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Abstract

In many radar or sonar tracking applications, the amplitude information (AI)
is known to improve data association and target state estimation in most of
multi-object filters. However, when considering targets in noisy backgrounds,
existing multi-object filters rely on a number of assumptions, relating to the
uniformity of the spatial distribution of the clutter and amplitude distribution
of the clutter being Rayleigh. These assumptions are seldom held under realistic
conditions, and as such, the underlying multi-object filters deliver a sub-optimal
tracking performance. In this paper, we incorporate the AI as part of the
multi-object filtering process to render very novel filters that can handle multi-
object tracking in much more difficult and realistic conditions. In particular,
we propose an inverse Gamma Gaussian Model for the target and clutter state,
consisting of kinematic state and return power. We then develop the inverse
Gamma Gaussian Mixture (IGGM) implementation of the RFS filters with AL
Simulations show that proposed filters, in particular when combined with clutter
estimation and its RFS approximation, are more robust in handling a number

of realistic cases when compared against existing filters.
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1. Introduction

1.1. Background and Motivation

In the context of multi-target tracking, multi-object filters jointly estimate
the number of targets and their states from a history of measurements. How-
ever, the performance of these filters deteriorate very rapidly due to a number
of reasons such as missed detections from non-ideal sensors, false alarms aris-
ing from non-target originating returns, and incorrect measurement-to-target
associations. On this note, by complementing the existing multi-target tracking
algorithms, such as joint probabilistic data association (JPDA) filter, multiple
hypothesis tracking (MHT) algorithm, and random finite set (RFS)-based fil-
ters, and by incorporating the amplitude (or signal strength) information (AI),
it is possible to improve the estimation performance. This is becoming increas-
ingly feasible with modern sensors where the outputs include Al along with the
conventional kinematic measurements.

Using Al as part of the multi-target tracking has been explored before. For
instance, in [I], AT is used to enhance the data association of the probabilistic
data association (PDA) algorithm. In [2] and [3], AI is used to enhance the
MHT algorithm. In [4], target amplitude strength is introduced into a closely-
spaced target tracking model for improving the tracking performance. In [5],
the target amplitude feature is modeled as a Rayleigh likelihood function of the
target mean signal-to-noise ratio (SNR), and is incorporated into the probabil-
ity hypothesis density (PHD) and cardinalized PHD (CPHD) filters. In [6], a
cardinality-balanced multi-target multi-Bernoulli (CBMeMBer) filter with AT is
proposed. In [7], a more robust multi-object, multi-Bernoulli filter incorporating
AT (MeMBer-Al) is proposed to handle unknown clutter rate. In [8] [l [10], the
AT is used in conjunction with multi-object filtering for estimating the target

states and their radar cross sections (RCSs) for robust ground target tracking
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using airborne radar measurements. However, the direct utility of these ap-
proaches is based on one or more assumptions, including: a) spatial density of
the clutter being uniform; b) clutter amplitude being Rayleigh-distributed; and
c) the clutter model is known a priori.

In practice, however, these assumptions rarely hold true. For instance, when
tracking a faint target over a ground- or sea- background, the Al is often same as
the background information, and thus they are non-distinguishable. Similarly,
spatial density of the clutter and/or the distribution of the clutter amplitude
may often be non-uniform and/or non-Rayleigh, for instance when considered
over a heterogeneous terrain. As such, it is difficult to treat clutter models as

known a priori, which often leads to sub-optimal tracking performance.

1.2. Brief Survey of Related Work

A number of approaches for estimating the parameters of clutter models in
the context of multi-object filtering have been proposed before. For instance,
conventional approaches, such as [I1], estimate the parameters that characterize
the clutter model independent of the filtering. In [12] and [I3], based on Poisson
clutter process assumption, a generalization of the PHD filter, called the inten-
sity filter, augments the target state space with clutter state space, which can
estimate the clutter model while filtering. Approaches for jointly estimating the
clutter and kinematic states in an unknown clutter background are proposed
in [I4] and [I5]. The approaches, x-PHD and x-CPHD filters, perform this by
relying on a Bernoulli clutter generator. A Bernoulli clutter generator is, like a
target, a Bernoulli RF'S. It generates at most a single observation at a time and
has an unknown state. According to a Markov motion model, the state of the
clutter generator is propagated with time. The total clutter process is modeled
as the union of an unknown number of Bernoulli clutter generators. The num-
ber and states of the targets can be estimated simultaneously with the number
and states of the clutter. Mahler et al. implemented the x-PHD and the k-
CPHD filters by using a Beta-Gaussian Mixture (BGM) approximation. Under

BGM approximation, the intensity function of the clutter can be estimated in
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closed-form as a Gaussian mixture. Another implementations of the k-PHD and
the k-CPHD filters are proposed in [I6] and [I7], respectively, which approxi-
mate the intensity function of the clutter by using a Normal-Wishart mixture
(NWM). The robust CBMeMBer filter is proposed in [I8] and its applicabili-
ties were demonstrated using two examples on visual tracking [I9] and sensor
management [20] 21].

Although the literature presented above provides a suite of powerful tech-
niques and methods to relax the assumptions relating to the model of the clutter,
the key limitation is that all these considered only the spatial distribution of
clutter. As such, they are not directly applicable towards relaxing any assump-
tions on the amplitude distribution of clutter. To the best of our knowledge, our
study here is the first one to make such an approach. Utilizing the Al as part
of the joint estimation of target states and parameters of the clutter model, is
likely to lead to better outputs, and thus improved multi-object tracking perfor-
mance. In this paper, we use the Al to improve the performance of multi-object
filters in a clutter environment, with a special focus on relaxing the assumptions
outlined above.

In performing the proposed study, this paper makes the following contribu-

tions:

e By modeling the amplitude features of the target and the clutter using
different distributions, namely the Rayleigh and the Weibull, which is often
adopted in the context of the GMTI radar or sea radar, we simultaneously
incorporate the AI into the target state filtering and clutter estimation

steps;

e To incorporate the AI into the existing clutter-agnostic multi-object fil-
ter algorithms, such as the k-PHD, k-CPHD and the robust CBMeMBer
filters, we propose an inverse Gamma Gaussian (IGG) model with an
augmented state, consisting of the kinematic state and the return power,
which are assumed to be independent of each other. Then, we develop the

IGG mixture implementation of these filters with the Al
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e Using a number of simulations mimicking realistic scenarios that relax a
number of assumptions outlined above, we show that the our proposed Al-
incorporated multi-object filters outperform the conventional filters, and

offer superior multi-object tracking performance.

The rest of the paper is organized as follows. In Section we present
the essential background of the multi-object Bayesian filtering and demonstrate
how the amplitude information can be introduced into the multi-object Bayesian
filter and clutter estimation. In Section [3] we present the amplitude model in
noise-only and clutter background. In Section [@ we derive the IGG model and
the IGGM implementations of the PHD, CPHD, and the CBMeMBer filters with
AL We then evaluate the performance of our proposed approach in Section [f]
using a number of simulated, yet realistic, scenarios. Finally, we conclude the

paper in Section [6]

2. Multi-Object Bayesian Filter with Amplitude Information

2.1. Multi-Object Bayesian Filter
Robustly tracking objects in a multi-object tracking scenario is centered

around three key aspects:

1. The ability to handle the variation of the number of objects with time,
which is directly linked to objects appearing and disappearing within and

off the region of detection;

2. The ability to handle observations coming from imperfect sensors that con-
sists of missed and false detections, which is a collection of measurements

that are not associated with the targets; and

3. The ability to handle association of observation-to-target, which is am-

biguous when targets are closely spaced.

The aim of a multi-object Bayesian filter is to handle these three cases at the
same time by jointly estimating the number of time-varying objects, and their

states from accumulated observations.
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To this end, let N (k) and M (k) be the number of targets and observations at
time k, along with the fact that xy1,..., 25 vy € X and 2x 1, ..., 2k mx) € 2,
are the corresponding states and observations. Corresponding multi-object state
and the multi-object observations are then represented by the following finite

sets:

Xk:{xk,lw--,fk,N(k)} E.F(X) (1)

and

Zi={2e1, - 2 | € F(2) (2)

where F(X) and F(Z) are the finite subsets of X and Z, respectively.
Using the random finite set formulations, the multi-object Bayesian recursion
propagates the posterior probability density of a multi-object state fy(Xx|Z1.x)

over time, according to

Jerre(X|Z1:8) =/fk+1\k(X\X')fk\k(XllZLk)(SX/ (3)

f (X|Z1.11) = Sr11 (Zga | X) Frga o (X | Z1:1)
k+1|k+1 k+ ffk+1\k(Zk+1|X)fk+1|k(X|Zl;k)5X

where Z1., = (Z1, ..., Zk) denotes the accumulated observations up to time k,

(4)

frt1x(X|X’) denotes the multi-object transition density, and fi1)x(Zr41|X)
denotes the multi-object likelihood. Here, the multi-object transition density
accounts for the uncertainty on the number of targets while the multi-object
likelihood accounts for the detection uncertainty.

With and involving multiple integrals on the space of X', the opti-
mal multi-object Bayesian filter cannot be implemented in a computationally
tractable manner. This issue can, however, be addressed using a number of
approximations, based on the idea of propagating moment or parameterized ap-
proximations, such as PHD, CPHD and CBMeMBer filters [22] 23] 24]. Instead
of propagating the full multi-target density fi,(Xx|Z1.), the PHD and CPHD
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filters propagate their first-order moments, which are called PHDs, and cardinal-
ity distributions [22] [25]. The CBMeMBer filter approximates the multi-target
density as multi-Bernoulli RFS, and thus propagates the set of multi-Bernoulli
parameters. These multi-object filters have successfully been applied across a
range of problems stemming from a number of domains, such as image process-
ing, robotics and surveillance [26] 27, 28], 29].

In comparison to the fixed clutter models known a priori, clutter-agnostic
models, which simultaneously estimate the target and clutter states, proven to
be more effective [30]. In the following sub-sections, we outline how we intend

to augment the capability of these robust filters by including the Al.

2.2. Amplitude Information Likelihoods

Let 2! denote the augmented state of a target that contains the kinematic
state 7t = ;7p§,p'§,ﬁ§]T, with p, and p, being the positions and p, and p,
being corresponding velocities. Furthermore, let o and o¢ be the power-linked
attributes of the target and the clutter, respectively. In the context of radar
signal processing, 0! can either be the equivalent power of the receiver input,
RCS or mean SNR, and o€ can be the power of the clutter. In this paper, we
define ot and o¢ as the target equivalent power and the clutter equivalent power
of the receiver input, respectively. These are the powers of baseband signals

after preprocessing, such as frequency conversion, amplifying and demodulation.

With this definition, the augmented state x! is defined as:

rt = (5)

In addition to this, the state of clutter should also be considered when dealing
with a clutter background. Similar to , the augmented clutter state z° is
defined as:
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where ¢ = [pg, pg]T represents the spatial state of clutter.
Considering the fact that the observation detected from the receiver con-
sists of a two-dimensional target position z and amplitude a > 0, the following

assumption can be formulated.

Assumption 1. The amplitude of the signal return is independent of state

location, and the likelihoods for target g*(z|x?) and clutter g°(z|z¢) are given by

g'(zl2") = gz(2]2")gq (alo”) (7)

9°(2|2%) = g2(2|2%)g;(alo®) (8)

where gt (alo?) and g¢(a|o©) are the amplitude likelihood functions for target and

clutter, respectively.

Remark 1. The actual amplitude of the return signal, power and SNR of the
receiver input all strongly depend on the distance between sensor and target.
However, in the context of radar signal processing, particularly in a radar re-
ceiver, there are several gain control techniques [31, for instance sensitivity
time control (STC), that would enable reducing the influence of the distance
on the returned amplitude. Hence, with the techniques like STC in place, the

Assumption s generally valid across many cases.

Most receivers detect targets by finding the peak of observations that exceed
the detection threshold 7 > 0. Thus, the amplitude likelihoods for target and

clutter after thresholding become

Tt (alot) = 93(a|0t) _ 92(a|0t)
ga ( | ) p-,b (O't) fTOO gfl(a|0t)da (9)
e laloe) — Selalo) ___gialo”) 0)

Pralo®) [ gs(alot)da
where pT,(o?) and p%. ,(0¢) are the probability of detection and probability of

false alarm, respectively.
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For a given multi-object state X' = {f,...,z! } and clutter state X¢ =

9 nt

{xf,..., 2% }, the observation set generated from the receiver is of the form

7 = (U, Yo (ah) v (Ui > @) (1)
where Y (2!) and > (z¢) are the random finite sets generated by the single
target state x! and single clutter state x¢, respectively. The generated random
finite sets either contain a single observation z; or are empty.
The multi-object likelihoods for target and clutter, incorporating the Al are
then given by [32], 17, 5]

Nt

frr1(Zp | X)) = H(l —pp(07))x

i=1

12
Z H pp(07) - 9L (20| Z) - 9 (ag(slof) (12)
— t
0 i:0(i)>0 1= pp(af)
Ne
Sre1(Z4]1X°) = H(l —pral(of))x
(13)

Z H Pralo gz(z¢z)|$) ’(a¢(i)|o§)

1= pralof)

i:p(i)>0

where the sums are over all possible associations § and ¢ between X! and Z*
and between X¢ and Z¢, respectively.

As the whole measurements Zj,1 can be expressed as Zi11 = Z};ﬁ_1 U Zlg-&-l’

the whole multi-object likelihood is given by:

Fri1(Zesa|X) = Z f(Zry1 — ZIXY) - f(Z]X°) (14)
ZeEF(Zk+1)

where X denotes the joint target/clutter state and the sum is over all the ele-

ments of F(Zg+1).

2.5. PHD filter with AI (PHD-AI)
The Al can be incorporated into the standard PHD filter (PHD-AI filter)
as outlined in [33]. The PHD-ALI filter can then be extended to implement the



sequential Monte Carlo (SMC) variant of the PHD filter with the AT as discussed
in [34]. In the absence of an a priori clutter model, the time-updated PHD of
target and clutter states are given by [32, [17], B3]

Dltc+1\k($t) = bZ+1|k + /pfs*(xl) : f/i+1\k($t|$/) 'DZUC(x/)dQ?/ (15)

D;”;Hw(fv“) = b(lé+1|k + /pfé*(f/) ) f§+1\k($c\x/) 'Dli\k(x/)dx/ (16)

200 respectively, where bz 1k and b}, 1k denote the PHD of new birth target and

clutter, respectively. The observation updates for the PHD filter [32] [17, 33] are

given by
Dtk+1‘k+1($t) + Z pD a|0' ) (2|1~:t) (17)
Dlt<:+1\k(xt) ez Ak+1\k
D¢ (x°) b
k4+1]k+1 Pralo “(alo®)gs(2]2¢)
c o = 1= DpFalo 18
Dy pe(€) Z; Ak+1|k (18)

Ricsapn = (Do P (0192 (o)t ) + { Df s PR (09)92°(10%)g%) - (19)

where (f, g) is the inner product [ f(z)g(x)dz.

2.4. CPHD filter with AI (CPHD-AI)

205 Similar to the PHD-AI extension above, the CPHD filter can also be ex-
tended to incorporate the AI [5]. However, when the clutter background is not
known, the time-updated joint target/clutter cardinality distribution is given

by |32, 17, [5]

pk+1|k Zpk+1|k n|n) pk|k( ) (20)
n>0

10



By (AI#) Zpk+1\k 1) Covi - (1 — )™

pk+1\k Z pk+1\k pk+1|k( n‘)
nt4+nc=n
j <Dltc\k’ > + <chc|k7pcs>
k= :
Nig + N

(23)

where Cjy ; is the binomial coefficient, 7 1) (71) is the joint target/clutter birth

210 cardinality distribution, and N,ﬁ‘k ka‘k z)dx and Ng, = Ik Dy ;. (2)

x)dz. Sim-

ilar to the PHD filter, the time-updated PHD of target and clutter are given by

(15) and , respectively.

The observation-updated joint cardinality distribution is given by

p.k+1|k+1(ﬁ‘> _ _ iZkJrl(ﬁ’)
Prr1)k (i) > 150 32ka () - Pra (D)

(=M1
Gt

$Zk+1(ﬁ) =Cy ;M1
; <Dltc|k’ 1 —pB(Ut)> + <DZW p?A(UC)>
k1 =
Nioue T Vi
where Nk+1|k f‘DZ+1|k( z)dx and Ny, = ka+1|k($)dff~

215 The observation-updated PHD of CPHD filters are then given by

m +1
Dtk+1\k+1( ) _ 1—ph(ah) G;(Hﬁkl )(¢k+1)
7 = Nt g
Dk+1\k( ) Nk+1\k+Nk+1\k G,i+’{‘+,§)(¢k+1)
3 bl sz el gt Gl
2€Z Ak+1‘k
D¢ c - ¢ G(mk+1+1
hipa1 () 1= pL(09) kt1|k (Prt1)
c c - t 2(m
Dy () Nepe + Nk+1\k G;ﬁlﬁj (Drt1)
Y Pra(9°)ga“(alo®) g5 (2]7°)
z€Z Ak+1‘k

11

(27)

(28)
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Gl e(D1) = D Brajuit) 11+ Ci - G (29)

>l
2.5. CBMeMBer filter with AI (CBMeMBer-Al)

The robust CBMeMBer filter proposed in [18] can estimate the unknown
clutter intensity and detection profile while filtering. In this paper, we incor-
porate the Al into the CBMeMBer filter, similar to the approach adopted to-
wards the CPHD-AT filter. For the reasons of brevity, the full details of the

CBMeMBer-Al filter is given in

3. Amplitude Information Model

In this section, we consider the specific probability distributions for the tar-
get and clutter amplitude observations used in radar signal processing. We first
show the amplitude likelihood in a noise-only background and then present the

amplitude likelihood in a clutter background.

3.1. Amplitude Likelihood in Noise Background

When processing radar returns, the target power fluctuates for a number
of reasons [31]], and this is captured by Swerling models with two probability
density functions (PDF). These are exponential and fourth-degree Chi-square
PDFs. These models can be viewed as special cases of a Chi-square density

function with a degree of 2n, given by

p(o]o,n) = F(Z)(_f (g)”*1 exp (?) >0 (30)

where & is the mean target power, the exponential corresponds to n = 1, while
the fourth-degree Chi-square corresponds to n = 2.
In the presence of noise, such as thermal noise, the output power of the

receiver is a function of the target and the noise returns. Assuming a linear

12
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detector, coherent receiver noise has a complex Gaussian amplitude distribu-
tion prior to detection, and a Rayleigh distribution after detection. Thus, the
probability densities of amplitude a outputted by a linear envelope detector, for

noise-only and, target with noise inputs are given by

pala) = 2 exp (-2 (31)

On On

and

2a a? + a?
Psinlalas) = — exp (— ) Iy(2aas/0y,) (32)

On On
respectively, where as; = /o is the detected signal voltage, and Iy(-) is the

modified Bessel function of the first kind and zero ordefll The false alarm

probability is

Pra = /Too pn(a)da = exp <—72> (33)

On

The amplitude probability density function of the noise-only case after thresh-

olding is

2 2

(o) = () (34)

On

The PDF of amplitude a, which depends on the mean target power, can be

derived as

plalg,n) = / " pein(alVa)p(ol5, n)do (35)

INotice that oy, is the noise power and is not the standard deviation of the noise process

defined in signal processing literature

13



Utilizing characteristic functions and Fourier transform pairs, the PDF for

250 the exponential and fourth-degree Chi-square models can be expressed as

_ 2a a2
p(a|a,n:1):6+0 exp<—0+a ) (36)

and

8a a2
O :2 = —27
plalo,n ) (7 + 20,)2 eXp( Er+20n)
ga?
o+ 22 37
[G +5+20n} (87)

8a? 9 a?
R———exp | —
(G +op)? P T+ on
The approximation in is adopted under the large SNR, i.e. & > o, that is
the power of target signal is significantly larger than the power of the noise of

receiver. We define a general Rayleigh probability density function to describe

2ss  the amplitude in noise background as

RL(a;0,n) = Mexp (—n a* ) (38)

(0 +op)” o+oy

And using the approximated expression

(o) =exp (-~ - ) (39)

o+ o

the general Rayleigh probability density after thresholding becomes

RL (a;0,n) = Qo <—na2 - Tg) (40)

(0 +op)™ o+ oy

8.2. Amplitude Likelihood in Clutter Background

Radar clutter returns come from objects that are of no interest to the appli-
260 cation in consideration, such as precipitation, vegetation, ground or sea. Clutter

statistics can be similar to those of noise, especially when the radar resolution

14



265

275

280

is low. Under this condition, returns from objects of no interest can be viewed
as a composition of small, nearly equal-sized scatterers, resulting in Rayleigh
distribution. However, as the radar resolution improves and scatterers change,
the clutter distributions tend to a have longer tail than the Rayleigh distribu-
tion [35]. This can be approximated by the Weibull distribution, which is a

commonly used for approximating the natural clutter [36], and given by:

p(o]50,b) = S bot " exp (—‘_’b) (41)
o) o)

The exact probability density of the output amplitude of the receiver, when
considering returns from target and clutter, can be derived as in . It is
worth noticing that the clutter power is often significantly larger than that of
the noise, and at times larger than that of the returns from targets. In most
of the cases, clutter elimination techniques, such as moving target indication
(MTTI), moving target detection (MTD) or pulse-Doppler processing, may not
be as effective as intended to be, and as such, the residual clutter signal will
have the same shape as the original distribution [3I]. Thus, the probability

distribution of the amplitude a outputted by the envelope detector in a clutter

background is given by

1
WB(a;59,b) = —2ba®* "t exp (_a) (42)

oo g0
where G is the clutter equivalent power of the receiver input. Thus, the false

alarm probability in a clutter background is given by

pralont) = [ plalon byda = exo (—) (13)

0o
The corresponding post-threshold probability density of the clutter ampli-
tude is given by

1 2b _ -2b
WB (a;50,b) = —2ba®* ! exp (—“) (44)

0o 00

15
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4. The IGGM-RFS-AI Filters

In this section, we first present an inverse Gamma Gaussian (IGG) augment-
ed state model. We then derive the time evolution and observation-updates for
the parameters of the IGG model. Finally, we present the IGG mixture imple-
mentation of the RFS-AI filters.

4.1. IGG Augmented State Model

In deriving an augmented state model for the IGG, consider the following

assumption:

Assumption 2. The target return power o}, and clutter return power of are

conditionally independent of the kinematic states &}, and &5, respectively.

The augmented target state z} and clutter state zf, conditioned on Z ko=

[Zk a*]T, can be modeled as inverse Gamma Gaussian distributed,

p(ak| Z%) = p(owla®) - p(@r| Z")
= ZGAM (0k; i, Brjr) X N (Zr; i, Prjr) (45)
=1GG(xr; &)

where ZGAM (0; gk, Br|x) denotes inverse Gamma probability density func-
tion defined over ¢ > 0 with shape parameter o > 0 and scale parameter 5 > 0

so that

B exp(—2)
IGAM(o;a, B) = ————2=

g (U 5) F(O{)O’O‘+l
and N (Zy; M|k, Prj) denotes multi-variate Gaussian probability density func-
tion defined over the vector x € R™* with mean vector m € R™* and covariance

matrix P € S'}". Therefore,

exp (—3(z —m)T P~z —m))
Gy P

N(x;m, P) =

16
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Furthermore, S’} is the set of symmetric positive semi-definite n, x n, matrices,
and & = {ak|k,ﬁk|k,mk‘k, Pk|k} is the set of prior IGG density parameters.
The IGG augmented state model is used in [8, [0, 0] to estimate the RCS
of targets. These approaches incorporate the SNR into the target state and
assume amplitude likelihood is Rayleigh. However, the spatial distribution and
amplitude likelihood of the clutter process are assumed to be uniform and of
the same form as those of the targets. These assumptions are not realistic in
practical scenarios. In this paper, we exploit the IGG to model both the target
and the clutter states, and consider different likelihood functions for target state

filtering and clutter estimation.

4.2. State Transition and Observation Correction

The state transition density that describes the prediction of the target and
clutter states between two time steps of ¢, and tg41 is f(zg+1|2g). This time

evolution involves solving the following Chapman-Kolmogorov equation:

pora|2) = [ Flonalonpol 24)do
:/fa(gk+1|0k)IgAM(Uk§ak\kaﬁklk)do— (46)
X /faz(fk+1|f?k)/\f(fk;mk\k,Pk\k)dfk

Assumption 3. Kinematic states of targets and clutters follow a linear Gaus-

sian dynamaical model given by

g1 = Fr1Tr + wra (47)

where w1 s the zero mean Gaussian process noise with the covariance of
Qr+1, and Fjy1 is the state transition matriz. Thus, the corresponding state

transition density is given by

f5(Zrs1|Zr) = N (Zrt1; For1Zr, Qrt1) (48)

17



With this, the prediction for the kinematic state becomes

/N(ikﬂ; Fr1Zr, Qer1)N (Zr; migjie, Prjr)dZ 49)
49

= N(Zp+15 My 1k Prorajr)
where My 1jp = Frp1mpg, and Py = Fr Pop Bl + Qe
The integral corresponding to the return power is non-trivial to solve. To
s20  address this, an exponential forgetting method [37] can be adopted with a for-

getting factor of vy, With this, the return power prediction becomes

Bk Ol + Vg — 1
Brtie = — Qg1 = — (50)
Vk|k VEk|k

This prediction has an effective window of length w,, given by

w, — 1 _ _ Uklk
© 1—1/’(119”C Uk|k_1
The statistics of o are
Brtilk Bk
i) = Gy = B g ay
and
Br+11k
Var|o =
[o1] (g — 1) (apqrp — 1)
_ Uﬂiuc
(e — 1)2 (e =2+ 1 —=v) (52)
S Uﬂim
(ak|k - 1)2<ak\k -2)
=wv - Var|og]

325 Equations and imply that the prediction corresponds to keeping
the mean value constant while increasing the variance. Furthermore, we set

Ekt1)ks> set of time-updated IGG density parameters, as
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Errk = {11k Btk Mtk Prgre )

In the following, we derive the observation corrections of the IGG density
parameters with Gaussian kinematic likelihood, Rayleigh target amplitude like-
lihood, and Weibull clutter amplitude likelihood. These updates can be induced
into the PHD filter, the CPHD filter, and the CBMeMBer filter to form closed
recursions in Section [4:3] 1.4} and [L.5] respectively.

The posterior state density p(ag41|2x+1) is given by

1
P(Thy1|2ry1) = i X 9(2eg1|The1)P(Ths1]2)
< ga(an+1|0k+1)ZGAM(0k41; Wt 11k5 Br+1)k) (53)
X 9z (Zr 1 Zrr )N (Zrg1; Mis1 k> Prs1ik)

where the individual measurement likelihood g, (zg+1|zk+1) in describes
the relation between the measurements 21 € Zi 1 generated by a target or a

clutter and the corresponding state xx11, and K is the normalizing factor given

by

K= / o(zhs |2)p(l k) e

Assumption 4. The sensor has a linear Gaussian measurement model for kine-

matic state. That is,

Zp1 = Hpp1Zp1 + gy (54)

where ex11 is a white Gaussian noise with covariance Ryy1, and Hyyq is the

measurement matriz. The likelihood function for the kinematic state is given by

92 (Zet1|Tht1) = N (Zrg1; Hop1Zh41, Rig1) (55)
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Using the Gaussian identity, the correction for the kinematic state becomes

N (Zrgrs Hep1Z 41, R 1) N (Zeg 1 M1 60 Prgaji) (56)

= N (k413 M1kt 15 P e )N (15 211k Skk)

— _ T
where 2 1x = Hep1mpiqk and Sg1je = Hep1 PerjeHj g + Ry

The corresponding Kalman gain, Kalman mean and Kalman variance up-

dates are
Ky = PoyipHl (Sk+1|k)71 (57)
Mpy1)k+1 = Mip1)k T K1k 2is1k (58)
Pesijirr = (Inoxn, — Kis1jpHrr1) Prgje (59)
3a5 For a large target return power, the amplitude likelihood after thresholding

97 (ags1lok+1) = RL (ag41;0k+1,n). Then, the posterior density is derived as

RL (ar+1; k41, M) LGAM(Ok 115 Chg1 |k Bret1|k) (60)
= Krer(aky1; ALt1|k> 6k+1|kan)IgAM(0k+1§ O‘k+1|k+176k+1|k+1)

The posterior inverse Gamma parameters are given by

2 2

Brsifk+1 = Bryijk +1a" —NT7, Qpiijp41 = Qg1 + 1

And the innovation factor of the target amplitude measurement is
2n—1 2 Apt1|k
(2ak41)*" [(n — Doj T %%rii| Bypan

(Bk-‘rl\k + nai_H _ nTQ)Oék+1\k+n

Krer (ak+1§ak+1|k75k+1\kan> =

(61)
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For clutter return power, the amplitude likelihood after thresholding g7 (ax+1|ok+1) =

WB" (ar+1;0k+1,b). the posterior density is derived by

WB (ak+1; k41, ) ZTGAM(Ok 1185 Vet 1)ks Bt 1]k)

(62)
= Kwi (k415 1)k Brgi s O)LZGAM(Okt1; Qpgrkr15 Brrijhs1)
ss0 The posterior inverse Gamma parameters are given by
b b
Btk = B + 0% — 7%, cpyijpyr = prrpe + 1
And the innovation factor of the clutter amplitude measurement is
2ba gy kBt
+1 Xk+1EP k41K
Kwi (ak41; o , ,b 63
WB (@415 Qe 11k, Brt1)k, 0) = (Braaj + a2b , — r2b)aetint] (63)
Let
LY 2h4138k 4118, 1) =
(64)
N (Zra1s 21k Sk k) Kr o7 (Qrg1s Q1| Btk 1)
L2k 1138 k41|80 b) =
(65)

N (Zrs15 2115 Set1)k) Kws (ars1; gtk Bra|ks b)
Furthermore, &1 1jx+1, the set of observation-updated IGG density param-

eters, is set to

Ert1per1 = {1kt Bt 1o+ 1 Mt 1)415 Prt 1)1

4.8. The IGGM-PHD-AI Filter
In order to derive prediction and correction equations for the IGGM-PHD-
sss Al filter, a number of assumptions are made here in addition to the assumptions

already described.

Assumption 5. The current estimated PHD Dy, is an unnormalized mizture
of IGG distributions. That is,

Ji
Dy () Z%ﬁ\(k] ZG6( k,ﬁiﬁj)) (66)
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c
itk

D (a%) Zwk’(J 7G6( k,g,j] ) (67)

where J,jlk is the number of components, wki,(j) 1s the weight of the j-th compo-

*,(7)

nent, and {k 1s the density parameter of the j-th component.

Assumption 6. The intensity of the birth target and birth clutter are also an

30 unnormalized mizture of IGG distributions with parameter { () §t () } oo
i=1

, N b
and {w%’(l),fg(])} Hl, respectively.
i=1

Assumption 7. The survival probability is state independent, i.e., p(z') =
P p§(x€) = p§-
Utilizing , , and Assumption the time-updated PHD parameters

s are given by

Jk\k b2+1

D yypl@hyy) = > w266k 60 ) +Zof 1GG (xly;ep) (68)
j=1
Jlslk b1

Dk+1|k karl Zw;fllkIgg $k+17§k+1\k + Z Wp 5 Igg(xBafB ) (69)

where wkfl)lk pSwltc|(kj)’wk+(1)\k pswk‘gj) ft @) and §Z’<j) are derived as

k+1]k +1]k
in (1) 2.

Utilizing (17), (18), and Assumption 4] the observation-updated PHD

are given by

Jli+1|k
£
Dltc+1\k+1($§c+1): Z k+1|k+1zgg(xk+1v5kij1)|k+1)
o~ (70)

t
My g1 Trt1in

t,(m,j t,(m,j
+ Z Z wk+1|é+1zgg(xk+1’§k+1|lg+1)
=1 j=1
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Ttk

Dk+1|k+1 Thi1) Z W;ij1)|k+1zgg($i+15§Z7+(J1)|k+1)
71
Mk+1']k+1\k ( )
7(m, 7(7”»
+ Z Z k+1|1§+1zgg(xk+1’§k+1|lg+1)
370 Where
t() T ,(9)
/c+J1\k+1 (1-pp(") wk+j1|k
Jt
A(m) —" It (m) . ¢t,(4) t,(4)
kil = Z b (Zk+17£k+1\k’n)wk+1\k
j=1
72
Jk+1\k ( )

+ Z PFA Ac)ﬁt(zk+17§kijl)\k’ )wlziﬁ(-jl)\k
Jj=1

c,(3) T ,(4)
wk+J1\k+1 (1-pp(o ))warJl\k
t,(5)
tmg) (k+1v§k+J1\kv n) o, £,(5)
Wet1lkr1 = A0 D )wk+1|k
k+1]k

L 609,00

c,(m,j) k‘+1’ k+1|k’ T c,(4)

wk+1|k+1 A(m) Pra(6° )wk+1|k
k+1|k

t,(4) _ ¢t,0) t,(m,j) c,(m,j)
éhk+1|k+1 £k+1|k d§k+1|k+1 £k+1\k §k+1|k+1 d€k+1|k+1

as in Equations f..

4.4. The IGGM-CPHD-AI Filter

are derived

The IGGM-CPHD-AL filter also follows Assumptions[2H{7] The time-updated

parameters

{t(J gt(y) i) gc,(j)}
W1k Sk+11k> Yh+1]k> Sk+1]k
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are same as the parameters of the IGGM-PHD-AI filter and the factor for the

a5 time-updated joint target/clutter cardinality distribution is given by

Jik e
psZ M Itc|(k]) +psZ i k|§c])
t, .
)+ S e

The factor for the observatlon—updated joint target/clutter cardinality dis-

(73)

Ur =

tribution is given by

Tt Je .
T (At k+1lk  t,(5) ~c k+1lk ¢ (5)
pp(6%) > ;50 W1k +PEa(6¢) > 00 WETk
J .
ktilk t, k+1\k c,(5)
>t k+1|k+z Witk

The observation-undetected parameters of the CPHD filter are given by

(74)

Grp1=1—

Wi @) (1 =ppH(d")) w’tffl)‘k
W1kl ZJ’Hluk k+1|k+z axh 1?+1)\k (75)
X Gt Ge)
G G
wiiﬂm 7 (1-Ppalo ))wkfl)lk ,
Syh L@ @ (76)

m 1)
GE@+§T]€1+ (¢k+1)

Gt ()

Furthermore,

t,(4)
§k+1\k

fkh\kﬂ =
and
g §07(J)
k+1\k+1 k+1|k
Observation-detected parameters
Wb (mad) §t ,(m,4) c,(m,j) f m,j)
Wkt 1|k+17 SE+11k+1° Yk+1)k+17 Sk+1[k+1

0 also are as same as the parameters of IGGM-PHD-ALI filter.
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395

4.5. The IGGM-CBMeMBer-Al Filter
.  We also provide the full details of the IGGM-CBMeMBer-Al filter in [Ap]

4.6. Pruning and Merging

The IGGM implementation of RFS-AI filters needs pruning and merging to
reduce the exponential growth of the number of IGG components. The pruning
procedure is similar to that of the standard GM implementation, where the
relative weights of the IGGM components are considered, and components with
negligible weight will be discarded [38].

A method for merging the mixtures of exponential family distributions is
described in [37] and [39]. We briefly review this method prior to applying
it to IGGM. When merging multiple Gaussian mixtures, the primary task is
to determine the merging criterion, which is usually found by calculating the
distance between two distributions and comparing it to the merging threshold.
An effective distance measure is the symmetrized Kullback-Leibler divergence

(SKLD) defined by

Dskr(p(x),q(x) = Drr(pllg) + Prr(qllp)

_ plz) alz) )
= /p(x) log @) dx + /q(x) log (@) dx
Let p(o) and ¢(o) be defined as
p(o) =ZGAM(o;az, Br) (78)
q(0) = ZGAM(0; 2, Ba) (79)
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Similar to the derivation of the SKLD of Gamma distributions described
in [39], the SKLD between p(-) and ¢(-) is

= — (8] — 8] O & — % — %
Dskr(p(0),q(0)) = (a1 — az)(Yho(a1) — to(az) +1 g51) + (B Bz)(ﬁQ 51)
(80)

400 The merging criterion of IGGM should be defined over both ¢ and z, and

the following bi-threshold criterion could be used

(D&k(p(0),4(0)) < Us) & (Dl (p(7), 4(2)) < Us) (81)

The merging criteria D%, (p(%), ¢(Z)) of kinematic state &, which is Gaus-

sian distributed, is given in [3§].
The merging is performed by minimizing the Kullback-Leibler divergence
ws between the mixture of distributions p* and the merged distribution p, which

is given by

ple) = argmin, Drcs (5% [p) = argmax, [ p(o) log(pa)de (82

Let p*(o) and p(c) be defined as

N
p=(0) = ZwiIgAM(U; i, Bi) (83)
i=1
plo) = GIGAM(0; v, B) (84)
where @ = YN w;, = ﬁ and « is the solution to
i=1 Y,
1 1o
loga — 9ho(a) + — > wilto(es) — log Bi) — log (w ZME) =0 (85)
i=1 i=1 ¢

26



410

Table 1: Simulation Scenarios Covered by the Evaluation.

Scenario | Spatial Amplitude Clutter
Distribution | Distribution | Rate

S1 Uniform Rayleigh 40

So Non-Uniform | Rayleigh 40

S3 Uniform Weibull 40

S4 Non-Uniform | Weibull 40

S5 Uniform Weibull 160

5. Simulation Results

We consider a number of realistic scenarios to demonstrate the performance
of the IGGM multi-object filters with amplitude information. We outline these
scenarios in Table In all scenarios, we consider the case of linear multi-
object tracking with 12 targets within the region of surveillance defined by
[-1000m, +1000m] x [-1000m, +1000m]. All targets follow the linear Gaussian

and constant velocity motion model given by the following state transition:

1 T 0 0 T2/2 0
0 1 0 O T 0
T = Tr—1 + Vi (86)
0 01T 0 T%)2
0 0 0 1 0 T

where x; represents the target state vector at time k£ and T" = 1s is the sampling
period. The process noise vy, is a zero mean white Gaussian noise with standard
deviation of 5m/s?. The linear observation model of the kinematic state is given

by

1 000 1 0
2 = Tk + W (87)
0010 0 1
where the measurement noise wy, is an independent zero mean white Gaussian

noise with standard deviations 10m. In addition, the measurement noise is also

27



425

435

independent of the process noise.
The length of the simulation is 50 seconds. The targets appear at time 1s,
10s, 20s, and 30s with two targets disappearing simultaneously at time 40s. We

show the trajectories of these targets in Fig. [T}

1000

O start
800 f A End
600 |
400 f
E
p 200
©
£ 0
°
]
S 2007
>
-400 f
-600 f
-800 f
-1000 : : : :
-1000 -500 0 500 1000

x-coordinate (m)

Figure 1: Target Trajectories in the zy Plane.

In the following sub-sections, we discuss the results of our evaluation for each
scenario. We compare the IGGM-CPHD-ALI filter against the standard GM-
CPHD [23], GM-CPHD with the amplitude information (GM-CPHD-AI) [5],
and the BGM-CPHD filters for unknown background [40], across all scenarios.
In addition to this, we also evaluate the performance of the IGGM-CBMeMBer-
AT filter against GM-CBMeMBer, GM-CBMeMBer-AI and BGM-CBMeMBer
filters, for Scenarios S3-S5.

The parameters used to configure the filters are given in Table 2] The prior
clutter rates in the GM-CPHD filter and the GM-CPHD-ALI filter are set to
40. The target equivalent return power is 20dB, which yields the detection
probability is pp = 0.9775. The pruning and merging procedure are performed
using the thresholds stated in Table [2]
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Table 2: Parameter Values Used in Filtering.

Parameter Value

The survival probability pg 0.99

of actual targets

The false alarm probability ppa 0.10

Detection threshold 7 2.146

Maximum Gaussian components 500

Imaz

Pruning Threshold T' 1075

Merging Threshold U 4

Birth target process Poisson RFS

Birth target process intensity wg) 0.03

Birth target process kinematic N (z; mgg), Pg)

state density p': )( ) ( ) = = [0;0;0;0]"
m(B?) = [200; 0; —600; 0]
m{ = [~800; 0; —200; 0]
mg;” — [~200; 0; 800; 0]

= [400; 0; 600; 0] ©
“") = [600; 0; —200; 0]

Pp = diag([10; 10; 10; 10]7)?
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5.1. Scenario S

In this scenario, we use 400 Rayleigh clutter generators with uniform spatial
distribution to generate observations of clutter. With 0.1 false alarm probability,
the mean clutter rate after detection is 40. Thus, the GM-CPHD filter and the
GM-CPHD-ALI filter match the clutter rate. The output of the IGGM-CPHD-AI
filter in a noisy background is shown in Fig. 2] giving the x and y coordinates of
the true and estimated positions against time. As can be observed, the IGGM-
CPHD-AI filter produces accurate estimates of the target positions. Fig.
shows the average optimal subpattern assignment (OSPA) miss distance [41]
with parameters p = 1 and ¢ = 300m for various filters across 100 Monte Carlo
runs. It can be noticed that the GM-CPHD-ALI filter delivers the best OSPA
miss distance, followed by the GM-CPHD, BGM-CPHD and the IGGM-CPHD-
AT filters. Clearly, incorporating the Al as part of the GM-CPHD has improved
the performance of GM-CPHD. Although the performance of the IGGM-CPHD-
AT is inferior to GM-CPHD-AT and GM-CPHD filters, it still outperforms the
BGM-CPHD filter.

o Estimates P

1000« T ;
= o Estimates |
@ retracks
© s W
£ 0
=
o
o
o " . .
< oo
-1000 | | | | | | | ) |
5 10 15 20 25 30 35 40 45 50
Time
1000
£
e
©
£
2
o
o
N
>

== True tracks s
-1000 | | | | | | |

5 10 15 20 25 30 35 40 45 50
Time

Figure 2: IGGM-CPHD-ALI filter: Variation of true tracks and their estimates

against time in the z and y coordinate space (for St).

30



460

3007

—©—IGGM-CPHD-AI
—HE—BGM-CPHD

250 —O— GM-CPHD-AI
—~ GM-CPHD
T
o
8 200
(52
Il
o
£ 150
4]

a
< 100
a
)
o]

Figure 3: Variation of OSPA miss distance against time for GM-CPHD, GM-
CPHD-AI BGM-CPHD, and IGGM-CPHD-ATI filters in uniform Rayleigh back-
ground (S7).

5.2. Scenario So

In this scenario, the actual clutter rate is still 40. The spatial distribution
under this scenario is the sum of four Gaussian spatial distributions with the cen-
ter positions of [0m, Om], [-500m, —500m], [500m, —500m], and [Om, 500m],
and with the variance of [100m?, 100m?]. We show the resulting performance in
Fig. [ From the results, it is apparent that the IGGM-CPHD-ATI filter delivers
the best performance, followed by the GM-CPHD-AI and other filters. The per-
formance of the GM-CPHD and GM-CPHD-AI are sub-optimal to that of the
IGGM-CPHD-ALI, primarily due to the use of an incorrect model for the spatial
distribution of the clutter. However, GM-CPHD-AI performs better than the
GM-CPHD with the AI incorporated.

5.8. Scenario Ss

In this scenario, the amplitude of clutter comes from Weibull generators

with the parameter b = 0.8. The clutter power and detection threshold are the
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—©—IGGM-CPHD-AI

—HE—BGM-CPHD

250 —O— GM-CPHD-AI
GM-CPHD

1)

300,p=

OSPA Dist (m) (c

Figure 4: Variation of OSPA miss distance against time for GM-CPHD, GM-
CPHD-AI, BGM-CPHD, and IGGM-CPHD-ALI filters in non-uniform Rayleigh
background (Sz).

same as in Scenario S7, but with the actual value for the false alarm probability
increased to pra = 0.39. To render a fair comparison and to fit the a priori
clutter model with 40 clutter rate, the number of clutter generators is decreased
from 400 to 100. The resulting performance of various filters, in terms of OSPA
miss distance, is shown in Fig. [5| In a), we show the performance of various
CPHD filters while we show the performance of various CBMeMBer filters in
Fig.[5|(b). It is obvious that the GM-CPHD filter and the GM-CBMeMBer filter
outperform the methods, which have the clutter estimation, since the prior spa-
tial distribution of clutter in these two filter matches the scenario configuration.
Comparing Fig. [3| and a), reveals that an incorrect amplitude model, despite

having same spatial distributions, is likely to lead to loss of performance.

5.4. Scenario Sy

We exploit the Weibull clutter generator with non-uniform spatial distribu-
tion in this scenario. The performance results for various CPHD and CBMeM-

Ber filters are presented in Figures [6{a) and [6[b), respectively. In both cases,
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Al filters and IGGM-CBMeMBer-Al filters

Figure 5: Variation of OSPA miss distance with time for various filters in uni-

form Weibull background (Ss).

it can be observed that IGGM-CPHD-AT and the IGGM-CBMeMBer-Al filters
can handle the non-uniform spatial distribution of the clutter much better than

other filters.

5.5. Scenario Ss

For this scenario, we maintain 400 Weibull clutter generators to form a high
clutter level. The resulting performance is shown in Fig. [7] It can be noticed
that almost all but the IGGM-CPHD-ATI filter suffer a large loss of performance,
with their performance not improving with time at all. From the results, it
is also evident that the proposed filter is more robust in cases where clutter

background is strong and Al from target and clutter are non-distinguishable.

6. Conclusions

In this paper, we have demonstrated how the AI can be incorporated into
the multi-object Bayesian filter. In particular, we have used the inverse Gamma
Gaussian model to capture the return powers of the target and clutter. By

developing a suite of computationally tractable approximations of these filters
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Figure 6: Variation of OSPA miss distance with time for various filters in non-

uniform Weibull background (Sy).
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Figure 7: OSPA miss distance versus time for GM-CPHD, GM-CPHD-AI,

BGM-CPHD, and IGGM-CPHD-ATI filters in strong nonuniform Weibull back-

ground (S5).
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and by combining these models with the Gaussian mixture implementation for
the PHD, CPHD, and the CBMeMBer filters, we proposed a number of novel
filters capturing the AI, namely IGGM-PHD-AI, IGGM-CPHD-AI, and IGGM-
CBMeMBer-Al filters. Using an evaluation involving a number of simulation
studies, reflecting a suite of realistic problems, we have demonstrated that the
proposed filters with Al can simply outperform their counterparts which lack the
Al These results are encouraging and show that multi-object Bayesian filters
with AI can help in improving the tracking performance in clutter backgrounds.
In fact, embedding AI helps in relaxing a number of assumptions about the
spatial uniformity of the clutter or their amplitude distribution being Rayleigh-
distributed. In the future, we will apply the proposed method to the multi-
object trackers, such as the generalized labeled multi-Bernoulli (GLMB) filter
[42, 43] and the labeled multi-Bernoulli (LMB) filter [44], which can estimate
object trajectories and their labels, and evaluate the labeling errors [45] of the

multi-object trackers with Al in clutter background.
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Appendix A. CBMeMBer filter with AT (CBMeMBer-AI)

660 For the purpose of extending the CBMeMBer filter with Al, especially when
the cardinality distribution of the clutter and the entire clutter PHD are un-

known, consider a multi-Bernoulli RFS defined as

gk

ﬁk-|k = {fi\kapﬁ\k(ﬂft)aQZ|1€($C)}Z_ (A.1)

=1

where, in each Bernoulli RFS, r,lcl . is the existence probability, p};‘ k(xt) is the
target state probability density and q,i‘k(xc) is the clutter state probability den-
665 Slty

The time-updated multi-Bernoulli RFS can then be expressed as
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where i1 = Vg + Bk;_i_] and the components of the persisting multi-
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The observation-updated multi-Bernoulli RFS has the form [32] 17, 7], [6]
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670 where Up 1|41 = Vky1)k + i1 and the components of the legacy multi-

Bernoulli RFS are given by [32] [T'7 [7, [6]

f}f-&-l\k ' (1 - <p§¢+1|k7p‘rD> - <Q;¢+1|k7p7F-‘A>)

L= ; .
L= (<p2+1|k>p5> + <q;c+1|k7p}*'A>)

Poi - (L= Pp(e")))

1- <<p§c+1\k’pf)> + <q1ic+1\kvp}A>>

q;@m (1 =ppalc9)))
1- (<p§c+1\k’pTD> + <qlic+1\k’p}A>>
The components of the updated multi-Bernoulli RFS are given by [32], [I7]
7, [6]

(A.9)

Zi"k+1\k P (L= 1)) 1
p)

i=1 (1 7 n )

. — 12
- P ,nJ
Zl’kJrl\k k+1|k 1

i=1 17f;c+1\k"72

Zi)k+1\k ﬁ-{-l\k j(l‘t)

J )= = T (A.11)
") = '
Py Vky1)k Ti-,+1\k J
Dim1 o N
k1]

_ St ] (2°)
4 (a°) = ail (A12)
v Zﬁk+1\k 7'“.;9+1\k )
=1 1—72
k+1|k

42



675

where
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and
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Appendix B. The IGGM-CBMeMBer-Al Filter

The following assumption is made about the IGGM implementation of the

CBMeMBer-Al filter.

Assumption 8. The current estimated parameters py and qg. in Multi-

Bernoulli RFS are an unnormalized mizture of IGG distributions. That is,

ch\k
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The multi-Bernoulli RFS can also be represented by the set of parameters
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680 Thus, the time-updated parameters of the Multi-Bernoulli RF'S are given by
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The parameters of the updated multi-Bernoulli RFS are given by
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