 1,
si updates its hop count, hopi, to hopj + 1, updates
the hop count of sj , hopj , in its neighbor table, and
broadcasts a new BBC message with the updated
hopi to its neighboring CHs; otherwise, si updates
only hopj in its neighbor table. Upon completion
of the process, each CH is aware of its hop count to
the sink node and also that of its neighboring CHs.
Therefore, CHs form a high-level backbone for the
sensor network, and data can be routed to the sink
node based on the hop count value. However, with-
out a well designed route selection mechanism, a CH
may always choose the same neighboring CH to route
data, which can quickly deplete the energy of the se-
lected CH. To balance the traffic load and prolong
the network lifetime, we leverage the residual energy
information to help the route selection to the sink
node. Each CH periodically broadcasts its residual
energy to its neighboring CHs. When a CH wants
to send data, the neighboring CH with a smaller hop
count to the sink node and also the maximal residual
energy will be selected as the next hop to the sink
node.

4.2 Trajectory prediction and sensor selection

Generally speaking, each sensor node works at
sleep state and wakes up periodically. In this case,
sensor nodes are passive for target sensing. A sen-
sor node may not detect the target as the target
moves through its sensing region since it is in sleep
state. To solve this problem, we propose a proactive
method to predict the target trajectory and activate
nodes in the neighborhood of the predicted location
in advance for accurate and energy-efficient target
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tracking.
Since target velocity approximately remains

constant within a short period, Kalman filter, com-
monly used for target tracking, is adopted to predict
the target trajectory. The motion model is given in
Eq. (3). The measurement model is formulated as
follows:

Zk = HkXk + vk, (6)

where Zk is the measured value of the target at
the kth step, Hk is the measurement matrix, and
vk ∼ N(0,Rk) is the noise of measurement following
Gaussian distribution with zero mean and variance
Rk.

The predicted (a priori) state of the target is

X̂k+1|k = FkX̂k|k, (7)

with the predicted covariance matrix of

Pk+1|k = FkPk|kF
T
k + Qk. (8)

The Kalman gain is given by

Kk+1 = Pk+1|kH
T
k+1(HkPk+1|kH

T
k +Rk)

−1, (9)

and the target state is updated as

Xk+1|k+1 = Xk+1|k +Kk+1(Zk+1 −HkXk+1|k),
(10)

with the covariance matrix updated as

Pk+1|k+1 = (I−Kk+1Hk)Pk+1|k. (11)

Given X̂k|k = [xk|k, ẋk|k, yk|k, ẏk|k]T, where (xk|k,
yk|k) is the target location at the kth time step, and
ẋk|k and ẏk|k are the target velocities in the horizon-
tal and vertical directions, respectively, and consid-
ering a constant velocity model, the state transition
matrix is given in Eq. (4), and the observation ma-
trix is given as H(k) = I 4×4. T is the sampling time
interval between the sequential time steps. Given the
linear motion model, the next location of the target
is given as

x̂k+1|k = xk|k + T ẋk|k, (12)

ŷk+1|k = yk|k + T ẏk|k. (13)

Let L̂k+1|k = (x̂k+1|k, ŷk+1|k) denote the predicted
target location. The present working CH selectively
activates sensor nodes within a predefined activation
range of L̂k+1|k. Suppose Cj is the present working
cluster. Let ra denote the activation range. Note

that only sensor nodes in the present cluster can be
activated. Therefore, the set of sensor nodes to be
activated in advance is

Sp
k+1 = {si|d(li, L̂k+1|k) ≤ ra, si ∈ Cj}, (14)

where li = (xi, yi) is the location of sensor node si.

4.3 Tracking handoff

In this subsection, we present our soft handoff
scheme which smoothly tracks the target from one
cluster to another.

The target may move from one cluster to an-
other. Obviously, the current CH which is respon-
sible for tracking the target should hand over the
tracking task to a new CH accordingly. A possible
hard handoff scheme is that the tracking task will be
handed over to a new CH once the target is predicted
to move into another cluster. For example, as shown
in Fig. 3, the current location of the target is at point
1 and the predicted location with high probability is
at point 2. The head of cluster A hands over the
tracking task to the head of cluster B if we use the
hard handoff scheme.

A B

C

T1T3

T2

a
c

b

d

f e
1

2

Fig. 3 Illustration of different moving scenarios of the
target

However, the hard handoff scheme has several
drawbacks. First, the hard handoff scheme may re-
sult in frequent handoff and even lose the target in
some cases. The target may move randomly in the
network. It is possible that the target moves into
a new cluster as we predict, and it is also possi-
ble that the target moves around in the same clus-
ter. Fig. 3 shows three different movement cases of
the target. When the target follows trajectory T2,
frequent handoff will take place since the locations
of the target are predicted at clusters A and B re-
peatedly. This unnecessary handoff will waste much
energy. When the target follows trajectory T3, tar-
get loss may occur because no sensor node in cluster
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B can detect the target and all nodes in cluster A

are in sleep state. Second, the hard handoff scheme
may increase the uncertainty of target localization.
For example, when the target moves to location 2

from location 1 following trajectory T1 as we expect,
there are six nodes in the sensing region of the target.
However, all nodes sensing the target (e.g., c, d, e, f)
are at one side of the target, which increases the
uncertainty for the centroid localization algorithm.
To solve these problems, we propose a soft handoff
scheme for smoothly handing over the tracking task
from one CH to another.

The soft handoff scheme is described as follows:
Step 1: The cluster head CHa of the current

cluster a predicts the next location of the target and
the cluster to which the predicted location belongs.
If the predicted cluster, say b, is different from a, go
to the next step; otherwise, no handoff is needed.

Step 2: The cluster head CHb of the predicted
cluster b wakes up sensors in the neighborhood of the
predicted location and forwards the sensing measure-
ments to CHa.

Step 3: CHa collects sensing measurements from
its members and CHb. Based on the measurements,
it then estimates the new target location and predicts
a new location at the next time step.

Step 4: If the new target location is still in clus-
ter a and the new predicted location is still in b, go
to step 3; if the two locations are both in cluster a,
go to the next step; otherwise, go to step 6.

Step 5: If the event that both locations are in
cluster a occurs thrice continuously, CHa sends a
sleep message to CHb. CHb then broadcasts a sleep
message to notify its members to go to sleep state to
save energy. No handoff is needed.

Step 6: CHa sends a handoff message to CHb

with the historical locations of the target. After re-
ceiving the handoff message, CHb sends a confirma-
tion message back to CHa. CHa then broadcasts a
sleep message to notify its members to go to sleep
state.

Note that, in step 5, the cooperation between
CHa and CHb does not break down immediately
when both the estimated location and the predicted
location are in cluster a. Instead, to avoid frequent
cooperation construction and dismissal, the cooper-
ation breaks down only when this event occurs thrice
continuously.

5 Simulation results

In this section, we use simulations to evaluate
the effectiveness of HPS and compare it with the
other two typical target tracking protocols: ADCT
(Yang et al., 2007) and DCTC (Zhang and Cao,
2004). The parameters of the simulation setup are
listed in Table 1.

Table 1 Simulation setting

Parameter Value

Area size, A 100 m×100 m
Number of deployed sensor nodes, n 200
Sensing range, rs 10 m
Activation range, ra 15 m
Communication range, rc 20 m
Size of a control message, sc 10 bytes
Size of sensing results reported to CHs, sr 40 bytes

Sensor nodes are randomly deployed and orga-
nized into clusters by the Leach protocol. The move-
ment of the target follows the commonly used ran-
dom waypoint model. In addition, we adopt the
energy consumption model proposed in Heinzelman
et al. (2002). The following metrics are involved in
showing the performance results:

1. Localization error: the average relative
distance between the estimated location and true
location.

2. Energy consumption: the overall energy con-
sumed for target tracking.

3. Latency: the average number of hops from
sources to the sink node for all estimated locations
during target tracking.

5.1 Effect of node density

Fig. 4 shows the performance comparison among
HPS, ADCT, and DCTC when node density changes.
The area size is 100 m × 100 m, and the node density
changes from 0.02 nodes/m2 to 0.1 node/m2 with an
interval of 0.02 nodes/m2. The sink node is at the
upper right corner of the area. Fig. 4a shows that
the localization errors decrease as the node density
increases. This is because by increasing the node
density more nodes are involved for localizing the
target at each time step, and the more the nodes
involved, the smaller the localization error. Note
that HPS has a larger localization error compared
with the other two protocols. This is due to two
facts: first, the number of nodes activated at each
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Fig. 4 Effects of node density on the performance of all algorithms: (a) localization error; (b) energy
consumption; (c) latency
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Fig. 5 Effects of network scale on the performance of all algorithms: (a) localization error; (b) energy
consumption; (c) latency

time step is usually smaller than those of ADCT
and DCTC since the nodes activated in HPS are re-
stricted by the cluster structure; second, the central-
ized localization algorithm inherently has the char-
acteristic that the localization accuracy improves if
more nodes are involved. Even if HPS does not have
as good localization accuracy as ADCT and DCTC,
the energy consumption and latency performances of
HPS are exceptional.

Fig. 4b shows that HPS is more energy-efficient
than ADCT and DCTC, and also we can observe that
HPS behaves better in terms of scalability. When
node density increases, the energy consumption of
HPS increases slightly, while the energy consumption
of ADCT and DCTC increases greatly. The latency
of HPS, as shown in Fig. 4c, is much smaller than
that of ADCT and DCTC, which means that the
estimated locations of the target can be routed to
the base station in a real-time manner by using HPS.
We can observe that our algorithm affords a nice
tradeoff among energy consumption, latency, and the
localization error.

5.2 Effect of network scale

Fig. 5 shows the performance comparison among
HPS, ADCT, and DCTC when the network scale
changes. The network scale varies from 100 m ×
100 m to 500 m × 500 m, and the node density
remains 0.04 nodes/m2 at all times.

We can observe that the localization errors
and energy consumptions of all algorithms fluctuate
slightly when the network scale increases. The per-
formance of HPS is more stable than that of ADCT
and DCTC when the network scale increases. Fig. 5c
shows that when the network scale increases, the la-
tencies of all algorithms increase accordingly. The
reason is that the distance from the source to the
sink node increases when the network scale increases.
The latency of HPS, however, increases much slower
than that of ADCT and DCTC.

It can be concluded that our algorithm is more
scalable to node density and network scale. The
localization error really depends on the localiza-
tion algorithm applied. Due to the feature of the
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centralized localization algorithm, the localization
accuracy of our algorithm is not as good as that
of the other two typical tracking algorithms, but our
algorithm behaves much better with regards to en-
ergy efficiency and latency. Therefore, our algorithm
affords a nice tradeoff among these metrics and is
more suitable for real-time target tracking in large-
scale WSNs.

6 System implementation and experi-
ments

Based on our proposed algorithm, we implement
a real target tracking system, HierTrack. Our system
consists of three parts: a WSN consisting of many
sensor nodes, a sink node, and a base station. To
evaluate the tracking performance of HierTrack, we
use a camera calibration system developed by our
lab (Li et al., 2008) to record the real-time ground
truth locations of the target.

Fig. 6 shows a snapshot of HierTrack which is
built on a 5 m × 5 m platform. A total of 36 sensor
nodes are deployed at approximately 0.7 m spacing in
a 6 × 6 grid. These sensor nodes are organized into
one cluster. Each node is put on an upside down
paper cup, which enlarges the distance between the
antenna of the node and the platform surface, and
then reduces signal reflection of each node. A small
automatic robot with one sensor node embodied is
called the target, which can move automatically and
broadcast messages periodically. The sink node per-
formed by a sensor node and the base station rep-
resented by a computer are deployed on the desk
close to the platform. A user-friendly interface is
designed on the base station to show the status of
the network. Users can easily obtain the status of
the sensor network, such as which node is sleeping,
which node is active, and which node runs out of
energy; also, they can see the target tracking results
on the user-friendly interface. A camera calibration
system deployed on top of the platform can record
the real-time locations of the target.

6.1 Platform

In our system, new wireless sensor motes, IRIS,
developed by Crossbow, a leading company in wire-
less sensor platforms, are used as the sensor nodes.
It features a low-power microcontroller RF230 and a
250 kb/s, 2.4 GHz, IEEE 802.15.4 wireless commu-

Fig. 6 Testbed of the HierTrack system

nication standard.
We program the sensor nodes with NesC and

run them on TinyOS, an event-driven operating sys-
tem developed for wireless sensor platforms. We use
the version of TinyOS 2.x to support the IRIS plat-
form. The user-friendly interface written in C# is
programmed on the base station.

6.2 Experimental results

We first investigate the localization performance
of the system for a static target and then study the
tracking performance of the system.

6.2.1 Localization performance

We first investigate the localization performance
of the system. As shown in Fig. 7a, three represen-
tative grids of grids 1, 2, and 3 are selected. Small
squares denote sensor nodes. Grid 1 is surrounded
by the least sensor nodes while grid 3 the most.

The target node broadcasts target messages at
the center of each grid for 5 min during a period
of 60 ms. Experiment at each point is independent
of each other. Experiments show that our system
behaves very well at communications since no more
than three packets are lost at each point. Fig. 7b
shows the localization errors and localization stan-
dard deviations of these three grids. The localiza-
tion errors of grids 1, 2, and 3 are 26.4, 22.9, and
18.4 cm, respectively. The standard deviations of re-
sults measured in grids 1, 2, and 3 are 15.2, 13.9, and
13.7 cm, respectively. Fig. 7b shows that the local-
ization errors and the standard deviations decrease
gradually from grid 1 to grid 3. Hence, the more the
nodes by which a target is surrounded, the higher
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Fig. 7 Localization (a) and localization results (b) of
static targets

the accuracy of target localization. Therefore, as a
target moves to the center from the boundary, the
localization results become increasingly credible and
reliable. Although we use the binary sensing model
and only two bits of observation of every node to es-
timate the target location, the system still achieves
desirable localization accuracy.

6.2.2 Tracking performance

We also study the tracking performance of the
system when the target automatically moves in the
network. More than 50 experiments have been per-
formed when the system employs HPS and Naive,
respectively. In the Naive scheme, all sensor nodes
are working in active state at all times. We find that
our system can track the target all the time with a
zero miss rate.

Fig. 8 shows the performance comparison be-
tween HPS and Naive. We can observe that the lo-
calization errors of HPS are close to those of Naive.
Fig. 9a shows the tracking results of HPS and Naive

in one experiment. Although their real-time tracking
results are different, as shown in Fig. 9b, an amazing
observation is that we can obtain the same tracking
results using the Kalman filter to smooth the origi-
nal results, which means that users obtain the same
target trajectory on the base station and thus the
localization accuracy of HPS is the same as that of
the Naive method. At the same time, as shown in
Fig. 8b, HPS consumes much less energy compared
with the Naive scheme. Therefore, we can conclude
that HierTrack achieves the same tracking accuracy
as the Naive method in a much more energy-efficient
way.
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Fig. 8 Comparison of localization errors (a) and en-
ergy consumption (b) between HPS and Naive on the
HierTrack system

7 Conclusions and future work

Target tracking for large-scale WSNs requires
energy efficiency, scalability, and real-time data rout-
ing from source nodes to the base station. Most
existing target tracking protocols focus on energy
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Fig. 9 Comparison of tracking performance before
(a) and after (b) smoothing between HPS and Naive

efficiency and little effort has been put into scal-
ability and real-time data routing. In this paper,
we presented a scalable cluster-based target tracking
framework for energy-efficient and real-time target
tracking in large-scale sensor networks. Based on the
proposed strategy, we designed and implemented a
real target tracking system, HierTrack, consisting of
36 sensor motes, a sink node, and a base station.
Simulation results showed that our algorithm exem-
plifies the tradeoff among energy efficiency, localiza-
tion accuracy, and latency. Experimental results of
the HierTrack target tracking system further vali-
dated the efficiency of our algorithm.

While the results presented here represent the
latest development on single target tracking, more
work needs to be done in this area. The system
designed to have good scalability could be extended
to more clusters. Therefore, we intend to expand
the network size (so that more clusters coexist in the
system) to achieve good scalability and cope with
the challenges raised by multiple targets tracking.

References
Akyildiz, I.F., Su, W., Sankarasubramaniam, Y., Cayirci,

E., 2002. A survey on sensor networks. IEEE Com-
mun. Mag., 40(8):102-114. [doi:10.1109/MCOM.2002.
1024422]

Chen, J.M., Cao, K.J., Li, K.Y., Sun, Y.X., 2011. Distributed
sensor activation algorithm for target tracking with bi-
nary sensor networks. Clust. Comput., 14(1):55-64.
[doi:10.1007/s10586-009-0092-0]

Chen, W.P., Hou, J.C., Sha, L., 2004. Dynamic cluster-
ing for acoustic target tracking in wireless sensor net-
works. IEEE Trans. Mob. Comput., 3(3):258-271.
[doi:10.1109/TMC.2004.22]

Demigha, O., Hidouci, W.K., Ahmed, T., 2012. On energy
efficiency in collaborative target tracking in wireless sen-
sor network: a review. IEEE Commun. Surv. Tutor.,
99:1-13. [doi:10.1109/SURV.2012.042512.00030]

Fayyaz, M., 2011. Classification of object tracking techniques
in wireless sensor networks. Wirel. Sens. Network,
3(4):121-124. [doi:10.4236/wsn.2011.34014]

He, T., Huang, C.D., Blum, B.M., Stankovic, J.A., Ab-
delzaher, T., 2003. Range-Free Localization Schemes
for Large Scale Sensor Networks. 9th Annual Int.
Conf. on Mobile Computing and Networking, p.81-95.
[doi:10.1145/938994.938995]

He, T., Krishnamurthy, S., Luo, L., Yan, T., Gu, L., Stoleru,
R., Zhou, G., Cao, Q., Vicaire, P., Stankovic, J.A., et
al., 2006a. VigilNet: an integrated sensor network sys-
tem for energy-efficient surveillance. ACM Trans. Sens.
Networks, 2(1):1-38. [doi:10.1145/1138127.1138128]

He, T., Vicaire, P., Yan, T., Luo, L.Q., Gu, L., Zhou, G.,
Stoleru, R., Cao, Q., Stankovic, J.A., Abdelzaher, T.,
2006b. Achieving Real-Time Target Tracking Using
Wireless Sensor Networks. 12th IEEE Real-Time and
Embedded Technology and Applications Symp., p.37-
48. [doi:10.1109/RTAS.2006.9]

Heinzelman, W.B., Chandrakasan, A.P., Balakrishnan, H.,
2002. An application-specific protocol architecture for
wireless microsensor networks. IEEE Trans. Wirel.
Commun., 1(4):660-670. [doi:10.1109/TWC.2002.
804190]

Karaca, O., Sokullu, R., 2012. A cross-layer fault toler-
ance management module for wireless sensor networks.
J. Zhejiang Univ.-Sci. C (Comput. & Electron.),
13(9):660-673. [doi:10.1631/jzus.C1200029]

Karakaya, M., Qi, H.R., 2011. Distributed target local-
ization using a progressive certainty map in visual
sensor networks. Ad Hoc Networks, 9(4):576-590.
[doi:10.1016/j.adhoc.2010.08.006]

Li, Z.N., Li, H.B., Zhang, F., Chen, J.M., Sun, Y.X., 2008.
An Indoor Sensor Network System for Pursuit-Evasion
Games. 4th IEEE Int. Conf. on Mobile Ad-hoc and
Sensor Networks, p.227-233. [doi:10.1109/MSN.2008.
32]

Ling, Q., Fu, Y.F., Tian, Z., 2011. Localized sensor manage-
ment for multi-target tracking in wireless sensor net-
works. Inf. Fus., 12(3):194-201. [doi:10.1016/j.inffus.
2011.01.003]

Niculescu, D., Nath, B., 2003. DV based positioning in ad
hoc networks. Telecommun. Syst., 22(1-4):267-280.
[doi:10.1023/A:1023403323460]



406 Wang et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2013 14(6):395-406

Wang, H., Yao, K., Pottie, G., Estrin, D., 2004. Entropy-
Based Sensor Selection Heuristic for Target Localiza-
tion. 3rd ACM/IEEE Int. Conf. on Information Pro-
cessing in Sensor Networks, p.36-45. [doi:10.1109/IPSN.
2004.1307321]

Xu, Y.Y., Qi, H.R., 2008. Mobile agent migration mod-
eling and design for target tracking in wireless sen-
sor networks. Ad Hoc Networks, 6(1):1-16. [doi:10.
1016/j.adhoc.2006.07.004]

Yang, H., Sikdar, B., 2003. A Protocol for Tracking Mobile
Targets Using Sensor Networks. Proc. 1st IEEE Int.
Workshop on Sensor Network Protocols and Applica-
tions, p.71-81. [doi:10.1109/SNPA.2003.1203358]

Yang, W.C., Fu, Z., Kim, J.H., Park, M.S., 2007. An
Adaptive Dynamic Cluster-Based Protocol for Target
Tracking in Wireless Sensor Networks. 8th Int. Conf.
on Advances in Data and Web Management, p.156-167.
[doi:10.1007/978-3-540-72524-4_19]

Yeow, W.L., Tham, C.K., Wong, W.C., 2007. Energy
efficient multiple target tracking in wireless sensor
networks. IEEE Trans. Veh. Technol., 56(2):918-928.
[doi:10.1109/TVT.2007.891480]

Recommended paper related to this topic

A cross-layer fault tolerance management module for wireless sensor networks 
Authors: Ozlem Karaca, Radosveta Sokullu 
doi:10.1631/jzus.C1200029
Journal of Zhejiang University-SCIENCE C (Computers & Electronics), 2012 Vol.13 No.9 P.660-673 

Abstract: It is a well-established fact that wireless sensor networks (WSNs) are very power constraint networks, but besides 
this, they are inherently more fault-prone than any other type of wireless network and their protocol design is very application
specific. Major reasons for the faults are the unpredictable wireless communication channel, battery depletion, as well as fragil-
ity and mobility of the nodes. Furthermore, as traditional protocol design methods have proved inadequate, the cross-layer de-
sign (CLD) approach, which allows for interactions between different layers, providing more flexible and energy-efficient func-
tionality, has emerged as a viable solution for WSNs. In this study we define a fault tolerance management module suitable to 
the requirements, limitations, and specifics of WSNs, encompassing methods for fault detection, fault prevention, fault man-
agement, and recovery. The suggested solution is in line with the CLD approach, which is an important factor in increasing the 
network performance. Through simulations the functionality of the network is evaluated, based on packet loss, delay, and energy
consumption, and is compared with a similar solution not including fault management. The results achieved support the idea that
the introduction of a unified approach to fault management improves the network performance as a whole. 

You, C.W., Huang, P., Chu, H.H., Chen, Y.C., Chi-
ang, J.R., Lau, S.Y., 2008. Impact of sensor-
enhanced mobility prediction on the design of energy-
efficient localization. Ad Hoc Networks, 6(8):1221-1237.
[doi:10.1016/j.adhoc.2007.11.007]

Zhang, F., Chen, J.M., Li, H.B., Sun, Y.X., Shen, X.M.,
2012. Distributed active sensor scheduling for target
tracking in ultrasonic sensor networks. Mob. Networks
Appl., 17(5):582-593. [doi:10.1007/s11036-011-0311-9]

Zhang, W.S., Cao, G.H., 2004. DCTC: dynamic convoy
tree-based collaboration for target tracking in sensor
networks. IEEE Trans. Wirel. Commun., 3(5):1689-
1701. [doi:10.1109/TWC.2004.833443]

Zhang, X., 2011. Adaptive control and reconfiguration of mo-
bile wireless sensor networks for dynamic multi-target
tracking. IEEE Trans. Autom. Control, 56(10):2429-
2444. [doi:10.1109/TAC.2011.2163862]

Zhao, F., Shin, J., Reich, J., 2002. Information-driven
dynamic sensor collaboration. IEEE Signal Process.
Mag., 19(2):61-72. [doi:10.1109/79.985685]


