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Distributed multitarget tracking (MTT) is suitable for sensors with limited field of view (FoV). Generalized covariance inter-
section (GCI) fusion is used to solve the MTT problem based on label probability hypothesis density (PHD) filtering in this paper.
Because the traditional GCI fusion only has good fusion performance for the targets in the intersection of each sensor’s FoV, and
the targets outside the intersection range would be lost, this paper redivides the Gaussian components according to the FoV and
distinguishes the Gaussian components of the targets inside and outside the intersection. GCI fusion is sensitive to label in-
consistency between different sensors. For label fusion in the intersection region, the best match of labels is found by minimizing
label inconsistency index, and then GCI fusion is performed. Finally, the feasibility and effectiveness of the proposed fusion
method are verified by simulation, and its robustness is proved. The proposed method is obviously superior to local sensor and

traditional GCI algorithm.

1. Introduction

MTT is a process of assigning the measurements to the
targets, filtering them, and managing the tracks of multiple
targets according to the time step [1, 2]. Traditional tracking
algorithms, such as probabilistic data association (PDA),
multiple hypothesis tracking (MHT), and others [3-6],
transform the multitarget problem into a parallel single-
target tracking problem by allocation of measurements. The
core of its processing method is data correlation, but when
there are many targets and a large number of false alarm
clutter, correlation will bring combination explosion and
make the calculation amount increase exponentially. Cor-
relation error and state estimation error are coupled and
influence each other, which results in large estimation error.
The random finite set (RFS) provides a unified and clear
framework for MTT. The first-order moment realization,
that is, PHD filtering [7], avoids the complex data associ-
ation problem in the process of state estimation, which can
concentrate resources on tracking problems, and has good
potential in solving target tracking problems under the

conditions of insufficient prior knowledge and unknown
number of targets. At present, it has been widely used in
radar target tracking [8-10], computer vision [11], real-time
positioning and map building [12], and group target tracking
[13]. Among them, Gaussian mixture (GM) and sequential
Monte Carlo (SMC) are two important methods of PHD
operation, which are called GM-PHD [14] and SMC-PHD
[15], respectively.

PHD filter has rigorous mathematical theoretical basis
and can realize joint detection and tracking of targets. The
structure is complete and clear, and the amount of calcu-
lation is small. However, PHD filter cannot identify the
tracks of different targets in the tracking process. With the
increase of targets or the approach of distances, the wrong
judgment of tracks will lead to the inability of GM-PHD
filter to track the targets that need attention. For PHD filter,
accurate distinction of tracks is the key to ensure tracking
performance [16-18]. In MTT, it is the premise of estab-
lishing the track on determining the identity of the target.
The data association algorithm [19] proposed by Panta et al.
provides a unique label for each target and obtains the track
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of a single target through the state at each time and the
association between the targets [20]. Vo et al. [21-23] also
proposed label CBMeMBer filter and label multitarget
Bayesian processing method, which effectively solved the
track formation problem of RFS processing multitarget and
belonged to the pioneering work of label RFS.

In many cases, combining the information collected by
multiple sensors can improve the tracking performance.
Distributed MTT algorithm has attracted a lot of attention
recently because of its advantages of strong fault tolerance,
high flexibility, and low computational burden compared
with centralized fusion framework [24-28]. The Ilatest
method of distributed multisensor MTT is GCI [29, 30], also
known as exponential mixed density (EMD) [31]. GCI fu-
sion is equivalent to calculating and minimizing the density
of Kullback-Leibler divergences [32, 33] (KLD) gains from
local and avoids the problem of double calculation of
common information [34]. In the past few years, many
distributed REFS filters based on GCI fusion rules have been
proposed [35-43], including PHD and CPHD filters [23],
and the fusion density can be calculated in closed form. On
the contrary, in the case of label-based RFS filter, the ap-
plication of GCI fusion is not simple, because GCI fusion of
label RES density can only be calculated in a closed form
under special circumstances [39]. Even if the fusion density
can be calculated, its performance is very sensitive to the
inevitable label inconsistency between different sensors [44].

Although GCI fusion rule has the advantage of avoiding
double calculation, it has been observed that this fusion rule
may be sensitive to high missed detection rate [45]. In fact,
GCI fusion rules tend to keep only all tracks existing in local
posterior. When the sensor has different FoV, this defect will
be aggravated. Some new methods are proposed recently to
deal with the target missing problem caused by different FoV
in GCI fusion framework. For example, in [46], two possible
solutions based on SMC-PHD filter were proposed to solve
this problem. In the first method, particles from different
sensors were combined only if they were considered to
represent the same target. In the second method, particles
corresponding to the same target were hierarchically clus-
tered and used for state extraction. However, both methods
were prone to estimation errors and underestimated the
number of targets when adjacent targets appeared. In [47], a
distributed fusion algorithm based on SMC-PHD filter was
proposed, which abandoned the limitation of completely
overlapping FoV and divided the received particles into
ordinary particle set and external particle set. Based on GM-
PHD filter, [48] proposed a solution to deal with different
FoV under the background of simultaneous positioning and
mapping. Specifically, the method of [49] was based on the
idea of initializing all local PHD with uniform intensity in
the whole area and modeled the uncertainty of target po-
sition in the unexplored area. A different solution was
proposed in [49], which modified the traditional GCI fusion
algorithm by considering the distance between Gaussian
components. However, this method cannot solve the
problem of false positives, and the cardinality is over-
estimated. Recently, some scholars have extended the labeled
RFS filter to multisensors by using similar ideas [50-52], but
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it is more challenging to develop effective solutions under
this filtering framework because possible label inconsis-
tencies need to be considered.

In order to solve the target omission problem of distributed
multisensor PHD filtering based on GCI fusion rules, a stable
and effective fusion method is proposed in this paper, which
makes the fusion results not affected by fusion mismatch in
GCI-PHD fusion generated by multisensors with limited FoV.
The method includes two parts: Firstly, by analyzing the GCI
fusion mismatch caused by the limited field sensor, whether the
Gaussian component falls into the field intersection area is
divided and differentiated; secondly, the problem of label in-
consistency in GCI fusion is analyzed. For the fusion of labels
in the intersection area, the best match of labels is found by
minimizing the label inconsistency index, and then GCI fusion
is implemented. The targets not in the intersection area of FoV
are directly added to the final multitarget state according to the
state provided by each sensor and the labels.

The subsequent chapters are arranged as follows: the
second section introduces the traditional PHD filtering and
GCI fusion rules; the third section analyzes the problems in
the GCI fusion process, including fusion mismatch analysis
and label inconsistency analysis, and introduction, including
the distinction of Gaussian components and the improve-
ment of label fusion; Section 5 verifies the effectiveness of the
algorithm through linear simulation experiments; Section 6
is the conclusion. Table 1 lists the acronyms in the text.

2. Background

For MTT, under the condition of missing detection and
clutter, we focus on solving the problem of estimating the
unknown number of target states through the measurement
data provided by sensors. Assuming the location of the
sensors is known, each sensor s has a finite FoV, defined as

FoV ={x € X: p},(x)>0}. (1)

Among them, p}, represents the detection probability of
the sensor s in the limited field of view. And different sensors
have different FoV (usually depending on sensor type, lo-
cation, and orientation).

The detection range of the sensor s is denoted by FoV ,
and R[-] denotes the detection range that can be sensed by all
sensors. Figure 1 below shows a sensing network consisting
of two sensors; then the detection range of the first sensor is

FoV, = R[1JUR[3], (2)

where R[i] denotes the ith region, which satisfies Vi# j,
R[i{]NR[j] = &. The whole detection region R can be
expressed as

3
R= U R[i). (3)
i=1

2.1. PHD Filtering. Consider the following MTT scenario,
where the target state set is X = {x}(,u-,xlljk} and the

. M
measurement set is Z; = {z}(,-u,zk *}, where x} and 2z
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TaBLE 1: List of notation.

MTT Multitarget tracking
FoV Field of view

GCI Generalized covariance intersection
PHD Probability hypothesis density
PDA Probabilistic data association
MHT Multiple hypothesis tracking
RFS Random finite set

SMC Sequential Monte Carlo
GM Gaussian mixture

EMD Exponential mixed density
KLD Kullback-Leibler divergences

represent the nth target state and the mth measurement at
time k, respectively. N, and M, are the number of targets
and the number of measurements at time k, respectively.
Assuming that the prior probability of multitarget ap-
proximately obeys Poisson distribution, with the help of

V
sl s2

FiGUre 1: Distributed sensor network with limited field of view.

random finite set statistics theory, the PHD recurrence
equation [7] is

Dy (x) = J(Ps,klk—lfklk—l (X|C)) + Brjk1 (X1 Dy ey (AT + py ()

Dy (%) = [1 = Ppi | Dy () + Y

Zp€Zy

Ve (x) and By, (x]{) represent the target intensity of
newborn and derived RFS, respectively [55], p, -1 repre-
sent the survival probability of target at time k-1, and
Pskik-1 = Psk-1> Ppy represent the detection probability of
target at time Kk, fy_, (x|{) represents the probability
density function of state transition, g, (z|x) is the likelihood
function of single target, A is the average clutter number, and
c(z;) obeys Poisson distribution. Poisson’s RFSX multi-
target density 7 (X) takes the following form:

7() = exp( - j D(x)dx) [ D). 5)

xeX

Given a region y € X, the number of prediction targets in
the region can be calculated as I D(x)dx, and the total
number of prediction targets in tHe whole state space is
f P (x)dx.

GM-PHD filter expresses the prior PHD and the pos-
terior PHD of multiple targets as GM formation, and its
iterative recursion can be expressed as a prediction update
structure similar to Kalman filter (KF).

Assume that the multitarget posterior PHD at time
k-1 can be expressed as GM, and the equation is as
follows [53]:

Ji1 . . .
Dy (x) = Z w;c—lN(x§ m;c—l’p;«l)’ (6)
i1

where J,_, is the number of Gaussian components at time
k-1. wi_l is the weight of the ith Gaussian component, and
my_, and p}_, present the mean and covariance of the ith
Gaussian component.

Pp i 9x (2|x) Dy (x) (4)

Ae(zg) +

| Ppsdi (210 Dy (AT

The newborn and derived Gaussian components can be
represented by a Gaussian mixture term [53]:

Tok o
Yy (x) = Z w;’kN<x; mik,pik)
=
(7)

Tk ) ) )
Dﬁk\k—l (x) = Z; w;ikN<x; m;i,k—l’ Q;%,k—l )
j=

Among them, J,; and Jg; represent the number of
newborn and derived Gauss1an components at time k, re-
spectively. w’ p and w, « represent the weights of the new-
born and derlved j- tﬂ Gaussian components at time k,
respectively. m,, and p « are the mean and covariance of
the j-th newﬁorn Gauss1an component respectively.

ﬂk | —Fﬁk My + i 1 and Q . are the mean and
covariance of the j-th derlved Gaussian component,
respectively.

Then the multitarget prior PHD at time k can be
expressed as [53]

Dy (x)

=y (x) + Dg,, (%) + Dy, (x), (8)

SVilk-1

where Dy, (x) and Dy, . (x) are the Gaussian mixture
intensity functions of the derived and surviving targets,
respectively, J;,_; is the number of Gaussian components to
predict PHD, wiy_,, mjy,_,, and pjy_, are the weight, mean,
and covariance of the ith Gaussian component in the pre-
dicted intensity function, respectively, wk, mk, and pk are the
update weights, mean, and covariance of the j-th component
in the intensity function.



The derived Gaussian component intensity can be
expressed as [53]

Jirk-1 Jpk

Dy )= 3 Y wl e whN(wmgi Q). ©)

i=1 j=1
where

ml[;,]k—l = F;z,k-lm;c—llk—l + d;;,k—p
ij i ilw \ Lo (10)
Qg1 = Fﬁ,k—lpk<Fﬁ,k—1> +Qppey:

The surviving Gaussian component intensity can be
expressed as [53]

Tkt

Dy, (X) = Pogin Z w;c—l\k—lN(X; mlsv,klk—l’Plsv,k\k—l)’ (11)

i=1

where
i _F i
Mgy kik-1 = Le=1Mg_1)k-1>

i _F g I (12)
Pevkik-1 = Fro1 Proipe1 Fror + Qi

where F)_; is the state transition matrix and Q;_, is the
process noise covariance. Then the k-time prior multitarget
PHD can be expressed as a Gaussian mixture form [53].

T

Dige-r (%) = Z w;qkle(’G m;<|k71’P;<|k71>~ (13)
i=1

Among them, w};l 1 = Ps,k—lw;;_u 1 represents the prior
weight from the posterior weight at time k-1.
Jik-1 = Jicajk—1 (1 + Jgg) + ], represents the number of
prior Gaussian components at time k.

Then, the posterior intensity at time k is as follows [53]:

Dy (%) = [1= Ppy | Dygey (%)

k]k'k’li ! i il (14)
+ > w2 )N (e o pe)-

1 i=1

3

Il
—

where
o (Zl) _ PD,kw;;\k-l.‘in—l(Z|m§<|k-1’ p;c\k—l) (15)
klk\*k) — Kk-1 0 j i >
AC(ZQ) +Ppy Z§;1 wk\k—lgklk—l(zlmim—l’pk|k—1)
S T . - -1
K = P Hye [HiDigo 1 Hi + Re] (16)
o . w
My, = Mgy + K}C(zk - Hkm;clk—l)’ (17)
f’éqk = [I - K;ch]ﬁ;dkfr (18)

R, is the measurement noise covariance matrix, and I is the
identity matrix.

The number of predicted targets N ki1 and N, asso-
ciated with Dy, and Dy is obtained by the following
equation [54]:
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Tk ) Tyk X
Nklk—l = Nk—l Ps,k + Z w;:‘,k + w{”k’
j=1 j=1
(19)

T

Ny = Nygr (1= ppi) + ). Z w}(2),

zeZy j=1

where Jg; and ], represent the number of derived Gaussian
components and newborn Gaussian components at time k,
respectively. Therefore, at time k, the number of Gaussian
components of Dy is J, = (J_; (1 + ]ﬂ)k) + ]y,k)(l +1ZiD).

2.2. GCI Fusion Rules. m; (X) and 71,2< (X) of two multitarget
posterior probability density functions are considered based
on the measurement sets from two different sensors. When
the correlation between two measurement sets is unknown,
two multitarget posteriori can be fused by GCI fusion rule
[29]. Under GCI fusion rule, two multitarget posterior
probability density functions are fused to obtain

e (X) 1 7 (X)“2

1,2 X) = ,
T ( ) Jﬂ]i(X)wlﬂlzg(X)wz(SX

(20)

where w; and w, are the weights that determine the relative
importance of each multitarget posteriori, satistying
w, + w, = 1. One method of weight selection is the Me-
tropolis weight selection method [55]. It can guarantee
fusion convergence. Another method is to select the cost
function that minimizes the target weights according to the
optimization process [56]. The fusion density provided by
the fusion rule (20) is a minimization of the weighted sum of

the KLD with respect to the density to be fused.
= arg ir;f(wlDKL(nllﬂ,lc) + szKL(nlln,i)). (21)

Among them

DKL(7T||7I§<)é J 7(X)log 77:((??) 0X. (22)

The density of N multitargets and their corresponding
fusion weights are paired into a set; that is, [| = (71, w)sen 3
GCI divergence G(]]) is defined as [57]

G(IT) =min ¥ @Dis (aim) = toge([T). 3

Among them

C(H) - J [T (7 (x)]*6x, (24)

seN

where the GCI coefficient ¢ (]]) satisfies 0<c(]]) < 1.
For simplicity, only two sensors are considered.
According to GCI fusion rules, Poisson RFS with PHDs
Di (x) and Di (x) are fused to produce a Poisson RFS fused
with PHD

D* (x) = Dy (0] [Df (0] (25)
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When PHD is represented by GM, the above results
cannot be calculated in closed form because the exponent of
GM cannot be GM, so there is an approximation strategy to
approximate each power [D! (x)] to a GM. For example,

N!

Z aic,iN<x; ﬁ/léc,i’ I’i,;‘)’ (26)

i=1

[D}.(x)]" =

where mfc is the mean of the ith Gaussian component of

sensor [ at time k, sz is the covarlance of the ith Gaussian
component of sensor [ at time k, and @, is the weight of the
ith Gaussian component of sensor [ at time k. Then, compute
the fusion PHD

N! N?
12 12 12
= Z Z “ki,jN(x’ My i pk,i,j)' (27)
i=1 j=1
Among them
~2 \—1 -1
pkl] [(pkz) +(pk,j) ] > (28)
1,2 12 (/=1 \1-1 ~2\-1_»
My = pk,i,j[(pkj) my; +(pk,j) mk’j], (29)
~1 2 _1 -2 1 2
“klf - “kI“kJN(mk,i — M3 0, Py + pk,j)' (30)

my? » it j» and o ; are the mean, covariance, and
weight of the fused Gaussian components, respectively.

3. Problem Analysis

3.1. GCI Fusion Mismatch Analysis. 'This paper analyzes the
situation of GCI fusion when it is applied to different FoV’
sensors by actual scene and discusses the reasons why GCI
fusion may fail in this case.

Considering a distributed sensor network with two
sensors, GM-PHD filtering is used for tracking. The ob-
servation area is [—2000,2000] x [0,2000] (m?). For sim-
plicity, the two targets move in a circle. The survival
probability is p,, = 0.99, and the p0s1t10ns of the two
sensors are p; = [-1000, 0]” , P, = [500, 0]”.

Each sensor has a limited FoV, which can only detect
targets with relative angles in the interval [-60°, 60°]. Detect
probability pp, = 0.98 in FoV; otherwise it is 0. The true
trajectory is shown in Figure 2, and the cardinality esti-
mation is shown in Figure 3.

As can be seen from Figure 2, Target 1 can only be
detected by Sensor 1, and Target 2 can only be detected by
Sensor 2. Therefore, the PHD of Sensor 1 does not contain a
Gaussian component representing Target 2, whereas the
PHD of Sensor 2 does not contain a Gaussian component
representing Target 1, and the Gaussian component of
Sensor 1 and the Gaussian component of the Sensor 2 are far
apart. The result is that the tracking performance after fusion
is obviously worse than that of a single sensor, and the
number of targets after fusion is 0.

The essence of GCI fusion rule is the weighted multi-
plication between target densities. Only when both sensors
detect the same target can the fusion process proceed

5
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FIGURE 2: Real track.

2.5 T T T T T T T T T
2
1.5 F b
g
s
g
z
N .
0.5 B
0 ' 1 1 ' ' ' s y '
0 10 20 30 40 50 60 70 80 90
time (s)
- GCI fusion - sensor 1
- sensor 2 —— number of true targets

FIGURE 3: Estimated number of targets.

normally. When a sensor does not detect a target, its PHD
would approach zero in the corresponding region of the state
space. Even if another sensor can detect the target and there
are Gaussian components with nonnegligible weights in this
region, the application of GCI fusion rules would signifi-
cantly reduce such weights. Targets may be lost in the fused
multitarget distribution, as happens in simulation. It can also
be seen from GCI fusion, implemented based on the GM
method (18), that large distances between Gaussian com-
ponents result in small fusion welghts because N (/my; -
mk], 0, py; + ka) tends to zero as 771 ; — mkj increases.

3.2. Label Inconsistency Analysis. In addition to PHD fusion,
in order to form continuous tracks, Gaussian components
also carry corresponding label information [57], so it is also
necessary to fuse corresponding labels, and each Gaussian
component is assigned a unique label

Iy ={rp.. .7t} (31)

7 represents the label of the ith Gaussian component.
Due to the inherent hypothesis of complete consistency
between labels of different sensors, the parallelization of GCI



is actually realized. However, as pointed out in [57], it is
precisely because of this inherent hypothesis that when
labels are inconsistent, the performance of GCI fusion would
drop sharply, which is called label inconsistency. Label in-
consistency means that the same target is assigned different
labels in different sensors.

In practice, even if the local filter works well, GCI fusion
may not produce accurate results because the hypothesis of
label consistency is difficult to guarantee. There are many
reasons for label inconsistency, such as uncertainty in
measurement, that is, noise, clutter, and low detection
probability; take local pruning operation, etc.

Consider a set of multitarget densities and corre-
sponding weights [ = {(77,, w,)},c» where each 7 is defined
in F(X x 1,) and supports F(X xI). Each 7, is an unla-
beled version of 7; given a set of unlabeled target states, and
X1,-++,X,, the label information is described by the con-
ditional joint probability distribution of its corresponding
label 7,---,7,.

R R e S D)

,x,}) accords the following

Among them, 7({x,,...
marginal distribution [58].

Aol = Y

m({(xqla), s (xuler,)}). (33)

For n object states x,, . . ., x,, they are labeled as I"", and
each marked mode can be expressed as a vector
(etg,...,,) €I that is, x; is represented as «;, and

@ ({(11x1), ..., (1,]x,)}) denotes the probability of the

possible hypothesis label (7y,---,1,) for state x,---, x,
Using the GCI coefficient
@, ({(1ylx1), -+, (1,lx,)}),s € N between multiple condi-

tional multilabel distributions, for a given set of unlabeled
state x,- -, x,, the label inconsistency can be described as

Un = ({xl,...,xn})
= Y [ledEk). o ml)ple - GY

According to the distribution of X represented by the
fusion density m,(-) returned by the GCI fusion of
[1 = {(ms, w,)},en- the statistical average of GCI coefficient
ur (X) in the state space is taken, where each 7 is unlabeled.
The following label inconsistencies are defined according to
[57].

Definition 1. The label inconsistency index between the
multitarget densities of labels in IT is defined as

de(ID G (M) - G(I) = ~log E, [y (X)), (35)

wherein E, () is an expectation with respect to the prob-
ability density 7, i.e., the fusion density returned from the
density in GCI fusion.

Introducing target probability and nontarget probability
into [23]
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Py(n) =1-n(D),
P, (n) = n(9),

(36)

where 7 denotes a posterior density. Only when the prob-
ability of the target is greater than the given threshold can the
target be recognized as existing. GCI fusion 7, of matched
labels can be written as the target probability of GCI fusion
7, of corresponding unmatched labels [57]:

P, (m,)=1- e [1 -P, (nw)]. (37)

The following inequality holds [57].
0<P,(m,)<P,(m,) (38)

These results show that given that p, (m,) and p, ()
decrease exponentially with the increase of label inconsistency
index d; (I1), when the target probability P, () is lower than
a given threshold [59], the GCI fusion of IT cannot judge the
existence of the target, so the GCI fusion performance of label
multitarget density is very sensitive on d; (IT).

4. Solutions

4.1. Distinguish Gaussian Components. Based on the analysis
in Section 3.1, Gaussian components need to be treated
differently. The specific measure is to divide Gaussian
components according to whether they only enter the FoV of
one sensor but not the intersection of the FoV of the sensor.
Suppose g7 = {w!",m?, p’}s = i j, 50 G, = {7}
and G =191, .. ;. represent the Gaussian components
obtained by sensors i and j, respectively. The Gaussian
component from the sensor i but not in the FoV intersection
range is obtained by the following equation:
D
G ={g" € Glm]" ¢ FoV ;}. (39)
The remaining components are given by the following
equation:

G =G, -GP. (40)

Similarly, the Gaussian component from the sensor j but
not in the FoV intersection range is obtained by the fol-
lowing equation:

G} ={g} € G,lm? ¢ Fov }. (41)

The remaining components are given by the following
equation:

G]? =G, - Gj?. (42)

After obtaining the segmented Gaussian component, G©
and G¢ are fused according to equitcion (17), and the
resulting fused PHD is expressed as D, . In addition, the
remaining GP and G? corresponding PHD are represented
D? by Df and DY, and the final PHD fusion can be
expressed as

D, =D + D} + DY, (43)
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This means that the PHD fuses only for the Gaussian
components from G¢ and G¢, while the Gaussian compo-
nents corresponding to the G; and G]C are added directly to
the fused PHD.

4.2. Improved Label Fusion. In the range of multisensor FoV
intersection, besides PHD fusion, label inconsistency in the
fusion process should also be considered. As mentioned
earlier, when labels are inconsistent between different
sensors, the traditional GCI fusion performance of label
multitarget density would deteriorate. An effective solution
to solve label inconsistency is to match labels with different
posterior PHD when fusing posterior PHD from different
sensors at every moment, so that the same label corresponds
to the same target when fusing labels.

Fusion of two label multitarget posterior PHD from
sensor a and sensor b is considered, respectively. Two PHD
posteriors are paired with their corresponding fusion
weights and are collected into a set, which is represented by
{(w,, m,), (wy, m,)}. The definition of label matching de-
scribing the corresponding hypothesis between two node
labels is given below.

A label matched from a label in L, to a label in L, is
defined as bijective ¢: L, —> L, where L, and L, represent
the label space of sensor a and sensor b, respectively. The set
of all these label matches, denoted as I'(L,, L), is called the
label match space for L, and L,. For any subset ICL,, define
c(I)éUldc(l) and ¢(I) as images of [.

Label matching should be defined over the entire label
space because a nonzero probability label of one sensor may
correspond to a zero probability label of another sensor. For
example, due to random error detection by one sensor, a
label with a probability less than the threshold can be
trimmed or truncated, while it may have a high probability
in the corresponding label of another sensor because the
other sensor can detect it well.

Each label matching hypothesis is the hypothesis that ¢
represents each label [ of sensor a corresponding to a label
¢(I) of sensor b, which represent the same target. In order to
ensure the consistency of labels between sensor a and sensor
b, a feasible method is to relabel the label multitarget state X
of one sensor by using the labeling method of another
Sensor.

Sensor a is used as a reference point and sensor b is used
as a relabeled sensor. Under the hypothesis ¢ of label
matching, the label multitarget state {(x;,1,),. .., (x,,1,)} of
sensor b is relabeled by the labeling mode of sensor a, and the
labeled multitarget state can be expressed as
{(x1,1)), ..., (x,,1,)}. Therefore, the label multitarget pos-
terior representation of the relabeled sensor b is expressed as
néo (X), and the function is

02 (e 1), - (0 L)}
=1, ({(xp (1)) » (K s (L)D):
The statistical data of the state of the unlabeled object

before and after the relabeling remains unchanged because
the unlabeled data of m,(X) and nb“) (X) are identical

(44)

according to equation (33); ie., the relabeling process
changes only the label information described by the con-
ditional multilabel distribution.

In order to evaluate the quality of label matching, the
label inconsistency index in equation (29) is used to measure
the difference of label information in 7, (X) and néﬁ (X).
Then, the best label matching with ¢ is selected as the index
of minimizing label inconsistency dg ({7,, w,}, {né‘),wh}),
that is,

¢" =arg

i, do(me b fmSwnb) s

Minimization (35) is equivalent to reducing the adverse
effects of label inconsistencies on GCI fusion. Once an
op'Eimal match ¢* is obtained, GCI fusion of m,(X) and
néc )(X) is performed on the label state space, thereby
returning the fusion density 7, (X).

This means that the target labels and states are fused by
GCI in the intersection range of sensors’ FoV, while the
targets outside the intersection range are directly added to
the final fused multitarget states according to the states and
labels provided by each sensor.

5. Simulation Verification

5.1. Experimental Parameter Setting. In the simulation, GM-
PHD filter is used to verify the tracking performance of the
proposed fusion algorithm, and the proposed fusion algo-
rithm FoV is carried out in a finite linear sensor. In order to
verify the effectiveness of the proposed algorithm in MTT
scene, the improved GCI-GM-PHD algorithm is compared
with the traditional GCI-GM-PHD algorithm, and the finite
FoV Sensor 1 using GM-PHD filter and the finite FoV
Sensor 2 by GM-PHD filter are compared. The experimental
parameters are set as follows.

The tracking scene is set to multiple targets in four
possible locations or derived from other targets, and the
observation area is [—1000,1000] x [-1000, 1000] (m?).
There are six targets in the scene. For simplicity, it is as-
sumed that each target moves in a straight line at a uniform
speed.

The state vector of the target consists of position and
velocity components: x; = [py Py ViVykl, and its state
equation is

—T2 -
— 0
2
10T 07
T2
010T 5
xk = xk_l + 0 wk_l. (46)
0010
0
LO O 0 1. T
L T |




The sampling interval T'is 1s, the total tracking time is
100, and the process noise is wy ~ N (0, 5). The intensity of
new target is as follows:

4
Vi (x) = Z ‘Uly,kN(XQ m;,k’P;,k)' (47)

i=1
| Among them, my, = [0;0; 0; -10]",
= [0;400;3;-7]", m3, = [-800; 800;3;15]", and

m}‘/l; = [600; 100; 15; -5]". "The we1ghts of new target

), ) = 0.03, the process noise of new targets obeys Gaussian

dlStI‘lbuthI’l and the mean value is zero. The covariance is
¢ i = diag ({100,100, 100, 100]).

In the Gaussian component pruning and merging section,
the truncation threshold of the Gaussian component is set to
10~°. The state extraction threshold is set to 0.5, the merging
threshold is set to 10, and the maximum number of Gaussian
components is 100. The number of Monte Carlo simulations
is 100. Evaluating tracking quality by OSPA distance:

min Z' | (g ( (x;@iz(')))p + cp(|?ck| —|xk|).

||

OSPA,, (10 %) = \

(48)

X is the target state vector; the two parameters of OSPA
distance are set to p =1 and c =200, respectively. The
smaller the OSPA distance, the higher the accuracy of target
state estimation.

Two sensors are located at (—500m,-1000m) and
(500 m, —1000m), respectively, which provide measure-
ments of unknown targets. Each sensor has a limited FoV
with a detection radius of 2000 m, which can only detect
targets with relative angles in the interval [-60°,60°]. In
FoV, the detection probability is constant; that is,

s {0.95, x € FoV, (49)
Pp= 0, x ¢ FoV ..

For s = 1,2, the measurement vector is position infor-
mation: z = [p, P, J; the measurement equation is given
by the following equation:

[1000] 50)
zZ, = X + Vi
lo1oo/ " *

where noise is measured as v, ~ N(0,5). Clutter follows
uniform Poisson RFS, with an average of 60 clutter points
per scan (A = 60).

5.2. Simulation Results. Figure 4 shows a simulated multi-
target motion scene in which the target has cross motion,
Target 1 is in the detection field of Sensor 1 but not in the
detection field of Sensor 2, and Target 2 is in the detection
field of Sensor 2 but not in the detection field of Sensor 1.

Figure 5 shows the tracking results of Sensor 1 in a
limited FoV. The black solid line in the figure is the real
trajectory of the target, the colored points are the estimation
of the target trajectory by the sensor, and the dense gray
points are the measurements. It can be clearly seen that

Mathematical Problems in Engineering

true scene
1000

800 [
600 [
400 [~

200 |

s [

-600

~1000 fainY Il P ]
-1000 -500 0 500 1000
x-axis (m)

FIGURE 4: Real target trajectory.

Target 2 is completely lost by Sensor 1, because the esti-
mation of the sensor does not appear on its true trajectory.
Sensor 1 and Sensor 2 use traditional GM-PHD filters. Due
to the influence of clutter, clutter points will be regarded as
real targets, and label allocation will become blurred and
unclear when targets move across. Figure 6 shows the
tracking result of Sensor 2 under limited FoV. Its tracking
result is similar to that of Sensor 1, and the tracking of Target
1 is lost. When the target moves across, the estimated value
will become uncertain, and the trajectory of the target will be
temporarily lost.

Figure 7 shows the tracking results of two sensors fused
by traditional GCI algorithm. It can be seen that the target
tracking performance in the intersection of two sensors’ FoV
will be improved by using traditional GCI algorithm, but
there will be a phenomenon of wrong label allocation.
Traditional GCI fusion algorithm will directly lose Target 1
and Target 2 outside the intersection of two sensors’ FoV.
The reason is that Sensor 1 loses tracking Target 2 and Sensor
2 loses tracking Target 1, which directly leads to the loss of
Target 1 and Target 2 in the fusion process.

Figure 8 shows the tracking result of fusing two sensors
with the improved GCI algorithm. It can be seen that not
only is the tracking effect of the target in the intersection
range of the two sensors’ FoV better, but also the phe-
nomenon of inconsistent labels does not appear when the
target crosses, and the tracking effect of the improved GCI
fusion algorithm for Target 1 and Target 2 is still preserved
outside the intersection range of the two sensors’ FoV.

Figures 9 and 10 show OSPA distance comparisons and
position comparisons for Sensor 1, Sensor 2, the traditional
GCI-GM-PHD algorithm, and the improved GCI-GM-PHD
algorithm, respectively. Target 1 starts to move from 60
seconds, and Target 2 starts to move from 80 seconds. From
the OSPA distance comparison in Figure 8, it can be seen
that the error of Sensor 1 increases sharply at 80 seconds,
Sensor 2 increases sharply at 60 seconds, and GCI fusion
algorithm also increases sharply at 60 seconds, because the
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target information of the two sensors is inconsistent. The
improved GCI fusion algorithm avoids this problem and still
keeps a low error after 60 seconds. Due to the clutter, the
error of the traditional GM-PHD filter will still increase
sharply. In the follow-up research, we can consider im-
proving the filter used in the sensor. It can be seen from
Figure 10 that the position error of the improved GCI fusion
algorithm is the lowest, which also directly proves the im-
provement of tracking performance of the improved fusion
algorithm.

Figure 11 shows a comparison of target number esti-
mates for Sensor 1, Sensor 2, the traditional GCI-GM-PHD
algorithm, and the improved GCI-GM-PHD algorithm. It
can be seen from the results in Figure 10 that the target
number estimation results are consistent with the OSPA
distance comparison results. Sensor 1 has a decrease in the
target number estimation at 80 seconds, Sensor 2 has a
decrease in the estimated number at 60 seconds, and tra-
ditional GCI fusion algorithm has a decrease in the number
estimation at 60 seconds, while two targets are missed at 80
seconds. However, the improved GCI fusion algorithm
performs well in target estimation, and there is no target
loss. Figure 12 shows the potential estimation error com-
parison diagram of Sensor 1, Sensor 2, traditional GCI-
GM-PHD algorithm, and improved GCI-GM-PHD algo-
rithm, which also reflects the error of target number es-
timation result from another angle and verifies the
improvement of tracking performance of improved GCI
fusion algorithm.

5.3. Algorithm Performance Comparison Simulation after the
Number of Targets Increases. In order to verify whether the
proposed algorithm in this paper can be adapted to the case
of more targets, 12 targets are added in scenario three, and
the maximum number of targets surviving at the same time
is 10. The clutter rate A = 30, a set of single-sensor experi-
ments are added to the simulation, assuming that it has an
infinite field of view, and GM-PHD filtering is used to
compare the performance of different algorithms, and other
parameters settings are the same as 5.1. The simulation
results are shown in Figures 13 and 14.

As shown in Figure 13(b), in the case of the increasing
number of targets, the algorithm in this paper as a whole
achieves well the target tracking effect after increasing the
number of targets, despite the occurrence of mistakenly
treating the clutter points as targets.

From Figures 14(a) and 14(b), it can be seen that the
algorithm proposed in this paper can be well adapted to the
situation where the number of targets increases. In terms of
OSPA error, the algorithm in this paper shows the best
performance. From Figures 14(c) and 14(d), it can be seen
that the algorithm in this paper is significantly better than
the remaining two algorithms in terms of target number
estimation, which indirectly proves the stability of the al-
gorithm in this paper in the case of the increasing number of
targets.

The stability of each algorithm is added in this scenario
for different clutter rates and different detection probabil-
ities. From Figures 15(a) and 15(b), it can be seen that the
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F1GURE 14: Tracking simulation effect of each algorithm in scene three: (a) OSPA distance comparison; (b) OSPA location comparison; (c)
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improved GCI-GM-PHD algorithm in this paper has the
best stability, which indirectly proves the effectiveness and
robustness of the algorithm in the multitarget tracking
environment.

6. Conclusion

This paper presents an effective and robust method for
multitarget and multisensor fusion with limited FoV in
distributed environment. Beginning with the analysis of GCI
fusion defects of multisensor limited FoV, it puts forward a
solution of dividing local Gaussian components into regions
and theoretically analyzes the label inconsistency in the
process of sensor fusion. What is more, it proposes to find
the best match between labels of different sensors by
minimizing the label inconsistency index and fuses the
Gaussian components corresponding to the matched labels
accordingly. The effectiveness of the proposed method is
verified by simulation experiments.

In future work, the distributed multisensor fusion
method can be applied to more fields. As the air traffic
problem mentioned in [60-62], in order to avoid air acci-
dents, this method can be used to install several sensors on
the aircraft to avoid collisions, classify the objects, and track
them.
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