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a b s t r a c t
This paper introduces an efﬁcient rule-based algorithm for tracking multiple fast-moving ground vehicles
in an acoustic Wireless Sensor Network (WSN). To reduce the level of power consumption, the acoustic
sensor nodes in the WSN are assumed to be very simple in nature, having no capability to discern the
direction and range of targets or to communicate directly with adjacent peer nodes. Instead the WSN
employs a specialized fusion center that collects detection information directly from the sensor nodes.
Accurate tracking of multiple high-speed targets can be affected by the Doppler shift and by the merging
and splitting of target trajectories. To satisfy all of these requirements for target tracking in acoustic
WSNs, a rule-based low-complexity tracking algorithm is presented in this work. The algorithm performs
clustering of the detecting sensors and computes the weighted centroid of each cluster to determine the
number of targets and their positions. The algorithm also takes into account the target path merging and
splitting that necessitates cluster-to-cluster associations as well as detection-to-track associations. The
algorithm compensates for the Doppler effect, has a relatively low computational complexity, and has
been shown to have high overall track accuracy.
Ó 2014 Elsevier B.V. All rights reserved.

1. Introduction
Wireless Sensor Networks (WSNs) are composed of numerous
wireless micro sensors and a centralized fusion center. For tracking
ground vehicles or underwater targets, WSNs have been regarded
as useful and are becoming increasingly available due to recent
advancements in low-cost micro sensor technology [1]. Requirements for WSN applications often mandate that the sensors have
low computational and communication loads because the sensors
themselves are battery powered. Thus, it is desirable to utilize sensor elements that are extremely simple, having no peer-to-peer
communication capability and having only intensity threshold
detection capability. This allows for the sensors themselves to be
better mass-produced and more energy efﬁcient. Such sensors
send detection information directly to the fusion center when the
detection is higher than a predetermined threshold value. It is the
job of the fusion center to implement an effective tracking
algorithm that will utilize this information in an intelligent
manner. Even though the fusion center has signiﬁcantly greater
computational capability than the individual sensor nodes, the
scope of the overall problem mandates that the tracking algorithm
⇑ Corresponding author. Tel.: +1 256 824 6858.
E-mail addresses: kim.an@AnMathTek.com (Y.K. An), yoos@uah.edu (S.-M. Yoo),
huggyan@gmail.com (C. An), wellsbe@uah.edu (B. Earl Wells).
http://dx.doi.org/10.1016/j.comcom.2014.05.011
0140-3664/Ó 2014 Elsevier B.V. All rights reserved.

be computationally efﬁcient. It should also have high track accuracy even when objects are moving at a rate at which Doppler shift
becomes an issue.
In our previous work [37] on single-target tracking in acoustic
WSNs, we developed a more realistic detection algorithm in which
the Doppler effect appears naturally, depending on the target
speed. We also used the weighted centroid of the detecting sensor
positions as target position measurements. Our realistic detection
model warranted no mismatch of detection between the tracker
and the sensors deployed in the ﬁeld and showed that the Doppler
effect affected the track accuracy based on the target position measurement bias for higher-speed ground vehicles. The weighted centroid made the Kalman Filter (KF) linear and, thus, near-optimal
with very low computational complexity and high-track accuracy
for linear and accelerated motions.
In this paper, we extend our previous studies [37] to tracking
multiple targets, which is a challenge in acoustic WSNs considering
the limited capability mentioned above and the low computational
complexity. For a single target, the target position may be determined by the weighted centroid of all the detecting sensors, as
the sensors detect sound from only one source. When multiple
targets are separated far enough apart, detecting sensors are aggregated around each target and form a number of clusters that are
separated from one another. The detection algorithm should
determine the number of targets and the target positions from
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the clustered sensors. When the targets cross one another, the
tracking algorithm should associate the clusters of the previous
time step to those of the current time step and then associate
the position measurements to the track state vectors. A number
of previous authors have proposed algorithms for multiple-target
tracking, but the algorithms suffered from high computational
complexity or required extensive communication between sensors.
Furthermore, none of the previous studies of acoustic WSNs took
into account the Doppler effect on their detection models.
This study is intended to develop a new multiple-target tracking algorithm that has low computational complexity for acoustic
WSNs with the limited capability mentioned above. In addition
to accounting for the Doppler effect in our detection model, the
merging and splitting of the multiple targets defy an analytic
approach.
Our contribution to multiple-target detection and tracking in
WSNs include the following:
 Realistic multiple-target detection algorithm that accounts for
the Doppler effect.
 Rule-based association algorithm for tracking multiple targets
that are merging and splitting with low computational
complexity.
This paper is organized as follows: Section 2 describes the outline of multiple-target tracking in acoustic WSNs. Section 3
describes the detection framework. It also provides a detailed
description of the Doppler effect in the simulation and of clustering
the detecting sensors for target localizations. Section 4 describes
the tracking framework that presents a KF as a tracker with
weighted centroids as measurements and the rule-based algorithm
for cluster-to-cluster associations as well as an algorithm for measurement-to-track associations. Section 5 presents the simulation
results of multiple-target tracking in various scenarios and compares this approach with other methods, and Section 6 summarizes
our work and discusses possible future work.
1.1. Related work
A number of tracking methods for a single ground target have
been proposed in the literature [1–15]. In many cases, however,
it is desirable and more realistic to track multiple targets. Multiple-target tracking methodologies have been developed in the
areas of multiple-source localization and multiple-target detection
and tracking [16–34,41–48]. Multiple-target tracking is a very
challenging problem compared to single-target tracking as the data
association with tracking presents tremendous difﬁculties when
the targets merge and split. Coping with this challenge, various
trackers have been proposed, including the joint probabilistic data
association ﬁlter (JPDAF), which was proposed by Fortmann et al.
[27]. A major problem with this version is that the number of
targets must be known a priori, which is often not possible. Oh
et al. [30,41] employed the Markov Chain Monte Carlo Data Association (MCMCDA) model for multiple-target tracking and applied
the tracker to slow-moving targets via infrared sensor nodes [29].
Jajamovich and Wang [18] used the Rao-Blackwellized sequential
Monte Carlo method for tracking an unknown number of targets
with unknown sensor positions. Each sensor node was assumed
to communicate with neighboring sensors through radio connectivity. Ristic and Arulampalam [19] used a Particle Filter (PF) as a
tracker and found that the PF performed well with 25,000 particles
when tracking two targets but was unable to reliably track three
targets with the same number of particles. Similar results were
obtained using a PF by He et al. [20] and Zhou et al. [21]. Morelande
et al. [17,32] studied multi-target tracking using an unscented
Kalman Filter (UKF) for lower computational complexity than a

PF. Michaelides et al. [42] developed the fault tolerant algorithm
using the binary observation of the sensors and a KF tracking ﬁlter.
The algorithm assumed communication between sensors. Jiang
and Hu [43] built an experimental prototype with passive infrared
sensors to test their tracking algorithm of MCMCDA under lowdetection probabilities and sensor ambiguity localization errors.
Mazomenos et al. [45] used a PF as a tracker and used a two-way
time of ﬂight method for the range measurement.
Among the previous work mentioned above, the authors
[8,13,16,19,21,25,35,36,40] all studied target tracking in acoustic
WSNs. However, their results have limited applications for tracking
fast-moving ground vehicles in real acoustic WSN environments.
They used the power law for simulating target sound power detection by the sensors in the ﬁeld and used the same power law for
modeling the detection in their trackers. Their use of the power
law did not take the Doppler effect into account during their detection simulations and made the detection model in their tracker
susceptible to mismatch with the detection by the sensors
deployed in real environments [8]. None of the previous studies
of acoustic WSNs that are mentioned above investigated the Doppler effect on multiple-target tracking. Furthermore, it is uncertain
whether the various tracking algorithms using JPDAF, MCMCDA,
PF, and UKF can be applied to tracking fast-moving ground vehicles
in acoustic WSNs with limited capabilities.

2. Outline of multiple-target tracking in acoustic WSNs
In this research, we assume that the wireless sensors are distributed in a ﬁxed two-dimensional uniform grid. Each node has
a simple threshold detection sensor, a small embedded processor,
and a wireless module that allows it to forward its data to a central
fusion center. The wireless sensors are assumed to be distributed
in a uniform grid of 50 by 50 with sensor separation (the distance
between the sensors), Ds, being 25 meters in the sensing region.
Therefore, the total number of sensors, Ns, deployed in the ﬁeld
is 2500. This distribution is reasonable for detecting and tracking
ground vehicles with approximate speeds of 20 m/s and sensing
ranges of 15–75 m.
We note, however, that our tracking algorithm is not limited to
the uniform grid mentioned above but works well for various random distributions of sensors, as shown for single-target tracking in
our previous studies [37]. Here, sensing range stands for the
distance from the target at which the target sound is equal to the
sensor threshold. A target with higher sound power has a longer
sensing range than a target with lower sound power. Because of
limited power for each sensor node, it is assumed that each sensor
does not know the origin of the detecting sound and sends detecting information (detecting sound power and sensor ID) to the
fusion center without communicating with neighboring sensors
when the detecting sound power is higher than its threshold value.
Each sensor has its own unique ID that translates into its position.
For sensor nodes with limited capability, the target position was
measured with the weighted centroid of the detecting sensor positions for tracking a single target [37]. Multiple-target tracking
requires clustering the detecting sensors in order to determine
the number of targets and their positions. When there is environmental noise, the clustering gives neither an accurate target number nor accurate target positions as the noise interferes with target
sound detection. Thus, denoising is an essential process before
tracking at the fusion center. Multiple-target tracking is further
complicated by the merging and splitting of target clusters when
two targets cross to each other, which requires cluster-to-cluster
association as well as detection-to-tracking association. The
environmental noise mitigation algorithm for single targets was
proposed in our previous work [38,39]. In this paper, we present
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a rule-based algorithm for multiple-target tracking with Doppler
effect, assuming that the environmental noises are mitigated
before tracking. Fig. 1 shows the outline of our detection and tracking system.
3. Detection framework
In this section, we extend the detection model for a single target
with Doppler effect [37] to multiple-target detection and develop
an algorithm for the localization of multiple targets.
3.1. Sound power detection from multiple targets with Doppler effect
The sound power detection model for a single target with Doppler effect was developed in our previous paper [37] and is
explained again here in Fig. 2. In particular, Fig. 2(a) shows a target
moving from left to right with a constant speed at times t0, t1, t2,
and t3 and the sound wave propagation from the respective target
positions in the time step, Dt. Fig. 2(b) also shows target sound
detection regions with shaded areas at each time step. If the sensors are distributed and the sensing range, rs, is set to be large in
order to cover multiple sensors in the range, the sensors in the
shaded areas of Fig. 2(b) detect target sound as long as the sound
signal is higher than the threshold value of the sensors. We see
some gaps at t = t2 and t3, at which the sensors do not detect the
sound. The gaps are due to the ﬁnite time step. The time step,
Dt, is set at 0.005 s in our simulation.
Based on Fig. 2, we have developed a detection algorithm for a
single target with Doppler effect as follows. The sound propagation
from the target position of each previous time step can be
expressed by the following equation:
2
dj;k

¼ ðxj;k 

2
xtj Þ

þ ðyj;k 

2
ytj Þ

dj;k ¼ ðk  jÞ  V s

ð1Þ

Here, Vs is the sound speed; j (=1, 2, . . . , k  1) is the index of previous time steps; dj,k is the sound propagation distance at the time of
k from the target position, ~
xtj ¼ ðxtj ; ytj Þ, at the previous time index j;
and ~
xj;k ¼ ðxj;k ; yj;k Þ is the sound wave front position at the time of k
propagating from the target position ~
xtj .
The distance between a sensor and a target position at j can be
expressed as follows:

2

2

ds;j ¼ ðxs  xtj Þ þ ðys  ytj Þ

2

ð2Þ

where ~
xs ¼ ðxs ; ys Þ is a sensor position and ds,j is the distance from
the sensor s to the target position at the previous time j. Any sensor
that satisﬁes the following conditions at the time step of k can
detect the target sound:

dj;k1 6 ds;j 6 dj;k
X
a
Ps ¼
Pt =ds;j P cs

ð3Þ

j

where Ps is the target sound power at the sensor s, Pt is the sound
power generated by the target, and cs is the sensor threshold value.
The summation is over the previous time steps j, which satisﬁes the
ﬁrst part of Eq. (3). The sound power propagation from a target is
assumed to satisfy the power law model as shown in Eq. (3), and
a = 2 is set for our simulation. However, this value can be changed
depending on the environmental conditions in the sensor network
region. We emphasize here that our tracking result is independent
of any sound propagation model as long as the sound model
describes sound propagation realistically.
For multiple-target detection, the target sound power detected
by a sensor can be computed by summing up the detecting sound
powers from all targets. As each target has its own position at each
previous time step, each time step j is the function of target index i,
so the time step j should be expressed as j(i), and the Eq. (3) needs
to be modiﬁed as follows:

djðiÞ;k1 6 ds;jðiÞ 6 djðiÞ;k
a

Ps;jðiÞ ¼ Pt;i =ds;jðiÞ
XX
Ps ¼
Ps;jðiÞ P cs
i

ð4Þ

jðiÞ

where Ps is the total target sound power at the sensor s, Pt,i is the
sound power generated by the target i, Ps,j(i) is the sound power at
the sensor s from the target i at j(i), and cs is the sensor threshold
value. If Ps > cs, the sensor s sends a detection message to the fusion
center. The detection message includes the integer value,
ws = ﬂoor(Ps/cs), and the sensor ID. Here, ﬂoor(x) is the closest
integer to x but is smaller than x. The fusion center translates each
sensor ID into each sensor position. The integer value of the normalized power and sensor position will be used by the fusion center to
compute the weighted centroid of the detecting sensors as a target
position measurement.
3.2. Localization of targets by clustering detecting sensors
After receiving the detection message from all the detecting
sensors, the fusion center starts to process the data to locate the
target positions. Fig. 3(a) shows detecting sensors that are recognized by the fusion center based on the detection message sent
by the sensors. There are ﬁve clusters of detecting sensors, and
each target resides in each cluster. For locating each target, the
fusion center clusters the sensors and then computes the weighted
centroid of each cluster. The centroids are considered as target
position measurements.
We use a very efﬁcient clustering routine, which was developed
for tracking target images on the focal plane of an optical sensor
(the clustering routine is a subroutine of Sens_Data_Gen which
comes from ADAC’s OASIS and MTT_data_gen for multiple target
tracking). The set of clusters at a time step k is expressed as

Hk ¼ fh1 ; h2 ; . . . ; hc gk ;

ð5Þ

where c is the total number of clusters at the time step k. Each
cluster, ha, is comprised of a set of sensor positions that satisfy
Fig. 1. Outline of the detection and tracking system.

ha ¼ flr  ðir ; jr Þ : jir  ib j51 and jjr  jb j51g;

ð6Þ
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t 0=0

t1 =Δt

0 ~ t1

t2=t 1+Δt

t1 ~ t 2

t3 =t 2 +Δt

t2 ~ t3

x0 x1 x2 x3

(a)

(b)

Fig. 2. (a) Sound wave propagation from a moving target. The target position and the center of each sound propagation at each time step are shown with solid and clear
diamonds, respectively. Each arrow shows sound propagation from each propagation center. (b) Sound detection regions at each time step are shown with shades. Different
shades are from different propagation centers.

Fig. 3. Clustering process. (a) Detecting sensors reported to the fusion center. (b) Clustering the detecting sensor positions. A cluster number is assigned to each cluster.
(c) The centroid of each cluster.

where (r, b) = (1, 2, . . . , m), m is the number of detecting sensors in
the cluster a, and (ir, jr) represents the column and row number of
a detecting sensor position. The cluster routine searches the connecting sensors that satisfy Eq. (6), which says that the index difference between sensors is 1 or less than 1, starting from the sensor
nearest to the ﬁrst row and the ﬁrst column of the sensor network
grid until all of the connecting sensors are exhausted. The routine
then searches another set of connecting sensors starting from a sensor whose position is nearest to the ﬁrst row and column among the
remaining sensors. This clustering process continues until all of the
detecting sensors are searched and clustered.
The clustering routine assigns a number to each cluster and
saves the number of sensors and sensor positions in each cluster.
The number assignment for each cluster starts from the cluster
nearest to the ﬁrst row and the ﬁrst column of the sensor grid
and moves sequentially in increasing order. Fig. 3(a) shows detecting sensor positions received by the fusion center, (b) shows the
clusters with their own cluster numbers assigned through the cluster routine, and (c) shows the centroid of each cluster. Since our
clustering routine works well, no sensors are left out from clustering so that all sensors are accurately clustered.

4. Tracking framework
Multiple-target tracking requires clustering the detecting sensors, computing the centroid of each cluster as a corresponding target position measurement, and performing an association between
the target position measurement and the track state vectors. The
association is complicated by the occasional merging and splitting
of the clusters. Our clustering routine, described in Section 3.2,
assigns a cluster number to each cluster depending on its position
in the sensing region. As the clusters move across the sensing
region undergoing merging and splitting, the cluster number of
each target changes with time, and the identities of the two clusters are lost when they are merged into a cluster. Thus, we need
to consider two kinds of associations for tracking multiple targets.
First is the association of the clusters of the previous time step to
those of the current time step, as we need to preserve the identity
of each target cluster when the clusters merge and split. Second is
the association of the measurements of target positions (the centroids of clusters) at the current time step to the corresponding
position state vector of the previous time step before feeding them
to the KF. The tracker should also have low computational
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complexity to handle multiple targets. In this section, we describe
the tracker and the algorithms for cluster-to-cluster and measurement-to-track associations.
4.1. Tracker
In our previous paper [37], we showed that the Kalman Filter
(KF) is near-optimal for the detection parameters used in that
paper when using the weighted centroid of the detecting sensors
as the target position measurement. Even though KF is sub-optimal
for multiple-target tracking, we use a KF as a tracker for speed and
accuracy.
For our tracking problem in WSN, a target motion is expressed
in a discrete form as follows:

^xðk þ 1=kÞ ¼ FðkÞ  ^xðk=kÞ þ lðkÞ

ð7Þ

where F(k) is the transition matrix,

2

1 0 Dt
60 1 0
6
FðkÞ ¼ 6
40 0 1
0

0

0

0

3

Dt 7
7
7
0 5
1

ð8Þ

and ^xðk=kÞ; ^xðk þ 1=kÞ are updated and predicted state vectors,
respectively. The term, l, in Eq. (7) is a process noise term; acceleration was considered as a process noise in our previous paper [37].
The updated state vector is

^xðk=kÞ ¼ ð xðkÞ yðkÞ

v x ðkÞ v y ðkÞ Þ0

ð9Þ

where A0 is the transpose of A.We use the weighted centroid of
detecting sensors, ~
c, as the target position measurement:
N
X
~
c¼
xs
ws~

,

s¼1

N
X
ws

ð10Þ

s¼1

where the weight is deﬁned as ws = ﬂoor(Ps/cs).
zðk þ 1Þ ¼ ~
The measurement vector is ~
cðk þ 1Þ, and the relationship between the measurements and the state vector can be
expressed as follows:

^zðk þ 1=kÞ ¼ Hðk þ 1Þ  ^xðk þ 1=kÞ;

ð11Þ

where

Hðk þ 1=kÞ ¼



1 0 0 0


ð12Þ

0 1 0 0

Eqs. (7)–(12) show that the motion and measurement equations are
linear functions. For the completeness of this paper, we present the
remaining KF equations below:
0

Pðk þ 1=kÞ ¼ FðkÞPðk=kÞFðkÞ þ QðkÞ

ð13Þ

^xðk þ 1=k þ 1Þ ¼ ^xðk þ 1=kÞ þ Wðk þ 1Þv ðk þ 1Þ

ð14Þ

Pðk þ 1=k þ 1Þ ¼ Pðk þ 1=kÞ  Wðk þ 1ÞSðk þ 1ÞWðk þ 1Þ
0

Sðk þ 1Þ ¼ Hðk þ 1ÞPðk þ 1=kÞHðk þ 1Þ þ Rðk þ 1Þ
0

Wðk þ 1Þ ¼ Pðk þ 1=kÞHðk þ 1Þ Sðk þ 1Þ

v ðk þ 1Þ ¼ zðk þ 1Þ  ^zðk þ 1=kÞ

1

0

ð15Þ
ð16Þ
ð17Þ
ð18Þ

Eq. (13) is the predicted state covariance with Q(k) being the
covariance matrix of the process noise lðkÞ from Eq. (7) while
Eqs. (14) and (15) show the updated state vector and updated state
covariance matrix, respectively. It should be noted that Sðk þ 1Þ is
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the sum of the measurement error and the state error covariance,
W(k + 1) is the Kalman gain, v(k + 1) is the innovation or measurement residual, and R(k + 1) is the measurement error covariance.
We developed an algorithm [37] to track a target in acceleration
by adjusting the process noise covariance matrix automatically by
monitoring the variation of the normalized innovation squared
(NIS). Using our KF, the track accuracy for a single target in linear
and accelerated motions was comparable to the accuracy of the PF
and variational ﬁlter (VF) [9] while the computing speed was estimated to be nearly 100 times faster than the speed of those ﬁlters
[37]. The high computing speed and high track accuracy are critical
factors for implementing the system in the real world, especially
for tracking multiple targets.
We found that the Doppler effect affected the track accuracy
through a target position measurement bias. For a target speed
of 50 m/s, the track position error when using a geometric centroid
was found to be about four times higher than the position error
when using the weighted centroid. The reason for this disparity
is that the position measurement bias is much larger for the geometric centroid at high speeds. For a speed of 10 m/s, the geometric
centroid produced a track error that was nearly the same as the
error of the weighted centroid because of low measurement bias
for both centroids. As we extend the same detection model to multiple targets in this study, the Doppler effect affects the tracking of
multiple targets in the same way that it affects single-target
tracking.
4.2. Cluster-to-cluster association in merging and splitting
In this section, we propose a rule-based algorithm for associating the clusters between the previous and current time steps. For
simplicity, we have made the following three assumptions for cluster-to-cluster association. First, initially we assume not to know
the total number of targets in the sensing region. Second, no new
targets are assumed to appear or disappear during the tracking
process. Third, initially there are no merged clusters; in other
words, each cluster has only one target at the start of the simulation. In the future, we are going to develop an association
algorithm that excludes the last two assumptions.
Fig. 4 shows an example of ﬁve clusters that are undergoing
merging and splitting as the clusters move forward.
The clusters at the current time step, k, and previous time step,
k  1, are expressed by Eq. (19).

Sk ¼ ðM k ; fNa;k ; ~
ca;k gÞ; a ¼ f1; . . . ; M k g
Sk1 ¼ ðM k1 ; fNd;k1 ; ~
cd;k1 gÞ; d ¼ f1; . . . ; M k1 g

ð19Þ

where Mk is the total number of clusters at the time step k, Na,k is
the number of sensors in the cluster a, and ~
ca;k is the weighted centroid of cluster a at the time step k.
In the next section, we develop a rule-based cluster association
algorithm using the examples described in Fig. 5 below. Fig. 5
shows the movements of six target clusters in four consecutive
time steps that are undergoing merging and splitting. The circles
represent the clusters of detecting sensors that are aggregated
around corresponding targets; the size of the circle indicates the
target sensing range. At the start of the cluster maneuvers, k = 1
of Fig. 5(a), the clusters have not yet merged.
Fig. 5(a) shows that two pairs of clusters merge while the other
two clusters continue to stand-alone. At k = 1, the clustering routine ﬁnds six clusters and assigns a number to each cluster. As
there are no merged clusters, each cluster holds one target. At
the time step k = 2, the clustering routine ﬁnds four clusters,
assigning a number to each cluster. Clusters 1 and 2 are merged
into cluster 10 while clusters 4 and 5 are merged into cluster 30 .
When cluster 1 and 2 are merged into cluster 10 , the identities of
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Fig. 4. Merging and splitting of detecting sensor clusters during the motions of ﬁve targets in a sensing region.
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Fig. 5. Three possible examples of the movement of six clusters at two consecutive
time steps. (a) Two pairs of clusters merge. (b) One pair of merged clusters splits. (c)
One pair of merged clusters splits while one pair of clusters merges.

the two clusters are lost in cluster 10 . Unless we associate the pair
of clusters, 1 and 2, to cluster 10 and keep their identities at k = 2,
we cannot track the targets during merging. The rule-based
algorithm for cluster-to-cluster association described in the next
section will function as shown in k = 2 of Fig. 5(b).
Fig. 5(b) shows that one pair of merged clusters (1 and 2) splits
into two while the other pair of merged clusters (4 and 5) continues to move as merged. Meanwhile, the remaining two clusters
move forward in stand-alone form. Note that all of the clusters at
k = 2 retain their identities in the rule-based algorithm. At k = 3,
the clustering routine ﬁnds ﬁve clusters and assigns a number
(10 , 20 , 30 , 40 , and 50 ) to each cluster. The rule-based algorithm will
identify that merged clusters 1 and 2 at k = 2 split into 10 and 20
and associate 1 to 20 and 2 to 10 . The rule-based algorithm also
associates 3 to 30 and 6 to 50 . Merged clusters 4 and 5 both associate to 40 , and their identities are kept in 40 by the algorithm, as the
clusters at k = 3 in Fig. 5(c) show.
Fig. 5(c) shows that one pair of clusters merges into one, a
merged cluster splits into two, and the remaining two clusters proceed as stand-alone. The rule-based algorithm will associate the
clusters at k = 3 to the proper clusters and keep their identities at
k = 4, as explained above.
These three examples of merging and splitting may cover most
of the cases that the multiple targets can experience during
maneuver.
Next, we describe in detail a rule-based cluster association algorithm in which clusters merge and/or split using the example of
Fig. 5(a).

4.2.1. Rule-based algorithm for cluster-to-cluster association
The rule-based algorithm utilizes the match and merge indicators. The match indicator (Mc) indicates whether each cluster at
k  1 has a match with a cluster at k. If a match exists, the match
indicator is assigned 1 for the cluster at k  1 and, if not, is assigned
0. The merge indicator (Mg) indicates whether a pair of clusters at
k  1 merges into a cluster at k. If so, the merge indicator is
assigned 1 for the pair and, if not, is assigned 0. In Fig. 6, we show
how to assign the match and merge indicator and how to use these
indicators to identify merging and splitting.
The ﬁrst step is to ﬁnd matching between the clusters at k and
k  1 by initializing a match indicator, Mc(i) = 0 (i = 1, . . . , Mk1).
Note that the clusters at k  1 and k are expressed by Eq. (19).
For a0 2 a at k, we ﬁnd a nearest cluster d0 2 d at k  1, which
minimizes Eq. (20) below:

sa0 ;d ¼ j~
ca0 ;k  ~
cd;k1 j2 þ ðra0 ;k  r d;k1 Þ2

ð20Þ

Here,

rb;k ¼

qﬃﬃﬃﬃﬃﬃﬃﬃ
Nb;k  Ds =2

ð21Þ

is the averaged radius of the cluster b at the time step k. Note that
Ds is the sensor separation, and Nb,k is the number of sensors in the
cluster b at k.
Let d0 be the index of the cluster at k  1 that is nearest to the
cluster a0 . We then assign the match indicator, Mc(d0 ) = 1. The
resultant match indicator is shown in Fig. 6(a).
Next, we determine the merge indicator by ﬁnding the closest
pairs of clusters at k  1. We assume that m = Mk1  Mk pairs of
clusters are possibly merged at k. We ﬁrst initialize the merge

Fig. 6. Merging of two pairs of clusters. (a) Determination of match indicator (Mc)
by the closest distance using Eq. (20). (b) Determination of merge indicator (Mg)
and change of match indicator based on the merge indicator.
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indicator, Mg(r) = 0, (r = 1, . . . , Mk1). For a cluster e 2 {1, . . . ,
Mk1  1} at k  1, we compute the distance between the cluster
and the clusters in d = {e + 1, . . . , Mk1} as

ce;k1  ~
cd;k1 j  ðr e;k1 þ r d;k1 Þ:
De;d ¼ j~

ð22Þ

Note that Eq. (22) is different from Eq. (20). We then ﬁnd a cluster, d0 2 d, that makes De,d minimum, such as

De;d0 ¼ minðDe;d Þ;

ð23Þ

and sort De;d0 in ascending order as

X ¼ fðen ; d0n Þ;

n ¼ 1; . . . ; M k1  1g;

ð24Þ

where De1 ;d01 < De2 ;d02 <    Dea ;d0a , (a  Mk1  1). We then ﬁnd ﬁrst
m = Mk1  Mk pairs of indexes from Eq. (24), which satisfy
Mc(en) = 1 or Mc(d0n ) = 1, but not both. The m pairs of indexes are
{(en0 ; d0n0 ), n0 ¼ 1; 2; . . . ; m}. Next, we set the merge indicator as

Mgðen0 Þ ¼ Mgðd0n0 Þ ¼ 1

ð25Þ

and reset the match indicator as

Mcðen0 Þ ¼ Mcðd0n0 Þ ¼ 1

ð26Þ

The result of assigning the merge and match indicators based on
Eqs. (22)–(26) is shown in Fig. 6(b). Before the merging operation,
Mc(1) = Mc(3) = Mc(5) = Mc(6) = 1 and Mc(2) = Mc(4) = 0. After the
merging operation, Mg(1) = Mg(2) = 1 and Mg(4) = Mg(5) = 1, and
the match indicator of clusters 2 and 4 are reset to 1 as
Mc(2) = Mc(4) = 1.
Using the match and merge indicators determined above, we
can ﬁnd various states of cluster maneuvers—i.e., merging cluster
pairs, clusters moving forward without merging or splitting, and
the identities of the clusters in a merged cluster—by applying the
following three rules.
Rule 1 for ﬁnding merging cluster pairs:
Merging cluster pairs are determined by ﬁnding the ﬁrst
m = Mk1  Mk pairs of indexes from Eq. (24), with each pair having
match indicators 1 and 0 at k  1. If both clusters of the pairs have
a match indicator of 1, the pairs are excluded from the possible
merging cluster pairs. We then set the merge indicator to 1 and
reset the match indicator to 1 for the pairs, as shown in Eqs. (25)
and (26). The rule indicates that clusters 1 and 2 at k  1 of
Fig. 6(b) are merged into 10 at k.
Rule 2 for clusters moving forward without merging or
splitting:
If the merge indicator is 0 and the match indicator is 1, the cluster is considered to move forward without merging or splitting. For
example, Mg(3) = 0 and Mc(3) = 1 indicate that the cluster 3 at
k  1 moves forward to 20 without merging or splitting. The cluster
6 at k  1 has the same condition as cluster 3 for moving forward
without merging or splitting. The centroids of these clusters at
k  1 are updated with the centroids of the corresponding clusters
at k. Association of the clusters at k  1 to the clusters at k is done
by ﬁnding the closest distance of Eq. (20).
Rule 3 for ﬁnding the centroids of the merged pair at time step k:
Even though we know that clusters 1 and 2 at k  1 are merged
to cluster 10 at k, we cannot ﬁnd the centroids of clusters 1 and 2 at
cluster 10 . The identities of cluster 1 and 2 at k  1 are lost in the
merged cluster 10 . To maintain the identities of the merged clusters, we save the centroids of all clusters through the tracking time
and extrapolate the centroids of the merged pair to the time step k.
The extrapolated centroids maintain the cluster identities at k. The
merged clusters at k = 2 of Fig. 5(b) and k = 3 of Fig. 5(c) have their
own cluster numbers through the application of Rule 3 at k = 2 of
(a) and k = 3 of (b).
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The pseudo codes for multiple-target tracking based on the
rules above are shown below. The codes deal with two cases of
cluster association. Case 1 is Mk = Mk1 while Case 2 is Mk – Mk1.
Further, Case 2 splits into two subcases, Mk > Mk1 and Mk < Mk1.
The following details describe how the codes associate the clusters
and track multiple targets for each case.
Case 1 (Mk = Mk1): In this case, multiple clusters move without
merging or splitting between k  1 and k. We can simply associate
the clusters at k to the position state vectors at k  1 and call the KF
with the centroids of the clusters and the position state vectors as
inputs.
Case 2 (Mk – Mk1): In this case, some clusters merge/split, or
residual noises still exist if noises are included in the simulation.
The following two subcases are considered for Case 2:
 First, if the KF is never called, we save the current cluster information and move to the next time step by skipping the KF. This
process continues until Mk = Mk1 is reached. We then consider
that Mk is the total number of targets as no target clusters are
assumed to be merged initially, and take the process of case 1
above. The initially unknown number of targets is determined
by this step.
 Second, if the KF has been called and Mk < Mk1, this case
implies that the clusters undergo merging. We take the merging
or splitting routine (described below) and call the KF. If
Mk > Mk1, there may still be residual noises to be ﬁltered if
noises are included in the simulation or an exceptional case
occurs that was not considered in the algorithm. If it is an
exceptional case, the remaining processes will be skipped, and
we move to the next time step. Without noises and with no initially merged clusters, the case of Mk > Mk1 never happened.
But we keep this case for future study of environmental noises
and target appearance and disappearance.
The pseudo codes consist of three parts: Multi-Target Track
(Algorithm 4.2.1 (a)), Merge_Split (Algorithm 4.2.1 (b)), and
Noise_ﬁnd (Algorithm 4.2.1 (c)). The last two are called by Algorithm 4.2.1 (a), depending on the number of clusters at k  1 and
k. Algorithm 4.2.1 (b) uses the three rules described above for cluster association in merging and splitting. Algorithm 4.2.1 (c) is never
called if noises are not included in the simulation.
Algorithm 4.2.1(a): Multiple-Target Track
1. for k = 1: kmax %time step
2. Multiple target motions, clustering, denoising if noise
exists, having Sk of Eq. (19) and ~
xm;k1 (m = target number)
3. if Mk1 = Mk
ca;k to ~
xm;k1 and call KF(Sk, ~
xm;k1 ) for output
4.
Associate ~
~
state vector, xm;k
5.
let Sk1 = Sk; ~
xm;k1 ¼ ~
xm;k
6. else
7.
if no KF was called before
8.
Sk1 = Sk
9.
go to 1
10.
else
11.
if Mk < Mk1
12.
call Merge_Split %pseudo code 4.2.1 (b).
13.
else
14.
call Noise_ﬁnd %pseudo code 4.2.1 (c).
15.
end
16.
end
17. end
18. end

88

Y.K. An et al. / Computer Communications 51 (2014) 81–94

Algorithm 4.2.1(b): Merge_Split
xm;k1 .
1. Inputs: Sk and Sk1 of Eq. (19) and ~
% Determine match indicator, Mc of k  1
2. Initialize match indicator, Mc(d) = 0, (d = 1, 2, . . . , Mk1).
3. for a = 1:Mk
4.
Find a cluster, d0 , from Sk1 closest to the cluster a using
Eq. (20).
5.
Set Mc(d0 ) = 1.
6. end
%Find closest pairs at k  1in ascending order
7. for e = 1:a % a  Mk1  1
8.
for d = e + 1:Mk1
Compute the distance between the two clusters, De,d
using Eq. (22).
9.
end
10.
ﬁnd the pair (e, d0 ) for De,d0 = min(De,d),
{d = e+1, . . . , Mk1}
11. end
12. Sort the pairs in ascending order (en ; d0n , (n = 1, . . . , a),
where De1 ;d01 < De2 ;d02 <    < Dea ;d0a .
%determine merge indicator, Mg.
13. Initialize Mg(d) = 0, (d = 1, 2, . . . , Mk1), mtest = 0.
14. for n = 1:Mk1  1
15.
if mtest < Mk1  Mk
15.
if Mc(en ) = 1 or Mc(d0n ) = 1 but not both
16.
mtest = mtest + 1
17.
Mg(en ) = Mg(d0n ) = 1
18.
Mc(en ) = Mc(d0n ) = 1
19.
end
20.
end
21. end
%Extrapolate or update centroids
22. for d = 1:Mk1
23.
if Mg(d) = 1 %merge
24.
Extrapolate the centroids of cluster d to k for ~
cd;k .
25.
else
26.
If Mc(d) = 0 %temporary disappear due to noise or
short sensing rang
27.
Extrapolate the centroids of cluster d to k for ~
cd;k .
28.
else %move forward without merge/split
29.
Update the centroid with the value in Sk of Eq. (19).
30.
end
31.
end
32. end
33. Associate ~
cd;k to ~
xm;k1 , call KF with (~
cd;k , ~
xm;k1 ) as inputs
~
~
and let Sk1 = Sk; xk1 ¼ xk
Algorithm 4.2.1 (c): Noise_ﬁnd
xk1 .
1. Inputs: Sk and Sk1 of Eq. (19) and ~
2. Find the number of residual noise cluster, num_noise, at k
using noise mitigation algorithm and exclude them.
3. Let Mk = Mk  num_noise
4. If Mk = Mk1
5. Associate ~
cd;k to ~
xm;k1 , call KF and let Sk1 = Sk;
~
xm;k
xm;k1 ¼ ~
6. else
If Mk < Mk1
7.
call Merge_Split %Algorithm 4.2.1 (b)
8.
else
9.
go to next time step %exceptional case
10.
end
11. end

In the current section, we have developed three rules for associating
the clusters between two consecutive time steps when the clusters
undergo merging and splitting based on the example of Fig. 5(a).
Now, we must prove that the rules can be applied to the other
two examples, represented in Fig. 5(b) and (c).
4.2.2. Application of the algorithm to the other two examples
In this section, we are going to test whether the rules can be
applied to the cases of Fig. 5(b) and (c).
We will ﬁrst consider the example of Fig. 5(b). In the illustration
below, Fig. 7 shows the assignment of numbers to the match and
merge indicators based on the rules for the case of Fig. 5(b).
Fig. 7(a) shows six clusters at k  1, of which two pairs are in a
merged state but keep their identities as they were extrapolated
from the previous time step, k  2 (see lines 23–25 of Algorithm
4.2.1 (b) for the applied rules). The pair consisting of clusters 1
and 2, which were in a merged state at k  1, split into 10 and 20
at k while another pair of merged clusters, clusters 4 and 5, stays
merged at k. Matches between clusters at k and k  1 are 10 ? 2,
20 ? 1, 30 ? 3, 40 ? 5, and 50 ? 6. Thus, cluster 4 has a match indicator of 0, and all of the other clusters have a match indicator of 1
at k  1. Fig. 7(b) shows the assignment of merge indicators to the
clusters at k  1. Since the number of clusters is 6 at k  1 and 5 at
k, only one pair of clusters will receive a merge indicator of 1.
Assume that clusters 1 and 2 are the closest to each other while
another pair of clusters, 4 and 5, are the second closest to each
other. The ﬁrst pair, 1 and 2, is excluded as a possible merging pair
at k as the match indicators of both are 1. Thus, the algorithm
searches the next pair, 4 and 5, and sets the merge indicator at 1
since the match indicators for the pair are 1 and 0, as shown in
Fig. 7(a). Next, the algorithm resets the match indicators of the pair
to 1, as shown in Fig. 7(b), then stops searching further potentially
merging pairs when the total number of merging pairs, m =
Mk1  Mk = 1, has been reached. Clusters 1 and 2 update their
centroids with the centroids of 10 and 20 at k, and the centroids of
clusters 4 and 5 are extrapolated to those at k using the centroids
of the previous time steps. Fig. 7 shows that the rules described
in Section 4.2.1 can be applied to the case presented in Fig. 5(b).
Next, we consider the example of Fig. 5(c). Fig. 8 shows the
assignment of numbers to the match and merge indicators for
the case of Fig. 5(c), which shows one pair of clusters merging
and another pair of clusters splitting. We are going to see whether
the rules described in Section 4.2.1 also work for this case.
Fig. 8(a) shows the assignment of the match indicator. In this
ﬁgure, clusters 4 and 5, which are in a merged cluster at k  1,
maintain their identities, as explained in the previous section.
Since there are 6 clusters at k  1 and 5 at k, we need to ﬁnd only
one merging cluster at k  1. Assume that the pair consisting of
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Fig. 7. One pair splitting and another pair continuing to merge. (a) Assignment of
match indicator. (b) Assignment of merge indicator and reassignment of match
indicator based on the merge indicator.
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number of clusters at k. The centroid, ~
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5. Simulation results

Fig. 8. Splitting of one pair and merging of another. (a) Assignment of match
indicator. (b) Assignment of merge indicator and reassignment of match indicator.

clusters 4 and 5 is the closest while the pair comprised of clusters
1 and 2 is the second closest at k  1. The algorithm checks pair 4
and 5 ﬁrst, skipping this pair since the match indicator is 1 for
both. Then, the algorithm checks the next closest pair (1 and 2)
and assigns a value of 1 to the pair’s merge indicators, as the
match indicators of the pair are 1 and 0. The centroids of the
merging pair (1 and 2) are extrapolated to k and keep their
identities in 10 . All other centroids are updated with the
corresponding centroids at k (i.e., 3 ? 20 , 4 ? 30 , 5 ? 40 , 6 ? 50 ).
The rules described in Section 4.2.1 also work for the example
shown in Fig. 5(c).
As the three cases described in Fig. 5(a)–(c) cover all conceivable cases of cluster merging and splitting, our rule-based, cluster-matching algorithm can be applied to any scenario as long as
the three assumptions described in Section 4.2 are satisﬁed.

We have tested the rule-based algorithm for various scenarios
of multiple-cluster associations and found that it works well. In
this section, we are going to show the tracking results of three scenarios. In the ﬁrst scenario, one target crosses two targets consecutively from the bottom to top. In the second scenario, three
targets cross each other nearly simultaneously so that three clusters merge to one and then split to three later. The third scenario
involves two pairs of targets crossing each other nearly simultaneously and one target moving forward without merging or splitting. We believe that these three scenarios cover almost every
possible scenario that could be encountered for multiple-target
tracking in the real world.
The initial target positions and velocities for the ﬁrst, second,
and third scenarios are shown in Table 1. Both the position and
sensing range (SR) are given in meters while the velocity is given
in m/s. Note that some target speeds are 25 m/s. The Doppler effect
is important for this speed. To have accurate simulation of the
Doppler effect, we set the time step for the detection at 0.005 s.
Meanwhile, the fusion center is called every 0.1 s for tracking.
For high-speed ground vehicles traveling at 10–25 m/s, the track
time step of 0.1 s is a reasonable value. The simulation was performed with the 2012 version of MATLAB installed on a PC with
an Intel Core Duo CPU, 3 GHz, and 3.25 GB RAM. The WSN layout
for this simulation study is given in Section 2.
5.1. Measurements and tracks for the three scenarios

4.3. Association of measurements to track
After successfully associating the clusters at k  1 to the clusters at k, we need to associate the centroids of the clusters at k
to the track state vector at k  1 before calling the KF. Due to
noises in state vector transition as well as measurements, the association of measurements to track state vectors has been a major
research topic in multiple-target tracking. Numerous algorithms
[18,27,30,32,41] for data association have been proposed, but we
have chosen to use a simple nearest neighbor method.
In this method, let ~
ca;k and N a;k be the centroid and number of
detecting sensors of cluster a at time step k, respectively, and let
~
xm;k1 and N m;k1 be the position state vector and the number of
detecting sensors aggregated around the mth target at the previous
time step k  1, respectively. We compute the distance between
the cluster at k and the state vector at k  1 as
2

ca;k  ~
xm;k1 Þ þ ðr a  rm Þ2 ;
sm;a ¼ ð~

ð27Þ

where r a and r m are the averaged radius of cluster a and m, respectively. The averaged cluster radius was deﬁned by Eq. (21). For a
given mth state vector at k  1, we ﬁnd the nearest cluster a0 at k

The ﬁrst scenario with three cluster movements is shown in
Fig. 9. The ﬁgure shows the merging and splitting of the clusters
when cluster 1 crosses clusters 2 and 3 consecutively.
Fig. 10 shows the track results, as Fig. 10(a) represents the cluster centroids (the target position measurements) and Fig. 10(b)
represents the KF estimates of the target position overlapping the
true target trajectories. The numbers in the ﬁgure are cluster numbers assigned initially by the cluster routine. Given that the targetsensing ranges are 30–40 m, the clusters merge long before two
trajectories cross to each other, as shown in Fig. 9. Fig. 10(a) shows
that our rule-based merging and splitting algorithm works well
even when the clusters are merged consecutively. Since target
position measurements through cluster centroids are accurate,
the estimates of target position state vectors are also accurate, as
Fig. 10(b) illustrates.
The second scenario shows that three targets cross almost
simultaneously to each other, as shown in Fig. 11 and Fig. 12.
Fig. 11 depicts the three clusters’ movements, showing that the
three clusters merge into one nearly simultaneously and then split
into three later.

Table 1
Initial target position, velocity and sensing range for three scenarios.
Target #

1
2
3
4
5

1st Scenario

2nd Scenario

3rd Scenario

(x, y) (m)

(vx, vy) (m/s)

SR (m)

(x, y) (m)

(vx, vy) (m/s)

SR (m)

(x, y) (m)

(vx, vy) (m/s)

SR (m)

(200, 100)
(150, 260)
(170, 500)

(15, 15)
(20, 5)
(15, 1)

40
30
40

(200, 100)
(150, 260)
(200, 400)

(13, 17)
(20, 5)
(17, 13)

40
30
30

(200, 100)
(150, 260)
(170, 500)
(235, 680)
(170, 840)

(15, 15)
(20, 5)
(15, 1)
(15, 20)
(20, 5)

40
30
40
40
30
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The third scenario presents the cluster motions of ﬁve targets
merging and splitting, as shown in Fig. 4 in Section 4. Fig. 13(a)
and (b) show the measurements and tracking results, respectively,
for the ﬁve targets. Targets 4 and 5 merge; then targets 1 and 2
merge before targets 4 and 5 split. Target 3 moves without merging
or splitting. Again, the rule-based algorithm works well for tracking the ﬁve targets, even when two pairs of clusters merge almost
simultaneously.
5.2. Fluctuating target sound power
Fig. 9. Three clusters undergoing merging and splitting (ﬁrst scenario).

Fig. 12 presents the track results, with Fig. 12(a) showing the
cluster centroids and Fig. 12(b) showing the KF estimates of
the target position overlapping the true target trajectories. Since
the target sensing ranges are 30–40 m, the clusters merge long
before the three trajectories cross to each other, as shown by
Fig. 11. Fig. 12 shows that our rule-based merging and splitting
algorithm works well for this scenario, even when the three clusters are merged simultaneously. Given the accuracy of the target
position measurements through cluster centroids, the estimates
of the target position state vectors are also accurate, as depicted
in Fig. 12(b).

In the previous section, we assumed that the target sound
power is different for different targets but becomes constant over
time. This assumption is unrealistic for targets in the real world.
Instead, the target sound power ﬂuctuates over time depending
on the environmental conditions. In our previous work [38,39],
we studied target sound power that ﬂuctuated with wind or the
passage of small animals for single-target tracking. In this section,
we study the effect of random ﬂuctuation of sound power on track
accuracy for the second scenario. The target sound powers are
assumed to ﬂuctuate randomly by 0%, 20%, and 40% of averaged
powers. We perform 10 Monte Carlo runs for each power ﬂuctuation rate and compute the averaged track error hdxi over all three
targets. The target trajectory is also changed slightly to compute
the range of track error in the simulation. Fig. 14 shows the range

Fig. 10. Tracking of three targets with merging and splitting. (a) Cluster centroids as target position measurements overlapping the true target trajectories. (b) Estimates of
target positions by the KF overlapping the true target trajectories.
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Fig. 11. Three clusters undergoing merging and splitting (second scenario).
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Fig. 12. Tracking of three targets merging and splitting without noise. (a) Cluster centroids as target position measurements overlapping the true target trajectories. (b)
Estimates of target positions by the KF overlapping the true target trajectories.

Fig. 13. Tracking of ﬁve targets merging and splitting without noise. (a) Cluster centroids as target position measurements. (b) Estimates of target positions by the KF.

5.3. Tracking accuracy with different sensing ranges
The results shown in the previous sections are for the target
sensing ranges of 30–40 m, which are larger than the sensor separation, Ds = 25 m. If the target sound power is lower so that the
sensing range is shorter than the sensor separation, it is possible
that the target sound will be undetected from time to time. The
fusion center may misunderstand that the target appears and disappears sporadically, and the rule-based tracking algorithm may
be confused. It is important to know the lower limit of the sensing
range to guarantee successful multiple-target tracking without
exception.
First, we study the tracker using ﬁve targets without environmental noise. One of the targets has a varying sensing range of
20 and 15 m. We ﬁnd that the tracker tracks the ﬁve targets

4

3

<dx> (m)

of track error for each ﬂuctuation rate from the 10 Monte Carlo
runs. As the CPU time is about 1500 s for each run, only 10 Monte
Carlo runs were performed. The ﬁgure shows that an increasing
power ﬂuctuation rate does not affect the track accuracy signiﬁcantly and that our multiple-target tracking algorithm works well
for any type of target power ﬂuctuation without fail. Based on the
results of Fig. 14, we anticipate promising results in future work
when conducting multiple-target tracking in noisy environments.

2

1

0

0
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30
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Fluctuaon (%)
Fig. 14. Range of the averaged track error for various target power ﬂuctuation rates.

without fail within the two sensing ranges in noiseless environments. Fig. 15(a) shows the track error for each of the targets when
sensing ranges are 30–40 m while Fig. 15(b) shows the track error
of one of the targets, with a varying sensing range. Fig. 15(a) shows
that the track error is 1–5 m depending on the targets, and
Fig. 15(b) shows that the track error decreases with an increasing
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Fig. 15. Track errors without noise. (a) Track error for the ﬁve targets at a sensing range of 30–40 m. (b) Track error for target 2 with a varying sensing range.

sensing range. When we decrease the sensing range to 10 m, the
rule-based tracking algorithm fails to track all ﬁve targets. However, the tracker tracks multiple targets reliably when their sensing
ranges are greater than 60% of the sensor separation.
5.4. Computational complexity
Our multiple-target tracking simulation consists of two parts:
(1) target sound detection by accounting for the Doppler effect
and (2) fusion center processing, which performs clustering, merging/splitting, and tracking with the KF. We run the simulation for
2–5 targets moving forward for 20 s; during that period, the fusion
center is called 200 times. As can be seen from Fig. 16, most of the
CPU time for the simulation is spent in target detection. Fig. 16(a)
shows that the CPU times for detection are 1897, 1562, 1126, and
835 s while Fig. 16(b) shows that the CPU times for fusion center
processing are 3.2, 2.7, 2.3, and 2.0 s for the number of targets 5,
4, 3, and 2, respectively. The fusion center processing time for
two targets is 0.01 s for every call. As the number of targets
increases from two to four, the detection CPU time almost doubles,
but the fusion center processing time increases only 35%.
The high computing time for our detection model with Doppler
effect makes it difﬁcult to study tracking with more than ﬁve
targets and allows us only 10 runs for Monte Carlo studies. When
the tracking system is deployed in real-sensing environments, however, the system does not require such a long detection time
because the sensors process the detection in real time. The systems
need only the process time of the fusion center. As the MATLAB
code is not optimized, the computing time for the fusion center processing can be further reduced by careful optimization of the code.
Fig. 16 demonstrates that our tracking system, with a rulebased merging/splitting routine and KF, as a tracker is a highly
efﬁcient system for multiple-target tracking with low computational complexity in WSN environments.

5.5. Scalability
In this study, we have neglected the transmission delay due to
multiple hops, assuming that there is only one fusion center in the
middle of the sensing region and all of the sensors are within the
transmission range. We believe that this assumption is reasonable
for the distributed sensor nodes with the transmission range of
500 m (i.e., an IRIS 2.4 GHz wireless sensor [49]) in a sensing region
with a 1000 m diameter and one fusion center at the middle. However, the fusion center will experience message collisions from
numerous detecting sensors. Our previous study [37] shows that
the effect of message collision on the track accuracy for a single
target is minimal if the time resolution of the fusion center is less
than 5  105 s. For multiple-target tracking, the time resolution
should be lower than 5  105 s. Detailed study of the effect of
message collision on the multiple-target tracking is left as future
work.
If the area of WSN is several times larger than the circle of
1000 m in diameter, we will need several fusion centers for single-hop message transmission. As long as the target sensing range
is much shorter than the sensor transmission range of 500 m, our
rule-based tracking algorithm should also work on the expanded
area of the WSN. In this study, the sensing ranges of ground vehicles are assumed to be in the range of 15–75 m, is much shorter
than the sensor transmission range of 500 m. In the case of targets
crossing the boundary of two neighboring fusion center regions,
the two fusion centers may need to communicate with each other
to handover the tracks but still can use the tracking algorithm
presented in this paper without modiﬁcation.
In the previous section, we found that the minimum target
sensing range is 60% of the sensor separation of 25 m for the proposed tracking algorithm to track multiple targets correctly. For
tracking targets with a sensing range that is shorter than 15 m
(60% of the current sensor separation), the sensor separation

Fig. 16. CPU time for (a) detection and (b) fusion center processing.
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should be reduced in proportion. Upon calculating the position
tracking errors of target 2 of the third scenario for varying sensing
ranges (15, 10, 7.5, and 6.25 m) and a sensor separation of 12.5 m,
we ﬁnd that the track errors are in the range of 0.38–0.48 m. The
track errors are much lower than the results shown in Fig. 15(b).
Our tracking algorithm works even better for targets of shorter
sensing ranges if the sensor separation is also reduced in
proportion.
5.6. Comparison with the related work
In this section, we compare our results with the previous
related work for computational complexity and track accuracy;
however, we do so only qualitatively as the sensor capability, number of targets, tracking method, and coding method are widely
different.
Ristic and Arulampalam [19] developed a PF-based algorithm to
track two targets and found that 25,000 particles were needed for
reliable performance of the algorithm. Morelande and Moran [17]
used an unscented KF and independent multiple model (IMM) to
track three targets and reported reliable and accurate tracking.
The study was motivated by the need to develop a computationally
simple alternative to PF, but track accuracy and computational
complexity were not reported. Oh et al. [29] used MCMCDA for
tracking 10 targets and reported that the computational time for
each Tier-2 node per simulation time step was 0.06 s, but track
accuracy was not reported. He et al. [20] developed an algorithm
for coarse-scale tracking followed by ﬁne-scale tracking. They
reported running times of 2.2 s, 0.4 s, and 0.1 s per simulation time
step and reported track errors of 1.0 m, 1.3 m, and 2.5 m with MAP,
aMAP, and dMAP methods, respectively, for tracking three targets.
Parmar and Zaveri [48] used Munkres algorithm for data association and a KF for the tracker, reporting a track error of 6.5 m for ﬁve
targets and a running time of 0.048 s per simulation time step.
Michelides et al. [42] used binary data and a KF to perform fault
tolerant localization and tracking of multiple sources in WSNs.
They reported a track error of 2.5 m for three targets and 4.5 m
for ﬁve targets for the case of zero faults. When multiple targets
were close together, they reported that the algorithm failed to
track the targets properly. All of the above tracking algorithms
required communication between sensor nodes when tracking.
However, our tracking algorithm works well even when multiple
targets merge and split simultaneously and has a running time of
0.016 s per simulation time step and track errors of 1–4.5 m for ﬁve
targets. Thus, our tracking results seem to compare favorably to the
previous results, but this comparison is tentative.
6. Conclusion
We have developed a new detection and tracking model for
multiple targets in acoustic WSNs, assuming that each sensor node
has no range or direction measurement capability, no communication between sensors, and no knowledge of the origin of the detecting sounds.
The detection model includes the Doppler effect, clustering the
detecting sensors, and computing the centroid of each cluster as a
target position measurement. Our tracking model includes the
association of the clusters in the previous time step to those in
the current time step, association of the clusters in the current time
step to the track state vectors in the previous time step, and calling
the KF. The centroids weighted with detecting sound power make
the KF near-optimal for single targets. The same KF is used for multiple-target tracking for speed and track accuracy even though it is
sub-optimal in multi-target environments. The cluster-to-cluster
association is required to track targets during merging. We have
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developed a very efﬁcient rule-based cluster association algorithm
that works well for multiple targets with low computational complexity. For tracking ﬁve targets undergoing merging and splitting,
the computing time for one run is 0.016 s, and the position track
error is 1–4.5 m for the ﬁve targets. Furthermore, as the number
of targets increases from two to four, the CPU time increases only
35%, which means that our tracking algorithm is highly efﬁcient for
tracking a large number of targets.
We assume that there is one fusion center and that each sensor
node needs only a single hop to transmit the detection information
to the fusion center. This assumption is reasonable for the sensor
nodes with a transmission range of 500 m, like the IRIS 2.4 GHz
wireless sensor [49]. Our tracking algorithm is scalable for an
expanded sensing region with multiple fusion centers as long as
the sensor transmission range is much longer than the target sensing range.
For developing the rule-based tracking algorithm, we assume
that there is no appearance or disappearance of targets in the sensing region and that there are no merged clusters when tracking
starts. In our future work, these restrictions will be removed and
a reliable track algorithm will be developed for managing target
appearance and disappearance as well as initially merged clusters.
Tracking targets in acceleration through a sensing region of randomly distributed sensors will also be a future project. When
deploying the systems in the ﬁeld, some sensors malfunction.
The effect of the sensor faults on the track must be investigated.
In this paper, we assume that one fusion center can handle all of
the detection messages from all of the detecting sensors. But as
Sandell and Olfati-Saber [24] point out, massive amounts of data
transmitted to a fusion center will complicate the association problem. The effect of detection message collision and message delay
(due to multiple hopping for the sensor nodes with shorter transmission ranges) on the tracking is another important research
subject to study in the future.
In this study, we do not include environmental noises caused by
small animals passing, foliage blowing, etc., which are sporadic and
non-Gaussian, in the detection simulation. These noises will significantly affect multiple-target tracking. An algorithm for mitigating
the environmental noise in multiple-target tracking is currently
under development.
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