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Abstract: Underwater mobile sensor networks (UMSNs) with free-floating sensors are more suitable for under-
standing the immense underwater environment. Target tracking, whose performance depends on sensor localization
accuracy, is one of the broad applications of UMSNs. However, in UMSNs, sensors move with environmental forces,
so their positions change continuously, which poses a challenge on the accuracy of sensor localization and target
tracking. We propose a high-accuracy localization with mobility prediction (HLMP) algorithm to acquire relatively
accurate sensor location estimates. The HLMP algorithm exploits sensor mobility characteristics and the multi-
step Levinson-Durbin algorithm to predict future positions. Furthermore, we present a simultaneous localization
and target tracking (SLAT) algorithm to update sensor locations based on measurements during the process of
target tracking. Simulation results demonstrate that the HLMP algorithm can improve localization accuracy sig-
nificantly with low energy consumption and that the SLAT algorithm can further decrease the sensor localization
error. In addition, results prove that a better localization accuracy will synchronously improve the target tracking
performance.
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1 Introduction

Seas and oceans that cover more than 70%
Earth surface are mysterious and charismatic to
us human beings because of huge amount of unex-
ploited resources. Underwater wireless sensor net-
works (UWSNs) are developing gradually to enhance
our abilities to discover resources in aquatic environ-
ments (Sozer et al., 2000; Cui et al., 2006; Lloret,
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2013). UWSNs are three-dimensional (3D) net-
works, composed of specific wireless sensors which
rely on acoustic communication and float at dif-
ferent depths of underwater environments. These
cooperative sensors enable a broad range of appli-
cations, such as environmental monitoring, under-
sea exploration, disaster prevention, and distributed
tactical surveillance. UWSNs are the extension of
wireless sensor networks (WSNs), which are used
in terrestrial environments (Calafate et al., 2013).
The significant differences between underwater net-
works and terrestrial networks are as follows: (1)
Underwater acoustic communication features low
bandwidth, long propagation delay, and high energy
consumption; (2) Sensor nodes are prone to move
with water currents, which results in dynamic net-
works known as underwater mobile sensor networks
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(UMSNs). All these characteristics of UWSNs give
rise to research interests in data gathering, synchro-
nization, localization, target tracking, energy opti-
mization, media access control (MAC), etc.

In this study, we address the issues of tracking
a target moving in UMSNs. A UMSN with free-
floating sensors is one of the various architectures of
UWSNs. The primary challenge for target tracking
in UMSNs is the localization scheme. As underwa-
ter sensors are battery-powered and it is impractica-
ble to replace batteries when exhausted, energy effi-
ciency has a high priority in underwater networks. In
UMSNs, node locations change continuously, which
means conventional localization schemes designed for
static networks are inapplicable in view of energy ef-
ficiency. Because those localization schemes need to
run frequently to guarantee a sufficient accuracy for
target tracking, which will dramatically increase the
communication energy cost, it is critical to design an
appropriate localization scheme for target tracking
in UMSNs.

To solve the aforementioned issues, we present
a high-precision mobility prediction based simulta-
neous localization and target tracking (SLAT) algo-
rithm for UMSNs. SLAT algorithms were proposed
in recent years to deal with the problem of target
tracking in networks with uncertain sensor locations.
They can be divided into two types according to net-
work characteristics. For static networks, SLAT al-
gorithms can not only track the moving target, but
also gradually obtain accurate location estimates of
unknown sensors with processes of target tracking
(Aggarwal and Wang, 2011; Kantas et al., 2012).
For dynamic networks, SLAT algorithms can modify
sensor locations during each step of target tracking
processes with the help of prior knowledge and mo-
tion pattern of sensors (Teng et al., 2012; Li et al.,
2013). Since UMSNs are dynamic networks with
changing sensor locations, we design a special SLAT
algorithm as an effective solution to target tracking
problems in UMSNs.

The main contributions of this paper are
twofold: (1) We propose a sensor mobility prediction
scheme to predict sensor locations in future periods.
This periodic localization scheme saves energy from
the continuous localization scheme. (2) We give a
simple yet useful SLAT algorithm to modify sensor
positions during each step of target tracking pro-
cesses. Simulations show that we can obtain more

accurate estimates of sensor positions and the target
state.

2 Related work

Target tracking is a focused application for un-
derwater defense systems. Intended targets to be
tracked are unmanned underwater vehicles (UUVs)
and submarines. Some related works for target track-
ing in UWSNs can be found in the literature. Is-
bitiren and Akan (2011) presented a target track-
ing method that uses only measurement information
for 3D underwater networks. It results in tracking
failure if not enough sensors are involved. Wang
et al. (2012) proposed an algorithm that combines
the interacting multiple model (IMM) with the par-
ticle filter (PF) to cope with uncertainties in target
maneuvers. Yu and Choi (2014) provided an al-
gorithm, which increases energy efficiency of each
sensor by implementing target tracking in a dis-
tributed architecture scheme named wake-up/sleep
(WuS). WuS means waking up sensors that have
an opportunity to detect the target at the next
time step and sleeping sensors that could not de-
tect the target. This approach saves energy via
replacing centralized architectures (requiring a sig-
nificantly high bandwidth for communications) with
distributed architectures. Zhang et al. (2015) stud-
ied the effect of node topology on target tracking in
UWSNs with quantized measurements. They pro-
posed a target tracking scheme which selects the op-
timal topology by minimizing the posterior Cramer-
Rao lower bound (PCRLB). Chen et al. (2017) de-
rived an energy-efficient filter that implements the
tradeoff between communication cost and tracking
accuracy. It saves much energy while loosing little
tracking accuracy or improves tracking performance
with less additional energy cost. However, all the
results above are based on static networks with an
accurate node location. They fail to consider the dy-
namic networks with node mobility, which is more
realistic in underwater environments. This problem
is a new and important ground in underwater net-
works. In our work, we propose an energy-efficient
solution to the target tracking problem in UMSNs.

For target tracking in UMSNs, the primary chal-
lenge is identifying sensor locations efficiently. In
general, due to sensor mobility, UMSNs have to do
real-time localization to ensure the availability of
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sensor positions. Guo and Liu (2013) addressed the
localization problem of active-restricted underwater
sensor networks. Nodes send messages by turns and
all nodes keep receiving information to obtain their
current locations. This kind of localization scheme
does not meet the energy saving requirement of un-
derwater networks. Zhou et al. (2011) exploited the
spatially correlated mobility pattern of UMSNs and
applied it to localize the sensors. Sensors can pre-
dict future locations by a linear prediction algorithm,
which saves energy from constant communications.
Our work was inspired by Zhou et al. (2011). Since
target tracking has the requirement of high localiza-
tion accuracy, we improve the prediction algorithm
in Zhou et al. (2011) to meet that requirement. A pe-
riodical localization scheme is introduced to reduce
energy costs. In addition, we propose a simultaneous
localization and target tracking scheme to improve
both types of performance.

3 Problem formulation

UMSNs are composed of different types of free-
floating sensors at different seawater layers. In this
study, we consider the network architecture proposed
by Zhou et al. (2011), which is composed of three
types of sensors as shown in Fig. 1. Surface buoys
float on the water and they can obtain their location
estimates by their GPS equipment. They work as
‘satellite nodes’ in the underwater mobile network
architecture. Super nodes float at different water
depths and they can obtain their location estimates
by direct contact with surface buoys. The details can
be found in Austin et al. (2000). They serve as ‘in-
termediary nodes’ in the underwater mobile network
architecture. As we know, a common GPS cannot

Surface buoys
Super nodes
Ordinary nodes

Fig. 1 Architecture of an underwater mobile sensor
network

work in underwater environments. Underwater GPS
systems, such as PARDIGM (Austin et al., 2000),
have been proposed to obtain the absolute location
information for underwater objects. In Kussat et al.
(2005), simulation and experimental results showed
that these underwater GPSs usually can provide po-
sition estimates with a centimetric accuracy even for
mobile underwater nodes. Thus, it is safe for us
to assume that surface buoys can be well localized
by underwater GPS systems. In this study, we will
not contribute to this part. Instead, we focus on
tackling the localization challenge of ordinary nodes.
Ordinary nodes are simple and widely distributed
at different water depths. They play a major role
in various underwater network applications. Since
they are low-complexity sensors, ordinary nodes can
communicate with only neighbors so they are not
able to obtain their location estimates from surface
buoys. These sensors must obtain their locations for
the purpose that they can effectively participate in
network applications.

The above descriptions of the three types of sen-
sors tell that surface buoys and super nodes can lo-
cate themselves by convenient ways, but ordinary
nodes are limited by their low-complexity hardware
and need a special localization scheme. Most of
the existing localization schemes were designed for
static sensor networks, and localization processes
need large energy consumption. In UMSNs, sen-
sors move continuously with water current, so they
are away from the original localization points. It
is impractical to run those localization schemes fre-
quently to obtain accurate location estimates due to
limited battery capacity of underwater sensors, es-
pecially for ordinary nodes. However, the measure-
ments for target tracking collected by these ordinary
nodes are sensitive to their localization accuracy. So,
we should find other ways to obtain locations of or-
dinary nodes and reduce their energy consumptions
as far as possible.

3.1 Sensor mobility model

Research in hydrodynamics and relevant liter-
ature about object mobility in sea environments
(Beerens et al., 1994; Mandal et al., 2017) showed
that the movement of underwater sensors is not an
irregular process. The mobility pattern of under-
water sensors is determined mainly by tidal cur-
rents near the seashore. Fig. 2 depicts the sensor
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mobility pattern in underwater environments. A
sensor position changes periodically, forming a sim-
ilar sine curve. We consider a kinematic model in
Beerens et al. (1994), which is widely used (Zhou
et al., 2011; Kim and Yoo, 2013) to model underwa-
ter environments. According to this model, velocities
of a sensor in the x - and y-axis can be represented as

⎧
⎪⎨

⎪⎩

Vx =k1λ sin(k2x) cos(k3y)

+ k1λ cos(2k1t) + k4,

Vy = −λv cos(k2x) sin(k3y) + k5,

(1)

where k1, k2, k3, k4, k5, λ, and v are random vari-
ables related to environmental factors. This model
manifests that velocities of a sensor in underwater
environments are related to time t and its position.
Fig. 2 and Eq. (1) indicate temporal and spatial cor-
relations in this sensor mobility pattern, which tells
us that sensor movements in underwater environ-
ment are predictable in nature.

x

y

Surface buoys

Super nodes

Ordinary nodes

Trajectory

Fig. 2 Mobility pattern of underwater sensors

3.2 Multi-step linear prediction algorithm

Sensor movements in underwater environments
are similar to the waveform of a voice signal which
can be treated as the all-pole model or autoregres-
sive (AR) model. Furthermore, referring to Pardey
et al. (1996), the model of mobility pattern of under-
water sensors is termed a non-adaptive AR model.
For non-adaptive models, the parameters are chosen
so as to give the best fit to a sequence of data sam-
ples. Because of this, non-adaptive models require
that the signal should be stationary, which means
that its statistical characteristics, such as average
amplitude and frequency content, do not vary with

time. Although the parameters in Eq. (1) will change
over time, in different environments this change is
usually slow and peaceful. So, it can also be con-
sidered locally stationary over short-time intervals.
For non-adaptive AR models, the most commonly
used algorithm is the Levinson-Durbin algorithm.
In this study, we adopt the multi-step Levinson-
Durbin prediction algorithm proposed by Brockwell
and Dahlhaus (2004) for the purpose of a higher ac-
curacy, as shown in Fig. 3. We give a brief introduc-
tion about this algorithm in the following.

Let Xt be a zero-mean stationary process and
let

X̂
(h)
n+h(m) =

m∑

j=1

φ(h)
m (j)Xn+1−j (2)

be the best linear predictor of Xn+h given
Xn, Xn−1, . . . , Xn+1−m with the corresponding
mean squared error vhm, where m represents the num-
ber of historical data involved in the linear predic-
tion and h represents the hth future state to be pre-
dicted. Then the best linear predictor of Xn+h given
Xn, Xn−1, . . . , Xn−m can be expressed as

X̂
(h)
n+h(m+ 1) =

m+1∑

j=1

φ
(h)
m+1(j)Xn+1−j . (3)

The coefficients and mean squared errors can be
expressed as

φ
(h)
m+1(m+ 1) =

(−
m∑

j=1

φm(j)γ(m+ 1− j)

+ γ(m+ h)
)
v−1
m ,

(4)

φ
(h)
m+1(j) = φ(h)

m (j)−φ
(h)
m+1(m+1)φm(m+1−j), (5)

Fig. 3 Linear prediction using the Levinson-
Durbin algorithm and the multi-step Levinson-
Durbin algorithm
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where j = 1,2,. . . ,m, v(h)m+1 = v
(h)
m −φ

(h)
m+1(m+1)2vm,

and γ(i) = limN→∞ 1
N

∑N
n=1 XnXn−i gives an infi-

nite data sequence X−∞, . . . , X∞. In practice, we
have only a finite data sequence X1, X2, . . . , XN and
γ(i) will be

γ(i) =
1

N

N∑

n=1

XnXn−i. (6)

The initial conditions are φ
(h)
1 (1) = ρ(h) =

γ(h)/γ(0) and vh1 = γ(0)(1 − ρ(h)2). One-step pre-
diction coefficients φm(j) (j = 1, 2, . . . ,m) and mean
squared errors vm are defined as in the traditional
Levinson-Durbin algorithm. Details and derivation
of the above algorithms can be found in Brockwell
and Dahlhaus (2004).

4 High-precision localization with mo-
bility prediction

Inspired by Zhou et al. (2011), we improve
their scalable localization with mobility prediction
(SLMP) algorithm and generate our high-precision
localization with mobility prediction (HLMP) algo-
rithm. Both localization schemes are designed to
achieve a good balance between localization error
and energy consumption. With mobility prediction,
ordinary nodes can independently predict their lo-
cation with less energy cost. Since the error of
predicted location will increase gradually, ordinary
nodes revise their location estimates by informa-
tion received from super nodes after certain time
periods, which guarantees the localization accuracy
of ordinary nodes. The major superiorities of our
HLMP algorithm are twofold: (1) For the purpose
of eliminating cumulative errors, we substitute the
multi-step Levinson-Durbin algorithm into the orig-
inal Levinson-Durbin algorithm, which will be ex-
plained later; (2) Not only the mobility predictions
but also their prediction errors are presented in our
algorithm, which improves the localization accuracy
and is in favor of further SLAT algorithms.

4.1 Super node mobility prediction

As we mentioned, in a UMSN architecture, a
super node can communicate with surface buoys di-
rectly and estimate its current location at its will.
So, a super node can calculate and record its veloc-

ity during each localization period T as

Vk = (Lk −Lk−1)/T +Θk, (7)

where Lk denotes the super node location at time k

and Θk denotes the white Gaussian noise of the ve-
locity sample due to the localization error of a super
node. Then the super node stores a data sequence
of velocity samples, V1,V2, . . . ,VN , over time. The
new velocity sample will edge out the oldest one
to ensure the freshness of data and to save storage
space. Given the sensor mobility pattern described
in Eq. (1), this mobility pattern uses velocities of
the x- and y-axis to represent the sensor mobility
pattern in an underwater environment. Moreover, it
indicates that sensors with the same (x, y) but dif-
ferent z (depth) move in the same mobility pattern,
which is a common assumption in hydrodynamics.
Thus, the velocity samples of super nodes contain
their mobility pattern characteristics. According to
Section 3.2, the mobility pattern of underwater sen-
sors is termed a non-adaptive AR model, which can
be solved by the Levinson-Durbin linear prediction
algorithm. Using this algorithm, a super node can
predict its next velocity based on previous velocity
samples [Vk,Vk−1, . . . ,Vk−(l−1)]

T and relevant coef-
ficients [φ1,φ2, . . . ,φl], as follows:

Vk+1 =

l∑

m=1

φmVk+1−m +Δk+1

= V̂k+1 +Δk+1,

(8)

where l is the model order and Δk+1 denotes the
prediction error with zero-mean white Gaussian dis-
tribution N (0, vk+1). Furthermore, based on the
multi-step Levinson-Durbin algorithm, a super node
can predict more velocities in future periods as

Vk+h =

l∑

m=1

φh
mVk+1−m +Δk+h

= V̂k+h +Δk+h,

(9)

where h = 1, 2, . . . , H . This will result in a predicted
velocity vector, V̂ = [V̂k+1, V̂k+2, . . . , V̂k+H ]T,
with its prediction error covariance v =

[vk+1, vk+2, . . . , vk+H ]T, and H is the length of the
predicted velocity vector.

Given that super nodes float at different water
depth and they have spatial correlations in the sen-
sor mobility pattern, the predicted velocity vectors
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of super nodes can be treated as velocity samples
of the whole mobile network. These predicted ve-
locity vectors can be regarded as references to assist
ordinary nodes in localization processes.

Here, we make an explanation about why we
substitute the multi-step Levinson-Durbin algorithm
into the Levinson-Durbin algorithm. To decrease
communication cost, a super node should deliver
a relatively large predicted velocity vector in one
broadcast. If we apply the Levinson-Durbin algo-
rithm to calculate the predicted velocity vector, for
example, when predicting Vk+2 based on velocity
samples Vk,Vk−1, . . . ,Vk−(l−2) and predicted veloc-
ity V̂k+1 as the substitute (because they are unable
to acquire velocity sample Vk+1 at time k), the pre-
diction error Δk+1 of V̂k+1 will accumulate to pre-
diction errorΔk+2 of V̂k+2, which is against our pur-
suit of high-accuracy predicted velocity vectors. The
multi-step Levinson-Durbin algorithm calculates all
elements of the predicted velocity vector based on
common velocity samples, Vk,Vk−1, . . . ,Vk−l−1, but
different coefficients φh, h = 1, 2, . . . , H . In addi-
tion, prediction errors Δk+1,Δk+2, . . . ,Δk+H are
mutually independent, which avoids accumulated
errors.

4.2 Ordinary node prelocalization

Ordinary nodes with low-complexity hardware
are unable to acquire location estimates directly from
surface buoys. In our HLMP scheme, they achieve lo-
calization by predicted velocity vectors received from
super nodes. Assume that ordinary node j receives
N predicted velocity vectors from N super nodes.
Then we can calculate the predicted velocity vector
V̂ j = [V̂ j

k ]
T, k = 1, 2, . . . , H and its prediction error

of ordinary node j, as follows:

V̂ j
k =

N∑

i=1

μij
k V̂

i
k , (10)

vjk =
N∑

i=1

μij
k v

i
k, (11)

where μij
k denotes the interpolation coefficient be-

tween nodes i and j, calculated as

μij
k =

(dijv
i
k)

−1

∑N
i=1(dijv

i
k)

−1
, (12)

where dij denotes the horizontal distance between
super node i and ordinary node j, and vik is the vari-

ance of the prediction error of V̂ i
k . Eq. (12) tells

that the super node which is closer to ordinary node
j at a horizontal distance or has a more accurate
predicted velocity vector makes more contributions
in predicting the velocity vector of ordinary node j.
This equation makes sense. First, we take advan-
tages of spatial correlations of underwater objects
to facilitate mobility prediction. Since Eq. (1) in-
dicates that sensors with the same (x, y) but differ-
ent z (depth) move in the same mobility pattern,
we consider only the horizontal distances between
super nodes and ordinary nodes. Second, different
predicted velocity vectors received from super nodes
have different prediction errors. Specifically, some
prediction errors may be very large if the linear pre-
diction equation (Eq. (9)) is ill-conditioned. This
factor should also be considered in determining ve-
locity vectors of ordinary nodes. We prefer more
accurate predicted velocity vectors by including the
prediction accuracy in Eq. (12).

Fig. 4 shows the prelocalization process of an
ordinary node. Ordinary nodes do prelocalization
based on their predicted velocity vectors in predic-
tion windows. Ordinary nodes receive broadcast
packets from super nodes at prediction points, and
then calculate their predicted velocity vectors in the
next prediction window (Eq. (10)). Moreover, ordi-
nary node j can measure Zij , the distance to super
node i, using the well-known time-of-arrival (ToA)
measurement as

Zij = h(Li,Lj) + νij , (13)

h(Li,Lj) =((xi − xj)
2 + (yi − yj)

2

+ (zi − zj)
2)1/2,

(14)

where h(Li,Lj) denotes the real distance between
nodes j and i, (xi, yi, zi) and (xj , yj, zj) are Carte-
sian coordinates of nodes i and j respectively, and
νij denotes the measurement error with zero-mean

Timeline

Receive broadcast packets from super nodes and
(1) Refine location estimates
(2) Calculate predicted velocity vectors

Do prelocalization according to predicted velocity vectors

TW TW

t+TW t+2TWT
t ...

Fig. 4 Prelocalization process of an ordinary node
(T : localization period; Tw: length of the prediction
window; t, t+ Tw, and t+ 2Tw: prediction points)
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white Gaussian distribution N (0, Rij). Ordinary
node location estimates will gradually deviate from
true values if relying on only predicted velocity vec-
tors. These measurements in Eq. (13) should be
efficiently used to refine location estimates of ordi-
nary nodes. Assume that the location estimate of
ordinary node j is L̂j and that its distribution p(Lj)

obeys N (L̂j ,ηj). The refinement operation is re-
alized by fusion of an a priori estimate and those
measurements as

p(Lj
refined|Lj , Z1j , Z2j, . . . , ZNj)

∝ p(Lj)

N∏

i=1

p(Zij |Lj),
(15)

whereN is the number of measurements. On account
of the nonlinear measurement model in Eq. (13), the
solution to Eq. (15) should be nonlinear filters, such
as particle filter (PF) (Del Moral, 1997) and cuba-
ture Kalman filter (CKF)(Arasaratnam and Haykin,
2009). In this study, we apply the new CKF algo-
rithm to deal with this nonlinear filtering problem.
Assume that we have already acquired the refined
location Lj

refined,i ∼ N (L̂j
refined,i,P

j
refined,i) of ordi-

nary node j and its predicted velocity vector V̂ j =

[V̂ j
i+1, V̂

j
i+2, . . . , V̂

j
i+H ] with the corresponding pre-

diction error covariance vj = [vji+1, v
j
i+2, . . . , v

j
i+H ].

Then the prelocalization processes of ordinary node
j in the next prediction window are as follows:

Lj
i+1 = L̂j

refined,i + T V̂
j
i+1 +ψ

j
i+1

= L̂j
i+1 +ψ

j
i+1,

(16)

P j
i+1 = P j

refined,i + Tv
j
i+1T

T, (17)

Lj
i+h = L̂j

i+h−1 + T V̂
j
i+h +ψj

i+h

= L̂j
i+h + ψj

i+h,
(18)

P j
i+k = P j

i+h−1 + Tv
j
i+hT

T, (19)

where h = 2, 3, . . . , H , ψj
i+1 ∼ N (0,P j

i+1), and
ψj

i+h ∼ N (0,P j
i+h). Through the above equa-

tions, we obtain the prelocalization location esti-
mates L̂j

i+1, L̂
j
i+2, . . . , L̂

j
i+H with the corresponding

covariance P j
i+1,P

j
i+2, . . . ,P

j
i+H of sensor j in the

next prediction window. The pseudo code of our
HLMP algorithm is summarized in Algorithm 1.

Algorithm 1 High-accuracy localization with mo-
bility prediction (HLMP) algorithm
1: Super nodes record velocity samples in each sampling

period using Eq. (7).
2: if at the prediction points t, t+Tw, . . . , t+NTw then
3: Super nodes calculate predicted velocity vec-

tors V̂ super using the multi-step Levinson-Durbin
algorithm.

4: Super nodes broadcast their predicted velocity
vectors.

5: Ordinary nodes receive predicted velocity vectors
and acquire range measurements Zsuper,ordinary

based on ToA measurements.
6: Ordinary nodes refine their position estimates

base on the a priori estimate L̂ordinary and
Zsuper,ordinary. Then calculate L̂ordinary

refined and the
corresponding covariance P ordinary

refined using the CKF
algorithm and fusion algorithm as Eqs. (22) and
(23).

7: Ordinary nodes calculate their predicted velocity
vectors V̂ ordinary as Eq. (10).

8: for h = 1, 2, . . . ,H do
9: Ordinary nodes estimate prelocalization posi-

tion L̂ordinary
h with the corresponding covari-

ance P ordinary
h in the next prediction window

as Eqs. (16)–(19).
10: end for
11: end if

5 Simultaneous localization and target
tracking

With our HLMP scheme, ordinary nodes can
obtain relatively precise location estimates with the
help of super nodes. With these location estimates,
ordinary nodes are qualified to accomplish target
tracking tasks. Furthermore, in this section, we will
improve localization accuracy during the process of
target tracking using our SLAT algorithm. In gen-
eral target tracking cases, we focus on modeling more
practical target motions and acquiring more accu-
rate target state estimates based on sensor measure-
ments. We pay less attention to location estimates
of sensors as they are immobile with minor localiza-
tion errors and have less influence on target tracking.
However, in the case of target tracking for UMSNs,
sensor locations change continuously due to environ-
mental forces such as tidal current. Sensor location
estimates are usually coarse and seriously affect tar-
get tracking accuracy. Consider the measurement



1006 Chen et al. / Front Inform Technol Electron Eng 2018 19(8):999-1012

model described by

Zi
k = h(Xk,L

i
k) + νik, (20)

h(Xk,L
i
k) =

(
(xk − xi)

2 + (yk − yi)
2

+ (zk − zi)
2
)
)1/2,

(21)

where h(Xk,L
i
k) denotes the real distance between

the target and node i, (xk, yk, zk) and (xi, yi, zi)

are Cartesian coordinates of the target and node
i respectively, and νik denotes the measurement
error with zero-mean white Gaussian distribution
N (0, Ri

k). Note that the measurement in Eq. (20)
contains location information of not only the target
but also the sensor. So, it is certainly a feasibility to
update sensor location estimates by measurements.
The core idea of our SLAT algorithm is to take full
advantage of information carried by measurements
to update the target state and sensor location esti-
mates. So, our SLAT algorithm contains two parts,
target state update and sensor location update.

1. Target state update
Assume that we obtain the target state esti-

mate X̂k−1|k−1 with the corresponding covariance
P t

k−1|k−1, sensor location estimates L̂j
k (replaced by

L̂j
updated,k if known), and measurements Zj

k (j =

1, 2, . . . , n) at time k (n denotes the number of sen-
sors participating in target tracking tasks). Then
substitute the above values into CKF and gener-
ate local target state estimates X̂j

k|k with covariance
P t,j

k|k. At last, local estimates will be sent to the
fusion center (usually select one from those task sen-
sors) to obtain the fusion target state estimate with
covariance as (Zhu et al., 2001)

P t−1

k|k =P t−1

k|k−1 +

n∑

i=1

(P t,j−1

k|k − P t−1

k|k−1), (22)

P t−1

k|k X̂k|k =P t−1

k|k−1X̂k|k−1

+

n∑

i=1

(P t,j−1

k|k X̂j
k|k − P t−1

k|k−1X̂k|k−1),

(23)

where X̂k|k−1 and P t
k|k−1 are calculated using the

CKF algorithm. The fusion target state estimate
will be fed back to the task sensor to update location
estimate.

2. Sensor location update
Assume that we obtain the location estimate

L̂j
k (replaced by L̂j

updated,k, if known) with the cor-
responding covariance P j

k (replaced by P j
updated,k,

if known), fusion target state estimate X̂k|k, and
measurements Zj

k (j = 1, 2, . . . , n) at time k. Then
take the sensor position as the state variable and
substitute the above values into the CKF algorithm,
which results in updated sensor location estimate
L̂�,j

updated,k with covariance P �,j
updated,k. Finally, based

on L̂�,j
updated,k and P �,j

updated,k, we update prelocaliza-
tion location estimates in Eqs.(16)–(19) as

L̂j
updated,k+1 = L̂�,j

updated,k + T V̂
j
k+1, (24)

P j
updated,k+1 = P �,j

updated,k + Tv
j
k+1T

T, (25)

L̂j
updated,k+h = L̂j

updated,k+h−1 + T V̂
j
k+h, (26)

P j
updated,k+h = P j

updated,k+h−1 + Tv
j
k+hT

T, (27)

where h = 2, 3, . . . , i + H − k. By our SLAT algo-
rithm, sensor location estimates can be revised con-
tinuously during the process of target tracking. For
clarity, the pseudo code of our SLAT algorithm in one
prediction window is summarized in Algorithm 2.

6 Simulation results

6.1 Simulation scenario

We apply our HLMP and SLAT algorithms to
a target tracking example in UMSNs for verification
and appraisal. The target is assumed to move in a
3D underwater environment. Initially, super nodes
are deployed as a 4× 4× 4 uniform grid and 343 or-
dinary nodes are deployed randomly in a 1000 m ×
1000 m × 1000 m region. The deployment error
obeys normal distribution N (0, 5). For the sensor
mobility model, related random variables and distri-
butions are summarized in Table 1. The sampling
interval T is 1 s and the length of prediction window
H is set to 30 s. The N in Eq. (6) is 50 and the l in
Eq. (9) is 10. The detection radius and the commu-
nication radius of sensors are assumed to be 200 m
and 350 m, respectively.

Target motion is assumed to be maneuvering.
The initial state of the target is assumed to be X0 =

Table 1 Random variables in the sensor mobility
model

Variable Distribution

k1, k2 N (π, (0.1π)2)

k3 N (2π, (0.2π)2)

k4, k5, v N (1, 0.12)

λ N (3, 0.32)
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Algorithm 2 Simultaneous localization and target
tracking (SLAT) algorithm in one prediction window
1: Ordinary nodes, in one prediction window k =

1, 2, . . . ,H , do the following:
2: Assume that we know the target state estimate X̂0|0

with the corresponding covariance P t
0|0 and location

estimates L̂ordinary
1,2,...,H with the corresponding covari-

ance P ordinary
1,2,...,H .

3: for k = 1, 2, . . . , H do
4: for j = 1, 2, . . . , n do
5: Ordinary nodes which detect the target become

task-nodes and obtain range measurements Zj
k,

as Eq. (20).
6: Task-nodes update the local target state esti-

mate X̂j
k|k and the corresponding covariance

P t,j
k|k using the CKF algorithm.

7: end for
8: The fusion center receives X̂j

k|k and P t,j
k|k, and

then updates fusion state estimate X̂k|k and the
corresponding covariance P t

k|k using Eqs. (22) and
(23).

9: for j = 1, 2, . . . , n do
10: Task-nodes receive X̂k|k, and then with the help

of Zj
k update location estimates L̂�,j

updated,k and
the corresponding covariance P �,j

updated,k using
the CKF algorithm.

11: end for
12: for h = 1, 2, . . . , H − k do
13: Task-nodes update their future location esti-

mates L̂j
updated,k+h and the corresponding co-

variance P j
updated,k+h as Eqs. (24)–(27).

14: Task-nodes substitute L̂j
updated,k+h and

P j
updated,k+h into L̂ordinary

1,2,...,H and P ordinary
1,2,...,H

respectively.
15: end for
16: end for

[x0, ẋ0, y0, ẏ0, z0, ż0]
T = [470, 7, 280, 5, 20, 4]T, where

(x0, y0, z0) is the initial position of the target and
(ẋ0, ẏ0, ż0) the corresponding velocity. From 1 s to
94 s, it moves at a constant velocity (CV). From 95 s
to 184 s, it makes a coordinate turn (CT) with turn
rate 0.035 rad/s. From 185 s to 200 s, it moves at a
CV. CV and CT can be formulated as

Xk = FCVXk−1 +wk, (28)

Xk = FCTXk−1 +wk, (29)

where FCV and FCT are state transition matrices
and wk is the process noise with zero-mean white
Gaussian distribution N (0,Qk). FCV, FCT, and

Qk are given as follows:

FCV =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

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

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, (30)

FCT=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1
sin(wT )

w
0

cos(wT )− 1

w
0 0

0 cos(wT ) 0 − sin(wT ) 0 0

0
1− cos(wT )

w
1

sin(wT )

w
0 0

0 sin(wT ) 0 cos(wT ) 0 0

0 0 0 0 1 T

0 0 0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

(31)

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

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, (32)

where q is the intensity of the process noise. The
measurement error ν obeys N (0, 5).

6.2 Performance verification

6.2.1 Performance of localization and target tracking

The simulation results are generated from 100
Monte-Carlo runs. We adopt root-mean-square er-
ror (RMSE) to assess the accuracy of localization
and target tracking. In our simulation, we com-
pare performances of three localization and target
tracking schemes. The first one labeled by ‘Refer-
ence’ predicts velocity vectors based on the one-step
Levinson-Durbin algorithm without precision con-
trol as in Zhou et al. (2011). In addition, it cannot
update sensor location estimates during the process
of target tracking. The second one labeled by ‘HLMP
and tracking’ uses our HLMP algorithm for prelocal-
ization but does not update sensor location estimates
during the process of target tracking. The last one la-
beled by ‘HLMP-SLAT’ not only applies our HLMP
algorithm for prelocalization but also updates the
sensor location using our SLAT algorithm.
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The real trajectory and target tracking perfor-
mances of the three localization and target tracking
schemes are shown in Fig. 5. It is clear that all the
three schemes can successfully track the target, due
to relatively accurate sensor position estimates gen-
erated from their localization algorithms, which is
crucial for UMSNs. Fig. 6 lists the localization er-
rors of the three schemes. The accuracy of the Refer-
ence scheme is significantly lower than those of oth-
ers. Because in the Reference scheme, super nodes
experience accumulated error when predicting ve-
locity estimates using the one-step Levinson-Durbin
algorithm. They broadcast only velocity estimates
without their precisions, so ordinary nodes calculate
interpolation coefficients based on only the distances
to super nodes. The other two using our HLMP
algorithm for localization manifesting high-precision
certify the superiority of our algorithm. What is
more, the HLMP-SLAT scheme acquiring the high-
est localization accuracy proves that our SLAT al-

0
1500

200

400

1500

z 
(m

)

1000

600

y (m)

800

1000

x (m)

1000

500 500
0 0

Reference
HLMP and tracking

HLMP-SLAT
Real trajectory

Fig. 5 Target tracking performances and the real
trajectory
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Fig. 6 Localization errors of the three schemes

gorithm can surely further increase the localization
accuracy during the process of target tracking. Ob-
viously, improvements of localization will improve
target tracking accuracy (Fig. 7). Fig. 6 shows that
sensor localization errors will gradually rise if sen-
sor location estimates rely on only prediction. The
refined points marked in Fig. 6 represent the refine-
ment operation (Eq. (15)) that ordinary nodes do
at prediction points. The results show that the re-
finement operation based on range measurement be-
tween a super node and an ordinary node can de-
crease localization deviation efficiently when the lo-
calization error is significantly large. The refinement
operation makes our HLMP algorithm more robust.
Fig. 8 gives a quantitative comparison of the three
schemes. Comparing the Reference scheme with the
HLMP and tracking scheme, our HLMP algorithm
improves localization accuracy by 69.26% and track-
ing accuracy by 65.74%. Comparing the HLMP and
tracking scheme with the HLMP-SLAT scheme, our
SLAT algorithm improves localization accuracy by
10.19% and tracking accuracy by 9.01%.
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Reference HLMP and tracking HLMP-SLAT
0

1

2

3

4

5

6

7

8

9 Localization error
Target tracking error

2.65 2.33 2.38 2.12

6.80

8.62

Av
er
ag
e
er
ro
r(
m
)

10

Scheme

Fig. 8 Average localization errors and target tracking
errors of the three schemes



Chen et al. / Front Inform Technol Electron Eng 2018 19(8):999-1012 1009

6.2.2 Energy efficiency analysis

In this study, we focus on designing an energy-
efficient localization scheme to address the target
tracking problem in underwater wireless sensor net-
works. The energy model in Bhardwaj and Chan-
drakasan (2002) showed that the communication en-
ergy cost dominates the whole energy consumption
compared with sensing and data processing. Since
task-nodes during the process of target tracking in
different schemes are the same, we cannot compare
their energy cost in this process. Instead, we com-
pare their communication cost in the process of local-
ization. Since the accuracy of the Reference scheme
is significantly lower than that of our HLMP-SLAT
scheme, we introduce a rebroadcast mechanism for
Reference to improve its accuracy. For super node i,
if its prediction error is larger than a certain thresh-
old, i.e.,

√

(Li − L̂i)T(Li − L̂i) ≥ D, (33)

then super node i repeats the prediction algorithm
and broadcasts new velocity vectors V̂ i

update, where
Li and L̂i are current location and location estimate
of super node i respectively, and D is a threshold.
We fix the length of a prediction window as H = 50

and change the threshold as D ∈ {2, 4, 7, 10}. We
count the total broadcast times of super nodes to
compare the energy efficiency of different schemes.
The performances under different D and our HLMP-
SLAT scheme are listed in Table 2. With the de-
crease of rebroadcast threshold D, the localization
performance of the Reference scheme becomes bet-
ter. When D = 2, the performance of the Reference
scheme is close to that of our HLMP-SLAT scheme.
However, the price is 989 broadcast times and our
scheme needs only 192 broadcast times. This means
that our HLMP-SLAT scheme saves 80.59% energy
compared to the Reference scheme.

Table 2 Performances of the Reference (under differ-
ent threshold D) and HLMP-SLAT schemes

Scheme
Localization Broadcast
error (m) times

Reference (D = 10) 6.59 769
Reference (D = 7) 5.11 816
Reference (D = 4) 3.73 878
Reference (D = 2) 2.76 989

HLMP-SLAT 2.62 192

6.3 Impacts of parameters

In the previous subsection, we have demon-
strated the superiority of our HLMP-SLAT scheme.
To study the characteristics of this scheme, we will
analyze the impacts of parameters through further
simulations in this subsection.

6.3.1 Performances of different H

Fig. 9 shows the localization errors of the HLMP
and tracking scheme under different prediction win-
dow length H. Obviously, the smaller the H, the bet-
ter localization performance we can have. This is
because prediction window length H represents the
minimum interval for ordinary nodes to receive new
predicted velocity vectors from super nodes. Ordi-
nary nodes need to do localization relying on only the
last received predicted velocity vectors when they are
waiting for new packets. This kind of localization has
a problem of error accumulation, which means that
the localization error will increase as the prediction
window lengthens. Even though we can shorten the
prediction window to obtain more accurate localiza-
tion results, it is not advisable with the considera-
tion of additional energy costs of communication. A
better solution is presented in Fig. 10. It tells that
our HLMP-SLAT scheme can weaken the influence
of different H by revising location estimates during
the process of target tracking. For the purpose of
quantitative comparison, Table 3 displays the av-
erage localization errors and target tracking errors.
The performance of the HLMP-SLAT scheme with
H = 50 is similar to that of the HLMP and tracking
scheme with H = 30, which means our HLMP-SLAT
scheme can save almost 40% communication energy
of super nodes under the same accuracy requirement.
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Fig. 9 Localization errors of the HLMP and tracking
scheme under different prediction window length H
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Fig. 10 Localization errors of the HLMP-SLAT
scheme under different prediction window length H

Table 3 Average localization errors and target track-
ing errors under different prediction window length
H

H
Localization error (m) Target tracking error (m)

HLMP HLMP-SLAT HLMP HLMP-SLAT

10 2.03 1.85 1.99 1.89
20 2.30 2.07 2.15 2.01
30 2.65 2.38 2.33 2.12
40 2.84 2.55 2.44 2.26
50 2.92 2.62 2.50 2.31

6.3.2 Performances of different N

The data sequence length N in Eq. (6) repre-
sents the amount of stored velocity data used to ob-
tain AR model samples γ(i). We fix the length of the
prediction window as H = 30 and change the data
sequence length as N ∈ {30, 50, 70, 90, 110}. Figs. 11
and 12 show the localization errors and target track-
ing errors of the HLMP-SLAT scheme under differ-
ent data sequence length N, respectively. When N
is small, taking N = 30 as an example, both the lo-
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Fig. 11 Localization errors of the HLMP-SLAT
scheme under different data sequence length N

calization error and target tracking error are large.
The localization and target tracking performances
will be better with more velocity data used, which
can be proved by N = 50, 70, and 90. However,
when N is large enough, the increase of N has less
influence on localization and target tracking perfor-
mances, which can be proved by the comparison of
N = 90 with N = 110. The quantitative results are
listed in Table 4, implying that we should set the
value of N to an optimal one given consideration to
the memory size of devices.
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Fig. 12 Target tracking errors of the HLMP-SLAT
scheme under different data sequence length N

Table 4 Performances of HLMP-SLAT under differ-
ent data sequence length N

N Localization error (m) Tracking error (m)

30 2.57 2.27
50 2.38 2.12
70 2.10 2.00
90 1.88 1.86
110 1.78 1.79

6.3.3 Performances of different l

The model order l in Eq. (9) represents the num-
ber of velocity samples used to calculate the pre-
dicted velocity by a linear combination. We fix the
length of the prediction window and the data se-
quence as H = 30 and N = 50, respectively. Then
we change model order as l ∈ {2, 3, 4, 7, 10}. Figs. 13
and 14 show the localization errors and target track-
ing errors of the HLMP-SLAT scheme under different
model order l, respectively. When l = 10, both the
localization error and target tracking error are sig-
nificantly larger than others. The localization and
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target tracking performances with l ∈ {2, 3, 4, 7} are
very similar. For clarity, the average localization and
target tracking errors are given in Table 5. When
l = 3, we can obtain the best localization and target
tracking performances. The performances become
worse when l is significantly far away from 3, taking
l = 10 as an example. This is due to the duality of in-
creasing model order l. On the one hand, more model
samples can provide more information about model
characteristics; on the other hand, adding model
samples will bring their inherent errors to the pre-
diction result. So, the model sample length l should
not be set too large.
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Fig. 13 Localization errors of the HLMP-SLAT
scheme under different model order l
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scheme under different model order l

7 Conclusions

In this paper, we have presented an HLMP-
SLAT scheme to solve the target tracking problem
for UMSNs. Our HLMP-SLAT scheme contains

Table 5 Performances of HLMP-SLAT under differ-
ent model order l

l Localization error (m) Tracking error (m)

2 1.69 1.79
3 1.58 1.70
4 1.68 1.74
7 2.05 2.00
10 2.38 2.12

two parts: HLMP algorithm and SLAT algorithm.
Since sensor locations change continuously in
UMSNs, which usually results in a large localization
error, the HLMP algorithm gives a high-precision
and energy-efficient solution to the localization
problem with the help of sensor mobility prediction
and the multi-step Levinson-Durbin algorithm.
Moreover, our SLAT algorithm makes full use of
measurement information to update sensor location
estimates; the update of localization information
feeds back to improve the target tracking accuracy.
Compared to existing dynamic SLAT algorithms,
an ordinary node uses only its own measurement
without additional communication energy cost and
figures out results fast without iteration operations.
These advantages meet the energy saving and
device simplifying requirements of ordinary nodes.
Simulation results showed that our HLMP-SLAT
scheme can fulfill the target tracking mission in
UMSNs with higher localization and target tracking
accuracies and save more energy than the schemes
for reference. Besides, we have analyzed the
influence of different parameters by carrying out
more simulations, certifying the superiority of our
HLMP-SLAT scheme ulteriorly.
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