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Abstract—In this paper, the target tracking problem is investigated for a tracking system with mobile range-only sensors. Being
different from most previous studies, both additive and multiplicative noises in measurements are taken into consideration.
An optimal coordination strategy, including sensor selection and
sensor motion, is proposed to maximize the tracking accuracy.
In particular, by fully utilizing the properties of objective function, the search space and variables of the original optimization
problem can be significantly reduced. Based on this reduction,
three algorithms are designed, respectively, for the following:
1) efficient selection of task sensors; 2) reduction on combinations
of task sensors; and 3) efficient search of optimal sensor motion.
The performance of the proposed coordination strategy is illustrated by simulations.
Index Terms—Fisher information matrix (FIM), multiplicative
noise (MN), range-only localization, sensor motion, sensor selection, target tracking.

I. I NTRODUCTION

W

ITH THE development of wireless sensor networks,
target tracking has been widely applied in many fields,
e.g., surveillance, environment monitoring, military, and security; it attracts increasing research interests [1]–[9]. In most
occasions, a number of sensors are deployed in the field of
interest to collect positional data of the target and then transmit
the data to a processing unit to perform the tracking task in a
centralized or a decentralized fashion.
Tracking accuracy is one of the most important goals for system designers, which strongly depends on the relative positions
between sensors and target [2], [10]. In [2], the optimal sensor
placement for range-only target tracking system is analyzed,
and the optimal angular configuration is derived. Reference
[10] studies the optimal sensor–target geometries for rangeonly-, time-of-arrival-, and bearing-only-based localization and
identifies the optimal sensor–target configuration for different
number of sensors. Undoubtedly, by providing mobility to the
sensors, the tracking accuracy can be significantly improved
via sensor motion coordination. In [2], a motion strategy for
the mobile sensors is designed to satisfy the optimal angular
configuration, in which there is no limitation on the mobility
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of sensors. In [11] and [12], it is assumed that each sensor
can move a given distance at each time step, and the motion
strategies are designed under the constraint. Reference [13]
develops a distributed flocking algorithm for multiple robots to
track the estimated target and avoid collision.
On other hand, sensor selection is another important issue
in target tracking problems because, in practice, only a few
sensors will be activated as task sensors for tracking due to
energy limitation [3], [14]–[17]. In [3], different approaches are
utilized for sensor selection under different measures of information utility. References [14] and [15], respectively, provide
a global and a local algorithm of selecting the task sensors
of a bearing-only tracking system to maximize the tracking
accuracy. In [16], an algorithm of adaptively selecting the
number of task sensors is proposed.
For a range-only target tracking system, the measurement
model in most existing studies [2], [11], [12] only considers
additive noise (AN), resulting that the measurement error is
independent of the sensor–target distance. However, the experimental data in [1] show the existence of multiplicative noise
(MN), and the variance of MN is often three to four times
larger than that of AN. Due to the existence of MN, the measurement error will significantly increase with the increase in
sensor–target distance. Therefore, MN cannot be ignored in the
design and analysis of a target tracking system. Unfortunately,
the target tracking problem with MN is quite different from that
with AN; thus, it cannot be treated as a simple extension of
previous results.
In this paper, the target tracking problem with both additive
and multiplicative noises (AMN) is investigated for mobile
range-only sensors. The ultimate goal is to design an optimal
sensor coordination strategy, including sensor selection and
motion, to improve tracking accuracy. Following a target tracking framework similar to [1], this task can be transformed into
optimizing a certain metric, which represents the localization
accuracy of each step, by properly selecting sensors and adjusting their positions. Then, the optimization of such metric can be
formulated as a multivariable nonlinear optimization problem.
In order to efficiently solve this optimization problem, the
following efforts are contributed.
1) By exploiting the relationship between the metric and the
sensor–target distance, the search space of each sensor,
as well as the optimization variables associated with each
sensor, can be greatly reduced. This reduction enables the
following algorithmic design.
2) By utilizing the reduction of search space, two algorithms are designed to reduce, respectively, the number
of possible task sensors and the number of possible sensor
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combinations, such that the computational complexity is
significantly simplified.
3) According to the reduction of optimization variables,
an iterative algorithm is applied to efficiently solve the
nonlinear optimization problem and yield the optimal
motion strategy of mobile sensors.
The rest of this paper is organized as follows. Section II introduces the target motion model and the measurement model,
followed by the tracking framework. Then, the metric of tracking accuracy and the optimization problem are presented in
Section III. In Section IV, reductions on the search space of
mobile sensors and on the number of optimization variables
are presented. In Section V, the optimal sensor coordination,
including the strategy of sensor selection and sensor motion,
respectively, is designed. The tracking algorithm adopted in this
paper is introduced in Section VI. Simulation results illustrate
the performance of our proposed approach in Section VII.
Section VIII concludes this paper.

where zi,k stands for the measurement of sensor i; ωi,k and
υi,k represent MN and AN, respectively, which are assumed to
be uncorrelated white Gaussian noise, i.e., ωi,k ∼ N (μω , σω2 )
and υi,k ∼ N (μυ , συ2 ). The total measurement noise is thus
expressed as ni,k = ri,k ωi,k + υi,k , which is still a white Gaus2
), where
sian noise satisfying ni,k ∼ N (μi,k , σi,k

A. Target Motion Model
The tracking problem for a single target in 2-D field is considered in this paper. Let the state of the target at time tk be
Xk = [ x k

ẋk

yk

ẏk ]T

where (xk , yk ) stands for the position coordinates of the target,
and (ẋk , ẏk ) denotes the target’s velocity along the x- and
y-axes at time tk , respectively. A widely used near-constantvelocity model is adopted here [1], [4], which is expressed as
Xk+1 = F Xk + Gk

(1)

where
⎡

1
⎢0
F =⎣
0
0

Δt
1
0
0

⎡ Δt2
⎤
0 0
2
⎢ Δt
0 0 ⎥
⎢
⎦G = ⎣
1 Δt
0
0 1
0

⎤
0
0 ⎥
⎥
Δt2 ⎦
2
Δt

and Δt is the sampling time interval. k = [x , y ]T is the
process noise, which is assumed to be uncorrelated zero-mean
white Gaussian noise with its covariance Q = diag{σ2x , σ2y }.
B. Measurement Model
Assume that all the range-only sensors in the target tracking
system are homogeneous and that the position of each sensor
is known as a prior, which is expressed in a coordinate form
(xi,k , yi,k ). Then, at time tk , the true distance between the
target and sensor i is

(2)
ri,k = (xi,k − xk )2 + (yi,k − yk )2 .
In this paper, a more general measurement model with AMN
[1] is used, which is expressed as
zi,k = (1 + ωi,k )ri,k + υi,k

(3)

(4)

2
2
σi,k
= ri,k
σω2 + συ2 .

(5)

As a result, the measurement zi,k of sensor i follows a normal
distribution, i.e.,
2
.
zi,k ∼ N μi,k + ri,k , σi,k

(6)

For a target at (xk , yk ), the probability density function
(PDF) of sensor i’s measurement is obtained as
p(zi,k |xk , yk ) = √

II. S YSTEM D ESCRIPTION AND T RACKING F RAMEWORK

μi,k = ri,k μω + μυ

1
(zi,k −ri,k −μi,k )2
exp −
. (7)
2
2σi,k
2πσi,k

2
Remark 1: Intuitively, the mean μi,k and the variance σi,k
associated with sensor i are closely related to sensor–target
distance ri,k , from (4) and (5). Because of the existence of
2
will grow at a geometric speed with the
MN, the variance σi,k
increase in ri,k .

C. Tracking Framework
In this paper, it is assumed that, at time tk , there are totally
Nk mobile sensors that have detected the target, which are
denoted by set Ψk . Then, the objective is to select M (from Nk )
sensors as task sensors for target tracking, which are denoted
M
by set ΨM
k and Ψk ⊂ Ψk , and then adjust their positions to
improve tracking accuracy. Due to the limited mobility of the
sensor, it is assumed that di,k ≤ dmax , where di,k stands for the
moving distance of sensor i at tk and dmax is a maximal moving
distance.
Similar to (6), the measurement vector of M sensors of ΨM
k
follows an M -dimensional normal distribution, i.e.,
Zk ∼ N (μk , Ck )

(8)

where Zk = [z1,k , z2,k , . . . , zM,k ]T , μk = [μ1,k + r1,k , μ2,k +
2
2
2
, σ2,k
, . . . , σM,k
}.
r2,k , . . . , μM,k +rM,k ]T , and Ck = diag{σ1,k
Thus, the joint PDF with M independent measurements can be
written as
M

p(Zk |xk , yk ) =

p(zi,k |xk , yk ).

(9)

i=1

Indeed, the target tracking task can be divided into a series of
localization tasks. The tracking framework is shown in Fig. 1.
At tk−1 , the estimated state X̂k−1|k−1 and the predicted next
state X̂k|k−1 are computed from measurement vector Zk−1 . At
tk , according to the prediction X̂k|k−1 , a new set of sensors ΨM
k
is selected and moved to proper positions, in order to obtain the
measurement Zk and localize the target accurately.
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(Ik )22 =

Fig. 1.

Framework of target tracking and sensor coordination.

Remark 2: Note that the target tracking framework is general
in a sense that it does not specify any particular algorithm for
target state estimation and prediction algorithm. As our main
results are derived under this framework, they can fit into any
algorithm.
III. M ETRIC OF ACCURACY AND P ROBLEM F ORMULATION
As previously stated, the key to improve tracking accuracy is
to localize the target accurately at each time step. Here, a Fisher
information matrix (FIM)-based metric will be introduced to
measure localization accuracy; then, this problem can be converted into optimizing such metric at each time step.
A. FIM-Based Metric
FIM is a well-known concept in statistical signal processing
and stands for the information contained in measurements [18]–
[20]. A larger FIM means that we can retrieve more information
from measurements and, thus, obtain more accurate estimates.
Since target localization is essential to estimate the position
of the target, FIM can nicely reflect localization accuracy. Let
Ik denote FIM, and from the definition in [18], we have
∂ ln(p(Zk |xk ,yk ))
∂x2k
∂ 2 ln(p(Zk |xk ,yk ))
∂xk ∂yk
2

Ik = −E

∂ ln(p(Zk |xk ,yk ))
∂xk ∂yk
∂ 2 ln(p(Zk |xk ,yk ))
2
∂yk

(10)

Since the measurement given in (8) is Gaussian with nonzero
mean, mn entry of Ik can be computed as follows [18]:


T

∂μk (θk )
∂μk (θk )
−1
(Ik )mn =
Ck (θk )
∂(θk )m
∂(θk )n


1
∂Ck (θk ) −1
∂Ck (θk )
+ tr Ck−1 (θk )
Ck (θk )
(11)
2
∂(θk )m
∂(θk )n

i=1

where gi,k is a function of noise and the ith sensor–target
distance

(Ik )11 =

i=1



2
1
xi,k − xk
2
)
σ
(1
+
μ
ω
i,k
4
σi,k
ri,k

2
1 2
2σω (xi,k − xk )
+
2


M

1
(xi,k − xk ) (yi,k − yk )
2
(1 + μω )2
σi,k
4
σ
ri,k
ri,k
i=1 i,k

+2σω4 (xi,k − xk )(yi,k − yk )

(13)

Note that FIM is essentially a matrix and not convenient
for further analysis. Therefore, the determinant of FIM is
used as the accuracy metric, which is, in fact, the well-known
D-criterion [2], [10], [21], [22]; maximizing the metric corresponds to maximizing the information obtained from the
measurement. The metric k is computed as follows:
k = det{Ik }
M


=

⎡

gi,k cos2 (ϕi,k ) ⎣

i=1

−
=

M


⎤
gj,k sin2 (ϕj,k )⎦

j=1
2

M


gi,k
i=1
M
M



cos(ϕi,k ) sin(ϕi,k )


gi,k gj,k cos2 (ϕi,k ) sin2 (ϕj,k )

i=1 j=1j=i

− cos(ϕi,k ) sin(ϕi,k )



× cos(ϕj,k ) sin(ϕj,k )
=

M 
M



gi,k gj,k cos2 (ϕi,k ) sin2 (ϕj,k )+cos2 (ϕj,k )

i=1 j>i

× sin2 (ϕi,k ) − 2 cos(ϕi,k ) sin(ϕi,k )

× cos(ϕj,k ) sin(ϕj,k )
=

M 
M


gi,k gj,k sin2 (ϕi,k − ϕj,k ).

i=1 j>i

Briefly, k can be written as
k =

(Ik )12 = (Ik )21
=


1  2
2
σi,k (1 + μω )2 + 2σω4 ri,k
.
4
σi,k

gi,k =

where θk = [xk , yk ]T , m = 1, 2, and n = 1, 2. Consequently
M




2
M

1
yi,k − yk
2
)
σ
(1
+
μ
ω
i,k
σ4
ri,k
i=1 i,k

2
1 2
2σω (yi,k − yk )
+
.
2

Let ϕi,k denote the angle of sensor i relative to
the target and satisfy cos ϕi,k = (xi,k − xk )/ri,k , sin ϕi,k =
(yi,k − yk )/ri,k , then


M

cos2 ϕi,k
cos ϕi,k sin ϕi,k
gi,k
Ik =
(12)
cos ϕi,k sin ϕi,k
sin2 ϕi,k

2

.
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M 
M

i=1 j>i

1 
Bij,k
2 i=1 j=1
M

Bij,k =

M

(14)

where
Bij,k = gi,k gj,k sin2 (ϕij,k )
and ϕij,k = ϕi,k − ϕj,k is the intersection angle between the
line of sensor i to target and the line of sensor j to target.
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B. Optimization Problem
From (14), with AMN, the localization accuracy depends
on the relative positions of the target and sensors. Not only
a good angular configuration but also a proper sensor–target
distance lead to a good tracking performance. The objective of
this paper is to design the optimal sensor coordination strategy
to maximize the tracking accuracy under the constraints on task
sensor number and mobility of sensors.

, respectively, denote the new sensor–target
Let ϕi,k and ri,k
angle and the distance of sensor i after movement, and ϕi,k ∈
max
[ϕmin
i,k , ϕi,k ]. Then, the objective function can be written as
max


ΨM
,ϕi,k ,ri,k
k


k (ϕi,k , ri,k
, ΨM
k )

s.t. di,k ≤ dmax , i ∈ ΨM
k .

(15)

It should be noted that, in this paper, we assume that the target
is out of all the movable regions of sensors, i.e., ri,k > dmax .
Remark 3: Indeed, this optimization problem (15) can be
solved straightforward, i.e., traverse all possible M -sensor
combinations and search the optimal positions of M sensors for
each combination. However, this undoubtedly results in very
M
combinalarge computation because 1) there are totally CN
k
tions and 2) for each combination, there are 2M variables to
be optimized. In order to efficiently solve this problem, the
metric (14) will be fully exploited in the next section, so that
the computation can be significantly reduced without degrading
any tracking performance.
IV. S EARCH S PACE AND VARIABLES R EDUCTION
Since k is a complicated nonlinear function of sensor–
target distance and angle, the sensor coordination problem cannot be directly solved due to great computational complexity.
However, it will be shown later on that by exploiting the relationship between sensor–target distance and tracking accuracy,
the search space and optimization variables associated with
each mobile sensor can be reduced in a large scale.

Fig. 2. Profiles of gi,k under two cases. Let the AN be υi,k ∼ N (0, 1) and
2 < (1 + μ )2 and (b) 2σ 2 > (1 + μ )2 .
the MN satisfy (a) 2σω
ω
ω
ω

B. Search Space Reduction
A. Properties of k
In (14), when the angles are fixed, i.e., ϕij,k keeps unchanged, k is a strictly monotonically increasing function of
gi,k . By the derivative of gi with respect to ri,k , the relationship
between gi,k and ri,k is obtained as follows.
1) If 2σω2 < (1 + μω )2 , gi,k is a strictly monotonically decreasing function of ri,k .
2) If 2σω2 ≥ (1 + μω )2 , gi,k is a strictly monotonically increasing function of ri,k when ri,k < T and gi,k is a
strictly monotonically decreasing function of ri,k when
ri,k > T . gi,k achieves the maximum value gmax =
(2σω2 + (1 + μω )2 )2 /8συ2 σω2 at ri,k = T , where

συ2 (2σω2 − (1 + μω )2 )
.
(16)
T =
σω2 (2σω2 + (1 + μω )2 )
Fig. 2 illustrates the profiles of gi,k over ri,k with different
MN. Then, search space and variables reduction can be conducted based on the preceding properties.

The sensor–target distance has a different effect on the
tracking accuracy under different noises. If MN satisfies 2σω2 <
(1 + μω )2 , there is only one type of reduced search space,
whereas if 2σω2 ≥ (1 + μω )2 , there are five types of possible
reduced space. The detailed analysis is given as follows.
Situation 1: 2σω2 < (1 + μω )2 . In this situation, k is a
strictly monotonically decreasing function of ri,k , which means
that a shorter sensor–target distance leads to better tracking
accuracy. The search space of sensor i is illustrated in Fig. 3(a).
Obviously, the angles on the bold curve cover the angles on
the whole movable region, and in the view of sensor–target
distance, the bold curve owns a better distance; as a result,
tracking accuracy along the bold curve outperforms the other
regions in the whole movable region.
Situation 2: 2σω2 ≥ (1 + μω )2 . In this situation, there exists
a distance threshold T , on which the tracking accuracy is the
highest. It is better to move toward the distance threshold for
sensors. The search space of each sensor is related to the current
sensor–target distance ri,k .
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Search space of sensor i under different conditions.

Case a: ri,k ≥ T + dmax . The distance threshold T of
sensor i to target is out of the movable region, then the reduced
search space of sensor i is the shorter circular arc, which is the
bold curve illustrated in Fig. 3(a).
Case b: T < ri,k < T + dmax . The distance threshold T
of sensor i to target is in the circle, then the search space of
sensor i is the bold curve illustrated in Fig. 3(b).
Case c: ri,k = T . Sensor i owns the perfect distance to
the target; consequently, as illustrated in Fig. 3(c), the search
space of sensor i is the bold arc that is centered at the target’s
current position and whose radius is T .
Case d: T − dmax < ri,k < T . The distance threshold T
of sensor i to target is in the circle, then the search space of
sensor i is the bold curve illustrated in Fig. 3(d).
Case e: dmax < ri,k ≤ T − dmax . The distance threshold
of sensor i to target is out of the circle, then the search space
of sensor i is the longer circular arc, which is the bold curve
illustrated in Fig. 3(e).

C. Optimization Variables Reduction

From the reduced search space, the ranges of ϕi,k and ri,k

are obtained. According to law of sines and cosines, ri,k can be
represented as different functions of ϕi,k under the preceding
five different conditions, which cuts half of the number of
optimization variables.
Situation 1: Let Dk = (xk , yk ), Di,k = (xi,k , yi,k ), and


= (xi,k , yi,k
), respectively, denote the position of target,
Di,k
the current, and the new position of sensor i. According to the
law of sines, we have

ri,k
dmax


=
sin (|Δϕi |) sin ∠D D D
k i,k i,k
=


ri,k



 D
sin ∠Dk Di,k
i,k + |Δϕi,k |


ri,k
=

⎧
T,
⎪
⎨
⎪
⎩


sin

dmax



arcsin



(

ri,k sin |Δϕi,k |
dmax

sin(|Δϕi,k |),

)


≤ ri,k . Then, along the
where Δϕi,k = ϕi,k − ϕi,k , and ri,k

bold curve, ri,k can be expressed as a function of ϕi,k , i.e.,




r
sin(|Δϕ |)
sin π − arcsin i,k dmax i,k + |Δϕi,k |

ri,k
= dmax
sin(|Δϕi,k |)
(17)

and ϕi,k satisfies
ϕi,k − αi,k ≤ ϕi,k ≤ ϕi,k + αi,k

(18)

where αi,k = arcsin(dmax /ri,k ).

and ϕi,k
Situation 2: Similarly, the relationship between ri,k
can be summarized as follows.
Case a: It is the same as Situation 1.
Case b: The angle ϕi,k still yields ϕi,k ∈ [ϕi,k −αi,k ,

is computed as
ϕi,k + αi,k ]. In addition, ri,k

T,
ϕi,k − βi,k ≤ ϕi,k < ϕi,k + βi,k

=
ri,k
(17), otherwise
where βi,k is obtained by the law of cosines as


2
+ T 2 − d2max
ri,k
βi,k = arccos
2ri,k T

Case c: The length of the arc is 2dmax ; as a result, ri,k

and ϕi,k satisfy

=T
ri,k

ϕi,k −

dmax
dmax .
≤ ϕi,k ≤ ϕi,k +
ri,k
ri,k

Case d: The angle ϕi,k still yields ϕi,k ∈ [ϕi,k −

is expressed in the equation shown at the
αi,k , ϕi,k + αi,k ]. ri,k
bottom of page, where γi,k is obtained by the law of cosines as
follows:


2
+ T 2 − d2max
ri,k
γi,k = arccos
.
2ri,k T





ϕi,k − γi,k ≤ ϕi,k < ϕi,k + γi,k

+|Δϕi,k |

otherwise
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Case e: The range of ϕi,k is [ϕi,k − αi,k , ϕi,k + αi,k ].

The expression of ri,k
is




r
sin(|Δϕ |)
sin arcsin i,k dmax i,k + |Δϕi,k |

ri,k
.
= dmax
sin(|Δϕi,k |)
Remark 4: The actual position of the target at time tk is
unknown. Considering that the predicted target state is accurate to a certain extent, in the design of the sensor coordination, (xk , yk ) is replaced by the predicted target position
(xk|k−1 , yk|k−1 ).
V. O PTIMAL S ENSOR C OORDINATION
As pointed out in Remark 3, straightforward solution of
(15) leads to great computation, which requires to solve 2M M
variable nonlinear optimization problem for all possible CN
k
combinations of task sensors. However, by using the results
in Section IV, the computation can be significantly reduced
without degrading any tracking accuracy. The entire process
consists of three parts: candidate task sensor selection, reduction of task sensor combinations, and optimal motion strategy.
A. Candidate Task Sensor Selection
Intuitively, it is not necessary to select all Nk sensors that
detect the target as candidate task sensors because a number
of sensors offer relatively poor measurements and can be excluded. The main idea is as follows. Because k is a strictly
monotonically increasing function of gi,k , if the angle range of
sensor i can cover the one of sensor j and gi,k > gj,k , sensor i
certainly provides more informatic measurement than sensor j
does; thus, sensor j should be excluded.
Let Θk denote the angle range of the selected candidate
max
task sensors and Φi,k = [ϕmin
i,k , ϕi,k ] stand for the angle range
of sensor i. The procedure of candidate sensor selection is
described in Algorithm 1.
Algorithm 1:Candidate Task Sensor Selection (CTSS)
1: Sort all Nk sensors in descending order of gi,k
2: Θk = 0
3: for i = 1, . . . , Nk do
4:
if Θk = [0, 2π] then
5:
if Φi,k ⊂ Θk then
6:
Exclude sensor i
7:
else
8:
Select sensor
" i as a candidate task sensor
9:
Θk = Θk Φi,k
10:
end if
11: else
12:
Terminate the algorithm.
13: end if
14: end for

2 < (1 +
Fig. 4. Profiles of sensor exclusion under two cases of MN. (a) 2σω
2 > (1 + μ )2 .
μω )2 . (b) 2σω
ω

the selected candidate task sensors under two different cases
of MN. When 2σω2 < (1 + μω )2 , the candidate task sensors are
close to the target, whereas when 2σω2 ≥ (1 + μω )2 , the candidate task sensors are close to the optimal distance threshold
T . It can be seen that a number of sensors are excluded, which
reduces the computational complexity in a great deal.
B. Reduction of Sensor Combination
However, CLMk may still be a large number and further simplification is needed. Clearly, if the best localization accuracy associated with combination p = 1, 2, . . . , CLMk is smaller than the
worst accuracy associated with combination q = 1, 2, . . . , CLMk ,
combination p can be excluded.
Let p,k denote the metric associated with combination p at
tk , then we have
ub
lb
p,k ≤ p,k ≤ p,k
ub
where lb
p,k and p,k are the lower and upper bounds of p,k
obtained from (14), i.e.,

lb
p,k =

M 
M


min(Bij,k )

i=1 j>i

Suppose that there are Lk sensors selected as candidate task
sensors via Algorithm 1, which produces CLMk possible combinations. It is notable that, usually, CLMk is much smaller than
M
CN
, even if Lk is slightly smaller than Nk . Fig. 4 illustrates
k

ub
p,k

= min(gi,k ) min(gj,k ) min sin2 (ϕij,k )
M 
M

=
max(Bij,k )
i=1 j>i

= max(gi,k ) max(gj,k ) max sin2 (ϕij,k ) .
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Therefore, combination p is excluded if
lb
ub
p,k ≤ q,k .

The detailed procedure is illustrated in Algorithm.2.
Algorithm 2:Minimum–Maximum Combinations Reduction
(MMCR)
1: Sort all combinations in ascending order of ub
p,k .
lb
lb
2: Find max{lb
,

,
.
.
.
,

}.
Without
loss of any
M
1,k
2,k
C ,k
Lk

3:
4:
5:
6:
7:
8:
9:

generality, let it be lb
q,k .
M
for p = 1, 2, . . . , CLk do
lb
if ub
p,k ≤ q,k then
Combination p is excluded.
else
Terminate the algorithm.
end if
end for

C. Optimal Motion Strategy
Suppose there are ck combinations remained after applying
Algorithm 2. For each combination, it is necessary to find the
corresponding optimal sensor motion; thus, the global optimal
combination and motion of task sensors can be readily obtained
by traversing all combinations.
Consider combination p = 1, 2, . . . , ck . Since the new po
and ϕi,k , there
sition of each sensor is determined by ri,k
are 2M variables that need to be optimized. However, from

can be expressed as a function of ϕi,k
Section IV-C, ri,k
under different cases. Thus, considering all M sensors, p,k
can be written into a function of ϕk = [ϕ1,k , ϕ2,k , . . . , ϕM,k ]T
according to (13) and (14). Then, the optimal sensor motion
for combination p can be obtained by solving the following
M -variable problem:
⎧
⎨ max p,k (ϕk )

max
s.t. ϕmin
(19)
i,k ≤ ϕi,k ≤ ϕi,k
⎩
di,k ≤ dmax , i = 1, 2, . . . , M .
It turns out to be a problem of finding the optimal angle ϕi,k for
each sensor under the constraints of movable distance.
Remark 5: The optimization problem described in (19) is a
constrained nonlinear optimization problem in a complicated
form. In addition, the angles are coupled with each other because ϕij,k = ϕi,k − ϕj,k and ϕij,k eventually affects the value
of k according to (14). Therefore, (19) cannot be analytically
solved, and we shall resort to numerical solutions.
An iterative method introduced in [11] is applied to solve this
problem, which is of low complexity and great efficiency. The
basic idea is to optimize the angle one by one while keeping
the others untouched. That is, for a tracking system with M
sensors, at the (l + 1)th iteration, the optimal angle of sensor i
relative to the target is
ϕi,k (l + 1) = arg max p,k (φk (l + 1)φk (l))
ϕi,k (l+1)

(20)
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max

where ϕi,k (l + 1) ∈ [ϕmin
i,k , ϕi,k ], φk (l + 1) = [ϕ1,k (l + 1),


T

ϕ2,k(l+1), . . . , ϕi,k(l+1)] , and φk(l) = [ϕi+1,k (l), ϕi+2,k (l),
. . . , ϕM,k (l)]T .
The optimal motion strategy is summarized in Algorithm 3,
which is referred as Sensor Motion Iterative Algorithm (SMIA)
for simplicity.

Algorithm 3: SMIA
1: Given σω2 , μω ,συ2 , μυ ,(xk , yk ),(xi,k , yi,k ), i = 1, 2, . . . , M
2: repeat
3:
for i = 1 : M do
4:
Identify the search space of sensor i according to
Section IV-B.

(l + 1) and
5:
Obtain the relationship between ri,k

ϕi,k (l + 1) according to Section IV-C.
6:
Calculate ϕi,k (l + 1) according to (20).
7:
end for
8: until The value of objective function keeps unchanged or
the maximum number of iterations is reached.
After comparing the optimal tracking accuracy of all ck
combinations, the global optimal combination of task sensors
and the corresponding motion can be finally determined. Our
proposed strategy consisting of CTSS, MMCR, and SMIA will
largely reduce the computational complexity, which is shown
by simulations.
VI. T RACKING A LGORITHM
In this paper, a newly proposed target tracking algorithm
in [1] is applied for target state prediction and estimation.
Compared with a normal tracking algorithm extended Kalman
filter [4], [14], [23], it owns more stable tracking performance.
It utilizes a maximum likelihood estimator to prelocate the position of the target and makes a conversion of the measurement to
remove the sensing nonlinearity; then, a standard Kalman filter
is used for state prediction and estimation.
A. Prelocalization
A prelocalization procedure is used to remove the nonlinearity of the measurement, and a maximum likelihood estimator is
applied to find the target’s position maximizing the joint PDF
with M task sensors p(Zk |xk , yk ) in (9).
Considering that the true value of ri,k is unknown, it is
difficult to compute p(zi,k |xk , yk ) in (7). Assume that the value
of zi,k is close to ri,k , then σz2i,k can be approximated as
2
σz2i,k = zi,k
σω2 + συ2 , which is based on the fact that a Kalman
filter is insensitive to small changes in the noise covariance.
Consequently, p(zi,k |xk , yk ) is approximated as follows:
p(zi,k |xk , yk ) ≈ √

1
(zi,k − ri,k − μi,k )2
exp −
.
2σz2i,k
2πσzi,k
(21)

The maximum likelihood estimate of the target’s position is
(x¯k , y¯k ) = arg min f (xk , yk )
xk ,yk

(22)
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Fig. 5. Comparison between the true trajectory of the target and the estimated trajectories by three different strategies. (a) Proposed strategy. (b) Strategy of
random mobile sensor selection. (c) Strategy of optimal static sensor selection.

#
2
2
where f (xk , yk ) = M
i=1 (zi,k − ri,k − μi,k ) /2σzi,k .
A Newton–Raphson iterative method is utilized to solve the
aforementioned nonlinear optimization problem in [1], which
is of nice convergence.
B. Kalman Filtering
After the prelocalization, the nonlinear measurement is converted into a linear model, which is expressed as


1 0 0 0
z̄k =
Xk + k = C̄Xk + k
(23)
0 0 1 0
where z̄k = [x̄k , ȳk ], and k is the converted measurement
noise. On account of the assumption that the prior PDF of the
target’s position is uniform, k is zero-mean White Gaussian
noise whose covariance matrix is
Rk = H −1 (x̄k , ȳk )
H(x̄k , ȳk ) =

∂ 2 f (x,y)
∂x2
∂ 2 f (x,y)
∂x∂y

∂ 2 f (x,y)
∂y∂x
∂ 2 f (x,y)
∂y 2

x=x̄k ,y=ȳk .

Based on the linearized measurement model, the standard
Kalman filter is used to estimate and predict the target state.
The process of Kalman filtering is represented as follows.
1) State prediction
X̂k|k−1 = F X̂k−1|k−1
Pk|k−1 = F Pk−1|k−1 F T + GQGT .
2) State estimation
Sk = C̄Pk|k−1 C̄ T + Rk
Kk = Pk|k−1 C̄ T Sk−1
X̂k|k = X̂k|k−1 + Kk (z̄k − C̄ X̂k|k−1 )
Pk|k = Pk|k−1 − Kk Sk KkT

(24)

where Kk is the Kalman filter gain; X̂k|k−1 and X̂k|k are the
predicted and estimated target states, respectively; and Pk|k−1
and Pk|k represent the corresponding error covariances.

VII. S IMULATION R ESULTS
Here, extensive simulations are conducted to verify the
performance of the proposed coordination strategy. There are
600 sensors randomly deployed in a 140 × 120 m monitored
field. The sensing range and the maximum movable distance
of each sensor are set to be 10 and 0.5 m, respectively. The
AN of each sensor yields υi,k ∼ N (0, 0.001), and the MN
yields ωi,k ∼ N (0, 0.001). During the movement of the target,
the process noise is white Gaussian noise with zero mean and
covariance matrix Q = diag{1, 1}. The time step is set to be
Δt = 0.1 s. At each time step, there are three task sensors
to estimate target state, i.e., M = 3. The initial state of the
target is X0 = [1, 1, 1, 1]T , and its initial state estimate X̂0|0 =
[0.2019, 0.0018, 0.7446, 0.8739]T is generated by a random
4 × 1 vector with X0 mean, and the corresponding error
covariance matrix is P0|0 = 1 × I4 .
Three kinds of strategies for sensor coordination are conducted for target tracking: 1) the proposed sensor coordination
strategy combining CTSS, MMCR, and SMIA; 2) Compared
strategy 1: random sensor selection with SMIA motion strategy;
and 3) Compared strategy 2: static sensor selection, which
assumed that sensors cannot move and that the optimal combination of task sensors is selected by comparing all the possible
combinations. The tracking trajectories are illustrated in Fig. 5.
The red lines are the actual trajectory of the target, and the
blue lines are the estimated trajectories by the preceding three
different sensor coordination strategies. It can be seen that the
proposed strategy owns the best tracking performance.
Figs. 6 and 7 compare the position errors of the three
strategies. Fig. 6 shows the position deviations in a single run,
and Fig. 7 shows the root-mean-square errors (RMSEs) of 200
Monte Carlo simulations. Obviously, the position estimate error
of the proposed coordination strategy is the smallest among
the three strategies. The reason for the advantage of Compared
strategy 2 over Compared strategy 1 is that random task sensor
selection cannot guarantee the optimal sensor combination,
which results that the optimal movement of task sensors does
not make a better tracking performance than the optimal selection of static sensors.
To validate the efficiency of CTSS and MMCR, the number
of sensors and combinations at each time step is compared
in a single run before and after the corresponding algorithms.
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Fig. 6.

Position deviation of three different strategies in a single run.

Fig. 8. Comparison between the number of sensors before and after CTSS.

Fig. 7.

RMSEs of three different strategies in 200 runs.

Fig. 9. Comparison between the number of combinations before and after
MMCR.

From Fig. 8, it can be seen that by CTSS, the number of
candidate task sensors is reduced, and the percentage of average
reduction is 18.03%. One sensor reduction can bring a big
reduction on sensor combinations. Fig. 9 compares the number
of combinations. By MMCR, the number of combinations is
largely reduced, and the percentage of average reduction is
67.42%, which simplifies the process of sensor selection to a
great extent.
VIII. C ONCLUSION AND D ISCUSSION
In this paper, a coordination strategy, including sensor selection and motion, has been proposed for a range-only tracking
system with mobile sensors randomly scattered. According to
the properties of the tacking accuracy metric, which is derived
based on the measurement model with both AMN, the search
space of each sensor is reduced from a round to a curve. Then,
considering the movable region of each sensor, an algorithm is
designed to select the candidate task sensors at each time step,
following upon an algorithm for the reduction on the number of
sensor combinations. They both simplify the process of sensor

selection in a great deal. An iterative algorithm is adopted to
move sensors for the improvement of tracking accuracy. Simulation results illustrate the efficiency of our proposed strategy.
Our proposed coordination strategy can be extended to other
cases. For the case of bearing-only sensors with AN, the
FIM-based metric is also a function of sensor–target distance
and angles, and a shorter distance leads to a better tracking
performance, which is in the same mathematical form of the
range-only sensors we considered. Therefore, our proposed
coordination strategy can be easily extended to the case of
bearing-only sensors. In addition, multiple target tracking is
an interesting extension of our work, which will involve much
more complicated problems, including data association, task
assignment, and balance on sensor motion.
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