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In response to the multitarget tracking problem of distributed sensors with a limited detection range, a distributed sensor
measurement complementary Gaussian component correlation GCI fusion tracking method is proposed on the basis of the
probabilistic hypothesis density filtering tracking theory. First, the sensor sensing range is extended by complementing the
measurements. In this case, the multitarget density product is used to classify whether the measurements belong to the
intersection region of the detection range. The local intersection region is complemented only once to reduce the
computational cost. Secondly, each sensor runs a probabilistic hypothesis density filter separately and floods the filtering
posterior with the neighboring sensors so that each sensor obtains the posterior information of the neighboring sensors.
Subsequently, Gaussian components are correlated by distance division, and Gaussian components corresponding to the same
target are correlated into the same subset. GCI fusion is performed on each correlated subset to complete the fusion state
estimation. Simulation experiments show that the proposed method can effectively perform multitarget tracking in a

distributed sensor network with a limited sensing range.

1. Introduction

The main task of multitarget tracking (MTT) technology is
to detect targets in clutter environment and estimate their
motion parameters in real time [1, 2]. Among the many
existing multitarget tracking technologies, nearest neighbor
(NN) [3], probabilistic data association (PDA) [4, 5], multi-
ple hypothesis tracking (MHT) [6], and random finite set
(RFS), multitarget tracking algorithm is called the main
method. The first three methods have been widely used in
the field of multitarget tracking. They use a certain distance
criterion to divide the observation set through data associa-
tion processing, and convert the multitarget tracking prob-
lem into multiple independent single-target tracking
problems for processing. For relatively complex multitarget
tracking problems, correlation errors are prone to occur,
resulting in the degradation of tracking performance. The
PHD filtering [7] method based on random finite sets pro-
vides a new solution to the above-mentioned new problems
of multitarget tracking. Strict mathematical description, its
biggest advantage over the traditional multitarget tracking

algorithm is that it can avoid the data association calculation
between the observation and the target. With the help of
particle filter (PF) technology and Gaussian Mixture (GM)
technology, the research team represented by Vo has suc-
cessfully obtained two approximate realization forms of
these PHD filters, namely, GM-PHD [8] and SMC-PHD
[9]. The PHD filtering method is based on a solid mathemat-
ical foundation, which can better reflect the essence of the
target tracking problem, can avoid the data association prob-
lem in the traditional method, and has less computational
complexity in complex multitarget tracking applications, so
it is used in more and more field of application [8-19].
The multisensor information fusion technology effec-
tively fuses the information obtained by multiple sensors
and can obtain a more accurate description of the problem
than the information obtained by a single sensor. In fact,
multisensor information fusion is not a new concept. In a
broad sense, the cognitive process of human beings through
various senses such as sight, hearing, smell, taste and touch
is essentially an information fusion process. With the emer-
gence of various new sensors, the vigorous development of
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signal processing technology and the great improvement of
hardware computing performance, real-time data fusion
processing can be performed more efficiently, so data fusion
technology has been widely used. Compared with single-
sensor systems, multisensor systems have several advan-
tages: first, the fusion of observations obtained by several
sensors can improve the estimation of the target state. If
the data can be combined in an optimal way, the estimation
accuracy can be improved statistically by increasing the
amount of data; second, the observation quality can also be
improved by using the relative motion between sensors.
For example, two sensors and the target form a triangle. If
the corresponding relationship between the observation
angles of the two sensors relative to the target is known,
the target can be positioned by the triangulation method,
which is widely used in commercial navigation and geologi-
cal surveys. Third, multisensor systems can extend temporal
and spatial coverage. Because one sensor may detect places
that other sensors cannot, a certain sensor may detect
objects in a certain period of time that other sensors cannot
detect in that period of time.

Sensor fusion technology can provide more effective
information about targets in time and space. Multiple sen-
sors cooperate with each other to effectively track and esti-
mate the state and number of targets. Information fusion is
a key algorithm in multisensor networks, and distributed
MTT algorithms have the advantage of being more fault-
tolerant and flexible than centralized fusion frameworks
and have received much attention recently [20-24]. General-
ized covariance intersection (GCI) [25, 26] fusion theory is
an effective method to solve the distributed multisensor
MTT fusion problem, also known as exponential mixture
density (EMD) [27]. GCI fusion is equivalent to calculating
the density of minimizing the sum of information gains
from local posteriors Kullback-Leibler divergences (KLD)
[28, 29], thus avoiding the problem of double counting pub-
lic information [30]. The method has also been successfully
applied to multisensor PHD filter fusion [31-33], multisen-
sor CPHD filter fusion [34], and multisensor multi-Bernoulli
filter fusion [35].

In fact, GCI fusion rules tend to keep only trajectories
present in all local posteriors. This defect is exacerbated
when sensors have different fields of view (FoV). At present,
there are many methods to solve the problem caused by the
finite field of view of the sensor in the generalized covariance
intersection fusion process. Based on the GM-PHD filter,
Battistelli et al. proposed a simultaneous localization and
mapping solution to solve the problem that different sensors
have different detection fields [36]. Vasic et al. model the
uncertainty of the target in regions that cannot be explored
between sensors, using the idea of a uniform intensity
throughout the region to initialize all local PHDs [37]. At
the same time, Vasic et al. also proposed to use the distance
value between each Gaussian component to improve the
GCI fusion algorithm [37], but this method overestimated
the number of targets and caused false positives. Kai et al.
proposed a method of supplementary measurement to
expand the field of view [38]. Recently, there are many
new improved algorithms, such as introducing the GCI
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fusion algorithm into the label random finite set multitarget
tracking method [39-43], and the feasibility of the algorithm
has been proved, but there are still many problems to be
dealt with, including parameter setting as well as inconsis-
tent labels. The problem of sensor fusion is not just for
object tracking, it can also be applied to a wider space,
including object detection and estimation.

In this paper, we propose the principle of complemen-
tary measurements to compensate for the limited detection
range of sensors, which cannot get the measurement infor-
mation of the whole scene. That is, the measurements out-
side the detection range of the sensor are complemented
by other sensors, and the multitarget density product is used
to classify whether the measurements belong to the intersec-
tion region of the detection range, and the measurements
that do not belong to the intersection region are comple-
mented, which can avoid repeated complementation of the
same region to reduce the amount of computation. Direct
GCI fusion may lead to large tracking errors and computa-
tional complexity for different Gaussian components repre-
senting different targets. The distance correlation GCI
fusion method is used, i.e., the complementary measures
are correlated by distance division to associate Gaussian
components that may be the same target to the same subset.
Subsequently, GCI fusion is performed on the different cor-
related subsets, and the fusion state estimation is completed.
The performance of the fusion algorithm is verified by sim-
ulation scenarios.

The following sections are arranged as follows: Section 2
introduces the background of the algorithm, including PHD
filtering, limited field-of-view sensors, and GCI fusion rules;
Section 3 analyzes the reasons for GCI fusion mismatch; Sec-
tion 4 introduces the solution of this paper, including mea-
surement complementarity and improved GCI fusion
method based on distance threshold; the fifth section verifies
the effectiveness of this algorithm in the multitarget tracking
environment by comparing the improved algorithm in this
paper with some traditional algorithms. Abbreviations sec-
tion is the acronym for this article.

2. Background

2.1. PHD Filtering. Set the multiobjective statement set and
measurement set as X; and Z,. Dklk_l(x|Z(k)) represents

the density function corresponding to the multiobjective
posterior density at time k, which is the first-order moment
approximation of the multiobjective posterior density, and is
usually called PHD in the target tracking theory based on
random finite sets.

The prediction equation for PHD is [7]

Dy (x‘Z(k)> = [¢k\k—1(x’ Xk-1)Diajpn

. (xk_l Z(k_1)>dxk_1 +Ye(%),

where ¢y (x.8) = ﬁk\k—l (x.8) + Cklk-1 (E)fk\k—l (%, &), .3k|k—1

is the PHD of the derived target, ey, is the survival

(1)
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probability of the target, fy_, is the transition probability
density of a single target, and y, is the PHD of the nascent
target.

The update equation of PHD filtering is expressed as [7]

Dy (x‘z(k)) =Ly, (%) Dy (x‘ZUH)) (2)

where Ly () = 1= Ppg(x) + Xz, (Ppy(x)L.(x)/Aclz) +
Dy-1(PpL;)), L,(x) represents the observation likelihood
function of a single target, A represents the clutter intensity,
c(z;) represents the clutter spatial distribution, Ac(z;) repre-
sents the PHD of the clutter random set, P, represents the

detection probability, and Dy, (PpyL,) = [ Pp(x)L,(x)
Dk|k,1(x|Z(k’1))dx .The multitarget density 7z(X) of Poisson
RFS X takes the following form:

7(X) = exp ( pr(x\zmdx) [1p(x2%).

xeX

where y is the given area.

2.2. Sensor Network Field of View. Single sensor has a finite
detection field of view. When the tracking environment is
full of clutter, the multisensor fusion algorithm needs to col-
lect the measurements of each sensor to effectively estimate
the state and number of multiple targets. Assuming that
the sensor locations are known, and sensor s has a finite
FoV , defined as

FoV ={xeX: pp(x)>0}. (4)

Among them, py, represents the detection probability of
the sensor s in the limited field of view. Each sensor usually
has a different field of view due to its type, location, and
orientation.

Figure 1 shows the detection network of two sensors.
Their respective detection areas have intersections and
non-intersections. The shaded part represents the intersec-
tion area they detect, and the nonshaded part represents
their non-intersection detection area. The detection range
of sensor 1 is

FoV, =R[1]UR[2], (5)

where R[i] represents the ith area in the entire multisensor
detection network. Vi#j and R[i{]NR[j]=@. The entire
detection area of the multisensor detection network R can
be expressed as

R= 0 Rl (6)

Consider a sensor network consisting of sensors with the
limited field of view, where information sharing is required
because the sensors have a limited field of view for detection.
Denote by S;(t), the set of sensors that can reach sensor j
after t step communication.

F1GURE 1: Multisensor detection network detection area.

2.3. GCI Fusion Rules. A key technology for multitarget
tracking using distributed sensor networks is the PHD
information fusion between multisensors. Optimal PHD
fusion among different sensors is difficult to achieve because
the common information among the sensors is usually
unknown, especially in large multisensor networks. Next,
we will introduce the generalized covariance intersection
fusion algorithm.

Now assume that the multitarget posterior probability
density functions of the two sensors are 7, ,(X) and 7, ;. (X),
which are conditional on the measurements obtained by the
two sensors in the detection area of the multisensor network.
When the correlation between the measurements collected
by the two sensors is unknown, the two multiobject posterior
probability densities can be fused with the help of the GCI
fusion rule [21]. Under the GCI rule, the probability density
function after fusion is

n}l{,z(x)_ 701 4 (X) 1715 4 (X)

NGNS (7)

where w; and w, are the relative importance weights of each
multitarget posterior probability density function satisfying
w; + w, =1. There are two weight calculation methods and
one method that can guarantee fusion convergence [34].
Another method is to select the cost function that minimizes
the target weights according to the optimization process
[31]. The fusion density given by the fusion rule Equation
(7) is the minimization of the weighted sum of KLDs with
respect to the density to be fused.

mp? = arg i7r11f (0, Dy (7|70, x) + @, Dep (7||772) ), (8)

where

Dy (7||m1y) £ Jn(X) log %6}(. (9)

Pairing N multitarget densities with their corresponding
fusion weights into a set, i.e., 7 = (77, w;) ;> the GCI scatter
G(7) is defined as [8]

G() = min ) w,Dy; (]|;) =~ log e(m),  (10)

ieN
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where

The GCI coefficient ¢(7) satisfies 0 < ¢(77) < 1.

3. Analysis of GCI Fusion Issues

For most single sensors, due to the limitations of the sensor’s
own performance, such as detection capability, detection
range, and transmission rate, the scene data information
provided by the sensor is incomplete and the data type is
single. In addition, it is also susceptible to the influence of
complex environment, which produces data caused by noise
and interference clutter, which cannot provide accurate tar-
get information. In order to make up for the defect of a sin-
gle sensor, multiple sensors are used to detect the target in
the scene at the same time, so that the target in the scene
can generate at most one measurement on each sensor,
and then complete the information sharing between adja-
cent sensors and data communication. Fusion estimation is
performed at the fusion center.

However, the multisensor fusion method sometimes leads
to poor fusion matching results due to the defects of a single
sensor. It has been analyzed earlier that when the GCI fusion
algorithm is applied to a multisensor network where each sen-
sor has a limited detection field of view, the number of targets
will be falsely reported. This section uses an actual simulation
scenario to verify the GCI fusion algorithm.

In the multisensor network, the number of sensors is set
to 2, the tracking method adopts GM-PHD filtering, the
probability of target survival is 0.99, the detection probabil-
ity within the detectable range of the sensor is 0.98, and
the detection probability is 0 in the area outside the detec-
tion range. The observation area is [-2000, 2000] x [0, 2000]

(m?). For simplicity, set up two targets to do a circular
motion. The schematic diagram of multisensor network
tracking is shown in Figure 2. Among them, o represents
the starting position of the target movement, A represents
the end position of the target movement, the target 1 is in
the field of view FoV1 of the sensor 1, the target 2 is in the
field of view FoV2 of the sensor 2, and neither target is in
the intersection area of the field of view.

The estimated number of targets is shown in Figure 3. As
can be seen from Figures 2 and 3, each sensor can only
detect one target, and after GCI fusion, it will directly cause
all two targets to be lost. The reason is that the detection
range of a single sensor is limited, so that a single sensor
can only detect targets within its own detection area and lose
targets outside its own detection area. In the fusion process,
because the weights given by the two sensors to the Gaussian
components corresponding to the same target measurement
value are too different, the fusion algorithm fails and the tar-
get is lost.

From the simulation results, it can also be known that
the traditional GCI fusion algorithm can effectively fuse
the Gaussian components of different sensors corresponding
to the same target only when the target is in the intersection
of the multisensor network detection area. If only some sen-
sors can detect the target, and some sensors cannot detect
the target, that is, when the target is in the multisensor
non-intersection detection area, the traditional GCI fusion
algorithm will inevitably have false positives, which will lead
to the loss of the target. The essential reason is also because
the GCI fusion algorithm fuses the weights of the Gaussian
components of the same target by each sensor. If a sensor
cannot detect the target, the Gaussian component weight
value will be too small, which will affect the final state extrac-
tion, resulting in the loss of the target.

From the simulation, it can be seen that each sensor can
only generate the corresponding set of measurements within
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FIGURE 3: Cardinality estimation.

its own limited detection range and cannot detect all targets.
If all targets are to be detected and information is to be
shared, then it is necessary that different sensors can share
their own detection information among themselves. How-
ever, suppose all the measurement information from one
sensor is shared directly to another sensor. In that case, it
may lead to the reuse of information in the intersection
region of the detection range of the two sensors, which in
turn leads to the problem of combinatorial explosion. As
shown in Figure 1, if the information is shared between Sen-

sor 2 and Sensor 1, the information in the R[2] region is
shared repeatedly, resulting in an increased computational
burden for the intersection region measurement set.

4. Solutions

4.1. Complementary Measurements. In order to realize that a
single sensor can detect and track the whole tracking scene,
information sharing between different sensors is needed, and
the measurement information from one sensor is directly



communicated to another sensor. However, to avoid the
reuse of measurement information, a distinction needs to
be made between intersecting and non-intersecting areas of
sensor detection ranges.

Let the measurement set of all sensors at the moment

5 FoV, . FoV FoV.
kbe Z,={Z,}"",Z,y; *»+Z,, *}, where the measurement

set generated by the sth sensor in its FoV| is Zf,fv’ ={z}}

zf’k,---,zxjk}, and M, is the number of measurements of
the sth sensor at the moment k. When a sensor is to supple-
ment another sensor with measurements, it is necessary to
supplement the measurements outside the intersection area
rather than sharing all measurements to another sensor,
which would lead to the reuse of information and increase
the computational burden.

Therefore, it is necessary to partition the PHD function
in and out of the intersection region. Assuming that two sen-
sors use PHD filters in their respective fields of view (the
state spaces corresponding to the regions are FoV, and
FoV,, respectively), PHD D,(x) and D,(x) are obtained,
respectively. PHD D(x) is a common function of a single tar-
get x and therefore also contains the spatial location infor-
mation of the sensors. Since the PHD filter is not defined
for the target density outside the detection range, it can be
extended, i.e.,

B, (x) = D,(x), x€FoV, (12)
' 0, x ¢ FoV,

The same is done for D, (x) to obtain

Dz(x) _ D*(x), x¢€FoV, . (13)

0, x ¢ FoV,

The product of the two sensors is

D" (x)=D (x)-D (x). (14)

Assuming that each sensor can accurately obtain the PHD
function belonging to its own detection region, we have

Dl’z(x) >0, xe€(FoV n Fon)andf)l (x) > Oandf)z(x) >0

D" D'(x) = 0orD’ (x) =0

(15)

Equation (15) shows that under the condition of no com-
plex interference, the extended two-sensor PHD product can
be determined to be located in the intersection region of the
detection range of the two sensors if it is not a zero value. This
property can be used to divide the PHD function between the
intersection region of the sensor detection range and the
region outside the intersection by using the PHD product to
find the common measurement information of the two sen-
sors and distinguish them.

Therefore, when sensor 2 is complementary to sensor 1
in terms of measured values, the area in FoV, that has been
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complemented is
R, = FoV, N FoV,,D"(x)>0. (16)

Therefore, the region in FoV/, that is not complementary
to sensor 1 is

R,,=FoV, - R, D" (x)=0. (17)

From Equations (16) and (17), it is possible to obtain the
area R, , where sensor 2 is not complementary to sensor 1. It

is possible to share the measurement information Zijf of
this area to sensor 1. In this way, the information of the mea-
surement of the sensor 1 is also shared to the sensor 2 in the
same way, which also completes the complementary mea-
surement of the two sensors. However, when two sensors
are observing the same area, the noise on the two sensors
is generally different. Therefore, when complementing the
sensor measurements, noise should be added appropriately
as a way to increase the randomness of the samples. When
the sensor complements the measurements, the set of mea-
surements on sensor s is

FoV R,, R,
ZR :Z sU U (Z‘u,x+,v.u,x) , 18
sk ™ Zsk iesizs \ Bk T ik (18)

viei ~ N(230,Ry), (19)

where Z&, represents the lumped sum of measurements of

sensor s at time k, vf,t"' denotes the measurement noise obey-
ing Gaussian distribution, and R, is the measurement noise
covariance matrix at time k. After the two sensors complete
the complementary measurements, the final measurement
set at time k is Z§ = {Z}}, Z},}.

Once the measurements are complementary, each sensor
contains all the measurements in the sensor network, and
the measurements located in the sensor detection intersec-
tion area are not reused, which also greatly reduces the com-
putational burden. Moreover, with the complementary
measurements, even a newborn target function within a sen-
sor can be detected in time, because the measurement shar-
ing helps the sensor network to share the newborn target
function to each sensor in time, effectively improving the
tracking performance of the whole sensor network.

4.2. Gaussian Mixture PHD Filtering GCI Fusion. The GCI
fusion algorithm is used to fuse the PHD D,;(x) and
Dy, (x) of the sensor a and sensor b, and the fused PHD is
generated after fusion, as follows:

D’ (x) = (D ()] [Dy ()] (20)

The formula is expressed in exponential form, and the
Gaussian mixture term cannot be expressed in exponential
form, and an approximate scheme can be used to express it,
as follows:
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Ms‘k
[Ds,k (x)]ws = Z &s,k,iN (x > ﬁ/ls,k,i’ Iss,k,i)’ (21)
i=1

where 1, pZ’f’j, and ocZ’ibj are the mean, covariance, and
weight of the Gaussian components, respectively. Then, cal-
culate the fused PHD result and the parameter value in it

by the following formula

N Nb

b b b b
Da Z Z “Z l]N (X > mz,i,j’Pz,i,j) 4 (22)

i=1 j=1

where
N
Pku |:(pak1) (pb,k,j) ] , (23)

b ab |5\l PO N
mz,i,j:pz,i,j[(pa,k,i) Mait (pb,k,j) mb,k,i:|’ (24)

Ay 57] g i i N (ﬁ%,k,i =My ;50 Py +pb,k,j) : (25)
m? i Py » and o ; are the means, covariances, and
weights of the Gaussian components after fusion, respectively.
The communication method in the literature [44-46]
can converge faster. It can effectively cope with scenarios
where the limited field of view does not completely overlap
[47], so this algorithm uses this method for intersensor com-
munication due to the limited detection field of view of indi-
vidual sensors and the need for information sharing among
neighboring sensors.

Let the number of sensor-to-sensor communication iter-
ations be t=0,1,---, T, and S,(¢) denotes the set of neigh-
boring sensors with distance ¢ from the sth sensor. After
the sensor s=1, -+, S iterates t times, the set of posterior
probability densities on that sensor is

w002 U mal) 26)

When t=0, 7% (X) = 7,,(X).
When descnbed by the Gaussian component D(x), after
t iterations, it can be expressed as follows:

N, N,
1 1 sk _ Il ok
{ms’k’ps’k}lzl _jestggt) (mf’k’pj’k)l:f (27)
where
Ni(t) =Ny + Z Nk (28)
Jesi(st)

After the communication is completed, Gaussian Mixture
probability hypothesis density GCI fusion is performed on
each sensor. By the GCI fusion weight calculation Formula
(25), we can see that the large distance between the Gaussian
components leads to small fusion weights tends to 0 when

the distance increases. In this paper, the Gaussian components
from the same target are correlated to the same subset by cor-
relating the Gaussian components after communication. Then
GCI fusion is performed for each correlated subset using the
Equation (22). The Gaussian components are correlated using
the distance correlation method [43], which calculates the
martingale distance between the Gaussian means m,;; and

. . !
my . ; of the Gaussian components from different sensors s
€ S,(<t) after communication on sensor s.

d= (ms,k,i - ms’,k,j)TQs_,li (ms,k,i - ms',k,j)’ (29>
where Q; is the process noise covariance matrix, and a
threshold D, ,, is set to control the correlation subset. If the
distance d < D, ,, between two Gaussian components, then
these two Gaussian components are considered as the same
target and can be put into a subset. The setting of D, has a
clear physical meaning, which indicates that the distance
between states m; ; and m, ;. ; does not exceed the probability
of the standard deviation D, ,, [48] or a lower limit of the
probability, which is calculated as

Pr |:(ms,k,i - ms’,k,j) TQs_,li (ms,k,i - ms’,k,j) < Dlznax:|

<y(§ %> (30)

where N denotes the number of target states and y denotes the
incomplete cardinality distribution.

Then GCI fusion is performed on the associated subsets.
Suppose that at the moment k the sensor s is associated with
C, subsets, each of which represents the same target, and

the number of Gaussian components corresponding to each
cluster c=1,--+,C,} is ]Eck) , the set of sensors in which all

Gaussian components in the subset are located is Sick) < S
<T), and the Gaussian components in the cth subset are

written as {m]k , p]k } J k, where j € S . Then GCI fusion

is performed for each correlatlon subset

x ]w_t — Z (X(C)

O]
]ESs’k

N(x;m](.f,j,p](.jj). (31)

The number of targets after running PHD filtering for
local sensors is estimated as [7]

T Tyk
N1 = Nogor | Poge + + ) ag | D (32)
j=1 j=1
i1

- pD,k) + Z

where J g and ], ; represent the number of derived Gaussian
components and newborn Gaussian components at the

Ny = Ns,k\k—l (1 Z a (%) (33)
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Fors=1,---,8

End

of subsets after association.
Forc=1, -, CS)k

End

End

. . NS . 5
Input: Filtered Gaussian component {{m_, ;, p,; 1,17 ' },_, at time k — 1. The measure set Z, = {Z

Quantitative complementation according to (12)(13)(14) yields Zﬁ

The Gaussian component association is performed according to (29) to obtain {{m(.;;l), p;c'l)}

Calculate the Gaussian component D, (x) according to equation (31)
Calculate the number of target estimates according to equations (32) and (33) Ns,k

Gy,
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FIGURE 4: Real target track and detection range.

moment k, respectively. The number of communication
GClIs after fusion is estimated as

1

‘ Ss,k (S T) | J€Sek(<m)

Zi

k= N (34)

After the fusion of all associated subsets on sensor s is
completed, each subset is a new Gaussian component repre-

CS, .
sented as {mgflz’f_’gfk)}p:’ and then the state is extracted on

this sensor by mgcz and N, and the filtered updated Gauss-
ian component is returned for use in the next iteration.

The distributed sensor measurements complementary
Gaussian component correlation GCI fusion tracking
method is summarized as Algorithm 1:

The state extraction is performed according to

CS, .
{mﬁfﬁ,pﬁjﬁ}czf, s=1,---,S to obtain X, and return the state

estimate and the filtered Gaussian component.

. i ) 1 N.\',k
Output: Gaussian components {m;, p; }, "

each sensor after filtering update.

and X, for

5. Simulation and Experimental Results

5.1. Simulation Parameter Settings. In the multisensor net-
work, the detection field of each sensor is limited, and the fil-
tering algorithm GM-PHD filter of each sensor is set. The
detection area of the multisensor network is set as [-1500,
1500] x [-1000, 1000](m?) so that in the detection area, a
total of 6 targets will appear. The time of the 6 targets is dif-
ferent, and the 6 targets may appear from 4 different posi-
tions. When the number of targets is satisfied under
variable conditions, each target moves in a straight line at
a uniform speed. In the target tracking performance com-
parison chart, the traditional GCI-GM-PHD algorithm and
each GM-PHD algorithm are compared with the improved
algorithm in this paper.

The target state is composed of the position and velocity
of the x-axis and the position and velocity of the y-axis,
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respectively, and its expression is x; = [p, ; V, Py v, k) and
the state equation in the filter filtering process is

X =

—

(= e =]

OSPA Card
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In the state equation, set the sampling interval T to 1s,
the total movement time of each target to 100, and set the
process noise to w; ~ N(0, 5), then the Gaussian component
intensity of the new target can be expressed as the following

0 formula:
T2
Wy_.. 35
0 k-1 (35) . o
. Vel) = Y an N (x5 m ), (36)
i=1
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T

where m;’kz[o;o;o;-lo] , mi,k=[0;3;400;‘7]T’ m;)kz

[-800535-800515]", m!, =[600;15;100;-5]", and the
newborn target weight w;,k =0.03. The process noise of the

newborn target obeys Gaussian distribution with zero mean
and its covariance is set as Qip’k = diag ([100, 100, 100, 100]).

In the simulations in this section, the frequency of
Monte Carlo simulations is set to 100. The filter needs to
prune and merge the Gaussian components before state
extraction, so as to obtain the best estimation effect, so the
parameter setting of pruning and merging is particularly
important. In this simulation, the stage threshold and dis-
tance threshold of the Gaussian component are, respectively,
set. Threshold, state extraction threshold and merge thresh-
old are set as 107>, D, =4 0.5, and 10. Ultimately, the
maximum number of Gaussian components is 100. The
tracking error value is finally measured by the OSPA dis-
tance, which is expressed as

OSPA, (%)

o min 235 (d (s 57))" + Rl ) 7

%k |

Among them, the target state value is x;, the separation
parameters are ¢>0 and d_(x,y) =min (¢, [|[x—y||), and 1
< p < 00 is the distance sensitivity parameter, which is taken
in the simulations, ¢ =200 and p = 2. If the OSPA distance is
smaller, the error value of the multitarget state estimation
will be smaller.

In the sensor network, the positions of the two sensors
are set to (-500m,-100m) and (500m,—100m) respectively,
and the two sensors provide the measurement values of each
target within their detection range. The detection range of a
single sensor is limited, which is consistent with the previous
description. The radius of the detection range of the sensor is
set to 700 m, and the detection probability of the filter to the
target is set to 0.95 in this detection range, and the expres-
sion is as follows:

. 0.95,
p =
D 0)

The measurement of each sensor is the position informa-
tion detection of the target by a single sensor, so the mea-
surement equation in the filtering process can be set as
follows:

x€FoV, (38)
X ¢ FoVS.

1 0 0 O
Zk=
0 1

where the measurement noise v, ~
clutter per unit volume to 90.

] X+ Vi (39)

0 0

N(0,5). Set the average

5.2. Scenario 1: Complementary Verification of Multisensor
Measurements. To verify the improvement in tracking the
performance of the proposed complementary measurement
method (CM-GM-PHD) relative to the method of all shar-
ing measurement (SM-GM-PHD) in this paper, filtered
tracking is performed by a single sensor. This multitarget
tracking scenario has a clutter rate A=90, a survival
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Figure 9: Continued.
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F1GURE 9: Tracking simulation effect of each algorithm in Scene 2.

probability p, ;= =0.99, and a detection probability p,, =0.95
for the sensor’s effective field of view. Figure 4 shows the real
trajectory of the target and the limited detection range of the
sensors, each of which has the same performance with a
sensing radius of 700 m.

Figure 5 illustrates the single-sensor tracking effect with-
out measurement sharing, and Figures 5(a) and 5(b) show

the tracking effect of sensor 1 and sensor 2, respectively.
Corresponding to Figure 3, due to the limited detection field
of view, two targets are lost for sensor 1 and sensor 2, respec-
tively, resulting in a dramatic degradation of tracking
performance.

Figures 6(a) and 6(b) show the tracking measurement
plots after the measurements are complementary and the



Journal of Sensors

Ground truths

16
1000
500
g
L
E
- 0
5
(=}
o
3
-
=500 -
~1000 : :
-1500 -1000 -500

T T T 1
0 500 1000 1500

x-coordinate (m)

(a) Real scene

x-coordinate (m)

Time (s)

y-coordinate (m)

o Estimates
—— True tracks
Measurements

Time (s)

(b) Tracking results

FIGURE 10: Scenario 3 multitarget tracking real situation.

tracking measurement plots after the measurements are all
shared, respectively. The comparison shows that the single
sensor can detect and track all the targets after the comple-
mentary or shared measurements, and the tracking perfor-
mance is greatly improved. It can be seen from Figure 6(b)
that the sharing of all measurements will lead to the reuse
of the measurements in the intersection area of the sensor
detection range, and there are too many redundant Gaussian
components in the measurements, which contain a lot of
clutter. After the pruning and merging step is performed
by the controller, the clutter will have a greater probability
of being regarded as the real target, so the number of false

targets will also increase, which can also be reflected in the
subsequent target number estimation simulation.

Figure 7 shows the tracking error comparison graph and
the target number estimation comparison graph. From
Figures 7(a)-7(c), it can be seen that the tracking error is
reduced. All targets in the field of view can be tracked after
the measurements are shared between sensors, and the
tracking error is also much reduced. The tracking perfor-
mance is improved after the measurements are complemen-
ted between sensors. With the Figure 7(d) we can know that
the number estimation is overestimated due to the duplicate
sharing of measurements in the intersection region caused
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by the sharing of measurements, the effect is better when the
measurements are complementary. The target number esti-
mation is closer to the true value.

It is obvious from Figure 8 that the calculation efficiency
of the measurements complementary method is significantly
higher than that of the measurements sharing method
because the measurements complementary method avoids
duplicate information sharing in the intersection region.

5.3. Scenario 2: Field-of-View Complementary Gaussian
Component Correlation GCI Fusion Performance Analysis.
In the limited field of view distributed multisensor network,
set the communication iteration maximum value T =3,
threshold D, ,, =4, and other settings as in Scenario 1. The
following simulations are compared by different methods.
The first method is the measure-complementary Gaussian
component correlation GCI fusion method (GCI-CM-GM-
PHD), which is the algorithm proposed in this paper. The
second method is the GCI fusion method with all shared
Gaussian components of the measurements (GCI-SM-GM-
PHD). The third method is a direct GCI fusion estimation
of multisensor information without measurement sharing.
The fourth method is the measurement complementary
method (CM-GM-PHD).

Figure 9 shows the simulation results of the four
methods for pairwise target tracking. Figures 9(a)-9(c) show
the multitarget OSPA error, OSPA location error, and cardi-
nalities estimation error, respectively. From Figures 9(a) and
9(b), it can be seen that the GCI-CM-GM-PHD tracking
error is lower due to the use of the GCI fusion method,
which increases the fault tolerance of the PHD filter and
converges the Gaussian components of the same target
through the threshold, which greatly reduces the tracking
error. The conventional GCI fusion method, on the other
hand, causes the tracking target to be lost due to the absence
of the complementary measurements, which is the main rea-
son for the larger error. However, with the Figure 9(c) we
can know that the cardinalities estimation error of GCI-
SM-GM-PHD is higher than that of the GCI-CM-GM-
PHD algorithm. However, with the Figure 9(c) we can know
that the potential estimation error of GCI-SM-GM-PHD is
higher than that of GCI-CM-GM-PHD algorithm, because
the GCI-CM-GM-PHD algorithm uses Gaussian component
product. Distinguish the Gaussian component in the inter-
section area of the sensor detection range to avoid the
repeated use of the Gaussian component in the intersection
area. In this way, through the pruning and merging step
and GCI fusion, the probability of clutter being regarded as
a real target is greatly reduced, and the number of targets
can be estimated more accurately. The difference in target
number estimation can be seen from Figure 9(d).

5.4. Scenario 3: Simulation Experiment (the Number of
Targets Increases). In this section, more targets are set to
enter the multitarget tracking scene. A total of 12 targets
appear at different times. First, the condition of the time-
varying target number is satisfied. In this simulation scene,
the targets exist in the multitarget tracking scene at the same
time. The maximum number is 10 and the average number

Journal of Sensors

of clutter per unit volume is set to 30. The actual situation
of the multitarget tracking scene and the filtered results of
each algorithm are shown in Figures 10 and 11.

The target tracking results are shown in Figure 10(b),
and clear tracking results can be obtained. In the tracking
scene, due to the existence of clutter, the filtering algorithm
often mistakenly identifies clutter points with larger weights
when extracting states during the filtering process. It is a real
target, which leads to some noise in the tracking results. But
when the clutter point is regarded as the real target, the
fusion algorithm will filter it through the distance threshold
in the algorithm.

It can be seen from Figures 11(a) and 11(b) that the GCI-
CM-GM-PHD algorithm can adapt to the situation. In terms
of OSPA error, the GCI-CM-GM-PHD algorithm shows the
best performance. It can be seen from Figures 11(c) and
11(d) that the GCI-CM-GM-PHD algorithm performs better
than the other three algorithms, which also indirectly proves
that the algorithm is effective in this situation stability. It can
be seen from the number estimation in the figure that the
single-sensor CM-GM-PHD algorithm will mistake the clutter
as the real target because it is difficult to adapt to the multitar-
get environment in the dense clutter environment, resulting in
an overestimation of the number. In the traditional GCI-GM-
PHD algorithm, due to the limited field of view of the sensors,
during the fusion process, due to the large difference in weight
between the sensors, the target is lost and the estimated num-
ber of targets is low. GCI-SM-GM-PHD is used because too
many measurements are reused, resulting in the estimated
number of targets being higher than the true value.

In order to verify that the stability of the filtering, in the
final simulation experiment, the OSPA distance error value
of each algorithm in the scene under the change of clutter
rate and the change of detection probability is summarized
and analyzed. And finally from the summary, it can be seen
from the analysis in Figures 12(a) and 12(b) that the algo-
rithm in this paper can show high stability under different
clutter rates and different detection probabilities, indicating
that the algorithm can perform better in the complex multi-
target tracking scenarios.

After the simulation comparison of the above scenarios,
the tracking performance of the algorithm proposed in this
paper has been significantly improved compared with other
traditional algorithms. The algorithm can improve the
robustness of distributed multisensor networks for multitar-
get tracking in dense clutter environment while maintaining
computational efficiency, which proves the effectiveness of
the proposed algorithm.

6. Conclusion

For the distributed multisensor multitarget tracking problem
with a limited detection field of view, this paper proposes a
distributed field-of-view complementary Gaussian compo-
nent correlation GCI fusion tracking method. The algorithm
is based on the traditional GCI-GM-PHD filtering to com-
plement the measurements in the field of view. Its advan-
tages in computational efficiency and tracking accuracy can
be proved through simulation experiments. Then the fusion
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after distance correlation of Gaussian components greatly
increases the tracking accuracy and stability of the algo-
rithm, and the number of targets is estimated more accu-
rately. The simulation experiments in this paper mainly
focus on linear motion targets, and extending the algorithm
in this paper to more general scenarios is a future work that
needs to be done, such as maneuvering targets. In addition,
the study can be extended to investigate spoofing attack to
track estimation of multitarget states [49].

Abbreviations

MTT: Multitarget tracking

NN: Nearest neighbor

PHD: Probabilistic hypothesis density

GM: Gaussian mixture

SMC: Sequential Monte Carlo

EMD: Exponential mixture density

KLD: Kullback-Leibler divergences

CPHD: Cardinalized probability hypothesis
density

GCL Generalized covariance intersection

GCI-GM-PHD: Generalized covariance intersection
Gaussian mixture probability hypoth-
esis density

CM-GM-PHD: Complementary measurement GM-
PHD

SM-GM-PHD: Sharing measurement GM-PHD
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GCI-SM-GM-PHD: Generalized covariance intersection
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