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Abstract. Focusing on the real-time tracking of the ex-
tended target labeled multi-Bernoulli (ET-LMB) filter, this
paper proposes an extended target fast labeled multi-
Bernoulli (ET-FLMB) filter based on beta gamma box
particle (BGBP) and Gaussian process (GP), called ET-
BGBP-GP-FLMB filter. First, a new ET-FLMB filter is
derived to reduce the computational complexity of the ET-
LMB filter. Then, by modeling the target state as an aug-
mented state including detection probability, measurement
rate, kinematic state and extension state, the BGBP-GP
implementation of the ET-FLMB filter is presented. Com-
pared with the traditional sequential Monte Carlo (SMC)
implementation, the proposed implementation can not only
greatly reduce the number of particles and the amount of
computation, but also estimate the detection probabilities,
measurement rates and extension states while estimating
the number and kinematic states of extended targets. Final-
ly, the simulation results show that the proposed filter can
significantly reduce the computational burden and improve
the real-time performance.
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1. Introduction

Target tracking plays an extremely important role in
both military and civilian fields. According to the number
of measurements obtained from a target at each time step,
the target can be divided into a point target or an extended
target. Point target means that one target can obtain at most
one measurement at each time step, while extended target
means that one target can obtain multiple measurements at
each time step. In this way, target tracking can be divided
into point target tracking [1-4] and extended target track-
ing [5-25]. With the continuous advancement of sensor
technology, the sensor resolution is getting higher and
higher, resulting in more and more measurement infor-
mation available for each target. Therefore, extended target
tracking algorithms become more and more important.

In recent years, multiple extended target tracking
algorithms based on random finite set (RFS) have attracted
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the attention of many scholars [5-23]. The extended target
probability hypothesis density (ET-PHD), extended target
cardinalized PHD (ET-CPHD), extended target cardinality
balanced multi-target multi-Bernoulli (ET-CBMeMBer),
extended target generalized labeled multi-Bernoulli (ET-
GLMB), extended target labeled multi-Bernoulli (ET-LMB)
and extended target Poisson multi-Bernoulli mixture (ET-
PMBM) filters have been proposed in [5-9]. Compared
with the early ET-PHD [5], ET-CPHD [6] and ET-
CBMeMber [7] filters, the ET-GLMB [8], ET-LMB [8] and
ET-PMBM [9] filters have better estimation performance
under poor detection conditions. Moreover, the ET-GLMB
and ET-LMB filters are based on labeled RFS, and they can
output target tracks. The ET-LMB filter is an effective
approximation of the ET-GLMB filter, which has less
computational burden with slight performance loss. How-
ever, the computational complexity of the ET-LMB filter is
still high. Therefore, this paper first improves the ET-LMB
filter to improve its real-time performance.

The implementation methods of the above filters
mainly include Gaussian mixture (GM) implementation
[6, 10, 11], sequential Monte Carlo (SMC) implementation
[12], [13], gamma Gaussian inverse Wishart (GGIW) im-
plementation [8, 9, 14] and box particle implementation
[15-17]. As early implementation methods, GM and SMC
implementations can only estimate the number and kine-
matic states of extended targets [6], [10-13]. The GGIW
implementation can not only estimate the number and kin-
ematic states of targets, but also estimate their extension
states and measurement rates [8, 9, 14]. However, the
GGIW implementation can only estimate the extension
states as ellipses. For non-elliptic extension states, some
improved algorithms of the above filters are proposed in
[18-21]. However, like the GM and GGIW implementa-
tions of these filters, most of these improved algorithms are
based on the linear Gaussian assumption. For extended
target tracking under nonlinear conditions, the SMC or box
particle implementations of these filters are required. The
SMC implementation often requires a large number of
particles, and the computational burden is heavy. Therefore,
the box particle implementation is used to reduce the
amount of computation. However, the existing filters im-
plemented by SMC or box particles, including the standard
PHD and LMB filters implemented by box particles for
extended target tracking [22], [23], either do not consider the
extension states of targets [15, 22, 23], or only consider the
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extension states of simple shapes [16], [17]. As far as we
know, there is no report on non-elliptic extension state
estimation using RFS filter implemented by box particles.
In addition, the existing filters based on box particle and
RFS cannot handle the extended target tracking under the
condition of unknown detection probability. Therefore, we
improve the box particle implementation and propose
a method based on beta gamma box particle and Gaussian
process (BGBP-GP) to implement the improved ET-LMB
filter.

The main contributions of this paper are summarized
as follows.

(1) At the filter level, an improved ET-LMB filter,
namely the extended target fast LMB (ET-FLMB) filter, is
proposed. It combines the prediction step and update step
of the ET-LMB filter into one step, and uses Gibbs
sampling to select the high weight hypothesis components,
effectively reducing the computational complexity of the
ET-LMB filter.

(2) At the implementation level, the BGBP-GP im-
plementation of the proposed ET-FLMB filter is given,
which is called ET-BGBP-GP-FLMB filter. Compared
with the SMC implementation, the box particle implemen-
tation can significantly reduce the number of particles and
computational burden. In addition, the detection probabil-
ity, measurement rate and extension state are modeled as
beta distribution, gamma distribution and Gaussian process
[24] respectively. The proposed implementation can not
only estimate the number and kinematic states of extended
targets, but also estimate their detection probabilities,
measurement rates and extension states.

(3) A likelihood function that considers the detection
probability, measurement rate and kinematic state is pro-
posed to form the closed recurrence of the ET-FLMB filter.
What’s more, a separate extension state likelihood function
is also presented, which enables the proposed filter to esti-
mate extension states with arbitrary star-convex shapes.

(4) In terms of performance evaluation, the OSPA
distance variants of the extension states and detection
probabilities of multiple extended targets are given.

The remainder of the paper is organized as follows.
Section 2 mainly introduces the extended target state mod-
els, measurement model and GP principle. The main steps
of the proposed ET-FLMB filter are presented in Sec. 3. In
Sec. 4, the specific form of measurement likelihood func-
tion is given, and the BGBP-GP implementation of the ET-
FLMB filter is presented. Then, the performance evalua-
tion criteria are introduced, and the advantages of the pro-
posed filter are discussed. The simulations and analyses are
given in Sec. 5. The last section presents the conclusions
and future work.

2. Extended Target Models

In this section, we mainly introduce the extended tar-
get state models, measurement model and GP principle.
For readability, some notations are first introduced in
Sec. 2.1.

2.1 Some Notations

(1) The generalized Kronecker delta function and
generalized inclusion function are respectively defined as

AL ifX=Y AL ifXcY
0y (X) = andl, (X) = , where

0, otherwise 0, otherwise
X and Y are unlabeled state sets.

(2) The multi-target exponential function is defined
as [h()]" él_lh(x), where /(x) is a real valued function

xeX

and h? =1.

(3) The Ilabel indicator function is defined as

s | L IFILX)H X
a(X) = . ,
0, if |[L(X)[# X]|

L(X)is the set of unique labels in this set, and | X| is the

number of elements in X.

where X is a labeled state set,

4) P(D;s,t)=D"'(1-D)"/B(s,t) is the beta
probability density function, where D €[0,1], s >0, >0,
B(s,t) =T(s)['(¢)/T(s+1), and T'(-) is the gamma function.

(5) GAM(y;a, B) = (B /T(a))y* " ¢ is the gamma
probability density function, wherey >0, a >0, >0.

2.2 Extended Target State Models

In this work, the state set of extended targets at
time k is expressed as follows

X =& S

where X, is the state set of extended targets, |X, | the

O£ (D00 X0 XED) (1)

number of extended targets in this set, £ the state of

the ith extended target, 1\ the target label, D" the detec-

tion probability, y\” the measurement rate, x; " the kine-

matic state, and x;""’ the extension state. The evolution

models of detection probability, measurement rate, kine-
matic state and extension state of each extended target are
as follows.
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(1) Detection probability: It is modeled as a beta
distribution, and the prediction parameters are as follows

S/Elv)c 1 (lug)k\k 1 :“D k- 1)/(0-1(Jl)k\k D) l)lug,)k\k—l’ (2)
fﬂi 1 (lug)k\k 1 :“D ek~ 1)/(‘71()[)1{\/(71)2 -Dd- :ug)k\k D)

:ug)k\k 1 /‘g)k 1 _SIEI)I/(S(’) t(') “4)

) , o 5 S(’) t(l)
(i _ i =1k
(Op i) =0p(0p)" = ( O 0 (S(l)
Seor

. 5
w0, O
where uDuk , and (Uom \)? are the predicted mean and

variance, respectively. In general, we choose v, > 1, which

means that the mean of detection probability does not
change, and the variance becomes larger. In addition, for
consistency reasons, the choice of parameters must satisfy

e (i) 2 (i) (i)
condition (O-I),k\k—l) < Up k-1 (1- lul),k\k—l) .

(2) Measurement rate: It is modeled as a gamma
distribution, and the predicted parameters are as follows

M _ 0 (i) )
-1 = @ 1/7/’}/ s B = /’7/ (6)
where 77, >11s an exponential forgetting factor.

(3) Kinematic state: Under the framework of interval
analysis, its prediction process is expressed as follows

[EOT=[fe g AR D + W) %)

©@7is the kinematic state with interval form,

i
P

where [x

[/« MH] the transfer function, and [w the process

noise.

(4) Extension state: It is described by a star-convex
shape [24]. Thus, it can be denoted by a vector composed
of radial function values. In this work, we sample

NE points in interval [0,27] at equal intervals, i.e.
E_ (911“3’...,5);3F )
noted by their corresponding radial function values, i.e.
= () = (O fTO0))" . The
convex shape and corresponding radial function are shown
in Fig. 1.

. Then, the extension state can be de-

star-

In Fig. 1(a), a star-convex shape is shown in the
global coordinate system. The measurements and target
kinematic state are described in this coordinate system. The
radial function is described in the local coordinate system.
The origin of local coordinate system is the position of
target centroid. The radial function corresponding to the
star-convex shape is shown in Fig. 1(b).

The transition process of extension state is as follows

NN(OaQE)’ (8)

E.(i) _ pELE.(1) E,(i) E,(i)
x ' =Fx " +w ", w,

FE:e—aET I, QE = _e—ZaET )CE (BE’GE) , )

)r'(G\obal) ¥(Local)

()

JE
x(Local) »

|
I
|
| I
| '
7 > x(Global) - b
: o .

Origin X » )
(a) Star-convex shape. (b) Radial function.

Fig. 1. The star-convex shape and corresponding radial
function.
E/ pE pE E/ pE pE
e (0,,6) c (6, ,QNH)
C"(6",0") = (10)
OF
05, 0F) - cE(O5,0%)

where FE is the extension state transition matrix, and wf’([)

the extension state process noise. af can be regarded as
a forgetting factor, and a larger o means that less weight is
given to older measurements. 7T is the sampling interval,

I the identity matrix, and C"(0",0") an N® dimensional
covariance matrix. The covariance function is designed as

(11

_ E_pE 2
cE(OF QE) _ “? o (2sin* (0,07 1/2)/1 )+0r2

m?

where 0 and 6 are any two angles in interval [0,27] , o,
is the priori standard deviation of signal amplitude, / is the
length scale of radial function, and o, is the contribution
from the unknown mean function.

2.3 Extended Target Measurement Model

In this paper, it is assumed that the measurements
generated by each extended target originate from the target
contour. Thus, the measurement equation can be written as

20, =x; O+ pEOOE [V O VY, (12)

P (O5) = (cos(B ), sin(G )T (13)

e,(i) K, (&)

xk

K,(i)\T

where X" =(x.,",X}") is the position of the ith

extended target at timek , {z" } " Y4 are the N{') measure-

ments generated by this extended target, 6, (" is the angle
of measurement z;; in the local coordinate system, v}, is
azero mean Gaussian measurement noise with covari-
ance R , and ()" denotes the transpose operation. Note that
the radial function is modeled as a GP. Therefore, the GP
principle is introduced in the following.

2.4 GP Principle

Typically, the GP is used to learn an unknown
function from the training data. Consider the following
measurement model
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ZkE,.i =fi (915/)+VkE,,f’ Vf,/ ~ N(0,R") (14)

where Z,E ; s the measurement corresponding to the training
input 9,& ;»and it is formed by adding a Gaussian noise V,E ;
to a radial function value f; (9,5 ;). Our goal is to learn the
value 7 £ (500 [ 0 )"
sponding to the given test input 0; = (6.6, .)" by

function corre-

. E A E E T .
the given measurement set Z; =(z;,,--*,Z,y ) and its

corresponding input 0; = (6;,,+,6; v

According to [24], the measurement Zf’j and the

function value f;" are jointly Gaussian,

E. E H.E.,Q.E. RE CE 9E.,OE
(Zkg’jwf o <G s
fk C (ekﬂek,j) C (Gk,ﬂk)

Thus, the extension state likelihood can be written as

g5z |£5) = N (zf s HEEE R ), (16)
H; (6 ,)=C"(6},.6;)(C"(0;,6;) ", (17)
RE () =c"(6;,.0; )+ R" - (18)

C* (6,07 )(C"(8;,6;)) ' C"(0;,6; ).

Further, according to (16) and [24], the measurement
Equation (12) can finally be written as

ey e —a _
z=h (A0 VL V), ~ NORY), (19)

B O BE0) = xe O 4 p} O (G HEY (BFOEEY, (20)
Ry, =p} (OFRE (6 )0 (0N +R . 1)

Considering that the measurement noise is already included
in (21), the RF in (18) can be omitted.

3. ET-FLMB Filter

In this section, the measurement likelihood function is
first introduced. And then, the main steps of the ET-FLMB
filter are presented, which fuses the prediction and update
into one step and uses Gibbs sampling to calculate the
hypothesis components with larger weights.

3.1 Measurement Likelihood Function

The measurement likelihood function used in this
paper is similar to the ET-LMB filter [8]. It is given as

X [+1

g(zk‘xk)zgc(zk)z Z

i=l U(Z,)eR(Z;)
0cO(U(Z,))

Wz, (0T, (22)

Vi (Sis150) :wu(zk)(DkD}/k’Xl'f’Xf’lk;e)
Dk(lk)g(ug(lk)(zk) | 7k’xf’xi7lk)

[K]%(lm(zk)

1_Dk (lk ),

, 60,)>0 (23)

001,)=0

K

where gC(K):e’<K’1>K , K is the intensity function of

clutter Poisson RFS K. P(Z,) is the set of measurement
partitions that just divide the measurement set Z, into i
groups, U(Z,) € P(Z,) is a particular partition of P(Z,).
O(U(Z,)) is the space of association mappings
0:L(X,) > {01, |UZ)} , where 6(1,)=06(1;)>0
means 1, =1, . &Uyq,(Z)|7,.%; X .1,) is the likelihood

function for a single measurement partition cell Uy, ,(Z,) .

3.2 The Main Steps of the ET-FLMB Filter

(1) Joint prediction and update: Suppose that the
multiple extended target posterior density at time k—1 can

be denoted by an LMB RFS [8] with parameter

— ), () (I
setm, , ={(n ", o )}I,HEJLk,l , where Vk_kl‘)

and p" de-
note the existence probability and probability density of
target 1,_, respectively, and L, ; denotes the label space at
time k—1. At the same time, suppose that the newborn
multiple extended target density at time £ can be denoted
by an LMB RFS with  parameter set

1 1
g, =i PO, s, » where 7%’ and py) denote the

existence probability and probability density of newborn
target respectively, and B, denotes the label space of the

newborn target at time &k . Then, the multiple extended
target posterior density after joint prediction and update at
time &k can be written as

nk(Xk |Zk):A(Xk)'

X [+1

i . (24
SOY S wlOs (X Uz, Y
LeF(Ly) i=l U(Z)eP(Z)

0cO(U(Z;))

ngif)) oc 1@(1,1)(9)[1_”1{71715,/{\/(71 ]]LHilk ’ 25)
[ e T = 1 T D P L, 1
M kik-1 1) = prs,k (&) (26)
fk\k-l (& &1, )pl((l—k{‘)(gk—])dgk—l d¢,,
Uit ) = | Pkl (&) (&-1;:0) dS (27)
Yuz) Mk P\ Wyz)\Srs i [
P/((T;il (ék) = 1]LH (lk)'
JposCGinli G 16 P G

s ki1 )
+1y (1) Py (),
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0 ;‘f Z )i (lk'*) : Z, é 71;6
p]E )( k’lk ‘U( k)) = l( k—)(VIH)U( kl)( — )
( )
WM(Zk) k

(29)

where L, =B, UL, (L, ,NB,=0) is the label space at

time &, WZ{’(’“ZZ; the weight of different GLMB components,

pl(cTIk()—l (&)  the
Psi (& 151,y) the survival probability, fi (S, [ 51i)
the state transition function, and p{” (&1, |U(Z,)) the

single target posterior density. Equation (24) is actually
a GLMB density [8], and it needs to be approximated as
an LMB to form a closed recurrence. By first-order mo-
ment matching, this GLMB density can be approximated as

single target prediction density,

. 1 1
an LMB RFS with parameter set 7, = {(V,:"),p;ik))}l,(em,( )
where
[ |+1
) (I, .,0)
A= 2 2 X i), G0)
LeF(Ly) i=1 UZ)ER(Z,)
0eO(U(Z,))

PG =1

|7 ]+1 (lk.g)l ! o) (31)
z Z z Wuizol, P (El [UZ)).
I eF(Ly) i=1 U(Z;)eR(Z,)
0e0(U(Z;))

(2) Cost matrix and Gibbs sampling: In the above
joint prediction and update, in order to compute the
hypothesis components with larger weights, an extended
cost matrix needs to be calculated, which comprehensively
considers survival, death, birth, detection and missed
detection.

fixed u(zk) = {VVI:M }5

I, ={l,;}, and B, ={l;,,»} , where W is a measurement

Here, we consider a

partition cell in U(Z,). Our goal is to search for a set of
{,,0)e F(L,)xO(,) with
Wz(ffzf)) . For each pair ({;,0) , v=(v.,)€ {~1: MY s
defined by

pairs significant weight

(32

(6q,).if1, <1,
" |-1, otherwise.

Considering that 7 inherits the positive 1-1 property of 9,
there is no difference ,i’ € {l: P} with v,=y, >0 . We use
I to denote the set of all positive 1-1 elements of
{=1:M}". Thus, there is v eI, and we can recover the
labels I, and associations 0:1, »>{0:M} by
I, ={l,el_ UB,:v, 20} and 6(1,) = 7, respectively.

For all i € {l: P}, we define
1= 4 AR 1<i<R,j<0
Ms k-1 (li)rk(iil)lpl(,{j;)zk)(li)? 1<i<R,j=0

1=r,, (1), R+1<i<P,j<0
re W, (1),  R+1<i<P,j>0

n,(Jj) = (33)

where 1<i< R corresponds to the surviving targets and
R+1<i<P the newborn targets. je{-1:M} denotes

the index of the cell W assigned to track l;, where j = —1
denotes the death of track I;, and j = 0 the missed detection
of track 1. Further, (25) can be written as

»
wye) o LN ] (), where 1:(3) =1g,,(0) . Thus,
i=1

searching the set of pairs (/,,0) € F(L,)x0O(/,) with sig-

nificant weight Wz(f(sz; is equivalent to searching the set of

s
positive 1-1 vectors 7 with significant Hn,- (7;). This can

i=1
be achieved by solving a ranked assignment problem

P_M+2P

r(S'C)=) > C.S,,,

=1 j=1

Si,j = l{l:M) (j)(sm () +04. (J')én,l (0)+0y,p. (J')(Sm (=D, (35)

(34)

—Inn (), je{l:M}

—In#,(0), =M +i
. n7,(0) o ‘ (36)
7 —lny,(-1),j=M+P+i

o0, otherwise

where S;; is an assignment matrix, and C;; an extended cost
matrix. Each 7 corresponds to an S, tr(S'C) is the cost of

,
S, and exp(—tr(S'C))=]]#(7,) . Here, we use Gibbs

i=1

sampling to solve this ranked assignment problem.
We regard each 7 as a realization of a random varia-
ble that obeys the probability distribution 7 on {~1: M}".

By sampling from 7, candidate 7 are generated. 7 is con-
structed as follows

() o lf(v)H 7 (7:) - (37

Since it is very difficult to sample directly from the above
distribution, the Gibbs sampler is used. We start from

an initial solution ¥ =(7,,) , and the next solution
v"=(7,p») can be obtained by sampling from a series of
conditional distributions 7, (7, [V, 1>Y,p) » BELP},
where 7y, and 7,.., are the newly sampled associations
and the associations from the previous solution, respective-
ly. Although the Gibbs sampler is computationally effi-
cient, it requires that the conditional distributions be easily
computed and sampled. Therefore, we here provide
a closed form expression for each conditional distribution
so that they can be calculated or sampled at a low cost. For
each ne{l: P},

7, (%, 1) o 1, (r)[ T =1 (1,09, (30)

ien

(3%)

Where ﬁ = {1 : P} - {n} s ’YW = (’71:;14’7)1“:[’) . Then) fOl‘
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a non-positive j, 7,(j|v;) < n,(j) , and for je{l:M} |
,(J1vz) e, (HA=1,
the conditional distributions is easy and cheap. It only has
a linear complexity in the number of measurement partition

cells. Finally, given that Gibbs sampling may return the
same hypotheses, copies must be removed.

1(J)) . Thus, sampling from

1> Vn+1:P

4. ET-BGBP-GP-FLMB Filter

In this section, the BGBP-GP implementation of the
ET-FLMB filter is given, and its key is the derivation of
likelihood function. Therefore, the specific form of likeli-
hood function is presented first.

4.1 Measurement Likelihood Function

Since the prediction and update of extension state Xx;
involves operations on high-dimensional vectors and
matrices, if x; is estimated recursively along with the box

particles, a lot of running time will be consumed. For real-
time consideration, this paper handles the extension state
separately in the specific implementation. Thus, the
target state can be reconstructed as
& =(e,%)=((D,,7,,X;),x;). In joint prediction and
update, only & is calculated. Then, in the GLMB compo-
nents obtained after joint prediction and update, the posi-
tion of each hypothesis track is preliminarily extracted and
used for the extension state update. In this way, the exten-
sion state of each hypothesis track is filtered only once,
which can effectively reduce the computational burden. In
addition, it should be pointed out that, in joint prediction
and update, the correspondences between the hypothesis
tracks and the measurement partition cells are saved to
facilitate the subsequent extension state update. Based on
the above considerations, the measurement likelihood func-

tions of augmented state & and extension state X, are
introduced separately. The likelihood function of aug-
mented state ¢ is presented in the following, and the likeli-
hood function of extension state X; can be found in
Sec. 2.4.

Assuming that the detection set W} is generated by
target &, the measurement likelihood function can be
expressed as

W, l&)=p, W, |Dkv7/k’ka) N
< p W ADIp, W, 7)) W, | X,).

The above equation is based on the assumption that the
detection probability, measurement rate and kinematic state
are mutually independent [25]. Under the framework of
interval analysis, it can be defined as

(W 1l D épk(VVk I D)o (W N 7O p (7] [X/[f]) (40)

(39

where [W;] is the interval measurement formed by Wi,
and |W,| the number of measurements in W;

pk(VVk | Dk) 5 pk(| VVk ” 7/k) and pk([VV;{] | [Xll((]) are the
likelihood functions of detection probability, measurement
rate and kinematic state, respectively.

In this paper, the detection probability is assumed to
be an unknown constant, and its likelihood function can be
De, W20 distri

. Poisson distri-
1-D,, W, =0
bution is used to model the number of measurements
produced by each target, so the likelihood function of
measurement rate can be expressed as

(W ly)=pe /| W, |!. The likelihood function of
kinematic state is defined as
OV XD 21 e 1O LW LI DI/IIxF ]|, where
\[x,‘f]\ denotes the area of box particle [x?] , and
\[hcp]([xf],[Wk],[vk])| the area of the box particle con-
tracted by [W,1[17]. Finally, p,([W,]1][&,]) can be written

as
(W 1lle D =

expressed as p, (W, | D) = {

P (T 1S LIV LY D |
k : K aVVk @,
LAl ]| aalSe
1-D,, W, =

4.2 The BGBP-GP Implementation of the
ET-FLMB Filter

(1) Measurement pretreatment: Same as our previous
work [17], the measurement pretreatment step also includes
clutter measurement elimination, measurement partition
and box measurement generation. Among them, clutter
measurement elimination and measurement partition are
identical to [17]. In this work, we also use Z; to denote the
measurement set after clutter removal, and """ to denote

the /th measurement partition cell of the pth partition. Since
the measurement model is different from [17], the box
measurement generation method is different from [17]. The

box measurement [¥”"] corresponding to the cell W,*"
is generated as follows

AR R AN A i
O WL W)

vk 2

(42)

Wr(,lk)’l) = min {Zx)k} - 3O-x s W\'(‘i,l) = max {Zx,k } + 30— 2 (43)

x

WD =min{z,,}-30,, W% =max{z,,}+30, (44)

A T A
where 2z, =(z,,.2,,)" , z, eW"" o, and 0, denote the

standard deviation of measurement noise on the X-axis and
Y-axis respectively.
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(2) Joint prediction and update: In this step, we first
complete the joint prediction and update of augmented

state &, and then predict and update the extension state x;
in the obtained GLMB components.

@ Joint prediction and update of augmented state €, :

Suppose that the multiple extended target posterior density
at time k—1 can be expressed as an LMB RFS with

1 1
parameter set T, , = {(r;fﬁ‘),]?;i‘l'))}h 1, » Where p%V

approximated by a weighted beta gamma box particle set

{(Wlk l(lk 1) [Slk l(lk 1)])}Nk 1 (e 1)

Nia )

p/(clkll : (&)= Wik (. )U[g,‘,(,, )l (€,,) (45

i=1

is

where Upq(+) denotes the uniform probability density func-
tion over [-]. Suppose that the newborn multiple extended
target density at time £ can be expressed as an LMB RFS
= {(Véli)» pgkk))},kEBk, where pg‘k) is
approximated by a weighted beta gamma box particle set

{(WBtk(l )[gg,k(l )])}B’(lk) .

By (1)

PR E) = 2wk 00U, (@) (46)

with parameter set

Then, the multiple extended target posterior density after
joint prediction and update at time k can be expressed as

(X, [Z,)=AX,)-
X, [+1

(1.0 5

Z Z Z Wi(z,)01,
LeF(Ly) = UZ)R(Z)
0eO(U(Z;))

LENPO Uz ). G

(k)

In this equation, the weight w7 ) is calculated as follows

(1 ,0)
Wy(z,) € 1@(1“(9)[1_’”/( s k-1

Ly NI [1 _

]JLA—I =1,

_ (48)
By [k[ B k]]BA N7y [ (0) ][k

[rk71’75,/qk71 ] wid Yuz,)

Nia(gr)

’7s,k\k71(l Wik- (I 1)ps k([g,k (DL ), (49)

i=1

N ()

sy A= 2

i=1

W, klk-1 (1, )WU(ZU ([gi,k\k—l 1)1.1,:6), (50)

N1 (1)

pk\k 1(5k)_ z Wikl 1 )U”‘H(IA)](‘E‘A)

i=1
N w1 (1)

:111,,(,1 ) Z Ws i klk-1 (lk)U[ssJM,mlk)](Sk) (51
i

Np i (1)

+1Bk (lk) WBJJ‘U[SBJ,k 1] (gk )’

i=1

1 1
Wik (1,)= Nkl(l“,)k (L 1)P3k([8,k ()LL) (52)

Wik (lk—l )ps,k ([g/',k—l (lk—l )]9lk—l )

Jj=1

where [, ,, ,(1,)] is the predicted beta gamma box particle,
and v, ; ([€; - (1,)],1,;0) the likelihood function. They

can be calculated as follows

L& e AT =D, gy )5 7, e (1), lefk\k—l ()] (53)
= (Di,k\k—l d; )’7i,k\k—1 (1), [lefk\k—l D,

D, () =5, 40,1, )/(Si,k\k—l )+, (54)

Si klk-1 €)=
(lui,ﬂ,k\k YDA =24 5450 1,))

(O- Bklk— 1(11())

ti,k\k—l (lk) =

(35)

=Dt g (),

Hi p k-1 (lk )(1 ~ Hi g k-1 (lk )) _ _ (56)
( (ai,ﬂ,ldk—l a, ))2 D Hip k-1 ()2
. 1
Hy g () = g () = IEIUS)) , (57)

Si k-1 )+ Lig )

(O_lﬂk\k (1)) =0,(0, g (e D)’ =
S o)t () (58)
(Stk (@ ])+tlk (- 1)) (Szk (L 1)+tlk (L 1)+1)

Vi kik-1 I)= O k-1 (I )/ﬂi,k\k—] ), (59)
Q; ki1 a,)= Qi (. )/77;/ > ﬂf,/qm I)= ﬂ[,k—l (. )/77;/ , (60)
[X,]-fk‘k,l (lk )] = [f;K!kV#] ]([X,]fk,l (lk71 )]) + [W,Kk] P (61)

V/M(Z)([gi,k\k—] (I)11,:0)=
D, ()&, (IA)(Z M st WX AODLL,)
[K]Wﬂm 1 (Z)] (62)
0d,) >0,
e(lk) = Oa

1- Di,k\k—l (lk ),

& Uy (ZON 7 s WX A)D 1) =
W.q(l,f)(zk)‘ ~Vklk-1

A e e 0t 00HUy, (ZOHN D] (63)
|u9(lk)(Z~k)| |[X, klk— LA

In the above equations, [Ug(lk)(zk )] denotes the box meas-

urement corresponding to the cell Ug(,A)(Zk), and it is

equivalent to a box measurement [ ”"] formed in the
measurement pretreatment. After that, the single target
probability density p\” (-|U(Z,)) in (47) is calculated as
follows

- N ()
PN UEZ ) = D w0, (), (64)
i=1
lk(l )

Wi klk- L, )Wu(zk)([gi,k\k—l (. )]slk;é’)/%ﬁ)zk)(l ) (65)



RADIOENGINEERING, VOL. 32, NO. 3, SEPTEMBER 2023 363
where [&,,(I,)] is the updated beta gamma box particle. It . e . ‘SB PRIV (75)
can be calculated as follows e
L&, A)1=[(D,, (1), 7., 1), x5, 1,))] 66) Zuprit 20 = 0 D B (76)
:(Dik(lk)’yik(lk)7[le'(k(lk)])> . o o . -
H, =((H oo (HE ) L (H . , (77
D:k(l ,k(l )/(SL/L(l )+t:k(l ), 67) Una) (i) (( k’l) ( k”) ( k,\%(.m(lk)\) ) (77
s (l ) _ Si,k\kq (lk )s Q(Ik) = 0, (68) Ruﬁ(lk)(zk) = blkdlag(l‘k1 5t '9Rk,/9' . "Rk,\b{@(,”(ik)\) , (78)
MR Si klk-1 1)+1, 0ad,)>0, e E e B AE B AE « E
Zijr; = hk,/’(xk ’Xk\k—l) =X, TPy (gk,‘f)Hk (Hk,j)xk\k—] , (79)
L)+, 601,)=0,
t[k(lk): o l(k) (1) (69) o E E E
' L (1), o1,)>0, H, = dx E hk ,(X/mxk )| e = Pa (HA J)H 6;,) . (80)
7400 =, 4)/6,0) (70) o
~ Sk‘k" - Hug(l“(z‘/{)Pk\kfl (Hua(lk)(zk)) Rub’(lk)(z_k) - (81)
o, () = o W)HU (2], (71)
SE ) 82
Br00= B )41, 72) P My ) Sy)™s - (8D
) - E _ _E E B i
o ()] {[ AL Ry ADD N[y, (Z)] # D X =X G @y, 2o T B, @0) > 83)
ik - . >
[x:fk\k—l 1)L if [h]([x;fk\k—l a)n ﬂ[uﬂ(lA)(Zk )N=9 PkE _ Plﬁk +KE EHE Pt (84)

73
where [#] is the inclusion function corresponding to h,(an(i
(X744 (1,)] the contracted version of [, (1,)]. Follow-
ing [17],
[X,]f,‘%,l (I,)]. The position dimensions of [X;]fk|k—l (1,)] are

we also use the CP algorithm to contract

contracted by [L{g(lk)(zk )], and its velocity dimensions are

contracted by the preset velocity intervals. Finally, it
should be emphasized that, in (47), the hypothesis compo-
nents with larger weights are computed by the extended
cost matrix and Gibbs sampling, which can be seen in
Sec. 3.2.

@ Prediction and update of extension state x; : Each

hypothesis track in the GLMB components obtained after
joint prediction and update not only contains the updated
beta gamma box particle set, but also saves the extension
state of the extended target at the last moment and the
measurement partition cell corresponding to the extended
target. Here, we consider a given hypothesis track (&/,1,)

and its corresponding measurement partition cell
u{;u (Z )7 f]! = (8/(7x]l§71) = ((Dkrykaxk]()’ Xf,l),

g(.k)(z ) =1z, j}‘u"““(zk)‘, X, can be approximated by

where

Ny ()

= 2, w,mid(x A)D, X =(X5.X,)", and mid()
i=1
is the function to compute the box particle center.

The extension state can be filtered by the extended
Kalman filter (EKF). Its prediction step is as follows

_FE E

X1 P/ﬁ/ll_F PE](FE) +Q (74)

k\k -1

Its update step is as follows

Upqy ) (Z) " klk=1

where @ denotes the vertical vectorial concatenation.
Thus, the updated extension state X, of track I is obtained.

® Approximating GLMB as LMB: Finally, in order to
close the recursion, the obtained GLMB density needs to
be approximated as LMB. The calculation of the trans-
formed LMB parameters can be seen in Sec. 3.2, and the
extension state takes the weighted average result of differ-
ent hypothesis components.

(3) Track pruning, truncation and resampling: After
joint prediction and update, the LMB components need to
be pruned, truncated and resampled. The pruning and trun-
cation methods are the same as the ET-LMB filter [8]. The
box particle resampling adopts the division resampling
strategy presented in [1], but it should be noted that the
detection probability and measurement rate parameters are
directly copied in this process.

(4) State estimation: The number of extended targets
is estimated according to the maximum a posteriori (MAP)
criterion, i.e., ]Qk=arg max p, (n), where p,(n) is the

cardinality distribution of LMB parameter set [3]. The
extended target states are estimated as

_ {(é:/i/),l(/))}/ b (85)
A}iﬂ :(([)lij)’};]i/)’xk (n) )’ i]((n el,, (86)

AL Ny & j
P = Z WD A, pU = Z Wy Ay, (87)

Ne(g)

"K(j) Z f’k)mld([x k(/)(l(j))]) ‘E(1> (1)(1(/)) (88)



364 X. CHENG, H. JI, Y. ZHANG, EXTENDED TARGET FAST LABELED MULTI-BERNOULLI FILTER

4.3 Performance Evaluation Criteria

This paper uses the OSPA distance [26] to evaluate
the estimation performance of multiple extended target
detection probabilities, measurement rates, kinematic states
and extension states. The original OSPA distance is
defined as follows

d9(X,X) =

0, m=n=0
] n 1
(;(ginnzcl“)(xi,&ﬂ@)f] +cP(n-m))?, m<n
=
39(X.X),

m>n

where X = {x,,x,,--,x,,} denotes the real extended target
state set, X = {x,,%,,"+-,X,} the estimated extended target
state set, ¢ the cutoff distance, and I1, all permutations on

{1,2,---,n} . In this paper, the real target state set and

3 i i N,
the estimated target state set are {(£”,1V)%
and {(ED 1D )}7;1 respectively, where

0 _ (PO 0 KDy By AU AG) 2 oK)y SEG
) = ((Dk 70X, )’ X, )’ Iij) — ((Dlij)’y/((j)’xllf( (/))’ Xf (1)).
For the detection probabilities, measurement rates,

kinematic states and extension states, d'°’ (x,X,) in (89)
is respectively defined as follows

d“*) (DY, D) £ min(c,,| D —DF ), (90)

o e s N
d' (7", 77 2 min(e,| 7" =777 D,

on

d (O, £ min(e e | xEC -KECO ), (92)

d(C*E)(xf’“),if’(”("”) A rnin(cxg Al xf"” _ ﬁf,wu» N (93)

where || is the absolute value, and || - || the Euclidean norm.

4.4 Discussions

The main advantages of the proposed filter are as
follows.

(1) The ET-LMB filter needs to convert LMB into
GLMB before the measurement update, which leads to
a large number of the hypothesis components participating
in the measurement update. The proposed filter integrates
prediction and update into one step, which can avoid the
high number of hypothesis components and reduce the
amount of computation. In addition, instead of Murty’s
algorithm, the proposed filter uses Gibbs sampling to cal-
culate the hypothesis components with larger weights,
further reducing the computational complexity. The com-
putational complexity of Murty’s algorithm is the fourth
power of the number of measurement partition cells, while
Gibbs sampling has a linear complexity in the number of
measurement partition cells [4].

(2) The proposed filter is implemented by box parti-
cles. Compared with the traditional SMC implementation,
it greatly reduces the number of particles and computa-
tional burden.

(3) In the concrete implementation, the detection
probability, measurement rate and extension state of each
extended target are also estimated recursively. The pro-
posed filter can not only estimate the extension states with
arbitrary star-convex shapes, but also be applicable to the
case of unknown detection probability. The above ad-
vantages are verified in the subsequent simulations.

5. Simulations and Analyses

To verify the effectiveness of the proposed ET-
BGBP-GP-FLMB filter, two simulations are set up here,
including a linear scenario and a nonlinear scenario. The
software platform of simulations is MATLAB R2018b
with INTLAB toolbox, and it is installed on the personal
computer with Intel(R) Core(TM) i5-8250U CPU @
1.60 GHz 1.80 GHz processor and 16.0 GB RAM.

5.1 Simulation 1

The algorithms compared in this simulation include
the ET-BP-PHD, ET-GSMC-GP-LMB, ET-GBP-GP-
LMB, ET-GBP-GP-FLMB and ET-BGBP-GP-FLMB
filters. The ET-BP-PHD filter is an upgraded version of the
ET-Box-PHD filter [22]. For a fair comparison, the ET-
BP-PHD filter adopts the measurement pretreatment meth-
od presented in this paper. In addition, the ET-BP-PHD
filter adopts an improved k-means clustering to improve
the extraction effect of target states, that is, the global op-
timal solution is approximated by the local optimal solution
obtained after multiple clustering. The ET-GSMC-GP-
LMB filter is the GSMC-GP implementation of the ET-
LMB filter, the ET-GBP-GP-LMB filter is the GBP-GP
implementation of the ET-LMB filter, and the ET-GBP-
GP-FLMB filter is the GBP-GP implementation of the ET-
FLMB filter.

This simulation is a linear scenario with surveillance
area [-1000, 1000] m x [-1000, 1000] m. The monitoring
duration is 100s, and the sampling interval is 7=1s.
A total of five targets with different shapes appeared suc-
cessively in the surveillance area. The first target is a rec-
tangle with length 6 m and width 4 m. Its survival time is
1-85 s. The second target is a star-convex shape. Its major
axis is 8 m, minor axis is 6 m, and the width of both axes is
2m. Its survival time is 5-90s. The third target is
an ellipse with major axis 6 m and minor axis 4 m. Its sur-
vival time is 10-95s. The fourth target is a circle with
radius 3 m, and its survival time is 15-100s. The fifth
target is a circle with radius 3 m, and its survival time is
20-100 s. The motion of each target is modeled as the
constant velocity (CV) model with the following dynamic
equation
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xg =Fx, + 6w, 94
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00 1T 0 o ;
000 1 2
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where X; =(X;,,X;,X;,,X, ;) , and W, | is a zero mean

Gaussian process noise with the standard deviation
0. =4m/s’. The extension state dynamic equation can

be found in Sec. 2.2, and the extension state dimension is
50 dimensions, i.e., N°=50. The GP parameters are
o=2m, o=2m, and /=mn/8rad. The measurement
equation is shown in Sec. 2.3. The measurement rate and
detection probability of each target are 20 and 0.9999,
respectively. The standard deviation of measurement noise
is ov = 0y=0.1 m/s’. In the surveillance area, the clutter is
evenly distributed, and its number follows Poisson distri-
bution with mean 1. The target survival probability is
ps=0.999.

In the filtering process, the ET-GSMC-GP-LMB filter
uses 500 and 2000 particles respectively, and they are
denoted as ET-GSMC-GP-LMB-500 and ET-GSMC-GP-
LMB-2000. Other filters implemented by box particles use
10 box particles. For newborn targets, this paper adopts the
measurement driven method to detect them [17]. In the
SMC implementation, 50 particles are sampled to detect
newborn targets, while in the box particle implementation,
only one box particle is sampled. In addition, in the ET-
GSMC-GP-LMB, ET-GBP-GP-LMB, ET-GBP-GP-FLMB
and ET-BGBP-GP-FLMB filters, the maximum track num-
ber is 100, the track pruning threshold is le-3, and the
requested number of hypothesis components for GLMB
update is 250. Finally, the parameters of the OSPA dis-
tance used to evaluate the detection probability, measure-
ment rate, kinematic state and extension state estimation
effect are cp=1 and pp=1, ¢,=50 and p,=1, cx =50
and p =1, c. =50and p; =1, respectively. Note that
the parameter ¢ in the OSPA distance is the cutoff distance,
which is used to truncate and adjust the influence of cardi-
nality error. Generally, ¢ is taken as 100, or larger or
smaller. This paper sets ¢ =50. However, for the OSPA
distance parameter ¢ of detection probability, we set ¢ = 1.
This is because the range of detection probability is O to 1,
and it is sufficient to truncate with ¢ = 1. What’s more, the
change range of detection probability is small, and it is
difficult to observe the change of the detection probability
OSPA distance if the cardinality penalty is too large. The
single tracking result of the ET-BGBP-GP-FLMB filter is
shown in Fig. 2.

In Fig. 2, the black solid lines denote the real tracks
and shapes of extended targets, the circles and triangles
denote the initial and terminal positions of targets respec-
tively, and different colors denote different labels, which
represent the tracking results of different targets. It can be
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Fig. 2. The single tracking result of the ET-BGBP-GP-FLMB

filter.

seen that, the ET-BGBP-GP-FLMB filter can not only
effectively estimate the position and extension state of each
extended target, but also output their tracks.

The average results of 100 Monte Carlo simulations
are shown in Fig. 3 and Tab. 1. It should be pointed out
that the proposed filter can estimate the detection probabil-
ity of each target, so the detection probability estimation is
also evaluated by the OSPA distance. Further, considering
that the detection probability of each target is the same in
this simulation, their average value is calculated as the
estimation of detection probability. The real detection
probability and estimated detection probability are plotted
in Fig. 3(e), which more intuitively shows the estimation
effect of detection probability.
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(a) The average cardinality estimations.
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(c) The average OSPA distances of measurement rates.
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Fig. 3. The average results of 100 Monte Carlo simulations.

Filter Run time (s)
ET-GSMC-GP-LMB-500 236.3330
ET-GSMC-GP-LMB-2000 753.7002

ET-GBP-GP-LMB 103.1447
ET-GBP-GP-FLMB 42.1879
ET-BGBP-GP-FLMB 48.5068
ET-BP-PHD 28.3481

Tab. 1. The average running time statistics.

It can be seen from Fig. 3 that, under ideal detection
conditions, all filters can obtain good estimation results.
The estimation performance of different filters is similar,
but there are also some differences. Table 1 shows the
average running time of each filter. In the aspect of cardi-
nality estimation, all filters have delays at the target birth
moments. This is because the filters use the measurement
driven method to detect newborn targets, which requires
sampling at the measurement locations at the previous
moment. The delays of the proposed filter are slightly
longer than that of other filters. This is because the detec-
tion probability of each target in the proposed filter is esti-
mated in real-time. The initial detection probabilities of
newborn targets are low, which leads to their slower detec-
tion. At the target death moments, the cardinality estima-
tion of the proposed filter is delayed. This is also because
the detection probability of each target is estimated in real-
time. Although the detection probability estimation of each
target becomes more and more accurate with the accumula-
tion of measurements, when a target dies, its detection
probability estimation may still be less than the survival

probability, resulting in a missed detection cost less than
death. Therefore, in the optimal hypothesis component, the
target is temporarily judged to be missed. When the meas-
urements are still not detected at the subsequent time, it is
determined that the target is dead, and the target number is
estimated to decrease. When there are errors in target num-
ber estimation, the OSPA distances of kinematic states,
measurement rates, extension states and detection probabil-
ities will produce a spike. It can be seen from the local
enlargement of Fig. 3(b) and (d) that, the estimation per-
formance of the ET-GSMC-GP-LMB filter is improved
with the increase of particle number. However, it can be
seen from Tab. 1 that this is at the cost of huge runtime.
Compared with the ET-GSMC-GP-LMB filter, the
ET-GBP-GP-LMB filter greatly reduces the number of
particles and computational burden. Compared with the
ET-GBP-GP-LMB filter, the ET-GBP-GP-FLMB filter is
based on the ET-FLMB filter proposed in this paper, which
greatly reduces the number of hypothesis components and
further reduces the computational complexity. On this
basis, the proposed ET-BGBP-GP-FLMB filter increases
the estimation of the detection probability with a small time
cost, and broadens the application range of the filter. It can
be seen from Fig. 3(e) that, with the increase of observa-
tion time, the average detection probability estimation is
getting closer to the real detection probability. The running
time of the ET-BP-PHD filter is the least, however, it can
only estimate the number and kinematic states of extended
targets.

In order to further verify the estimation effect of the
proposed ET-BGBP-GP-FLMB filter, the real detection
probability is set to 0.88 for simulation, and other parame-
ters remain unchanged. Considering the huge computa-
tional burden of the SMC implementation, only the ET-
GBP-GP-LMB, ET-GBP-GP-FLMB, ET-BGBP-GP-FLMB
and ET-BP-PHD filters are compared here. The average
results of 100 Monte Carlo simulations are shown in Fig. 4
and Tab. 2.

It can be seen from Fig. 4 that the estimation perfor-
mance of the filters decreases when the detection probabil-
ity is low. However, the estimation performance of ET-BP-
PHD filter is greatly reduced, while the estimation perfor-
mance of the other three filters is similar and the degrada-
tion is not significant. This is because the ET-BP-PHD
filter is based on traditional RFS, which is the first moment
approximation of the multi-target Bayesian filter and
a suboptimal solution. Other filters are based on labeled
RFS and are approximate solutions under the optimal
framework. They can avoid many disadvantages of the ET-
BP-PHD filter. At the target death moments, the cardinality
estimations of the ET-GBP-GP-LMB, ET-GBP-GP-FLMB
and ET-BGBP-GP-FLMB filters are all delayed. This is
because, as the detection probability decreases, the possi-
bility of missed detection of each target gradually in-
creases. When a target disappears, the three filters are more
likely to temporarily judge the dead target as a missed
detection, which is more likely to cause a delay in cardinal-
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Fig. 4. The average results of 100 Monte Carlo simulations.
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(f) The average OSPA distance of detection probabilities.

Filter Run time (s)
ET-GBP-GP-LMB 101.1277
ET-GBP-GP-FLMB 38.6171
ET-BGBP-GP-FLMB 44.7009
ET-BP-PHD 20.9468

Tab. 2. The average running time statistics.

ity estimation. Due to the low detection probability in this
simulation, the possibility of continuous missed detection
of each target is increased, so the three filter cardinality
estimation delays are aggravated. It can be seen from
Fig. 4(e) that, when the detection probability is low, the
proposed ET-BGBP-GP-FLMB filter can still obtain
arelatively accurate estimation of detection probability. It
can be seen from Tab. 2 that the running time of the ET-
GBP-GP-FLMB filter is significantly shorter than that of
the ET-GBP-GP-LMB filter, and the ET-BGBP-GP-FLMB
filter is similar to the ET-GBP-GP-FLMB filter.

5.2 Simulation 2

To further verify the tracking performance of the pro-
posed filter, a nonlinear scenario is set up in this simula-
tion. Similarly, considering the huge computational burden
of the SMC implementation, this simulation only compares
the ET-GBP-GP-LMB, ET-GBP-GP-FLMB, ET-BGBP-
GP-FLMB and ET-BP-PHD filters. The surveillance area
of this simulation is [0, ] (rad) x [0, 2000] (m), and the
monitoring duration is 1-100 s. A total of four targets with
different shapes appeared successively in the surveillance
area, and their real shapes are shown in Fig. 5(a). In this
simulation, the extension states are all set to irregular
shapes. The motion of each target is still modeled as a CV
model with a process mnoise standard deviation
o =10 m/s’ | The detection probability and the average

number of clutter are set to 0.88 and 10, respectively. The
sensor is at the origin, the measurement sources are distrib-
uted on the target contour. The relationship between meas-
urement source and measurement is as follows

zZ, :h(x‘\,)k)+vk» (96)

T
h(x,,)= (arctan(xmk /xmk )Xok +xf’y’k ) , (97)
X, =X+, (0 (6)) (98)

where Xox= (Xsxk Xspk)| is the measurement source, OiF
obeys a uniform distribution over[0, 2x]. The measurement
noise obeys a Gaussian distribution with zero mean, and its
standard deviations in the polar angle and polar radial di-
rections are op=0.01° and &= 0.1 m, respectively. The
clutter is evenly distributed in the surveillance area. The
survival time of the first target is 1-80 s, the survival time
of the second target is 5-90 s, the survival time of the third
target is 10—-100 s, and the survival time of the fourth target
is 15-100 s. Considering that the shape of each target is
irregular in this simulation, the extension state of each
target is set to 100 dimensions, i.e., N°=100. In addition,
for the ET-GBP-GP-LMB, ET-GBP-GP-FLMB and ET-
BGBP-GP-FLMB filters, the requested number of hypoth-
esis components for GLMB update is set to 100. The set-
tings of other simulation parameters are the same as those
in Sec. 5.1. The single tracking result of the ET-BGBP-GP-
FLMB filter is shown in Fig. 5(b). The average results of
100 Monte Carlo simulations are shown in Fig. 6 and
Tab. 3.
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In Fig. 5(b), the meanings of black solid lines, circles,
triangles and different colors are the same as those in
Fig. 2. It can be seen that the proposed ET-BGBP-GP-
FLMB filter can still track each extended target well and
maintain their tracks, although the detection condition is
poor in this simulation. It can be seen from Fig. 6 that the
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(b) The single tracking result of the ET-BGBP-GP-FLMB filter.

Fig. 5. The real shapes and single tracking result.
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Fig. 6. The average results of 100 Monte Carlo simulations.

Filter Run time (s)
ET-GBP-GP-LMB 136.4984
ET-GBP-GP-FLMB 43.0297
ET-BGBP-GP-FLMB 45.3201
ET-BP-PHD 16.2161

Tab. 3. The average running time statistics.

ET-GBP-GP-LMB, ET-GBP-GP-FLMB and ET-BGBP-
GP-FLMB filters have similar estimation performance,
which is significantly better than the ET-BP-PHD filter,
and their cardinality estimations are delayed at target birth
and death moments. In terms of running time, the same
conclusion can be drawn from Tab.3 as Tab.2. See
Sec. 5.1 for a theoretical analysis of these phenomena.

6. Conclusions

This paper proposes a new ET-FLMB filter, and its
BGBP-GP implementation is given. Compared with the
ET-LMB filter, the proposed ET-FLMB filter effectively
reduces the number of hypothesis components and compu-
tational complexity. Compared with the traditional SMC
implementation, the box particle implementation effective-
ly reduces the number of particles and computational bur-
den. In addition, the proposed filter can recursively esti-
mate the unknown detection probability, measurement rate
and extension state with arbitrary star-convex shape of
each extended target, effectively expanding its application
scope. In practical applications, the proposed filter can be
embedded into a DSP signal processing board and con-
nected to the actual tracking system to achieve extended
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target tracking. What’s more, based on the proposed filter,
we can also consider the classification and recognition of
targets according to their different shapes in future work.
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