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Abstract: For the problem of tracking maritime dim targets, the sequential Monte—Carlo multi-Bernoulli track-
before-detect (SMC-MB-TBD) method is popular.
tracking loss due to particle impoverishment and velocity uncertainty. In this study, a novel filter called position

However, this method may face low tracking accuracy and

scaling and velocity correction multi-Bernoulli (PSVC-MB) is proposed to deal with this problem. First, particle
position scaling is used to replace resampling in the SMC-MB-TBD method to deal with the lack of particle diversity.
Second, when the target is stably tracked, the target velocity is extracted from the multi-frame information and
used for re-estimation. Pseudo point measurements are calculated from the weighted average of all locations near
the particle position, and the particle velocity will be continuously corrected with the pseudo point measurements.
Simulation results verify the effectiveness of the proposed method at different low signal-to-clutter ratios (SCRs).
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1 Introduction

Target tracking is usually carried out after set-
ting detection thresholds and compressing observa-
tion data into a finite set of point measurements.
However, this method may not be suitable in low
signal-to-clutter ratio (SCR) situations. A high de-
tection threshold will lead to low detection proba-
bility and low yields. Consequently, it is important
to use all the information containing the original ob-
servation data to improve the tracking performance
(Kim et al., 2019).

It is a challenging problem to detect and track
dim targets with maritime radar in a complex ma-
rine environment. When the radar receives an echo
signal generated by the targets, the echo signal will
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experience interference from the sea clutter, which is
reflected from the sea surface (Xu et al., 2021). Sea
clutter is not only related to wind speed and surge
of the sea surface, but also affected by many factors
such as radar parameters and radar operating modes
(Posner, 2002). In the case of high resolution, the
amplitude of sea clutter has more significant heavy-
tail characteristics, and a reasonable sea clutter echo
model is K-distribution (Ward et al., 2013).

The track-before-detect (TBD) technique has a
wide range of applications in the field of tracking dim
targets, and many TBD methods have been proposed
so far, mainly including methods based on Hough
transform (Moyer et al., 2011), particle filter (PF)
(Tian et al., 2022), and dynamic programming (DP)
(Yi et al., 2013; Li et al., 2022; Liang et al., 2023).
The histogram probabilistic multi-hypothesis tracker
(H-PMHT)-based TBD was proposed as an efficient
multi-target TBD algorithm (Davey and Gaetjens,
2018; Guo et al., 2023). However, it is found that the
calibration of H-PMHT-TBD is difficult in a realistic


www.jzus.zju.edu.cn
engineering.cae.cn
www.springerlink.com

Shi et al. / Front Inform Technol Electron Eng 2025 26(6):978-990 979

maritime radar setting. The bad calibration leads to
poor detection.

Based on the random finite set (RFS) theory,
the first multi-target RFS-based TBD algorithm was
proposed by Vo et al. (2010). In essence, the key of
TBD is to obtain the observational likelihood func-
tion that is conjugate to a particular multi-objective
distribution. To reduce the numerical complexity,
Vo et al. (2010) deduced the analytic features of
the corresponding posterior distributions for differ-
ent prior distributions based on the assumption that
the observation regions affected by independent tar-
gets do not overlap. Based on the above assump-
tion, the multi-Bernoulli (MB) method is the opti-
mal method of multi-target filtering of TBD data
among different prior distributions (Vo et al., 2010).
In Papi et al. (2015), the first labeled RFS solu-
tion for the multi-target TBD problem was presented
under the assumption that the targets do not over-
lap. Although the separable approximation hypoth-
esis simplifies the filters, the above algorithms have
biased estimates when the targets are close. Kim
et al. (2021) examined the problem of multi-target
tracking in the maritime environment using an MB-
TBD filter. In this method, the measurement model
evolves into a more general cumulative superposition
model to solve the problem when the targets are in
close proximity. Ristic et al. (2022) investigated
the potential benefits of coherent radar processing
and exploitation of Doppler information in the TBD
method.

The sequential Monte-Carlo (SMC) method
was adopted to implement the MB-TBD filter in Vo
et al. (2010). In this algorithm, resampling is used
to prevent particle degeneracy after SMC prediction
and updating. However, this easily leads to sam-
ple impoverishment, which may cause low tracking
accuracy and tracking loss (Ristic et al., 2004). In
addition, the particle weight is affected only by the
particle position, which may lead to the problem that
the velocities of heavy particles are not reliable. The
heavy particles will be significantly retained in the
iteration. Then, in the MB-TBD filter, the existence
probability will gradually drop below the threshold
to determine the disappearance of the tracked target,
which results in tracking loss.

The position scaling and velocity correction
multi-Bernoulli (PSVC-MB) filter is proposed in this
paper. The main contributions of this paper are as

follows:

1. Particle position scaling. The particle po-
sition scaling algorithm is proposed to replace the
resampling step after SMC-MB updating. Accord-
ing to the scaling angle and the existence probability
of the particle sample set, the position of each par-
ticle in this set will be scaled, which simultaneously
reduces the effects of degeneracy and avoids the loss
of diversity.

2. Velocity correction and re-estimation. The
particle velocity will be corrected after the particle
position scaling step. According to the surviving par-
ticle set, pseudo point measurements will be calcu-
lated from the weighted average of all locations near
the particle position, and the pseudo point measure-
ments are used to update the particle velocity. In ad-
dition, when the new-born target is detected steadily,
the track re-estimation algorithm will be used for the
new-born target individually, which makes the tra-
jectory smooth.

2 Problem formulation
2.1 Target motion model

In a multi-target system, the multi-target state
at time k can be naturally represented as a fi-
nite subset Xj. If there are Nj targets at time
k with states 1, T2, -, TknN,, then X =
{Tp1, Tk 2, -, Tk N, | is the multi-target state. For
convenience, without designating a specific target,
the single target state is represented as xj. Each sin-
gle target state contains the target position (xg, yx),
velocity (4, ¥i), and echo intensity I, as follows:

) T
Ty = Tk, Thoy Yhs Ui I | - (1)

The single target is assumed to move with a constant
velocity (CV) model as

Tpr1 = Fxy + wy. (2)

The target state transition matrix is F =
diag{ Fyn, 1}, where diag{-} is a function represent-
ing a diagonal matrix, and Fj, is the state transition

matrix, given as follows:

1 T
F,.=FE
26 [ 0 1 ] ®)
Here, FE, is the identity matrix of dimension n, ®
is the Kronecker product, and T is the sampling
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interval. wy is a zero-mean white Gaussian noise
with covariance matrix Q. The covariance matrix is
Q = diag{Qm, T}, where Qy, is the process noise

covariance matrix and is given as follows:

(4)

3 2
szqu2®[T/3 T/2}

T2/2 T

Here, ¢; and ¢, are the power spectral densities in
the amplitude and spatial dimensions, respectively.

2.2 Observation model

The measurement images are obtained by the
airborne maritime radar. Assume that the range—
azimuth at the center of each resolution cell can be
converted to a Cartesian coordinate system based on
an unbiased measurement conversion method (Davey
and Rutten, 2007). The measured value in resolution
cell (4, 7) at time k is represented as zl(f’j)
1,2,..,a,j=1,2,..., 0, and o and (3 are the numbers

, where i =

of range cells and azimuth cells, respectively.

When several targets exist at the same time,
the measured amplitude in the resolution cell (i, 7)
at time k is a sum of contributions from each target
and the sea clutter. When no target exists, the mea-
sured amplitude is affected only by the sea clutter
(Vu et al., 2013):

(4,5) _

S o (@) + v, if targets exist,
2= n=1

,n
v](ci’j), if no target exists,

()
where h,(;i) () is the contribution of the n*® target in
cell (4,7) at time k, and vl(f’j) is the contribution of
the sea clutter in cell (7, j) at time k.

h,(;i) (+) is called the point spread function (PSF)
affected by the target state, given by

hgclfz) (mkn)

NIknAxAy ox (_ (2A$ _xlc,n)2+ (jAy_yk,n>2>

2152 252
(6)

where [, ,, is the echo intensity of the nth target, A,
and A, are the sizes of each resolution cell, ' is the
blurring factor, and xy, and yj , are the positions
of the n'® target. The image affected by the target
is finite. When the target is away from the corre-
sponding cell, the cell value approaches zero. Fig. 1
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o

Fig. 1 Schematic of the target influence region

illustrates the schematic of the target influence area.

The amplitude of the sea clutter has a significant
heavy-tail characteristic, and the reasonable sea clut-
ter echo model is K-distribution. The probability
density function (PDF) modeled with K-distribution

is given by
N
4w (i.9)
D (v(i’j)) = 7(% ) K 20" (7)

0\ Y b(p+1)/2r(p) p—1 \/5 )

where p and b are the shape parameter and the scale
parameter, respectively. I'(-) stands for the gamma
function, and k,_1(-) refers to the second kind of
(p — 1)*-order modified Bessel function.

Under the K-distribution hypothesis model, the
PDF of amplitude contributed by targets and the sea
clutter is given below (Ristic et al., 2022):

(i) | §4 () b
P1| % 21 k,n (Zk.n)s Ps

oo | Nk -
= / Ray (Z;(CJ ) ‘Z hid (wk,n)> T'(n|p,b)dn

0

n=1

o 2z,(ci"j) o 77p71
IO AR P
n+ > hka (®k,n)
n=1 :
(i,5)) 2
-exp _% — % dn,

Ne
nt S b ()

n=1

(8)

where Ray(-) is the Rayleigh distribution, and 7 is
the parameter of the Rayleigh distribution represent-
ing the power of the background.
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The likelihood ratio is defined as

N 5 (05) w)
(1) = a k('j|> : ©)
()
If no target exists, the contribution from targets is
equal to 0, i.e., p1(-) = po(-). Hence, the likelihood
ratio is equal to 1. The likelihood ratio will be used
in Section 3 to update the existence probability.

3 PSVC-MB-TBD

In this section, an algorithm called PSVC-MB-
TBD is described to track maritime dim targets.
Fig. 2 illustrates the PSVC-MB-TBD flowchart. The
proposed algorithm consists of the following five
steps: pre-processing, track prediction, track updat-
ing, particle position scaling, and velocity correction
and re-estimation.

3.1 Pre-processing
3.1.1 K-distribution parameter estimation

The K-distribution parameters are unknown in
advance. A method of moment estimator (ME) is
used to estimate parameters (Abraham and Lyons,
2002). Weighing up the performance and compu-
tational complexity, the estimator employs the first
two moments. We regard the measured amplitudes
» Sy
where n is the number of samples, and the first two

in the resolution cells as the samples Sy, So, ...

moments are defined as

1 n

my = E ;:1 Si? (10>
1 Z" )

mo = E — Sl . (11)

To estimate the K-distribution parameters ac-
curately, the amplitudes of resolution cells at the
current moment and the previous frames are taken
as samples. The number of samples depends on the
size of the K-distribution parameter (Ristic et al.,
2020). According to Abraham and Lyons (2002), the
parameters p and b are obtained as

] e
h="2 (13)
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Fig. 2 Flowchart of PSVC-MB-TBD

The estimated parameters p and b are used in
the track updating step to calculate the likelihood
ratio.

3.1.2 Adaptive SCR threshold

In the low SCR condition, it is difficult to iden-
tify the target echo signal from the sea clutter. To
balance false alarms and missed detection, an adap-
tive SCR threshold is set in this study. SCR is de-
fined as

Oc

2 2
SCR_101g<IkAmAy/(27T2 >> . (14

where o, is the standard deviation of the sea clutter
obeying K-distribution (Davey and Rutten, 2007).
The threshold adopted is shown as follows
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(Armstrong and Griffiths, 1991):

z,(:’j) > 10SCR/10 . gtd(Zy)+A - mean(Zy), (15)
where 7 is the measurement set at time k, and
mean(-) and std(-) are the mean value function and
the standard deviation function, respectively. A is
the proportionality coefficient.

3.2 Track prediction and track updating

The MB filter is a probability density approxi-
mation of multi-target Bayesian recursion, which can
simultaneously estimate the number of targets and
the state. The MB filter can be divided into two
steps: prediction and updating.

3.2.1 Prediction

Assume that the multi-target posterior density
at time k — 1 is the MB distribution. An MB RFS
can be described by the MB parameter set as follows
(Vo et al., 2010):

i i Ni—1
Tk—1 = {(llgll,?ﬂ]g)l,pk)]")}z,l )

where Nj_; is the number of targets at time k —
(1) ; and p(z) are the existence probability
and the probablhty density of state of the i*" target,
respectively. [;" hud () 1 is the label of the ™ target, which
contains the birth moment and identification.

The algorithm used in this study is the MB al-
gorithm, which is different from the labeled multi-
Bernoulli (LMB) algorithm in Reuter et al. (2014).
The labels used in this study include only the
birth time and serial number, and each independent
Bernoulli component is assigned a unique label to
distinguish the track. The labels used in this study
are different from the standard expression form; the
labels do not take the association of targets and mea-
surements into account. Based on the particularity
of the TBD algorithm, a simple tracking label trans-
That is,
when the survival target survives the next frame, the
original label is retained for the survival target, and
the birth target is assigned a new label. The use of
labels in the MB algorithm can be referred to Ristic
et al. (2020) and Kim et al. (2021).

Then the predicted multi-target density can be

(16)

1, and r,

fer strategy is implemented in this study.

expressed by the following parameter set:

Ni—1
_Jg® (@) (@)
Wk\k—l—{(l Jelk=1Ts k| k=1 Ps k| k— 1)}_

1
17
@ @ @) (an

{(lbkyv bk;?prg)}i:l »

where
Tsll)@\k 1 _Tkl)l <p/(<:)17PSk> (18)
() <fk\k (], pk)lp >

Dy K|k— 1( )_ ) , (19)

<pk; 17Ps,k:>
Ker =000 (20)

and Vy, 1 is the number of birth targets at time k.
The predicted multi-target density is a combi-

nation of survival targets and birth targets. Py is

the probability of survival fk| ke 1(:13|) is the trans-

f A(z)B(x)dx. The label of

the survival targets li /)CI b1 mherlts the former label.

{0)r SL,pgb}z
birth targets, in which birth targets are assigned a
new label.

fer function.

" is the MB parameter set of the
1

3.2.2 Updating

After combining the survival targets and the
birth targets, the predicted multi-target density can
be expressed as follows:

i i Nijk-1
Tklk—1 = {(l](d)k; 17r](<;|)k, 17p,§€‘)k 1)} =1 ) (21)

where

Nijk—1 = Ng—1 + Np k- (22)

Then the updated density at time k£ can be ex-
pressed as follows:

T = {(l(l) T’(“Z)’p’(;))}i:1 , (23)
where
(4) (1)
(i) _ "olk— 1<pk|k iy (Zk|f‘3)> (24)
Tk: = )
(4) (4) (1)
L= et + Thjie 1<pk|k 1 (Zk|93)>
S0 Phr ) -
k i ’
(P10 (Znl))
tzde)= I (=), @6

(i,7)€R(z)
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Nigjk—1 _
Ny = Z € (rfﬁ) , (27)
=1
1, 2>,
e@) = { 0, =<rs. (28)

R(x) is the target influence area. All the Ny,
candidate tracks are updated. Only the targets
whose existence probability is larger than the sur-
vival threshold ry are preserved for iterative calcula-
tion with the corresponding label.

3.3 Particle position scaling

In this subsection, we discuss our proposed par-
ticle position scaling method to replace the resam-
pling method. In the proposed method, the low-
weight particles are given the opportunity to move
closer to the high-weight particles. In the updat-
ing step, the weight of each particle is calculated
according to the particle state and measurements.
The higher the particle measurement likelihood, the
greater the particle weight. After the updating step,
the resampling method is used by the SMC-MB-TBD
algorithm to achieve survival of the fittest. Particles
with high weight are retained in large numbers, and
deletion of particles with low weight is very proba-
ble. The resampling method ignores the potential-
ity of low-weight particles. According to the resam-
pling method theory (Ristic et al., 2004), a relatively
moderate method is adopted in this study. In this
method, the low-weight particles will not be com-
pletely removed, and are given a chance to be re-
tained, but currently, these low-weight particles must
compromise, and get closer to the higher-weight par-
ticles. The closer these low-weight particles are to
the maximum-weight particle, the higher the mea-
surement likelihood calculated from the states of the
low-weight particles. Then these particles will have
a greater advantage at the next updating step.

The two main reasons for particle degeneracy
are as follows:

1. Particles are affected by the measurement
noise; sometimes the particle weights close to the
true state are low, but the weights of particles with
wrong states are high. Low-weight particles whose
states are close to the true state are deleted.

2. Frequent resampling results in a decrease in
the particle diversity. The proposed method does
not delete the low-weight particles, and unlike the
resampling method, this method does not retain a

large number of the same particles. Therefore, the
particle position scaling method reduces the effects
of particle degeneracy.

The parameter scaling angle and existence prob-
ability are used to limit the speed of particle move-
ment, and the density detector method is proposed to
prevent the particle sample set from being too dense.
Fig. 3 illustrates the difference between the resam-
pling and the particle position scaling methods.

* Maximum-weight particle

. ® Normal particle
Particle swarm P

'~ - N
@ o' X ‘e ° . o .
A AN A A
\ [ & '\. ..' \ o .. k
@ / . : /
N \‘.':./ N
Resampling Particle scaling

Fig. 3 Schematic of the resampling method and the
particle scaling method

3.3.1 Particle position scaling theory

For convenience, this subsection does not index
the number of targets. Assume that a particle sample
set at time k can be represented as {(w,(j) , w,(ci))}]_wp .

A particle sample set consists of M, partiél_ezls,
and each particle can be described by its state xy
and weight wy.

After the updating step, the particle will move
toward the maximum-weight particle according to
the scaling angle and the existence probability. The
higher the existence probability of the particle sam-
ple set is, the closer the particle will be to the
maximum-weight particle. Fig. 4 shows a schematic

of the particle scaling algorithm.
2y e = 1)+ (1 = cos(rid)) (=" =), (29)

where a:,(jinew is the position of the i** particle after

position scaling, and x:—max is the position of the

maximum-weight particle. rj is the existence prob-
ability of the targets, and 6 is the scaling angle.

(2) w_max
yk:fnew and Yi
new and x:—max on the y axis, respectively.
To ensure that all the particles are equal in the
next updating step, the weight of each particle will
be equally distributed as follows:

are the counterparts of
(@)
Tk

W® = L (30)
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Fig. 4 Schematic of the particle scaling algorithm

3.3.2 Density detector

The particles of the sample set will gradually
approach the maximum-weight particle without lim-
itation. The density of the particle sample set will
be larger, which leads to a lack of particle diver-
sity. Therefore, the density detector method is used.
Fig. 5 shows that when the density is larger than
the threshold, the scaling will be stopped and the
particles will move freely to ensure particle diversity.

Density detection area

./'i._{é\'\. . R

/7
I e N A S A
. /8, e )N ’ ) . /8 \’..\
( ‘ * ‘O\Den3|ty>pd ( ‘ * ) '
."\0‘".70 I > .\e N 6-'70 [
\ : < 7
) .}\’/b ./ .\5 —_— .v./
N % - é v

—

Fig. 5 Density detection to ensure particle diversity

The density pq is calculated as follows:

M, .
pa=Y_ D), (31)
i=1
where
D(xk) = 1’ !{L'k7x:*mflx -7 (32)
0, |xk,x:*mdx| > d.

max| is the Euclidean distance between the

T, CL'(Z—
maximum-weight particle and other particles, and d
is the density detector distance. Eq. (32) is used to
calculate the density of the particle set. When the
density is sufficient, the particle position scaling step
will be stopped.

3.4 Velocity correction and re-estimation

The particle sample set of the birth targets at
time k is generated according to the measurement

Zr—1. Because z,_1 does not contain information

about the target velocity, the particle velocities are
distributed in an inaccurate velocity range (Ristic
et al., 2020), and the inaccurate velocity of the par-
ticle may lead to frequent track breakage. There-
fore, a velocity correction and re-estimation method
is proposed. Due to the influence of the sea clut-
ter, it is not persuasive to regard the high amplitude
resolution cells as point measurements in low SCRs
directly. In the proposed method, after the particle
position scaling step, the effect of the surviving tar-
get in each resolution cell is calculated as a pseudo
measurement. In the influence area of the surviving
target, the weight of each resolution cell is calculated
by multiplying the amplitude of the relative resolu-
tion cell by the relative likelihood ratio. Finally, the
pseudo point measurement is obtained according to
the weight of each resolution cell and used to cor-
rect the particle velocity. For a confirmed track, the
particle re-estimation method is proposed to extract
the velocity. Then the extracted velocity is assigned
to the initial state, and the state will be individually
re-estimated and synchronized to the present time.

3.4.1 Velocity correction

The pseudo measurements of each resolution cell
at time k are calculated according to the surviving
particle sample set as follows:

" LA
dkz,J) _ 7 Z Zhl(cz,J) (xkn,c)>,

n=1c=1

(33)

where N is the number of the surviving particle sam-
ple sets and M is the number of particle samples per
set.

Because of the influence of clutter, it is unreli-
able to determine the weight only by the amplitude,
and the weight of each resolution cell is simultane-
ously affected by the amplitude of the corresponding
resolution cell and the pseudo-likelihood ratio, ex-
pressed as follows:

z,(f’j)pl (z,(j’j)| d;@m))

Do (z,i”)>

Then the pseudo point measurement near the
particle position is determined by

S WMol
7 - (i.j)ER(@")

(4,9)
> Wi, !

(i,))€R(=")

(34)

; (35)
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where C'(9) is the location of the resolution cell. The
final correction velocity is determined by

o e+ (1) - 2), (36)

where r,(C ™ is the existence probability of the n'

viving target at time k.

The gain of the velocity correction depends on
the existence probability. A target with high ex-
istence probability is expected to keep the current
state for iteration. Therefore, the gain of the velocity
correction is low. For the target with low existence
probability, the estimated location of the target may
be far away from the real location. Therefore, the

SuI'—

gain of the velocity correction is expected to be sig-
nificant to increase the existence probability of the
target in the next frame.

3.4.2 Re-estimation

After the updating step, the existence probabil-
ity T](f) of the i*? target is calculated. When the exis-
tence probability is greater than the survival thresh-
old rg, the target is considered to exist at the current
time. The survival time is calculated from the first
time the existence probability of the target is greater
than the survival threshold. When the survival time
of the target is greater than the threshold, the target
can be considered to be stably tracked.

Up to time k, according to the effective esti-
mated trajectory and target labels, the correspond-
ing target velocity can be extracted. For simplicity,
the target is assumed to move with a CV model, and
the velocity is extracted as follows:
Tk — Ty,

—h, (37)

_—
where T, is the estimated position in the x axis at
time k and ¢y, is the birth moment according to the
label.

The extracted velocity is re-assigned to the state
of the birth moment, and the state from time ¢, will
be individually re-estimated and synchronized to the
present time.

The particle velocity is randomly assigned ini-
tially according to the velocity interval, and the ve-
locity of each particle may have a significant differ-
Without limitation, the
particle set used to represent target will be gradu-
ally looser. As a result, the trajectory of the target
will be more tortuous.

ence in direction or size.

The re-estimation method

is adopted to estimate the velocity of the target ac-
cording to the estimated target state and assign the
velocity to the particles. Because the velocity direc-
tion and size of the particles are roughly similar, the
set of particles representing the same target will not
become loose due to time. In multiple frames, the
target trajectory will be relatively smooth.

3.5 Implementation

The SMC-MB algorithm is used to solve the
multi-dimensional integration problem in Egs. (18),
(19), (24), and (25) (Ristic et al., 2013). The
probability density of states about the ‘" tar-

get pgjzl can be approximated by a particle sam-

MP
ple set {(w,(;’Jl)?w,(;’Jl))} )
j=

sity of the surviving target pii,)c‘k_l is approxi-

The predicted den-

(ig) () LM (i.4)
mated by {(wkl’,ﬂ 17‘“"!@\}5 1)} 0 where a:k"J =

fk|k,1(w,(€’31)|) and ""1(;\15)71 = P, w,(g %) The se-

lected measurements in Eq. (15) are clustered based
on density (Ester et al., 1996), and the opti-
mal measurements are obtained from each clus-
ter by amplitude comparison. The positions of
the birth particles are randomly distributed around
the optimal measurements.
of the birth particles are randomly assigned ac-
cording to the maximum achievable velocity range.

The predicted existence probability is 7'1(;'\)1671 =

The initial velocities

(@)

b.) Then the posterior density p,

rk 1 Zwm

d b (4,5) (4,9) My h

. . t { 7, , i, } ,

is approximated by (mklk—l Wik ) o where
(i,5) i,5) (4,5)

Wi =t (Zk|mk\k 1) Welk—1

bility r,(g) is calculated as follows:

The existence proba-

(4,9)
k\k 1 Z Wk|

rd = . (38)

(%) (4,9)
L=rppq + Tk\k 1 Z Wk

After the updating step, the particle scaling
method is used to increase the effectiveness of each
particle, and avoid the lack of diversity faced by the
resampling algorithm. The particle sample set with
an existence probability greater than the threshold
will be identified as a surviving target and reserved
for iteration.

Using the confirmed surviving targets, the
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pseudo measurements are calculated to obtain the
weight of each resolution cell. The larger the weight,
the more likely it is that the amplitude of the cor-
responding resolution cell is affected by the tar-
get. Then pseudo point measurements are calculated
around the surviving targets to correct the particle
velocity. For each stably tracked target, we can ob-
tain its birth moment based on its label. Targets
whose survival time is greater than the threshold will
be re-estimated separately by backtracking. The tar-
get label processing steps are listed in Algorithm 1.

Algorithm 1 Processing the target labels
1: for k=1,2,...,K do
2: fori=1,2,..., N, do

3: Assign labels to the birth targets
4: 1, = [k,4]
5: end for
6: fOI‘j: 1727~~~7Nb,k+Nk71 do
. ip 1@ ()
7 Predict l/,€|,€71 =1,
8: Update 11/ = z,iJ‘EH
9: end for

10: Ngjg—1=Nk—1+ Npg
e YN
11:  Update the density: m = {(l,(;),r,(;),p,(;))}. kl‘k !
i=
12: Nk =0
13: fori=1,2,..., Nyx—1 do

14: if r}(j) > rs then

15: Reserve l,(J), r,(;), and p,g)
17: end if

18: end for

) ) . N
19: The posterior density: 7 = {(l,&l),rg),pg))}_ kl
20: end for .

The proposed algorithm has a separable form
of likelihood measurement based on the assumption
that the target influence areas do not overlap. When
multiple targets are close to each other, some equa-
tions in this study need to be modified. Assume that
there are N, j targets close to each other and x,, is
the state of the m'™ target. When we update the
track of target 1, the likelihood ratio needs to be
modified as follows:

_pi(E )

8(5](;7J)|-731) PR N (39)
po(z, ")
where
N N Ne i B
2](;’]) _ Z](Cz,g) . Z h}(;,a)(wm). (40)
m=2

When targets are close to each other, the mea-
sured amplitude in the resolution cell (7, j) at time

k is a sum of contributions from the N.j targets
and the sea clutter. When we update the track of
target 1, the contribution from other close targets
must be removed.

In addition, the weight of each resolution cell in
Eq. (34) needs to be modified as follows:

5;(;’])]91(5;(;'3) |d/l(€1’ﬂ)) |
po(gl(czyj))

wy Y = (41)

4 Simulations

In the simulations, the proposed PSVC-MB al-
gorithm is compared with the traditional SMC-MB
algorithm and the H-PMHT algorithm to verify
the effectiveness of tracking maritime dim targets.
Simulations are performed on a personal computer
with Intel i5-7400 3.00 GHz central processing unit
(CPU), and all the algorithms are implemented in
MATLAB R2016a. The particle position scaling
method is used instead of the resampling method
in this study. The particle position scaling method
does not replicate the high-weight particles after the
updating step, so the mean squared error and bias
in Chesser et al. (2022) are not suitable for eval-
uation in this study. There are three other indices
to evaluate the detection performance: optimal sub-
pattern assignment (OSPA), average number of track
losses (ANTL), and average track confirmation delay
(ATCD). The three indices are defined as follows:

1. OSPA. This index evaluates the overall per-
formance of the target tracking system, and can be
used to measure the error between the real track and
the estimated track:

di(X,Y)

1
9 P
= [1 (min ) (i, y,,(i))p + cP(e— g))] )

e \ med, =1
(42)
where X = {z;}/_, and Y = {y;}_, are arbitrary
finite sets of the true target states and the esti-
mated positions with dimensions g and e, respec-
tively. A, represents the set composed of all permu-
tations from 1 to e, and d(©)(z,y) = min{c,d(x,y)},
where d(z,y) = ||z —y||, ¢ >1,and 1 < p < o0.

2. ANTL. This index is used to measure the
average variance between the number of true tracks
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and the number of estimated tracks:

K N,
1 me . .
Niost = N Z (Nk:,true - Nk:,est)7 (43)
M E=1 i=1

where N,i)tme and N,;est are the numbers of true
tracks and estimated tracks in the i*" simulation re-
spectively, and Ny, is the number of Monto—Carlo
runs.

3. ATCD. This index is used to reflect the sen-
sitivity of target detection:

1 ch Ntar
_ %) %)
Taa = WZ Z (Tb@st o Tb,true)’ (44)
mc+ Vtar i=1 j=1
where 77 and T{7  are the true and estimated

birth moments of the j* target in the i*" simulation,
respectively. Ni,, is the number of targets.

Table 1 shows the scenario and algorithm pa-
rameters. The targets are assumed to move with CV
models. Each target appears and disappears in the
surveillance area at different times. The concrete

target parameters are shown in Table 2.

Table 1 Scenario and algorithm parameter setting

Parameter Symbol and value
Sampling interval T=1s
Duration time K=50s
Number of Monte—Carlo runs Nmc=50
Numbers of resolution cells a = =65

Sizes of resolution cells
Sea clutter parameters
Initial target SCR
Sensor blurring factor

Ay = Ay=1 pixel
p=3, b=0.45
SCR=6 dB
Y=1
Std of the target location noise o, = of,=0.01 pixels

Survival threshold rs—=0.6
Scaling angle 6=60°
Density detection distance d=1.5 pixels
OSPA parameters c=5 p=1

Table 2 Concrete target parameter setting

Target index  Survival time (s) Initial state

[5 pixels, 0.3 pixel/s,

! 1740 7 pixels, 0.4 pixel/s]

[10 pixels, 0.6 pixel/s,
5 pixels, 0.3 pixel/s]

In the simulation by Vo et al. (2010), the size of
pixels is variable. Due to the difference in measure-
ment accuracy and resolution cell size of different
sensors, we use pixels to make the unit uniform in

this study. The density detection distance in Table 1
is the parameter in Eq. (32). This parameter is used
to determine whether the particle position scaling
step is required.

Fig. 6 shows the true and estimated tracks with
three different algorithms at 6 dB. In Fig. 6, the tra-
jectories obtained by using the traditional SMC-MB
algorithm break frequently, because resampling leads
to sample impoverishment during iteration, and the
velocities of reserved particles are not true, which
causes low track accuracy and track loss. The track-
ing performance of the H-PMHT algorithm is similar
to that of the proposed PSVC-MB algorithm. How-
ever, obvious track fluctuation occurs with the H-
PMHT algorithm, because the relatively high predic-
tion error generally leads to large deviations between
the virtual and true measurements in low SCRs.

Fig. 7 shows the OSPA distance of three differ-
ent algorithms. Fig. 8 shows the estimated number
of targets of three different algorithms in 50 Monte—
Carlo runs. It can be seen from Figs. 7 and 8 that the
H-PMHT algorithm is slower than the proposed algo-
rithm in detecting and tracking targets, because the
track confirmation step is required in the H-PMHT
algorithm. The average track confirmation time of
the H-PMHT algorithm is longer than that of the
proposed algorithm.

To verify the effectiveness of the proposed algo-
rithm at a low SCR, 50 Monte—Carlo runs are per-
formed. Fig. 9 shows the average OSPA distance
of three algorithms when SCR=4, 6, and 9 dB. Ta-
ble 3 shows the concrete performance indices of three
different algorithms with different SCRs.

Table 3 Performance indices of three algorithms
against different SCRs

Index SCR (dB) SMC-MB H-PMHT PSVC-MB

4 3.765 3.573 1.435
OSPA 6 2.135 2.282 1.139

9 1.666 1.768 0.614

4 14.15 10.60 9.55
ANTL 6 9.02 7.80 3.04

9 7.83 5.86 2.91

4 4.95 8.10 4.85
ATCD 6 2.05 5.05 1.90

9 1.05 2.75 0.95

When the updated particles are looser, the par-
ticle position scaling step in the proposed algorithm
makes the particles more compact. However, when
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Fig. 6 Target tracks of three different algorithms at
6 dB: (a) SMC-MB; (b) H-PMHT; (¢) PSVC-MB

the particles become too compact, the density detec-
tor step will stop the position scaling step and the
particles will move freely. Therefore, the looseness
of particles is similar at high and low SCRs in the
proposed algorithm.

Table 4 shows the target parameters when the
targets are close to each other. Fig. 10 shows the
true and estimated tracks of the proposed PSVC-
MB algorithm with different SCRs.

When the targets are close to each other, the
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Fig. 8 Estimated number of targets of three different
algorithms

Table 4 Target parameter setting when the targets
are close to each other

Target index Survival time (s) Initial state

(19 pixels, 0.2 pixel/s,

! 140 14.7 pixels, 0.2 pixel/s]

[28.3 pixels, —0.1 pixel/s,
15.4 pixels, 0.2 pixel/s]

target influence areas overlap, and the amplitude of
the corresponding resolution cell is very large. The
algorithm proposed in this study can deal with the
above problems well. It can be seen from Fig. 10 that
the proposed algorithm can track accurately with
different SCRs. Simultaneously when the targets are
close, the estimated states will not be affected by the
high amplitude. The estimated trajectory will not
stay at the location of the high-amplitude resolution
cell for a long time, and will not be confused with
other target trajectories.
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Fig. 9 The average OSPA distance of three different
algorithms with different SCRs: (a) 9 dB; (b) 6 dB;
(c) 4dB

5 Conclusions

In this paper, a PSVC-MB algorithm is pro-
posed to track maritime dim targets. The proposed
algorithm uses the particle scaling method instead of
the resampling method in the MB algorithm to solve
the particle scarcity problem. In addition, the veloc-
ity correction and re-estimation algorithm is used to
constrain the particle velocity. This method effec-
tively solves the diffusion caused by random particle
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Fig. 10 Target tracks of PSVC-MB with different
SCRs: (a) 9 dB; (b) 6 dB; (c) 4 dB

motion, increases the number of effective particles,
and improves the tracking accuracy. In the simu-
lations, the proposed PSVC-MB algorithm is com-
pared with the SMC-MB and H-PMHT algorithms,
and the results verify the effectiveness of the pro-
posed algorithm.
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