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Abstract: A multi-sensor-system cooperative scheduling method for multi-task collaboration is proposed in this paper. We studied 
the method for application in ground area detection and target tracking. The aim of sensor scheduling is to select the optimal 
sensors to complete the assigned combat tasks and obtain the best combat benefits. First, an area detection model was built, and 
the method of calculating the detection risk was proposed to quantify the detection benefits in scheduling. Then, combining the 
information on road constraints and the Doppler blind zone, a ground target tracking model was established, in which the posterior 
Carmér-Rao lower bound was applied to evaluate future tracking accuracy. Finally, an objective function was developed which 
considers the requirements of detection, tracking, and energy consumption control. By solving the objective function, the optimal 
sensor-scheduling scheme can be obtained. Simulation results showed that the proposed sensor-scheduling method can select suitable 
sensors to complete the required combat tasks, and provide good performance in terms of area detection, target tracking, and energy 
consumption control.
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1  Introduction

With the development of sensor technology, sen‐

sors have been playing an increasingly important role 

in military and civilian fields. Specifically, in network-

centric warfare, multi-sensor systems can obtain and 

process a large amount of battlefield information for 

decision-making (Misra et al., 2015; Habibi et al., 

2016). However, due to the complexity and diversity 

of the reconnaissance environment, the high require‐

ments for real-time information processing, and the 

numerous constraints of sensor working capabilities, 
difficulties in multi-sensor cooperation are greatly in‐
creased (Beard et al., 2015).

Therefore, it is necessary to find an effective multi-
sensor scheduling method to obtain the maximum oper‐
ational benefits, and this is the topic of this paper.

Based on the division of combat tasks, different 
sensor-scheduling methods can be applied for area 
detection (Pang and Shan, 2019), target recognition 
(Liang, 2008), target threat assessment (Katsilieris 
et al., 2015), and target tracking (Chhetri et al., 2006; 
Shi et al., 2015; Shan and Zhang, 2017; Shan et al., 
2020). Researchers are focusing on these various schedu‑
ling methods for target tracking, with the aim of obtain‐
ing the ideal tracking accuracy and reducing the system 
cost caused by sensor operation to produce a reasonable 
scheduling scheme. Note that depending on the appli‐
cation scenario, the system cost may consist of the sen‐
sor energy cost, sensor radiation cost, and other costs.
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However, most previous work on sensor schedu‑
ling for target tracking has focused on tracking aerial 
targets, while neglecting ground targets. Unlike aerial 
targets, ground targets are slow and maneuverable, and 
sensors are easily affected by ground-environment 
clutter and complex terrain when tracking, which 
makes ground tracking more difficult (Wan et al., 
2018; Wang et al., 2020). Because ground targets are 
constrained by complex terrain, combining sensors 
with some terrain information, such as road informa‐
tion constraints (Yang et al., 2010; Oh et al., 2015; 
Yu et al., 2016; Zheng and Gao, 2018) and rolling ter‐
rain information (Fosbury et al., 2007; Luo et al., 
2021), can improve tracking accuracy. Note that the 
most widely used terrain information is road informa‐
tion constraints, which can greatly improve the tracking 
accuracy of targets on roads. Meanwhile, most 
ground detection sensors, such as ground moving-
target indicator (GMTI) radar, adopt a pulse Doppler 
system that can greatly improve tracking performance 
and reduce the influence of ground-environment clutter 
(Mertens and Nickel, 2011; Wu et al., 2016; Zhou 
et al., 2021). For Doppler sensors, the existence of the 
Doppler blind zone (DBZ) has become a serious obsta‐
cle for tracking. DBZ arises from the cancellation of 
separate moving target echoes from clutter, which can 
reduce the influence of clutter. However, the targets 
whose Doppler magnitude falls below the minimum 
detectable velocity (MDV) will fall into DBZ, meaning 
that the sensor cannot track them (Hernandez et al., 
2011; Zhang and Bar-Shalom, 2011). For target track‐
ing in the presence of DBZ, Wu et al. used sensor con‐
trol (Wu et al., 2020a, 2020b) and sensor fusion tech‐
niques (Wu et al., 2021a, 2021b) to suppress the DBZ 
masking problem, and found that tracking performance 
was greatly improved. According to Wu et al. (2021b), 
whether the target is hidden in DBZ depends on the 
relative motion state of the target and the sensor, and 
the target is usually not hidden in the DBZ of all sen‐
sors at the same time. Therefore, sensor-scheduling 
techniques can be used to improve tracking perfor‐
mance in the presence of DBZ by selecting the sen‐
sors which are non-blind at each point in time.

Most of the above sensor-scheduling methods 
consider only one combat task. However, the sensor 
system may not be assigned only one task in real 
combat, so multi-task collaboration should also be 

considered. Specifically, when the number of targets 
on the battlefield is uncertain, it is also necessary to 
detect the areas where potential static targets are located 
in order to find static targets, in addition to tracking 
the existing moving targets.

Based on the above analysis of the literature, this 
paper describes a new multi-sensor-system scheduling 
method in which the overall combat tasks are divided 
into two parts: ground area detection and moving target 
tracking. Based on the characteristics of the ground 
targets, our method takes road information constraints 
and DBZ into account in the scheduling process. That 
is, the motion of the proposed ground targets may be 
affected by road information constraints and the track‐
ing may be influenced by DBZ. The main contribu‐
tions of this paper are as follows:

1. Establish a ground area detection model to 
detect potential static targets, in which the detection risk 
based on Bayesian risk theory is introduced to quantify 
the detection performance in scheduling.

2. Establish a ground moving target tracking model 
in the presence of road constraints and DBZ, with a 
corresponding target tracking algorithm. In addition, 
the posterior Carmér-Rao lower bound (PCRLB) is 
introduced to quantify the target accuracy in scheduling.

3. Establish a sensor scheduling model based on 
multi-tasking. The objective function is established in 
combination with the detection loss, tracking accuracy, 
and energy consumption of the sensor system.

2  Problem description

The scheduling scenario considered in this 
paper is shown in Fig. 1. The multi-sensor system 
is used to perform a reconnaissance of the ground bat‐
tlefield, and the total combat tasks are divided into 
two parts: detection of the battlefield area where the 

Fig. 1  Diagram of the scheduling scenario
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potential static targets exist, and tracking of existing 
moving targets. The moving targets referred to here 
may move on or off the road. We assume that there are 
M sensors to detect S areas and track N moving tar‐
gets. The sensor system has a centralized structure, 
with fusion processing of data and decisions on the 
scheduling schemes carried out by the control center.

For clarity and ease of presentation, we make the 
following assumptions:

1. Each sensor has two work modes, namely area 
detection mode and target tracking mode, but each sen‐
sor can be in only one mode at each time step.

2. The sensors use the pulse Doppler system in 
target tracking mode and the non-Doppler system in 
area detection mode.

3. To reflect the competitive relationship for 
assigning sensor resources between the area detection 
task and the target tracking task, each sensor can only 
detect one area or track one target at each time step.

4. The energy of the sensors is limited and their 
energy consumption needs to be controlled during the 
scheduling process.

In this paper, the scheduling scheme at time step 

k is denoted as uk={ak,bk,ck}, including detection 

scheme ak, tracking scheme bk, and sensor-motion 

scheme ck. ak= (am,s
k )M × S

, where am,s
k =1 or 0 indicates 

whether sensor m is to be selected to detect area s at 

time step k; bk= (bm,n
k )M × N

, where bm,n
k =1 or 0 indicates 

whether sensor m is to be selected to track target n; 

ck= (cm
k )M × 1

, where cm
k  indicates the motion direction 

of sensor m. Because a sensor can only detect one 
area or track one target at each time step, there is 

∑
s = 1

S

am,s
k +∑

n = 1

N

bm,n
k ⩽1, m=1, 2, ..., M.

3  Ground area detection model

3.1  Detection probability and false alarm probability

For each area where the potential static targets 

may exist, assume that it is large enough to hold 

one target. The actual state of area s at time step k is 

denoted as qs
k, where qs

k=1 indicates one static target 

in area s and qs
k=0 indicates no target. Denote ws,m

k  as 

the detection value of sensor m for area s at time step 

k. When am,s
k =1, ws,m

k =1 represents that the target is de‐
tected and ws,m

k =0 represents that no target is detected; 
When am,s

k =0, that is, sensor m is not selected to detect 
area s, set ws,m

k =−1.
Therefore, the detection matrix can be written 

as

Θm =
é

ë
ê
êê
ê ù

û
ú
úú
ú1 − pm

f 1 − pm
d

pm
f pm

d

=
é

ë

ê

ê
êê
ê

ê ù

û

ú

ú
úú
ú

úp ( )ws,m
k = 0 | qs

k = 0 p ( )ws,m
k = 0 | qs

k = 1

p ( )ws,m
k = 1| qs

k = 0 p ( )ws,m
k = 1| qs

k = 1
 , (1)

where pm
d  and pm

f  represent the detection probability 

and the false alarm probability of sensor m in the 

area detection mode, respectively. Note that DBZ is not 

considered in the detection probability mentioned in 

Eq. (1), which is different from that in the target track‐

ing mode.

3.2  Target existing probability and update method

We refer to the occurrence probability of event 

qs
k = 1 as the static target existing probability, denoted 

as ps
k. p

s
k is also regarded as the a priori probability at 

the next time step, that is, ps
k + 1| k=ps

k. The value of ps
k 

can be updated by combining ps
k − 1 and sensor detec‐

tion value ws,m
k . At time step k, when no sensor is sche‑

duled to detect area s, i.e., ∑
m = 1

M

am,s
k =0, there is ps

k=

ps
k | k − 1=ps

k − 1.

When sensor m is scheduled to detect s, ps
k can 

be updated by (Wang et al., 2011)

ps
k =

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

( )1−pm
d ps

k−1

ps
k−1( )1−pm

d +( )1−ps
k−1 ( )1−pm

f

, ws,m
k = 0,

pm
d ps

k−1

ps
k−1 pm

d +( )1−ps
k−1 pm

f

,    ws,m
k = 1.

  (2)

When t total sensors (∑m = 1

M am,s
k =ttotal⩾1) are sched‐

uled to detect the area, where t0 sensors have a 

detection value of 0 and t total−t0 sensors have a detection 

value of 1, one should group the scheduled sensors ac‐

cording to the detection value and number them from 1 

to t total. Then the corresponding update formula is
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ps
k =

p ( )ws,1
k = ... = ws,t0

k = 0,ws,t0 + 1
k = ... = ws,ttotal

k = 1| qs
k = 1 ps

k | k − 1

p ( )ws,1
k = ... = ws,t0

k = 0,ws,t0 + 1
k = ... = ws,ttotal

k = 1

      =
∏
i = 1

t0

(1 − pi + h
d ) ∏

i = 1

ttotal − t0

pi
d

ps
k − 1 ∏

i = 1

ttotal − t0

pi
d∏

i = 1

t0

( )1 − pi
d + ( )1 − ps

k − 1 ∏
i = 1

ttotal − t0

pi
f∏

i = 1

t0

( )1 − pi
f

ps
k − 1.

(3)

3.3  Detection judgment result and detection risk

When the control center receives the detection 

values from the sensors, it needs to make a judgment 

on whether the static target exists or not. We denote 

hypotheses H s,0
k  and H s,1

k  as the judgment result that 

there is no target or one target in s, respectively. Based 

on Bayesian risk theory, the minimum risk decision 

is introduced here to obtain the judgment result, which 

can minimize the loss caused by the wrong judgment 

(Wang et al., 2011). Note that we define the risk as 

the product of the probability of an event and the loss 

after the event. Then, the loss matrix of detection is 

given as

ℜloss =

        0         1

 
0
1

   é
ë
êêêê ù

û
úúúúℜ00 ℜ01

ℜ10 ℜ11

 , (4)

where the rows and columns of ℜloss represent the ac‐

tual state and the judgment result, respectively. ℜ00 =

ℜ11=0 means that there is no loss when making the 

right judgment, ℜ01 is the false-alarm loss, and ℜ10 is 

the miss-detection loss. When miss detection occurs, 

we would assign fewer defensive resources to the area, 

which could result in a lethal attack by the enemy 

target. When the false alarm occurs, this misjudgment 

may only result in a waste of defensive resources, 

which represents a smaller loss than in the previous 

case. Therefore, we set ℜ10 ≫ ℜ01.

Combined with the above analysis, the method 

of the detection judgment is as follows:

1. When ∑
m = 1

M

am,s
k =0, if the judgment result is H s,0

k , 

the corresponding risk can be calculated by

R1(H s,0
k ) = ℜ10 ps

k | k − 1 + ℜ00(1 − ps
k | k − 1) = ℜ10 ps

k − 1.

(5)

2. When ∑
m = 1

M

am,s
k =0, if the judgment result is H s,1

k , 

the corresponding risk is

R2(H s,1
k ) = ℜ11 ps

k | k − 1 + ℜ01(1 − ps
k | k − 1)

= ℜ01(1 − ps
k − 1 ) .       

(6)

3. When ∑
m = 1

M

am,s
k = t total ⩾1, if the judgment result is 

H s,0
k , the corresponding risk is

R3(H s,0
k )= ℜ00(1 − ps

k )+ ℜ10 ps
k

=
ℜ10 ps

k − 1∏
i = 1

t0

(1 − pi + h
d ) ∏

i = 1

ttotal − t0

pi
d

ps
k − 1∏

i = 1

ttotal − t0

pi
d∏

i = 1

t0

( )1 − pi
d + ( )1 − ps

k − 1 ∏
i = 1

ttotal − t0

pi
f∏

i = 1

t0

( )1 − pi
f

.

(7)

4. When ∑
m = 1

M

am,s
k =ttotal⩾1, if the judgment result is 

H s,1
k , the corresponding risk is

R4(H s,1
k )= ℜ01(1 − ps

k )+ ℜ11 ps
k

=
ℜ01( )1 − ps

k − 1 ∏
i = 1

ttotal − t0

pi
f∏

i = 1

t0

( )1 − pi
f

ps
k − 1∏

i = 1

ttotal − t0

pi
d∏

i = 1

t0

( )1 − pi
d + ( )1 − ps

k − 1 ∏
i = 1

ttotal − t0

pi
f∏

i = 1

t0

( )1 − pi
f

.

(8)

Based on the minimum risk decision, when 

∑
m = 1

M

am,s
k =0, the judgment result q̂s

k and the corre‐

sponding detection risk R ( q̂s
k ) can be expressed as
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ì
í
î

ïï

ïïïï

q̂s
k = arg min{ }R1( )H s,0

k ,R2( )H s,1
k ,

Rs
k = min{ }R1( )H s,0

k ,R2( )H s,1
k .

(9)

Similarly, when ∑
m = 1

M

am,s
k =ttotal⩾1, the judgment 

result and the corresponding detection risk can be 
expressed as

ì
í
î

ïï

ïïïï

q̂s
k = arg min{ }R3( )H s,0

k , R4( )H s,1
k ,

Rs
k = min{ }R3( )H s,0

k , R4( )H s,1
k .

(10)

3.4  Detection risk in sensor scheduling

The calculation method for detection risk after 
the actual detection values are obtained is given in 
Section 3.3. However, actual future detection values 
cannot be obtained when deciding the scheduling 
scheme. Hence, we use the expected detection values 
to replace the actual values and calculate the predic‐

tion R͂s
k of detection risk for deciding the scheduling 

scheme.

When ∑
m = 1

M

am,s
k = 0, R͂s

k = Rs
k.

When ∑
m = 1

M

am,s
k =ttotal⩾1, the corresponding R͂s

k can 

be calculated as

R͂s
k =

       
∑

ws,1
k = 0

1

... ∑
ws,ttotal

k = 0

1

ttotal

p ( ws,1
k ,...,ws,ttotal

k )min{R3(H s,0
k ) , 

R4(H s,1
k )}

= ∑
ws,1

k = 0

1

... ∑
ws,ttotal

k = 0

1

min
ì
í
î

ℜ10 ps
k − 1∏

i = 1

t0

(1 − pi + h
d ) ∏

i = 1

ttotal − t0

pi
d,

ü
ý
þ

ℜ01( )1 − ps
k − 1 ∏

i = 1

ttotal − t0

pi
f∏

i = 1

t0

( )1 − pi
f .

(11)

Combined with the scheduling scheme mentioned 
in Section 2, the prediction of the total detection risk 
can be written as

R͂ (uk ) =∑
s = 1

S

R͂s
k(uk ), (12)

where R͂ (uk ) represents the prediction of the total detec‐

tion risk under scheduling scheme uk at time step k.

4  Ground moving target tracking model

4.1  Target-motion model

At time step k, the state of moving target n is 

denoted as X n
k = [ xn

k , ẋn
k , yn

k , ẏn
k ]

T
, where xn

k and yn
k are 

the positions in the common X‒Y coordinate system, 
and ẋn

k and ẏn
k are the corresponding velocities. The 

target motion process can be expressed by

X n
k = F n

ηk
X n

k − 1 + Γ n
ηk
ωn
ηk
 , (13)

where F n
ηk
, Γ n

ηk
, and ωn

ηk
 represent the state transition 

matrix, noise gain matrix, and Gaussian process noise 
of the actual motion model ηk, respectively. The com‐

monly used motion models are the constant velocity 
(CV) model and the constant turn (CT) model (Xu 
et al., 2019). Note that more than one motion model is 
considered in the tracking problem with ηk ∈ ηn

model,k, 

where ηn
model,k is the motion model set. The transition 

from ηk−1 to ηk is regarded as a Markov process, with 

transition probability p(ηk=i|ηk=j) (Xu et al., 2019). In 

this paper, we consider two kinds of ground moving 
targets, called the off-road target and the on-road tar‐
get. For the off-road target, its motion is relatively free. 
In contrast, the motion of the on-road target is influ‐
enced by road information constraints.

4.2  Application of road information constraints in 
target motion

As illustrated in Fig. 2, a complex non-linear 
road network can be approximated as a combina‐
tion of many linear road segments, which can re‐
duce the calculation cost. When a target continu‐
ously moves on the road, its motion follows mainly  

Fig. 2  Diagram of road network linearization
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the road centerline without deviating largely to it (Yu 
et al., 2016).

The centerline equation and the direction vector 
of the road segment l, whose starting point is (xl

start, 
yl

start) and ending point is (xl
end, y

l
end), are denoted as fl(x, 

y) =0 and χl, respectively. If target n moves along 
the centerline of road segment l at time step k, the con‐
straints on its motion state can be described as

ì
í
î

ïï

ïïïï

fl( )xn
k , yn

k = 0,

[ ]ẋn
k , ẏn

k

T
, χ l = 0,

(14)

where [ ]ẋn
k , ẏn

k

T
, χ l  indicates the angle between 

[ ẋn
k , ẏn

k ]
T
 and χl.

Considering the deviation to the centerline caused 
by some disturbances, the corresponding constraints 
on the motion state can be described as

ì

í

î

ïïïï

ïïïï

|| fl( )xn
k , yn

k ⩽Δd,

|
|
|||||

|
|||| [ ]ẋn

k , ẏn
k

T
, χ l ⩽Δv,

(15)

where Δd and Δv are the deviation thresholds of the 
distance and velocity angle, respectively. While X n

k  satis‐
fies constraint Eq. (15), the transition process from 
X n

k + 1 to X n
k  can still be regarded as taking place on 

the road. At this time, the information of the road seg‐
ment can be used to correct the state transition matrix 
F n
ηk
 and the process noise ωn

ηk
.

When deviation is not considered, the CV model 
can be used to describe the motion of the on-road target 
in this paper. At this point, the state transition matrix 
and noise gain matrix are

F n
ηk

=

é

ë

ê

ê

ê
êê
ê

ê

ê ù

û

ú

ú

ú
úú
ú

ú

ú1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1

,   G n
ηk

=

é

ë

ê

ê

ê
êê
ê

ê

êT 2 2
T
0
0

     

ù

û

ú

ú

ú
úú
ú

ú

ú0
0

T 2 2
T

 .  (16)

When the motion of the target deviates from the 
road direction, to keep the target moving along the 
road, its motion direction should be corrected. We as‐
sume that target n is moving on segment l at time 
step k, the direction of target velocity is θ n

k , the angle 

between road segment l and X-axis is θ l, and the angle 

between l and target velocity is Δθ n
k . As illustrated in 

Fig. 3, the correction process of motion direction can 

be seen as a CT process with a correction angle of Δθ n
k . 

Then, the corresponding state transition matrix and 

noise gain matrix are

ì

í

î

ï

ï

ï

ï
ïïï
ï

ï

ï

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

F n
ηk

=

é

ë

ê

ê

ê

ê
êêê

ê

ê

ê ù

û

ú

ú

ú

ú
úúú

ú

ú

ú1 (sin Δθ n
k )/ϑn

k 0 ( )cos Δθ n
k − 1 /ϑn

k

0 cos Δθ n
k 0 − sin Δθ n

k

0 ( )1 − cos Δθ n
k /ϑn

k 1 (sin Δθ n
k )/ϑn

k

0 sin Δθ n
k 0 cos Δθ n

k

,

Γ n
ηk

=

é

ë

ê

ê

ê
êê
ê

ê

ê ù

û

ú

ú

ú
úú
ú

ú

ú
T 2 /2    0
   T    0
   0 T 2 /2
   0    T

,

(17)

where ϑn
k = Δθ n

k /T, and T is the sampling interval.

When the target is moving on the road, the uncer‐

tainty of motion orthogonal to the road is much smaller 

than that along the road due to the presence of road 

constraints. We define the covariances of the process 

noise ω (ηk ) along the road and orthogonal to the road 

as σ 2
∥ and σ 2⊥ (σ 2

∥ ≫ σ 2⊥), respectively (Zheng and Gao, 

2018). After the process noise is converted to the 

common X ‒ Y coordinate system, the corresponding 

covariance matrix Qn
ηk
 is written as

Qn
ηk

= é
ë
êêêê ù

û
úúúúcos θ l − sin θ l

sin θ l cos θ l

é
ë
êêêê ù

û
úúúúσ 2

∥ 0
0 σ 2⊥

é
ë
êêêê ù

û
úúúúcos θ l − sin θ l

sin θ l cos θ l

T

.

(18)

Fig. 3  Correction process of the target motion direction
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4.3  Sensor-measurement model and Doppler blind 
zone

We define the state information of sensor m as 

X m
s,k = [ xm

s,k, ẋ
m
s,k, y

m
s,k, ẏ

m
s,k ]

T

, where xm
s,k and ym

s,k are the 

positions, and ẋm
s,k and ẏm

s,k are the corresponding veloci‐

ties. At each time step, the sensor transmits its state 
information to the control center.

The radial velocity of target n to sensor m is 
denoted as ṙ m,n

k , which can be expressed as

ṙ m,n
k =

( )ẋn
k − ẋm

s,k ( )xn
k − xm

s,k + ( )ẏn
k − ẏm

s,k ( )yn
k − ym

s,k

( )xn
k − xm

s,k

2

+ ( )yn
k − ym

s,k

2
 .

(19)

The difference between ṙ m,n
k  and the clutter Dop‐

pler is known as clutter notch ncm,n
k  (Wu et al., 2016), 

which is used mainly to suppress clutter, but also af‐
fects the detection of low-Doppler targets. ncm,n

k  can 
be calculated as

ncm,n
k =

ẋn
k( )xn

k − xm
s,k + ẏn

k( )yn
k − ym

s,k

( )xn
k − xm

s,k

2

+ ( )yn
k − ym

s,k

2
 . (20)

If | ncm,n
k |⩽MDV, the target is hidden in DBZ, and 

no measurements will be obtained by the sensor.
According to Ulmke et al. (2010), considering 

DBZ, the sensor-detection probability can be writ‐
ten as

p͂m,n
d,k =

ì

í

î

ï
ïï
ï

ï
ïï
ï

pm,n
d

ì
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1 − exp

é
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ê
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ê
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û
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ú− ( )ncm,n

k

MDV

2

ln 2 , || ncm,n
k > MDV,

0,     || ncm,n
k   ⩽ MDV,

(21)

where pm,n
d  is the conventional detection probability in 

the tracking mode, which is decided by sensor parame‐
ters and the target state (Wu et al., 2016). To facilitate 
analysis of DBZ, it is assumed that a target not falling 
into DBZ will be successfully tracked by the sensor, 
i.e., pm,n

d =1.

Based on the above analysis, combined with p͂m,n
d,k  

and the sensor measurement model proposed by Li 

Y et al. (2009), an improved measurement model can 
be given as

Z m,n
k = ρhm( )X n

k + υm =
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with

ì
í
î

ïï

ïï

p ( )ρ = 0 = 1 − p͂m,n
d,k ,

p ( )ρ = 1 = p͂m,n
d,k ,

(23)

where Z m,n
k  is the actual measurement, ρ is a random 

number subject to the Bernoulli distribution, hm ( X n
k ) 

is the measurement equation, υm is the measurement 
noise, and r m,n

k  and φm,n
k  are the range and the azimuth 

angle of target n to sensor m, respectively.

4.4  Target tracking accuracy in sensor scheduling

In the process of sensor scheduling, the measure‐
ment of the next time step cannot be obtained. Hence, 
we introduce PCRLB, meaning the theoretical lower 
bound of the state estimation error (Song et al., 2019; 
Xu et al., 2019), to quantify the target tracking accu‐
racy without using the real measurement. According 
to Song et al. (2019), PCRLB of target n satisfies

E{[ X̂ n
k | k − X n

k ][ X̂ n
k | k − X n

k ]T}⩾PCRLBn
k , (24)

where PCRLBn
k is the PCRLB of target n at k, and 

X̂ n
k | k is the expectation of its state estimate. The calcu‐

lation methods for PCRLBn
k and X̂ n

k | k are shown in the 

supplementary materials.
The trace of the position component of PCRLBn

k 
is selected to indicate the prediction of the target track‐
ing accuracy in sensor scheduling, i.e.,

Y͂ n
k = PCRLBn

k( )1,1 + PCRLBn
k (3,3)  . (25)
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Combined with the expression of the scheduling 
scheme mentioned in Section 2, the prediction of the 
total tracking accuracy can be written as

Y͂ (uk ) =∑
n = 1

N

Y͂ n
k (uk ) , (26)

where Y͂ (uk ) is the prediction of the total tracking accu‐

racy with scheduling scheme uk at time step k.

5  Sensor-scheduling model based on multi-
tasking

5.1  Energy-consumption model

Since the energy of mobile sensors is limited, it 
is necessary to control the energy consumption of the 
multi-sensor-system during sensor scheduling. In this 
paper, we propose a simple energy consumption model. 
We denote E m

1 , E m
2 , and E m

3  as the energy consumption 
of sensor m for area detection, target tracking, and 
sleeping per unit time step, respectively. If sensor m is 
activated to perform area detection or target tracking 
at k, its energy consumption is E m

1  or E m
2 , respectively. 

If sensor m is not activated at k, its energy consumption 
is E m

3 . Thus, the energy consumption of the multi-sensor-
system after the scheduling scheme uk has been imple‐
mented can be written as

E (uk )=∑
m = 1

M

Em( )uk =∑
m = 1

M

[ E m
1 ( )uk + E m

2 ( )uk + ]E m
3 ( )uk ,

(27)

where E (uk ) represents the total energy consumption 

in scheduling scheme uk at time step k.

5.2  Objective function

Based on the above analysis, the performance 
indicators that affect the sensor-scheduling scheme are 
detection risk, tracking accuracy, and energy consump‐
tion. Therefore, by combining Eqs. (12), (26), and (27), 
we establish the following objective function in which 
the three performance indicators mentioned above are 
considered comprehensively:

            ϒ (uk ) = min [αR͂ (uk ) + (1 − α) E (uk ) ]
s.t.      Y͂ n

k (uk )⩽Y n
th, n = 1, 2, ..., N,

(28)

where α is the equilibrium coefficient, and Y n
th is the 

desired tracking accuracy corresponding to target n 
and represents the requirement of the tracking task. 
The optimal sensor-scheduling scheme decided by the 
proposed objective function can meet the requirements 
of the tracking-accuracy task and achieve a balance 
between detection performance and energy consump‐
tion. In special cases, if no sensor meets the desired 
accuracy, the scheduling scheme that can obtain opti‐
mal tracking accuracy is preferred.

Note that the proposed scheduling method is 
myopic and does not have high computational complex‐
ity. Some traditional optimization algorithms can be 
used to solve the objective function, such as the particle 
swarm optimization algorithm (Li D et al., 2016) and 
artificial bee-colony algorithm (Pang and Shan, 2019).

6  Numerical simulations

In our simulations, eight sensors were dispatched 
to detect four areas where potential static targets might 
exist and track two ground moving targets, and the 
corresponding diagram is shown in Fig. 4. The initial 
position coordinates of sensors 1 to 8 were (1, 4), 
(1, −4), (2, 5), (2, −4), (3.2, 4.2), (3.2, −5), (4.5, 3.8), 
and (4.5, −5) km. The moving distance of each sen‐
sor at each time step was 60 m, and the sensor motion 
schemes at each time step were set to seven possible 
steering angles: 0°, ±30°, ±60°, and ±90°. In addition, 
each sensor could choose to stay at the current posi‐
tion. The sampling interval was 1 s, the simulation dura‐
tion was 50 s, and the MDV of each sensor was 5 m/s. 
The parameters of all sensors are shown in Table 1. 

Fig. 4  Diagram of the simulation scenario
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Without loss of generality, the better the detection and 
tracking ability, the higher the energy consumption of 
the sensor.

The actual states of the four areas were set as q1
k=

1, q2
k =0, q3

k=1, and q4
k=0. The initial target existence 

probabilities of the four areas were p1
0=30%, p2

0=30%, 

p3
0=20%, and p4

0=50%. The loss matrix was ℜloss=

é
ë
êêêê ù

û
úúúú400 0

0 50
. For the detected static targets, it was as‐

sumed that they would be processed with other weapon 
resources.

Target 1 maintained uniform motion on the road 
during simulations, and had an initial position of 
(1, 0.5) km and an initial velocity of (50, 0) m/s. Tar‐
get 2 was an off-road target with an initial position of 
(1, −0.5) km and an initial velocity of (60, −60) m/s. 
Without loss of generality, target 2 turned right with an 
angular velocity of 4 rad/s during 16‒25 s, turned left 
with an angular velocity of 5 rad/s during 26‒40 s, and 
maintained uniform motion at other times. The process-
noise standard deviations of the off-road target along 
the X and Y directions were both 15 m, and those of the 
on-road target along the road and orthogonal to the 
road were 15 m and 2 m, respectively. The equilibrium 
coefficient α mentioned in Eq. (28) was 0.95, and the 
desired tracking accuracy of each target was 25 m (Y 1

th= 
Y 2

th=25 m).
To clearly analyze the performance of the pro‐

posed sensor-scheduling method (PSSM), we used two 
scheduling methods for comparison: the random sensor-
scheduling method (RSSM), in which the scheduling 
scheme is selected randomly at each time step; the 
accuracy-based sensor-scheduling method (ABSSM), 

in which the scheduling scheme with optimal tracking 
accuracy is selected at each time step.

For each scheduling method, 100 Monte Carlo 
simulations were performed.

6.1  Analysis of area detection performance

The state estimations were performed based on 
the minimum detection risk, meaning the potential loss 
caused by misjudgments. The smaller the detection 
risk, the better the detection performance. We focused 
on the instantaneous and cumulative detection risk of 
each area with different scheduling methods, as shown 
in Figs. 5 and 6. It can be seen from these figures that 
after several times of detection for each area, the instan‐
taneous and cumulative detection risk converged to a 
fixed value, indicating that the probabilities of target 
existence had not changed, the state estimate of each 
area had been determined, and the detection task had 
been basically completed. Comparing different sched‐
uling methods, we can see that the detection risk with 
PSMM is the lowest, while the detection risks with 
RSMM and ABSMM are relatively high. This is be‐
cause the scheduling scheme decided by PSMM takes 
the detection risk into account in the objective func‐
tion, and can predict the risk to improve the detec‐
tion performance. Meanwhile, ABSMM focuses only 
on optimizing the tracking accuracy, so the sensors 
with good detection performance are more likely to be 
used to complete the tracking task to the detriment of 
the detection task; thus, the total detection risk is the 
highest.

In Figs. 5 and 6, one can see that the average con‐
vergence time for detecting all areas with PSMM, 

Table 1  Detection probability, false alarm probability, measurement error standard deviation, and energy consumption 
of all sensors

Sensor number

1

2

3

4

5

6

7

8

pm
d

*

99%

99%

96%

96%

93%

93%

90%

90%

pm
f

*

2%

2%

5%

5%

8%

8%

10%

10%

σ m
r

** (m)

20

20

25

25

30

30

35

35

σ m
φ

** (mrad)

5

5

10

10

15

15

15

15

σ m
ṙ

** (m/s2)

8

8

12

12

16

16

20

20

E m
1  (J)

22

22

19

19

15

15

12

12

E m
2  (J)

18

18

14

14

10

10

7

7

E m
3  (J)

0.1

0.1

0.1

0.1

0.1

0.1

0.1

0.1
* Area dectection mode. ** Target tracking mode
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RSMM, and ABSMM was 6.5, 9.3, and 12.5 s, respec‐
tively. This shows that PSMM can improve the detec‐
tion speed and locate the potential static target as soon 
as possible.

6.2  Analysis of target tracking performance

To evaluate the performance of different schedu‑
ling methods with regard to evading DBZ, we com‐
pared cumulative DBZ occurrences in 100 Monte Carlo 
simulations, as shown in Fig. 7. Compared with the 
other methods, DBZ appeared the least frequently in 
ABSMM. This is due to ABSMM considering only the 
tracking performance and thus accurately avoiding 
occurrence of a DBZ when deciding the scheduling 
scheme. The cumulative occurrence of DBZ was the 
highest in RSMM because this method cannot predict 
the states of targets and sensors. For PSMM, the corre‐
sponding cumulative occurrence of DBZ was slightly 
higher than that in ABSMM because PSMM also needs 

to take area detection and energy consumption control 
into account. However, it was much less than that in 
RSMM, indicating that PSMM performs well in evad‐
ing DBZ.

To analyze target accuracy, we introduced the 
position root mean square error (RMSE) and root time 
average mean square error (RTAMSE). The position 
RMSE of each target with different scheduling methods 
can be seen in Fig. 8. We observed that the position 
RMSEs of each target with PSMM and ABSMM met 
the desired tracking-accuracy standard (Y 1

th=Y 2
th=25 m) 

at most simulation times, indicating that these two 
methods can effectively complete the target tracking 
task. This is because PSMM and ABSMM can se‐
lect the sensors that have good accuracy to track tar‐
gets by predicting the system state in the future. How‐
ever, the position RMSE with RSMM was the high‐
est and did not meet the desired tracking-accuracy 
standard in most cases. Note that the position RMSE of 

Fig. 5  Instantaneous detection risk with different scheduling methods: (a) area 1; (b) area 2; (c) area 3; (d) area 4
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target 1 suddenly increased at some time points (e.g., at 
10, 20, and 30 s) due to the target moving to the inter‐
section of the road network and to the increased uncer‐
tainty of target motion.

In addition, Fig. 9 shows the position RTAMSE 
of each target with different scheduling methods. It is 

evident that RSMM has the highest tracking errors 
and the corresponding RTAMSE cannot meet the re‐
quirement of the tracking task. In contrast, RTAMSE 
in PSMM can meet the requirement (although not 
as good as in ABSMM) and still has good tracking 
performance.

6.3  Analysis of energy-consumption performance 
and scheduling schemes

Fig. 10 shows the cumulative energy consumption 
with different scheduling methods. Clearly, PSMM had 
the lowest energy consumption compared with the other 
methods, because energy consumption was considered 
in the objective function of sensor scheduling. This 
indicates that PSMM can control energy consumption 
and prolong the service life of the sensor system. Note 
that the energy consumption with ABSMM was higher 
than that with RSMM because ABSMM prefers to 
select the sensors with small measurement errors and 

Fig. 6  Cumulative detection risk with different scheduling methods: (a) area 1; (b) area 2; (c) area 3; (d) area 4

Fig. 7  Cumulative Doppler blind zone (DBZ) occurrences of 
each target under different scheduling methods
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high energy consumption to obtain the best tracking 
accuracy.

Looking at these results in combination with the 
analysis in Sections 6.1 to 6.3, we observed that PSMM 
can decide effective sensor-scheduling schemes by 

predicting the future benefits and obtaining good per‐
formance on the area detection task, target tracking 
task, and energy consumption control.

7  Conclusions

In this study, we developed a multi-sensor-system 
cooperative scheduling method for multi-task collabo‐
ration, in which the overall combat tasks were divided 
into ground area detection and moving target tracking, 
and the most suitable sensors were dynamically selected 
to complete the combat tasks. To describe the process 
of area detection, we built a detection-area model 
and created a benefit index called “detection risk” 
to quantify the detection performance of the multi-
sensor system. Then, we proposed a ground-moving 
target tracking model in which the road constraints 
and Doppler blind zone problem were considered, 
and introduced the posterior Carmér-Rao lower bound 
to assess the tracking performance. In addition, using 
area detection, target tracking, and energy consump‐
tion, we established a sensor-optimization model based 
on multi-tasking to obtain optimal scheduling schemes. 
Simulation results showed that the proposed sensor-
scheduling method is effective and can obtain an ideal 
combat benefit.
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