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Abstract—Resolvable group target tracking is of great chal-
lenge due to the complex motion interaction between group
targets, which leads to tracking performance degradation. To
solve this problem, a cardinality-balanced multi-target multi-
Bernoulli filter based on the graph theory and leader-follower
model is proposed. In the proposed filter, firstly, the group
targets are divided into leaders and followers by mean of the
leader-follower model. Furthermore, the graph theory is used
to establish the state transition equations between those divided
group targets. Lastly, the process of state prediction is given, and
its corresponding implementation is derived by Gaussian mixture
approximations. Simulation experiments verify the superiority
and effectiveness of the proposed filter.

Index Terms—Graph theory, leader-follower model, multi-
target multi-Bernoulli filter, resolvable group target tracking.

I. INTRODUCTION

Resolvable group target tracking (RGTT) has been inten-
sively studied in the field of radar, sonar, visual and so on.
[1]–[5]. Resolvable group target is defined as a group of targets
that interact with the motion model, and each target locates in
a single resolution cell [6]. In such scenario, different from the
traditional multi-target tracking, the interaction between group
targets plays an indispensable role in the tracking or filtering
process [7]–[9]. Therefore, how to design the interaction model
between group targets is critical for group target tracking,
which can further improve tracking performance [10].

Along this direction, there are diverse interaction models for
group target tracking, which can be classified into different
categories depending on the motion state of group targets.
Specifically, the existing interaction methods for RGTT can
be mainly classified into two categories, i.e., stochastic dif-
ferential equation (SDE) and graph structure. For the SDE
methods, [11] adopts SDE to describe the repulsive force and
restoring force between group targets in order to establish a
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group target motion model. To further improve the tracking
performance, [12] utilizes the SDE to derive a single-target
state transition equation (STE) for revising the prediction
process of the standard multi-Bernoulli filter. For the graph
structure methods, they regard targets as vertices and the
relationships between targets as lines in the graph, such that the
topological structure between group targets can be formulated
based on the graph theory [13]. For example, [14] relies
on the graph structure methods to represent the interaction
between groups and then obtain an identification method of
the group splitting and merging. [15] combines the SDE and
graph theory to obtain the labeled multi-Bernoulli (LMB) filter
for tracking group targets with interaction.

After determining the group targets interaction model, the
choice of filtering methods is also crucial. Due to the ex-
cessive number of group targets, it will lead to complex
calculation problems in the data association process [16]–[18].
Compared with traditional data association methods, such as
joint probabilistic data association filter (JPDAF) [19] and
multiple hypothesis tracker (MHT) [20], random finite set
(RFS) based filters provide a more effective solution as it
does not require data association [21], [22]. For example,
probability hypothesis density (PHD) filter [23] can propagate
the first-order moment of multi-target states to complete the
prediction, whereas cardinalized PHD (CPHD) filter [24] prop-
agates the moments and cardinality distributions to implement
target tracking. Different from PHD and CPHD filters, multi-
Bernoulli (MB) filter propagates the parameters of a MB dis-
tribution to approximate the posterior multi-target density. To
further alleviate estimation error in the MB filter, the cardinal-
ity balanced multi-target multi-Bernoulli filter (CBMeMBer)
filter is proposed in [25]. Unfortunately, the trajectories of
targets cannot be obtained in the above-mentioned filters. To
solve this dilemma, the generalized labeled multi-Bernoulli
(GLMB) [26] and labeled multi-Bernoulli (LMB) [27] filter
are proposed to output complete trajectories. Moreover, there
are close link between traditional filters and some RFS filters
when targets can be born with large spatial uncertainties [28].



In general, the selection of filters is flexible, and can be
changed according to the practical scenarios [29], [30].

Although most of the above-mentioned filters exhibit excel-
lent performance in the specific scenarios, it is worth noting
that most of the existing works still face serious challenges in
the RGTT scenario, such as the limitations of target interaction
models and the accuracy of group targets tracking, etc. Thus,
in this paper, we propose a novel CBMeMBer filter based
on graph theory and leader-follower model, namely, GTLF-
CBMeMBer filter, which is shown in Fig. 1. Firstly, it utilizes
the leader-follower model to divide group targets. Secondly,
the graph theory is adopted to establish the STE of leader
and follower. Finally, we derive the prediction step and its
corresponding implementation to obtain the complete filter for
the resolvable group target tracking scenario.
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Fig. 1. The structure of proposed GTLF-CBMeMBer filter.

In summary, the main contributions of this paper are as
follows.

1) By using the leader-follower model, the group structure
estimation and separation method is proposed, and then, the
STE for group targets is formulated based on the graph theory.
Different from the graph structure method in [14], we consider
the target position and velocity simultaneously for a given
group to ensure a higher accuracy of motion model.

2) We propose the GTLF-CBMeMBer filter and deduce
its prediction along with the corresponding implementation
methods. Simulation verifies that the proposed filter is superior
to the traditional CBMeMBer filter.

The remainder of this paper is organized as follows. Section
II introduces the standard CBMeMBer filter, graph theory
and leader-follower model. Sections III derives the STE of
group target. The prediction of GTLF-CBMeMBer filter and
its implementation are given in Section IV. Finally, conclusions
are drawn in Section V.

II. PRELIMINARIES

This section provides the basic concepts of the standard CB-
MeMBer filter, graph theory, and the leader-follower model.

A. Standard CBMeMBer Filter

1) Bernoulli RFS and Multi-Bernoulli RFS: A Bernoulli
RFS on state space X can be treated as the existence proba-

bility r and a state density p(x), and its probability density
is

π(X) =

{
1− r, X = ∅
r · p(x), X = {x}. (1)

Similarly, a multi-Bernoulli (MB) RFS is a union of a
fixed number of independent Bernoulli RFSs X(i) with the
existence probability of the i-th target r(i) ∈ [0, 1] and the
probability density of the state conditioned on its existence
p(i)(x), i = 1, ...,M , i.e., X = ∪Mi=1X

(i). Hence, the
MB RFS is completely characterized by MB parameter set
{(r(i), p(i))}Mi=1. For {x1, x2, · · · , xn} in X , the probability
distribution can be expressed as π(∅) =

∏M
j=1 (1− r(j)) and

π({x1, . . . , xn}) = π(∅)
∑

1≤i1 6=···6=in≤M

n∏
j=1

r(ij)p(ij)(xj)

1− r(ij)
.

(2)

2) Prediction and Update Step: The standard CBMeMBer
filter is mainly composed of prediction and update steps. For
the step of prediction, at time k−1, suppose that the posterior
multi-target density is a multi-Bernoulli distribution given by

πk−1 = {(r(i)
k−1, p

(i)
k−1)}Mk−1

i=1 , (3)

then the predicted multi-target density is also a multi-Bernoulli
distribution and is given by

πk|k−1 = {(r(i)
P,k|k−1 , p

(i)
P,k|k−1 )}Mk−1

i=1 ∪ {(r(i)
Γ,k, p

(i)
Γ,k)}MΓ,k

i=1 ,
(4)

where
r

(i)
P,k|k−1 = r

(i)
k−1〈p

(i)
k−1, Ps,k〉, (5)

p
(i)
P,k|k−1 (x) =

〈fk−1(x |· ), p(i)
k−1Ps,k〉

〈p(i)
k−1, Ps,k〉

. (6)

Here, fk−1(· |ς ) denotes the single target transition density
at time k, given previous state ς , whereas Ps,k(ς) is the
probability of target existence at time k, given previous state
ς . 〈f, g〉 =

∫
f(x)g(x)dx, and {r(i)

Γ,k, p
(i)
Γ,k}

MΓ,k

i=1 denotes birth
parameter of the multi-Bernoulli RFS at time k.

For the step of update, at time k, suppose that the predicted
multi-target density is a multi-Bernoulli distribution in the
form of

πk|k−1 = {(r(i)
k|k−1 , p

(i)
k|k−1 )}Mk|k−1

i=1 . (7)

Then, a multi-Bernoulli approximation with cardinality-
unbiased can be used to model the posterior multi-target
density, i.e.,

πk ≈ {(r(i)
L,k, p

(i)
L,k)}Mk|k−1

i=1 ∪ {(r∗U,k(z), p∗U,k(·; z))}z∈Zk
, (8)

where

r
(i)
L,k = r

(i)
k|k−1

1− 〈p(i)
k|k−1, PD,k〉

1− r(i)
k|k−1 〈p

(i)
k|k−1, PD,k〉

, (9)

p
(i)
L,k(x) = p

(i)
k|k−1 (x)

1− PD,k
1− 〈p(i)

k|k−1, PD,k〉
, (10)



r∗U,k(z) =

∑Mk|k−1

i=1

r
(i)

k|k−1
(1−r(i)

k|k−1
)〈p(i)

k|k−1
,ψk,z〉

(1−r(i)

k|k−1
〈p(i)

k|k−1
,PD,k〉)

2

κk(z) +
∑Mk|k−1

i=1

r
(i)

k|k−1
〈p(i)

k|k−1
,ψk,z〉

1−r(i)

k|k−1
〈p(i)

k|k−1
,PD,k〉

, (11)

p∗U,k(x; z) =

∑Mk|k−1

i=1

r
(i)

k|k−1

1−r(i)

k|k−1

p
(i)
k|k−1 (x)ψk,z(x)

∑Mk|k−1

i=1

r
(i)

k|k−1

1−r(i)

k|k−1

〈p(i)
k|k−1 , ψk,z〉

. (12)

Here, Zk is the measurement set at time k. ψk,z(x) =
gk(z |x )PD,k(x), where gk(· |x ) and PD,k(x) respectively de-
note the single target measurement likelihood and probability
of target detection at time k, given current state x. κk(·) is the
intensity of Poisson clutter.

B. Graph Theory

Graph theory provides an effective system modeling method
for group target movement. A graph G is a pair (ν, ε) that
consists of a set of vertices ν = {1, 2, ..., n} and edge ε ⊆
{(i, j) : i, j ∈ ν, j 6= i}, which means that the graph is in
general directed and has no self-loops. Whether (i, j) ∈ ε ⇔
(j, i) ∈ ε is established, the graph can be defined as undirected
and directed graph, respectively.

The adjacency matrix A of a graph is a nonzero elements
matrix, and it satisfies ai,j ∈ A 6= 0⇔ (j, i) ∈ ε and AT = A.
For an undirected graph, the set of neighbors of node is defined
as

Mi = {j ∈ ν : ai,j 6= 0} = {j ∈ ν : (i, j) ∈ ε}. (13)

C. Leader-Follower (LF) Model

Different from the traditional target motion model where all
targets are moving independently, the targets in the LF model
have two target motion states.

• Target being a leader (TL) determines the primary motion
state of the group.

• Target being a follower (TF) is guided by the TL within
the same group, and its motion state is constrained by
both itself and the TL.

In a RGTT scenario, it consists of different group target
interaction, including group merging and splitting. As shown
in Fig. 2, the TL is responsible for interacting with the TF,
whereas the TF is only responsible for interacting with the TL
to make corresponding adjustments according to the TL.

III. THE STE FOR GROUP TARGET

Different from traditional multi-target tracking scenarios,
group target tracking pays more attention to the estimation
of group state, structure, and number of subgroups. In this
section, we derive the STE of group target to enhance the
prediction process of the standard CBMeMBer filter and
present the graph structure method to estimate the number
of subgroups.
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Fig. 2. The schematic diagram of the LF model in a RGTT scenario.

A. Dynamic Models for TL

Before specifying the motion state for the TL, two
necessary assumptions are indicated as follows.
Assumption 1. Each group can only contain at most one
leader.
Assumption 2. The foremost target in the movement direction
is the leader in each group.

For the TL, its motion state is only related to itself preceding
motion state, so it can be modeled using a general movement
model. For TL j with the state x(j)

k = [x
(j)
k , v

(j)
x,k, y

(j)
k , v

(j)
y,k]>,

where the superscript > denotes matrix transpose, the move-
ment state model of leader can be expressed as

x(j)
k+1 = F(j)

k x(j)
k + v(j)

k ,

z(j)
k+1 = H(j)

k x(j)
k + n(j)

k ,
(14)

where F(j)
k is the state transition matrix, and H(j)

k is the mea-
surement matrix. Here, v(j)

k and n(j)
k are zero-mean Gaussian

noise that are independent of each other, and the corresponding
covariance is recorded as Q(j)

k and R(j)
k , respectively. Then,

the state transition density and likelihood function can be
expressed as

f
(

x(j)
k+1

∣∣∣x(j)
k

)
= N (x(j)

k ; F(j)
k x(j)

k ,Q(j)
k ), (15)

g
(

z(j)
k+1

∣∣∣X(j)
k+1

)
= N (z(j)

k ; H(j)
k x(j)

k+1,R
(j)
k+1), (16)

where N (·;m,P) is the Gaussian density with mean m and
covariance P.

B. Dynamic Model for TF

For TF i with the state x(i)
k = [x

(i)
k , v

(i)
x,k, y

(i)
k , v

(i)
y,k]> in

which i 6= j, its state is mainly dependent on TL j. Then,
the state of TF i can be modeled via the graph theory

ai = α(x
(i)
k − x

(j)
k ),

bi = β(vix,k − v
j
x,k),

ci = α(y
(i)
k − y

(j)
k ),

di = β(v
(i)
y,k − v

(j)
y,k),

(17)



where α and β are the position and velocity effects of the
TL on TF, respectively. The larger the value of α, the faster
the TF will approach the TL, and their relative positions will
become smaller.

Consider the following linear model for TF x(i)
k in group

Gi with directed graph structure

x(i)
k+1 =

∑
l∈g(i)

ω
(i)
k−1(l)

[
F(i)
k x(j)

k + ∆b(i)
k

]
+ v(i)

k , (18)

where g(i) is a vertex set denoting all the father vertices for
vertex i, and

F(i)
k =


1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1

 , (19)

∆b(i)
k =

[
bi
β
T +

ai
α
,
bi
β
,
di
β
T +

ci
α
,
di
β

]>
, (20)∑

l∈g(i)

ω
(i)
k−1(l) = 1, ω

(i)
k−1(l) ∈ [0, 1]. (21)

To formulate the interaction process of dynamic model be-
tween TL and TF, a real distance variable ∆d(i)

k is introduced
to establish the connections between them. Different from
∆b(i)

k , the real distance variable ∆d(i)
k at time k can be obtain

as
x(i)
k = x(j)

k + ∆d(i)
k . (22)

Combining (18) and (22), based on the Assumption 1, we
have g(i) = 1, and x(i)

k+1 can be simplified as

x(i)
k+1 = F(i)

k x(i)
k − F(i)

k ∆d(i)
k + ∆b(i)

k + vk

= F(i)
k x(i)

k + ∆Bk + vk

= F(i)
k x(i)

k + Vk,0,

(23)

∆Bk = ∆b(i)
k − F(i)

k ∆d(i)
k , Vk,0 = ∆Bk + vk. (24)

Proposition 1. Given the dynamic model (18), if (1) The
group target state model is one of the following models, such
as the constant acceleration (CA), the constant velocity (CV)
and the constant turn rate (CT) models; (2) The real distance
variable is non-random, i.e., E(∆d(i)

k ) = ∆b(i)
k , where E(·)

denotes the mathematical expectation. Then, the collaborative
noise vk,0 is also Gaussian and can be expressed as

Vk,0 ∼ N (0,Nk,0), (25)

Nk,0 = Fk(Pjk − Pik)F>k + Q(i)
k , (26)

where Pjk and Pik denotes the covariance of TL j and TF i,
respectively. When Pjk = Pik, the dynamic model of the TF will
degenerate to the general multi-target tracking model, which
means that the standard CBMeMBer filter can be directly used
for group targets.

Proof: For the fixed formation and nonrandom displacement

vector, the real distance variable ∆d(i)
k has the following forms

∆d(i)
k = [∆b(i)

k,x, 0,∆b(i)
k,y, 0]CV , (27)

∆d(i)
k = [∆b(i)

k,x, 0, 0,∆b(i)
k,y, 0, 0]CA,CT . (28)

where the subscript CV , CA and CT represent the corre-
sponding motion model. Based on (23) and (27), it follows
that the displacement is constant and equals to the true value,
i.e., E(∆d(i)

k ) = ∆b(i)
k , so we have

E[∆Bk] = ∆b(i)
k − Fk∆b(i)

k = (I− Fk)∆b(i)
k = 0. (29)

Thus, the expectation of collaboration noise Vk,0 and process
noise vk is equivalent, i.e., E(Vk,0) = E(vk), which means
that the predicted states of group target tracking are equivalent
to the general multi-target tracking.

Then, the state covariances can be obtained by

∆Pk+1|k = FkP(j)
k F>k + Qk − (FkP(i)

k F>k + Qk)

= Fk(P(j)
k − P(i)

k )F>k .
(30)

If P(j)
k = P(i)

k , we then have ∆Pk+1|k = 0, indicating that
group target tracking is degenerates to the traditional multi-
target tracking. �

C. Structure Models for Group Targets

In general, the estimation of group targets can be classified
into two steps, namely, target state estimation and group
structure estimation. After obtaining the location information
of the group targets, the group structure model for the group
targets can be represented by the adjacency matrix.

Suppose that the target state set at time k is Xk =
{xk,1, xk,2, · · · , xk,N(k)}, the dependent relation of group
targets is modeled by the adjacency matrix Ak. Unfortunately,
the connection relation cannot be directly derived because
of the lack of prior information about the group structure,
and thus, the deviation matrix Sk is used to estimate it. In
particular, if the distance between two vertices is less than a
threshold, they are considered to be related.

The deviation matrix can be defined by the distance between
all pairs of vertices

Sk =


0 sk(1, 2) · · · sk(1, N(k))

sk(2, 1) 0 · · · sk(2, N(k))
...

...
. . .

...
sk(N(k), 1) sk(N(k), 2) · · · 0

 ,
(31)

where sk(i, j) is computed by `2-norm, i.e.,

sk(i, j) = ‖xk,i− xk,j‖2. (32)

Obviously, the deviation matrix is symmetric, i.e., sk(i, j) =
sk(j, i). Then, the adjacency matrix Ak can be given as

Ak(i, j) =

{
1, sk(i, j) < τ
0, otherwise

(33)



where τ is a given distance threshold. After obtaining the
adjacency matrix, the degree matrix Dk can be expressed as

Dk = diag([dk,1, dk,2, · · · , dk,N(k)]), (34)

where diag([·]) stands for the diagonal matrix with

dk,i =
∑N(k)

j=1
Ak(i, j). (35)

Then, the Laplace matrix Lk can be expressed by Ak and Dk
as

Lk = Dk − Ak. (36)

Based on the following Lemma 1, the number of groups can
be obtained by the number of eigenvalues of 0 in the Laplace
matrix Lk.

Lemma 1. The number of eigenvalues of 0 in the Laplacian
matrix equals to the number of connected components in the
graph [31].

For example, suppose that the eigenvalues of the Laplace
matrix Lk are {λk,1, λk,2, · · · , λk,N(k)}, if the graph is con-
nected, λk,j = · · · = λk,j+n︸ ︷︷ ︸

n

= 0 and the other eigenvalues

are non-zero, then the graph has n + 1 exactly connected
components.

IV. THE PROPOSED GTLF-CBMEMBER FILTER

In group target tracking, it is crucial to establish an accurate
interaction model for the group targets, which can further
improve the tracking performance. Therefore, we first establish
the STE of the group target and introduce it to the CBMeM-
Ber filter framework. Then, the GTLF-CBMeMBer filter is
proposed to improve the tracking accuracy in the group target
tracking scenarios. Before elaborating the proposed filter, it is
worth to emphasize that we only focus on the effect of group
structure during the prediction step, while the update step
still follows the standard CBMeMBer filter. In this section,
the prediction step of the GTLF-CBMeMBer filter and the
corresponding Gaussian mixture (GM) implementation will be
presented.

A. Prediction Step

Suppose that the motions of different groups are mutu-
ally independent, then the prediction process can be im-
plemented in parallel. Given the current MB density with
{(r(i)

k , p
(i)
k )}Mk,g

i=1 and the cardinality of groups G, the MB
density of groups at time k can be obtained by

πk = ∪Gg=1{(r
(i)
k,g, p

(i)
k,g)}

Mk,g

i=1 . (37)

Furthermore, assuming that target i is the follower and j is
the leader, for the g-th groups, the predicted MB density can
be denoted as

πk = ∪Gg=1 {(r
(i)
P,k,g, p

(i)
P,k,g)}

Mk,g

i=1︸ ︷︷ ︸
Follower

∪{(r(j)
P,k,g, p

(j)
P,k,g)}j 6=i︸ ︷︷ ︸

Leader

∪{(r(m)
Γ,k , p

(m)
Γ,k )}MΓ,k

m=1︸ ︷︷ ︸
Newbron

(38)

where
r

(i)
P,k,g = r

(i)
k−1,g〈p

(i)
k−1,g, P

(i)
s,k〉, (39)

p
(i)
p,k,g =

〈f (i)
k−1(x |· ), p(i)

k−1,gPs,k〉

〈p(i)
k−1,g, Ps,k〉

, (40)

and
r

(j)
P,k,g = r

(j)
k−1〈p

(j)
k−1,g, P

(j)
s,k 〉, (41)

p
(j)
p,k,g =

〈f (j)
k−1(x |· ), p(j)

k−1,gPs,k〉

〈p(j)
k−1,g, Ps,k〉

. (42)

Here, f (i)
k−1(x |· ) and f (j)

k−1(x |· ) are the STEs of TF i and TL
j, respectively.

B. GM-based Implementation of the Prediction Step

In this section, GM approximations [30] are adopted as the
implementation tool. Specifically, target m in the g-th group
can be expressed as

P
(m)
k,g (x) =

J
(m)
k,g∑
q=1

ω
(m,q)
k,g N (x; x(m,q)

k,g ,P(m,q)
k,g ), (43)

where J
(m)
k,g denotes the number of Gaussian components

(GCs), ω(m,q)
k,g is the weight, x(m,q)

k,g and P(m,q)
k,g are the mean

and covariance of the q-th Gaussian component, respectively.
On one hand, based on the prediction process (38)-(42) and

GM approximations, the prediction step of TF i in the g-th
group is given by

r
(i)
P,k,g = r

(i)
k−1Ps,k, (44)

P
(i)
k,g(x) =

J
(i)
k,g∑
q=1

ω̂
(i,q)
k,g N (x; x̂(i,q)

k,g , P̂
(i,q)

k,g ), (45)

where

ω̂
(i,q)
k,g = ω

(i,q)
k,g ,

x̂(i,q)
k,g = F(i)

k−1x(i,q)
k−1,g + ∆B(i)

k,g,

P̂
(i,q)

k,g = Fk−1,i(P(j,q)
k−1,g − P(i,q)

k−1,g)F>k−1,i + R(i)
k−1,g.

(46)

On the other hand, the prediction process of TL j in the
g-th group is given by

r
(j)
P,k,g = r

(j)
k−1Ps,k, (47)

P
(j)
k,g(x) =

J
(j)
k,g∑
q=1

ω̂
(j,q)
k,g N (x; x̂(j,q)

k,g , P̂
(j,q)

k,g ), (48)

where

ω̂
(j,q)
k,g = ω

(j,q)
k,g ,

x̂(j,q)
k,g = F(j)

k−1x(j)
k−1,

P̂
(j,q)

k,g = Fk−1,jP
(j,q)
k−1,gF>k−1,j + R(j)

k−1,g.

(49)



TABLE I
NEWBORN TARGETS INFORMATION

Target ID Init. Loc(m) Init.Vel(m/s) Brith/Death(s)

1 [100, 800] [24.5, 0] 1/60
2 [100, 900] [24.5, 0] 1/60
3 [200, 850] [25, 0] 1/60
4 [500, 300] [30, 2] 5/45
5 [500, 500] [29.5, -2] 5/45
6 [350, 1500] [30, 0] 10/55
7 [300, 1450] [29.5, 0] 10/55
8 [300, 1400] [29.5, 0] 10/55
9 [350, 1350] [30, 0] 10/55

10 [1000, 600] [-15, 15] 20/60
11 [950, 600] [-15, 15] 20/60

According to (46) and (49), the predicted state of TF
depends not only on the update state of TL, but also on its
own last update state, whereas TL is only influenced by its
own preceding movement state. Therefore, the structure of the
group targets needs to be estimated before performing state
prediction.
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Fig. 3. Ground truth trajectories of the targets, where‘©/4’ denotes the
starting/ending point of one trajectory.

V. PERFORMANCE EVALUATION
In this section, simulation experiments are provided to

evaluate the tracking performance of the proposed GTLF-
CBMeMBer filter in terms of optimal sub-pattern assignment
(OSPA) with Euclidean distance p = 1 and cutoff parameter
c = 100 m. For both standard CBMeMBer filter and the
proposed GTLF-CBMeMBer filters, the detection probability
is Pd= 0.98, and the probability of survival is Ps= 0.99. The
clutter density is uniform with 10 clutter points in average,
the sampling period is T = 1s, α = 0.99, β = 0.985,
τ = 150m. The birth is an MB RFS with the parameter
πB = {(r(i)

B,k, p
(i)
B,k)}11

i=1, where r
(i)
B,k = 0.03 and p

(i)
B,k =

N (x;x
(i)
B , PB) with PB = diag([502, 302, 502, 302]), and the

standard deviation of the measurement noise covariance is

R = diag([σ2
x, σ

2
y]>) (50)
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Fig. 4. The state estimation of the proposed filter.
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Fig. 5. The group number estimation result of the proposed filter.
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Fig. 6. The comparison of OSPA distance between the proposed GTLF-
CBMeMBer filter and the standard CBMeMBer filter.



with σx = 10m and σy = 5m. Furthermore, all simulation
results are averaged by 100 Monte Carlo (MC) trials.

Consider the scenario with four subgroup targets in the
surveillance region [0,2000]×[0,2000] m2, where the initial
state and survival time are given in Table 1, and the target
trajectories are shown in Fig. 3. We plot the x and y com-
ponents (versus time) of the true trajectories, measurements,
and GTLF-CBMeMBer filter estimates. Obviously, the pro-
posed filter demonstrates a well-tracking performance and can
accurately track all targets in the RGTT scenario.

Different from the standard CBMeMBer filter, the proposed
filter is capable of estimating the number of groups. As shown
in Fig. 5, when T = 15s, targets 10 and 11 merge into a single
group, resulting in a decrease in the number of groups; when
T = 35s, targets 6, 7, 8, and 9 split into two groups, resulting
in an increase in the number of groups. It is obvious from
Fig. 5 that the proposed GTLF-CBMeMBer filter accurately
estimates the number of group targets. Note that, the standard
CBMeMBer filter is not capable of estimating the number of
groups due to the lack of prediction of group structure.

Then, the comparisons on average OSPA distance is given
in Fig. 6. Due to the fact that the interaction model of group
targets is accurately established in the step of target prediction,
the proposed filter can accurately establish the interaction
between group targets to improve prediction accuracy. It is
depicted in Fig. 6 that the proposed GTLF-CBMeMBer filter
exhibits a better performance than the standard CBMeMBer
filter.

VI. CONCLUSION

In this paper, by means of the graph theory and leader-
follower model, we proposed a GTLF-CBMeMBer filter for
the resolvable group targets tracking scenario. First, we derived
the STE of the TL and the TF based on graph theory, respec-
tively. Then, combining the CBMeMBer filter for the STE, we
derived the main steps of the proposed filter. Simulation results
show that the proposed GTLF-CBMeMBer filter is superior
to the standard CBMeMBer filter in terms of group target
tracking accuracy.
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