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Abstract: Underwater wireless sensor networks (UWSNs) can provide a promising solution to underwater target
tracking. Due to limited energy and bandwidth resources, only a small number of nodes are selected to track a
target at each interval. Because all measurements are fused together to provide information in a fusion center,
fusion weights of all selected nodes may affect the performance of target tracking. As far as we know, almost all
existing tracking schemes neglect this problem. We study a weighted fusion scheme for target tracking in UWSNs.
First, because the mutual information (MI) between a node’s measurement and the target state can quantify target
information provided by the node, it is calculated to determine proper fusion weights. Second, we design a novel
multi-sensor weighted particle filter (MSWPF) using fusion weights determined by MI. Third, we present a local
node selection scheme based on posterior Cramer-Rao lower bound (PCRLB) to improve tracking efficiency. Finally,
simulation results are presented to verify the performance improvement of our scheme with proper fusion weights.

Key words: Target tacking; Fusion weight; Mutual information; Node selection; Underwater wireless sensor
networks
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1 Introduction

Today, underwater target tracking is an increas-
ingly important issue in many civilian and military
fields, such as modern underwater military defense
systems, underwater vehicle navigation and control,
and intelligent traffic management systems. Because
of the importance of underwater target tracking,
many underwater target tracking algorithms with
sonar array have been proposed (Pettersson et al.,
2005; Asif et al., 2006; Dalberg et al., 2006; Georgy
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et al., 2012). Because sonar arrays need to be pulled
by a ship or submarine, these algorithms are not
adaptive to harsh underwater environments. Once
the ship or submarine is under attack, the entire
tracking system will fail.

Different from sonar arrays, underwater wire-
less sensor networks (UWSNs) provide a more reli-
able solution to underwater target tracking. UWSNs
are inexpensive, small, and self-organized, can be
deployed in a widespread area, and can therefore
offer a more reliable, precise, concealed, and persis-
tent tracking solution (Pettersson et al., 2005; Asif
et al., 2006; Dalberg et al., 2006; Georgy et al., 2012).
Consequently, research has been carried out, and re-
sults have been reported concerning target tracking
in UWSNs. Instead of a complete tracking algo-
rithm, Zhou and Willett (2007) designed only the
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location estimation algorithm. To know the size of
an underwater target, Liang and Cheng (2009) pro-
posed an estimation algorithm based on maximum
likelihood, but an entire tracking solution is still not
available. Huang et al. (2008) presented two tracking
algorithms that are based on a distributed particle
filter (PF) for cluster-based underwater sensor net-
works, one of which provides a more precise tracking
result, while the other focuses on dramatic reduction
of energy consumption and tracking efficiency. Wang
et al. (2012) combined PF with an interactive multi-
ple model to solve nonlinear and maneuvering target
tracking problems in three dimensions, but they did
not consider the energy consumption problem, and
thus their algorithm is not practical for UWSNs. Is-
bitiren and Akan (2011) presented a target tracking
algorithm in three-dimensional UWSNs. First, the
distance from a node to its target was calculated
with the echo time of arrival (TOA) from the tar-
get after transmitting acoustic pulses from the sen-
sors, and the trilateration method was used to obtain
the target’s location. Then the location and calcu-
lated velocity of the target were exploited to achieve
tracking. As we know, energy consumption is also
a critical issue for target tracking in UWSNs. To
extend the lifetime of the system, Yu et al. (2008)
used a wake-up/sleep scheme to select a number of
nodes to track the underwater target at each sam-
pling interval. However, the target-node geometry
and fusion weights of selected nodes were not con-
sidered. Baumgartner et al. (2009a) derived an in-
tegral objective function representing the quality of
the service of a sensor network performing cooper-
ative tracking detection over time using a geomet-
ric transversal approach. Then optimal control was
used for cooperative target tracking in UWSNs. To
improve the service quality of a sensor network for
cooperative tracking detection, Baumgartner et al.
(2009b) proposed a novel approach comprising plac-
ing sensors in the region of interest based on their
future displacement.

To the best of our knowledge, target-node ge-
ometry affects the accuracy of target tracking in
UWSNs, and our previous study provided some solu-
tions to select the optimal target-node geometry for
target tracking (Zhang Q et al., 2014, 2015; Liu et al.,
2016; Zhang et al., 2016). The relationship between
the posterior Cramer-Rao lower bound (PCRLB)
and the target-node geometry was derived, and a

node selection scheme was designed by minimizing
the PCRLB. As we know, the information from dif-
ferent nodes varies due to node differences such as po-
sition and distance to the target (Chen et al., 2010;
Javadi and Peiravi, 2015), but the fusion weights
of selected nodes are equal; it is not a precise ap-
proach for practical tracking tasks. Therefore, it is
important to consider the fusion weights of selected
nodes for tracking. To overcome this limitation, we
study fusion weights of selected nodes and present a
novel scheme to design fusion weights. This scheme
has more precise tracking results than our previous
study. The main contributions of this paper can be
summarized as follows:

1. We derive the mutual information (MI) be-
tween a node’s measurement and the target state in
an underwater environment. It considers the effect
of the node’s location uncertainty due to mobility.

2. We propose a novel scheme to design fusion
weights by using MI, which can quantify information
about the target by the node’s measurement.

3. We present a novel multi-sensor weighted par-
ticle filter (MSWPF). Combined with a node selec-
tion scheme based on the PCRLB, we offer a more
precise and energy-efficient target-tracking solution
to UWSNs.

2 Problem formulation

In this section, we formulate the problem of sin-
gle target tracking in UWSNs. The relevant issues
include the network model, the target state model,
and the measurement model.

2.1 Network model

As an example (Fig. 1), sensor nodes in UWSNs
are anchored to the ocean bottom to perform the
target tracking task. Sensor nodes are deployed at
known positions along the ocean floor. Different from
terrestrial sensor networks, underwater nodes move
due to the effect of water flow. Therefore, the true
locations of the nodes are not fixed; we know only
the estimated locations of nodes. If a moving target
is within the sensing range of a node, the node will
wake up, participate in the tracking task, measure
the target, and send quantized measurements to the
fusion center. Otherwise, it remains dormant for
energy efficiency. After receiving measurements from
all selected nodes, the fusion center will estimate the
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Fig. 1 Network model

target state via a tracking algorithm.

2.2 Target state model

We assume the target to be a slowly maneuver-
ing point that moves at a known depth. For sim-
plicity, the nearly constant velocity (CV) model can
be used. Note that our scheme is not limited to the
CV model; for some complex motion models, the
interacting multiple model (IMM) approach can be
combined with our scheme. Thus, the target state is
given by

xk+1 = Fkxk +wk, (1)

where the target state at time k is given by xk =

[x, vx, y, vy]
T, (x, y) is the target’s location, vx and

vy are the corresponding velocities in x and y coor-
dinates, Fk is the state transition matrix, and the
process noise wk is always assumed to be Gaussian
with zero mean and covariance matrix Qk. The state
transition matrix Fk and process noise covariance
matrix Qk are given as follows:

Fk =

⎡
⎢⎢⎣

1 T 0 0

0 1 0 0

0 0 1 T

0 0 0 1

⎤
⎥⎥⎦ , (2)

Qk = q2

⎡
⎢⎢⎢⎣

T 3

3
T 2

2 0 0
T 2

2 T 0 0

0 0 T 3

3
T 2

2

0 0 T 2

2 T

⎤
⎥⎥⎥⎦ , (3)

where T is the sampling interval and q is the process
parameter.

2.3 Measurement model

We assume that each sensor node is equipped
with an acoustic sensor. The measurement model
for the acoustic sensor contains the base frequency
measurement model (narrow-band processing), the

acoustic spectrum pattern model (narrow-band pro-
cessing), and the acoustic sound pressure measure-
ment model (wide-band processing) (Doug et al.,
2002; Huang et al., 2008). Due to the effect of
water flow, it is hard to know the true locations
of nodes. Thus, we adopt the measurement model
which considers the uncertainty of a node’s location
(Punithakumar et al., 2006). Assume that nodes
move with water flow according to

{
xs
k+1 = x̂s

k+1 +Δxs
k+1,

ysk+1 = ŷsk+1 +Δysk+1,
(4)

where (xs
k+1, y

s
k+1) is the node’s true location,

(x̂s
k+1, ŷ

s
k+1) is the estimated location computed by

localization algorithms (Han et al., 2012; Zhang
et al., 2013; Zhang S et al., 2014), and Δxs

k+1 and
Δysk+1 are mutually independent zero mean Gaus-
sian white noise sequences with variances r2x and r2y,
respectively. Through the first-order Taylor series
expansion around the node’s estimated location, the
measurement of the sth sensor node at time k + 1 is

ms
k+1,r = hs

k+1(xk+1, x
s
k+1, y

s
k+1) + vsk+1

≈ hs
k+1(xk+1, x̂

s
k+1, ŷ

s
k+1) + vsk+1

+
∂hs

k+1

∂xs
k+1

Δxs
k+1 +

∂hs
k+1

∂ysk+1

Δysk+1

= hs
k+1(xk+1, x̂

s
k+1, ŷ

s
k+1) + v̄sk+1,

(5)

hs
k+1 =

S

(x1
k+1 − xs

k+1)
2 + (x3

k+1 − ysk+1)
2 + h2

,

(6)

v̄sk+1 = vsk+1 +
∂hs

k+1

∂xs
k+1

Δxs
k+1 +

∂hs
k+1

∂ysk+1

Δysk+1, (7)

where S is the target’s source-level sound pressure,
which is assumed to be constant, x1

k+1 and x3
k+1 are

the first and third elements of target state vector
xk+1, which represents the position of the target at
time k + 1, hs

k+1(xk+1, x
s
k+1, y

s
k+1) is the received

sound pressure at the sth sensor node without mea-
surement noise, vsk+1 is the raw measurement noise,
which is assumed to be independent across time steps
and across sensors, and follows a Gaussian distribu-
tion with parameters N (0, r2), and v̄sk+1 is the equiv-
alent measurement noise with mean and variance:

E[v̄sk+1]

= E[vsk+1] +
∂hs

k+1

∂xs
k+1

E[Δxs
k+1] +

∂hs
k+1

∂ysk+1

E[Δysk+1]

= 0, (8)
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E[(v̄sk+1)
2]

= E[(vsk+1)
2] +

(
∂hs

k+1

∂xs
k+1

)2

E[(Δxs
k+1)

2]

+

(
∂hs

k+1

∂ysk+1

)2

E[(Δysk+1)
2] + C

= r2 +

(
∂hs

k+1

∂xs
k+1

)2

r2x +

(
∂hs

k+1

∂ysk+1

)2

r2y + C. (9)

Because three noises vsk+1, Δxs
k+1, and Δysk+1

are zero mean and independent of each other, the
crossing term C equals 0. Thus, the variance r2m of
v̄sk+1 is obtained as

r2m = r2 +

(
∂hs

k+1

∂xs
k+1

)2

r2x +

(
∂hs

k+1

∂ysk+1

)2

r2y. (10)

Due to the energy limitation of UWSNs, we
consider the practical scenario for communication
between sensor nodes and the fusion center: each
node locally quantizes its raw measurement to L

bits, and then transmits the quantized measurement
to the fusion center for follow-up processing (Ruan
et al., 2003; Duan et al., 2008; Ozdemir et al., 2009;
Masazade et al., 2012). Though quantization may
lose some information about the target, it alleviates
the communication and computation burden.

The quantized measurement model of sensor
node s at time k + 1 is defined as

ms
k+1,q =

⎧
⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

0, γ0 < ms
k+1,r < γ1,

1, γ1 < ms
k+1,r < γ2,

...
...

L− 1, γL−1 < ms
k+1,r < γL,

(11)

where ms
k+1,q is the quantized measurement of the

sth node, and γ0, γ1, . . . , γL are the predetermined
thresholds for a K = log2L bit quantizer, where L is
the quantization level. The quantization thresholds
are assumed to be identical at each node for simplic-
ity. Given target state xk+1, the probability that

ms
k+1,q takes value l is clearly as follows:

p(ms
k+1,q = l|xk+1)

= p(γl < ms
k+1,r < γl+1|xk+1)

= Q

(
γl − hs

k+1

rm

)
−Q

(
γl+1 − hs

k+1

rm

)

= Q

⎛
⎜⎜⎝

γl − hs
k+1√

r2 +
(

∂hs
k+1

∂xs
k+1

)2

r2x +
(

∂hs
k+1

∂ys
k+1

)2

r2y

⎞
⎟⎟⎠

−Q

⎛
⎜⎜⎝

γl+1 − hs
k+1√

r2 +
(

∂hs
k+1

∂xs
k+1

)2

r2x +
(

∂hs
k+1

∂ys
k+1

)2

r2y

⎞
⎟⎟⎠ ,

(12)

where Q(·) denotes the complementary distribution
function of a standard Gaussian distribution with
zero mean and unit variance:

Q(x) =

∫ ∞

x

1√
2π

exp
(
− t2

2

)
dt. (13)

3 Multi-sensor weighted particle filter
with mutual information

In this section, MI between the underwater
node’s measurement and the target state is intro-
duced for fusion weights. Then our MSWPF is de-
signed to track the underwater target.

3.1 Mutual information between measure-
ments and the target

In the view of information theory, measurements
from sensor nodes contain information about the
target. Entropy (specifically, Shannon entropy) is
a fundamental notion in information theory (Shan-
non, 2001) and represents the amount of information
held in a random variable. Moreover, MI quantifies
the amount of information about one random vari-
able provided by the other random variable, which
is intricately linked to the entropy of the random
variable. For the sensor management problem, an
MI-based selection metric has been widely studied
in Wang et al. (2005), Hoffmann and Tomlin (2010),
and Masazade et al. (2010), in which sensors were se-
lected to maximize the MI between nodes’ measure-
ments and the target state. Because MI can quantify
the information about the target state provided by a
node’s measurement, it may have an effect on fusion
weights of selected nodes. To design our MSWPF,
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we calculate the MI between the underwater node’s
measurement and the target state.

According to the definition, MI between the
measurement ms

k+1,q and target state xk+1 can be
written as

I(xk+1,m
s
k+1,q) = H(xk+1)−H(xk+1|ms

k,q)

= H(ms
k+1,q)−H(ms

k+1,q|xk+1),

(14)

where H(·) means the function of entropy.
The entropy and conditional entropy of ms

k+1,q

are defined as follows:

H(ms
k+1,q) = −

∑
ms

k+1,q

p(ms
k+1,q) log p(m

s
k+1,q), (15)

H(ms
k+1,q|xk+1) = −

∑
ms

k+1,q

∫

xk+1

{
p(ms

k+1,q,xk+1)

· log p(ms
k+1,q|xk+1)dxk+1

}
,
(16)

where p(ms
k+1,q) can be calculated as

p(ms
k+1,q) =

∫

xk+1

p(ms
k+1,q|xk+1)p(xk+1)dxk+1.

(17)
Because Eq. (17) has no closed-form solution

to p(ms
k+1,q), particle approximation is adopted to

obtain the approximated result. In Eq. (18), we use
predicted particles to approximate p(ms

k+1,q):

p(ms
k+1,q) =

∫

xk+1

p(ms
k+1,q|xk+1)p(xk+1)dxk+1

≈ 1

N

N∑
i=1

p(ms
k+1,q|xi

k+1|k), (18)

where xi
k+1|k is the ith predicted particle, and all

predicted particles have an equal importance weight
1/N . The predicted particles can be provided by
the MSWPF, which will be introduced in the next
subsection. Substituting Eq. (18) into Eq. (16),
H(ms

k+1,q) can be rewritten as

H(ms
k+1,q) = −

L−1∑
l=0

{
1

N

N∑
i=1

p(ms
k+1,q = l|xi

k+1|k)
}

· log
{

1

N

N∑
i=1

p(ms
k+1,q = l|xi

k+1|k)
}
.

(19)
Next, similar methods are adopted to calculate

the conditional entropy H(ms
k+1,q|xk+1). Note that

the joint distribution can be expanded by using the
chain rule:

p(ms
k+1,q,xk+1) = p(ms

k+1,q|xk+1)p(xk+1). (20)

Substituting Eq. (20) into Eq. (16), we have

H(ms
k+1,q|xk+1) = −

∑
ms

k+1,q

∫

xk+1

{p(ms
k+1,q|xk+1)

· log p(ms
k+1,q|xk+1)p(xk+1)dxk+1}.

(21)

Then we use the same particles to approximate
H(ms

k+1,q|xk+1) as

H(ms
k+1,q|xk+1)

= −
L−1∑
l=0

{
1

N

N∑
i=1

{p(ms
k+1,q = l|xi

k+1|k) (22)

· log p(ms
k+1,q = l|xi

k+1|k)}
}
.

Finally, by using Eqs. (19) and (22), the MI
I(xk+1,m

s
k+1,q) in Eq. (14) is calculated as follows:

I(xk+1,m
s
k+1,q)

= −
L−1∑
l=0

{
1

N

N∑
i=1

p(ms
k+1,q = l|xi

k+1|k)
}

· log
{

1

N

N∑
i=1

p(ms
k+1,q = l|xi

k+1|k)
}

+
L−1∑
l=0

1

N

N∑
i=1

p(ms
k+1,q = l|xi

k+1|k)

· log p(ms
k+1,q = l|xi

k+1|k).

(23)

So far, we have obtained the MI for each un-
derwater node’s measurement and the target state.
Note that the MI does not use measurements at time
k + 1; this means that if we have already known the
estimated target state at time k, we can estimate
the MI at time k + 1. Because it is related to the
information about the target state that is provided
by measurement, the fusion center can use the MI to
determine fusion weights of selected nodes and de-
sign the MSWPF. The results will be presented in
the next subsection.

3.2 Multi-sensor weighted particle filter with
mutual information

PF is an efficient way to solve nonlinear and
non-Gaussian problems. Readers can refer to Gor-
don et al. (1993), Arulampalam et al. (2002), Ruan
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et al. (2003), and Duan et al. (2008) for details. In
our previous study, we designed a multi-sensor PF
with quantized measurements to track underwater
targets (Zhang Q et al., 2015; Liu et al., 2016). How-
ever, the problem of node fusion weights was not
considered; we simply assumed that the information
from all selected nodes was equal. In this subsection,
we design a novel MSWPF to overcome this problem.

Assume that Ns sensor nodes take part in track-
ing the underwater target and provide the fusion cen-
ter with their quantized measurements at each sam-
pling interval. Once receiving measurements vec-
tor mk+1,q = [m1

k+1,q,m
2
k+1,q, . . . ,m

Ns

k+1,q]
T, the fu-

sion center merges measurements into a single multi-
sensor measurement likelihood. For the traditional
multi-sensor PF, the measurement likelihood over all
Ns nodes is

p(mk+1,q|xk+1) =

Ns∏
s=1

p(ms
k+1,q|xk+1). (24)

However, information from different nodes is not
equal. It is crucial to merge measurements with dif-
ferent weights. Let αk+1 = [α1

k+1, α
2
k+1, . . . , α

Ns

k+1]

denote the weight vector of selected nodes. The joint
measurement likelihood is the fusion of single likeli-
hood over all Ns nodes; the weighted multi-sensor
measurement likelihood is defined as

p(mk+1,q|xk+1) =

Ns∏
s=1

(
p(ms

k+1,q |xk+1)
)αs

k+1 , (25)

Ns∑
s=1

αs
k+1 = 1. (26)

As for the calculation of fusion weights, the MI
between the measurement and the target state is
used. According to the definition of MI, the larger
the MI is, the larger the weight of the node should
be. Thus, fusion weights of selected nodes are

αs
k+1 =

Isk+1∑Ns

j=1 I
j
k+1

, s = 1, 2, . . . , Ns, (27)

where Isk+1 denotes the MI between measurement
ms

k+1,q and target state xk+1, and it can be calcu-
lated by Eq. (23). Substituting Eqs. (12) and (27)
into Eq. (25), we obtain the weighted multi-sensor
measurement likelihood.

Fig. 2 shows the main idea of weighted fusion.
Each selected node sends both its quantized mea-
surement ms

k+1 and predicted MI Isk+1 to the fusion

Selected node Fusion center

Target’s position

I  , m2 2

1 1

3 3I  , m

I  , m 

Fig. 2 Weighted fusion

center. Then the fusion center determines weights
by Eq. (27) and calculates the weighted multi-sensor
measurement likelihood by Eq. (25).

If adopting the transition prior p (xk+1|xk)

as the proposal distribution (Arulampalam et al.,
2002), the importance weight of the ith particle xi

k+1

can be calculated as

wi
k+1 = wi

k p(mk+1,q|xi
k+1). (28)

Algorithm 1 summarizes the above MSWPF
with N particles.

4 Node selection based on posterior
Cramer-Rao lower bound (PCRLB)

In this section, the relationship between PCRLB
and target-node geometry is introduced as the met-
ric of node selection. Then a selection scheme is
presented based on PCRLB.

4.1 Relationship between PCRLB and target-
node geometry

PCRLB provides the theoretical performance
limit for a Bayesian estimator (Tichavsky et al., 1998;
Taylor et al., 2003; Zhang et al., 2005; Ozdemir et al.,
2009; Masazade et al., 2012). Let p (mk+1,q,xk+1)

be the joint probability density of the quantized mea-
surements mk+1,q and unknown state xk+1, and
x̂k+1 be an estimate of xk+1. PCRLB on the mean
squared estimation error has the following form:

E[x̂k+1 − xk+1][x̂k+1 − xk+1]
T ≥ J−1

k+1, (29)

where Jk+1 ∈ R
4×4 is a Fisher information matrix

(FIM) with the element

Jk+1(i, j)

= Ep(mk+1,q ,xk+1)

[
−∂2 log p(mk+1,q,xk+1)

∂xk+1(i)∂xk+1(j)

]
,

(30)
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Algorithm 1 Multi-sensor weighted particle filter
with mutual information
1: if k = 0 then

// Particle initialization:
2: for i = 1, 2, . . . , N do
3: Draw particle xi

k from the prior target state
p(x0)

4: end for
5: end if
6: for k = 1, 2, . . . do

// Importance sampling:
7: for i = 1, 2, . . . , N do
8: Sample xi

k+1 ∼ p(xk+1|xi
k)

9: end for
10: for s = 1, 2, . . . , Ns do
11: Update the fusion weight vector αk by

Eqs. (10), (19), and (26)
12: end for
13: for i = 1, 2, . . . , N do
14: Update the importance weights by Eqs. (10),

(24), and (27)
15: end for
16: for i = 1, 2, . . . , N do
17: Normalize the importance weights

w̃i
k+1 = wi

k+1/
(∑N

j=1 w
j
k+1

)

18: end for
// Resampling:

19: for i = 1, 2, . . . , N do
20: Multiply (Suppress) xi

k+1 with high (low)
weights w̃i

k+1 to obtain N particles
21: Set wi

k+1 = w̃i
k+1 = 1/N

22: end for
// Estimate the state and covariance:

23: x̂k+1 =
∑N

i=1

(
wi

k+1x
i
k+1

)
,

Pk+1 =
∑N

i=1 w
i
k+1

(
xi

k+1 − x̂k+1

)(
xi

k+1 − x̂k+1

)T
24: end for

where Jk+1(i, j) denotes the ith row and jth col-
umn element of Jk+1, Ep(mk+1,q ,xk+1) denotes the
expectation with respect to p(mk+1,q,xk+1), and
xk+1(i) denotes the ith element of vector xk+1.
Let ∇xk+1

xk+1 = ∇xk+1
∇T

xk+1
be the second-order par-

tial derivative operator with respect to xk+1. Then
Eq. (30) can be rewritten as

Jk+1

= Ep(mk+1,q ,xk+1)

[−∇xk+1
xk+1 log p(mk+1,q,xk+1)

]
.

(31)
Due to p(mk+1,q,xk+1) = p(mk+1,q|xk+1)p(xk+1),
Jk+1 can be decomposed into two parts:

Jk+1 = JD
k+1 + JP

k+1, (32)

where

JD
k+1 = Eθ

[−∇xk+1
xk+1 log p(mk+1,q|xk+1)

]
,

θ = p(mk+1,q|xk+1)p(xk+1),
(33)

JP
k+1 = Ep(xk+1)

[−∇xk+1
xk+1 log p(xk+1)

]
. (34)

Note that JD
k+1 represents the Fisher informa-

tion obtained from the quantized measurements and
JP
k+1 represents prior Fisher information. In our

previous study, we proved that PCRLB depends on
the target-node geometry. Hence, PCRLB can be
used to select the best Ns nodes to take part in the
tracking task. Specifically, the nodes that minimize
PCRLB will be selected. The derivations of JD

k+1

and JP
k+1 are not given here; readers can refer to Liu

et al. (2016) and Zhang et al. (2016) for details.

4.2 Local node selection scheme

Having derived the relationship between
PCRLB and target-node geometry, we present how
to select the best Ns nodes to track an underwater
target.

We define nodes that may have an opportunity
to take part in the tracking task at each interval
as qualified candidates, and the best Ns nodes are
selected from these qualified candidates. Fig. 3 shows
the main idea in selecting qualified candidates. The
target position at time k + 1 can be predicted by
state model (1), and then distance dspk+1 between the
sth node and the predicted target position can be
calculated. Then it can be used to select qualified
candidates. Obviously, qualified candidates should
satisfy the following constraint:

dspk+1 ≤ r, (35)

where r denotes the node’s sensing range.
To select the best Ns nodes from qualified can-

didates, we define the Boolean variable gs ∈ {0, 1},

Unqualified 
candidate

Qualified 
candidate

Predicted target’s position
at time k+1

Target’s position 
at time k

Fig. 3 Selection of qualified candidates
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where s = 1, 2, . . . , Nq, and Nq stands for the num-
ber of qualified candidates. Thus, the node selection
problem can be formulated as

min
gk+1

− det(Jk+1(gk+1))

s.t.
Nq∑
s=1

gs = Ns, gs ∈ {0, 1},

s = 1, 2, . . . , Nq,

(36)

where gk+1 = [g1, g2, . . . , gNq ]
T stands for the node

selection scheme at time k + 1, gs = 1 means node s

is selected, and gs = 0 means node s is not selected.

5 Simulation

We present the simulation results of underwater
target tracking by our scheme. Our scheme is based
on MSWPF, in which fusion weights are determined
by MI, and our scheme is called good weight (GW).
Two different schemes are also simulated for compar-
ison. One is the equal weight (EW) scheme; the fu-
sion weights are not considered in this scheme, which
means all nodes have an equal weight. The other
is the bad weight (BW) scheme. In this scheme,
we determine fusion weights inverse to MI; then the
node with the most information receives the mini-
mum weight, and a bad tracking performance is ob-
tained. To verify our scheme, simulations are per-
formed in 2D and 3D scenarios. In the 2D scenario,
sensor nodes are deployed at a fixed depth and the
target is moving in a plane at a known depth. In the
3D scenario, sensor nodes are deployed throughout
the monitoring area and the target is moving in the
3D space.

5.1 Results of 2D scenario

1. Simulation setup
Sensor nodes are uniformly deployed over a

1000 m× 1000 m region; the target is moving in the
plane at depth h = 50 m and the distance between
adjacent nodes is d = 120 m (Fig. 4); the sensing
range of a node is rs = 160 m; the target’s source-
level sound pressure is S = 5 × 104; the number of
selected nodes at each interval is Ns = 3; the actual
initial state of the target is x0 = [0, 10, 0, 10]T; the
initial estimate of the target is x̂0 = [5, 10, 5, 10]T;
the initial covariance matrix is P0 = 10 I4×4, where
I is an identity matrix; the standard deviation of
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Fig. 4 2D simulation scenario

the measurement noise is assumed to be constant as
r = 5; the standard deviation of the node’s location
noise is rx = ry ∈ {0, 2, 4, 6}; the standard deviation
of the process noise is q = 1; the quantization level
is L ∈ {2, 4, 6, 8}; the sampling interval is T = 1 s;
the particle number is N = 1000; the Monte Carlo
(MC) simulation runs MC = 100.

To indicate the accuracy of target tracking, we
adopt the root-mean-square error (RMSE) to mea-
sure the tracking performance as

ε(k) =

√√√√MC∑
i=1

((
xi,1
k − x̂i,1

k

)2
+

(
xi,3
k − x̂i,3

k

)2
MC

)
,

(37)
where

(
xi,1
k ,xi,3

k

)
and

(
x̂i,1
k , x̂i,3

k

)
are the true and

estimated locations of the target at time k in the ith

simulation, respectively.
2. Comparison of results
Simulation results of the GW, EW, and BW

schemes with L = {4, 6, 8} are shown in Figs. 5–
7. We can see that the GW scheme achieves the
best tracking performance. This is because the GW
scheme determines fusion weights by MI, and the
node with the larger MI can provide more useful in-
formation about the target. Because the BW scheme
determines fusion weights inverse to the MI, the
node with more useful information has a smaller
weight, leading to the worst performance. For the
EW scheme, all selected nodes have an equal weight
and hence its performance is between those of the
other two schemes.

Fig. 8 shows the corresponding average track-
ing errors of the GW, EW, and BW schemes with
L = {2, 4, 6, 8}. It is obvious that the tracking er-
ror decreases with an increase of quantization level
L, since the loss of measurement decreases with an
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increase of quantization level L. Table 1 shows the
average simulation error and the improvement using
the GW compared to the EW scheme. Interestingly,
the GW scheme performs much better than the EW
scheme with an increase of the quantization level L.
This is because as L increases, the estimated MI be-
tween the measurement and target is more precise,
which results in better fusion weights. Hence, the
GW scheme has better tracking performance with
an increase of the quantization level L. Note that
if L is large enough, the improvement in the GW
scheme may decrease because measurements have
provided too much information. However, large L

means heavy energy consumption and computation
burden, which is not practical for UWSNs.
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Fig. 5 2D scenario: tracking errors for the GW, EW,
and BW schemes with L = 4 (over 100 MC runs)
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Fig. 6 2D scenario: tracking errors for the GW, EW,
and BW schemes with L = 6 (over 100 MC runs)

Table 1 2D scenario: average tracking errors with
different quantization level L

L
Average tracking error (m)

Improvement
GW EW BW

2 27.050 31.800 31.92 14.9%
4 11.380 13.950 18.14 18.4%
6 7.312 9.694 14.30 24.6%
8 6.265 8.581 13.15 27.0%

Simulation results of the GW, EW, and BW
schemes with rx = ry ∈ {2, 4, 6} are plotted in
Figs. 9–11. It is not surprising that the GW scheme
has the best performance and BW has the worst one.
As shown in Table 2 and Fig. 12, with an increase
in the node’s location noise, the performance of the
GW scheme is gradually degraded to that of the EW
scheme, because of the effect of the node’s location
uncertainty. With an increase in the node’s location
noise, the estimate of MI is not quite precise, which
means that the values of fusion weights are not good
enough, leading to a decreased improvement. The
results show that the uncertainty of the node’s loca-
tion is still an important problem for the underwater
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Fig. 7 2D scenario: tracking errors for the GW, EW,
and BW schemes with L = 8 (over 100 MC runs)
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Fig. 8 2D scenario: average tracking errors for the
GW, EW, and BW schemes with different L (over 100
MC runs)

Table 2 2D scenario: average tracking errors with
different node location noise rx and ry

rx, ry
Average tracking error (m)

Improvement
GW EW BW

0 6.265 8.581 13.15 27.0%
2 7.162 9.074 15.01 21.1%
4 8.611 10.330 16.37 16.6%
6 11.040 12.280 18.46 10.1%
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Fig. 9 2D scenario: tracking errors for the GW, EW,
and BW schemes with rx = ry = 2 (over 100 MC
runs)
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Fig. 10 2D scenario: tracking errors for the GW,
EW, and BW schemes with rx = ry = 4 (over 100
MC runs)

environment; it has a great effect not only on fusion
weights, but also on tracking performance. We will
consider a better solution to node location uncer-
tainty in our future work.

It is very interesting that tracking errors change
periodically over time, mainly because of the regu-
lar node deployment (Fig. 4). In this regular net-
work, the target will periodically return to the same
place that it occupied previously, and tracking errors
therefore change periodically over time. A similar
phenomenon can be found in 3D results.

5.2 Results of the 3D scenario

In this subsection, a 3D example is simulated to
verify the effectiveness of our scheme. Suppose the
target model is a 3D CV model:

xk+1 = Fkxk +wk, (38)

where the target state at time k is given by xk =

[x, vx, y, vy, z, vz]
T, (x, y, z) is the target’s position,

vx, vy, and vz are the target velocities in x, y, and
z coordinates, respectively, Fk is the state transi-
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Fig. 11 2D scenario: tracking errors for the GW,
EW, and BW schemes with rx = ry = 6 (over 100
MC runs)
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Fig. 12 2D scenario: average tracking errors for the
GW, EW, and BW schemes with different rx and ry

tion matrix, and the process noise wk is assumed to
be Gaussian with zero mean and covariance matrix
Qk. The state transition matrix and process noise
covariance matrix are given as follows:

Fk =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

1 T 0 0 0 0

0 1 0 0 0 0

0 0 1 T 0 0

0 0 0 1 0 0

0 0 0 0 1 T

0 0 0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
, (39)

Qk = q2

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

T 3

3
T 2

2 0 0 0 0
T 2

2 T 0 0 0 0

0 0 T 3

3
T 2

2 0 0

0 0 T 2

2 T 0 0

0 0 0 0 T 3

3
T 2

2

0 0 0 0 T 2

2 T

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (40)

where T is the sampling interval.
1. Simulation setup
Sensor nodes are uniformly deployed over a

400 m× 400 m× 400mregion; the target is moving in
the 3D space according to the motion model given by
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Eqs. (36)–(38); the distance between adjacent nodes
is d = 80 m (Fig. 13); the sensing range of a node is
rs = 120 m; the target’s source-level sound pressure
is S = 5× 104; the number of selected nodes at each
interval is Ns = {3, 4, 5}; the actual initial state of
the target is x0 = [0, 5, 0, 5, 0, 5]T; the initial
estimate of the target is x̂0 = [5, 5, 5, 5, 5, 5]T; the
initial covariance matrix is P0 = 10 I6×6; the stan-
dard deviation of the measurement noise is assumed
to be constant at r = 5; the standard deviation of the
node’s location noise is rx = ry = 2; the standard
deviation of the process noise is q = 1; the quantiza-
tion level is L ∈ {2, 4, 6, 8}; the sampling interval is
T = 1 s; the particle number is N = 1000; the Monte
Carlo simulation runs MC = 100.
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Fig. 13 3D simulation scenario

2. Comparison of results
Simulation results of different numbers of se-

lected nodes Ns = {3, 4, 5} are plotted in Fig. 14,
and the corresponding average tracking errors are
shown in Table 3. The tracking error decreases with
an increase in the number of nodes. This can be ex-
plained as follows: the more nodes that are selected
to take part in tracking, the more information the
fusion center will obtain. Table 3 shows that the im-
provement, compared to the EW scheme, decreases
with an increase in the number of nodes, because the
fusion center can obtain enough information about
the target with a large number of nodes (Ns = 5),
which may offset the loss caused by equal weights.

The results of the GW scheme with three nodes
(GW-3), EW with three nodes (EW-3), and EW with
five nodes (EW-5) are plotted in Fig. 15. Like the
results in the 2D scenario, with an equal number
of selected nodes (Ns = 3), GW-3 has an obvious
improvement on tracking performance compared to
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Fig. 14 3D scenario: tracking errors for the GW
scheme with different selected node number Ns (over
100 MC runs)

Table 3 3D scenario: average tracking errors with
different numbers of selected nodes (Ns)

Ns
Average tracking error (m)

Improvement
GW EW

3 13.26 17.20 22.9%
4 11.92 15.17 21.4%
5 11.81 14.00 15.7%

EW-3. The EW-5 error is approximately equal to the
GW-3 one. However, it will cause more energy con-
sumption because it selects more nodes. In addition,
an exhaustive search is required to select the best Ns

nodes; if Ns is a large number, the exhaustive search
is not computationally efficient. The average compu-
tation time of a sampling interval and average time
of one MC simulation are shown in Figs. 16 and 17
and Table 4. The results show that EW-3 performs
a little more efficiently than GW-3, because it does
not need to calculate MI or fusion weights, but it
has the worst performance. As for GW-3 and EW-5,
the former scheme performs not only more efficiently
but also more precisely. Hence, our scheme is a pre-
cise and energy-efficient solution for target tracking
in UWSNs.

Table 4 3D scenario: average time of one MC with
different quantization level L

L
Average time of one MC (s)

GW-3 EW-3 EW-5

2 6.778 6.566 7.869
4 10.140 9.314 11.320
6 11.670 10.520 11.870
8 13.180 12.710 15.490
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Fig. 15 3D scenario: tracking errors for GW-3, EW-3,
and EW-5 (over 100 MC runs)
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Fig. 16 3D scenario: average computation time for
GW-3, EW-3, and EW-5 (over 100 MC runs)
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Fig. 17 3D scenario: average time of one MC for
GW-3, EW-3, and EW-5 with different quantization
level L (over 100 MC runs)

6 Conclusions and future work

We have studied a weighted fusion scheme for
target tracking in UWSNs. We have presented a
novel multi-sensor weighted particle filter (MSWPF)
and a corresponding tracking scheme. To find a
proper solution to determine fusion weights, the mu-
tual information (MI) between a node’s measure-
ment and the target state was calculated. To verify
the effectiveness of our scheme, 2D and 3D simu-

lation scenarios have been carried out. The results
showed that with fusion weights determined by MI,
our scheme achieved better tracking performance
than existing schemes.

However, there are many problems for target
tracking in a real sea environment, such as clock syn-
chronization and channel fading. Further work will
focus on these problems and extend the algorithms
to multiple target-tracking problems to develop an
experimental platform in a real sea environment.
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