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Yuthika Punchihewa, Ba-Tuong Vo, Ba-Ngu Vo and Du Yong Kim

Abstract—This paper proposes an on-line multiple object
tracker that can operate under unknown detection profile and
clutter rate. In a majority of multiple object tracking applica-
tions, model parameters for background processes such as clutter
and detection are unknown and vary with time, hence the ability
of the algorithm to adaptively learn these parameters is essential
in practice. In this work, we detail how the Generalized Labeled
Multi-Bernoulli (GLMB) filter, a tractable and provably Bayes
optimal multi-object tracker, can be tailored to learn clutter and
detection parameters on-the-fly while tracking. Provided that
these background model parameters do not fluctuate rapidly
compared to the data rate, the proposed algorithm can adapt to
the unknown background yielding better tracking performance.

Index Terms—Random finite sets, generalized labeled multi-
Bernoulli, multi-object tracking, data association, optimal assign-
ment, ranked assignment, Gibbs sampling

I. INTRODUCTION

In a multi-object scenario the number of objects and their
individual states evolve in time, compounded by false detec-
tions, misdetections and measurement origin uncertainty [1]-
[4]. For example, in the KITTI-17 sequence from KITTI video
datasets [5], see Fig. 1, the number of objects varies with time
due to objects coming in and out of the scene, and the detector
(e.g. background subtraction, foreground modeling [6]) used to
convert each image into point measurements, invariably misses
objects in the scene as well as generates false measurements
or clutter.

Knowledge of parameters for uncertainty sources such as
clutter and detection profile are of critical importance in
Bayesian multi-object filtering, arguably, more so than the
measurement noise model. The detection profile is charac-
terized by the probability that an object with a particular
state generates an observation. Clutter, often modeled as a
Poisson point process characterized by a clutter rate, are false
measurements not originated from any object. While these
parameters are assumed to be known in most multi-object
tracking techniques, this is generally not the case in practice
[1]-[4]. Significant mismatches in clutter and detection model
parameters inevitably result in erroneous estimates. For the
video tracking example in Fig. 1 the clutter rate and detection
profile are not known and have to be guessed before a multi-
object tracker can be applied. The tracking performance of
the Bayes optimal multi-object tracking filter [7], [8], for the
guessed clutter rate and ‘true’ clutter rate (that varies with
time as shown in Fig. 2), demonstrates significant performance
degradation.

This work is supported by the Australian Research Council under discovery
projects DP170104584 and DP160104662.

Except for a few applications such as radar, and where
filtering is directly performed on pre-detection data [9]-[11]
the required clutter rate and detection profile of the sensor are
not available. Usually these parameters are either estimated
from training data or manually tuned. However, a major
problem in many applications is the time-varying nature of
the misdetection and clutter processes, see Fig. 2 for example.
Consequently, there is no guarantee that the model parameters
chosen from training data will be sufficient for the multi-object
filter at subsequent frames. Thus, current multi-object tracking
algorithms are far from being a ’plug-and-play’ technology,
since their application still requires cumbersome and error-
prone user configuration.

This paper proposes an on-line multi-object tracker that
learns the clutter and detection model parameters while track-
ing. Such capability is essential for applications where the
clutter rate and detection profile vary with time. We adopt
the GLMB filter from the random finite set (RFS) paradigm
[3], [12] because it outputs tracks, is provably Bayes optimal
[4] and admits efficient implementation [13]. Further the
GLMB is a versatile model that offers good trade-offs between
tractability and fidelity, see [14] and the references therein.

Specifically, we detail a GLMB filter for Jump Markov
system (JMS), which can be applied to track multiple manuev-
ering objects as well as joint tracking and classification of
multiple objects. Using the IMS-GLMB filter, we develop a
multi-object tracker that can adaptively learn clutter rate and
detection profile while tracking, provided that the detection
profile and clutter background do not change too rapidly
compared to the measurement-update rate. This is a reasonable
assumption particularly in applications such as visual tracking
where the data rate is around 30 frames per second, and the
background parameters vary slowly within this period. In this
work, the term unknown background collectively refers to
unknown clutter rate and detection probability. An efficient
implementation of the proposed filter and experiments confirm
markedly improved performance over existing multi-object
filters for unknown background such as the A-CPHD filter
[15]. The proposed implementation has a complexity that is
linear in the number of measurements and quadratic in the
number of hypothesized tracks. Preliminary results have been
reported in [16], which outlines a GLMB filter for Jump
Markov system model.

We remark that robust Bayesian approaches to problems
with model mismatch in the literature such as [17]-[22] are
classical approaches that are too computationally intensive
for an on-line multi-object tracker. A Sequential Monte Carlo
technique for calibration of time-invariant multi-object model
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Fig. 1: Frames 16, 48 of the image sequence from [S5] and object detections obtained using the detector in [40]. The number
of objects varies with time due to objects coming in and out of the scene. Object estimates (marked by blue boxes) using the
standard GLMB filter for guessed clutter rate of 60 (left column) and ‘true’ clutter rate (right column). Tracking using ‘true’
clutter rate accurately estimated several objects that were missed in the frames on the left.

w
(&3]

w
o
T
L

N
a1
T
L

False Measurement Count

N
o

0 10 20 30 20 50 60
Frame ID

Fig. 2: “True’ clutter rate for the first 60 frames of the dataset

[5]. Note that it is not possible to know the true clutter rate for

real video data. For illustration we assume that the clutter rate

varies slowly and use the average clutter count over a moving

10-frame window as the ‘true’ clutter rate.

parameters was proposed in [23]. While this approach is quite
general, it is not directly applicable to time-varying clutter rate
and detection profile, and is also too computationally intensive
for an on-line tracker.

The foundation for a CPHD filter in unknown detection
probability is described in [24] and for a CPHD filter in un-
known clutter rate is descibed in [25]. An analytic implementa-
tion for a CPHD filter built upon [24], [25] is presented in [15].
A multi-Bernoulli filter that operates amidst unknown clutter
rate and detection probability is presented in [26]. A Kronecker
Delta Mixture and Poisson filter for estimating clutter rate
and detection probability is given in [27]. Application of
[15] to track cell microscopy data with unknown background
parameters is presented in [28]. Nonetheless, none of these
filters produce tracks. Further, the CPHD, PHD and multi-
Bernoulli filters require more drastic approximations than the
GLMB filter. The track-before-detect approach, ( eg. the multi-
Bernoulli filters in [9]-[11]) does not require knowledge of
clutter rate and detection probability. However they are still
expensive relative to detection based algorithms.

The remainder of paper is organized as follows. Section
IT provides background material on multi-object tracking and

the GLMB filter. Section III details two versions of the
GLMB filter for a general multi-object JMS model and a non-
interacting multi-object JMS model. Section IV presents an
efficient implementation of the non-interacting JMS-GLMB
filter for tracking in unknown clutter rate and detection profile.
Numerical studies are presented in Section V and concluding
remarks are given in Section VI.

II. BACKGROUND

This section reviews relevant background on the random
finite set (RFS) formulation of multi-object tracking and the
GLMB filter. Throughout the article, we adopt the following
notations. For a given set S, |\S| denotes its cardinality (number
of elements), 15(-) denotes the indicator function of S, and
F(S) denotes the class of finite subsets of S. We denote the
inner product [ f(z)g(x)dz by (f,g), the list of variables
Xy Xma1y s Xn by Xpnop, the product [T o f(z) (with
f? = 1) by f¥, and a generalization of the Kroneker delta
that takes arbitrary arguments such as sets, vectors, integers
etc., by
1, if X=Y
0, otherwise

Sy [X] & {

A. Multi-object State

At time k, an existing object is described by a vector xj €
X. To distinguish different object trajectories, each object is
identified by a unique label ¢; that consists of an ordered
pair (¢,4), where ¢ is the time of birth and ¢ is the index of
individual objects born at time ¢ [7]. The trajectory of an object
is given by the sequence of states with the same label.

Formally, the state of an object at time k£ is a vector
xi = (g, lx) € X x g, where Ly denotes the label space
for objects at time k (including those born prior to k). Note
that Ly is given by By U L;_;, where By denotes the label
space for objects born at time k (and is disjoint from Ly_1).

In the RFS approach to multi-object tracking [3], [4], the
collection of object states, referred to as the multi-object state,
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is naturally represented as a finite set [29]. Suppose that there
are N}, objects at time k, with states Xy, 1, ..., Xk, n,,, then the
multi-object state is defined by the finite set

Xk = {xk,h '~'7Xk,N;¢} S .F(X X Lk)7

We denote the set {¢ : (z,£) € X} of labels of X by
L(X). Note that since the label is unique, no two objects
have the same label, i.e. §x|[[£(X)|] = 1. Hence A(X) £
O1x|[|£(X)]] is called the distinct label indicator.

A labeled RFS is a random variable on F(XxIL) such that
each realization has distinct labels. The distinct label property
ensures that at any time no two tracks can share any common
points. For the rest of the paper, we follow the convention
that single-object states are represented by lower-case letters
(e.g. x, x), while multi-object states are represented by upper-
case letters (e.g. X, X), symbols for labeled states and their
distributions are bold-faced (e.g. x, X, m, etc.), and spaces
are represented by blackboard bold (e.g. X, Z, L, etc.). For
notational compactness, we drop the time subscript &, and use
the subscript ‘+’ for time &k + 1.

B. Standard multi-object system model

Given the multi-object state X at time k, each state (z, () €
X either survives with probability Pg(x,¢) and evolves to
a new state (z4,¢4) at time k + 1 with probability density
f+(zy|x, £)d[¢4] or dies with probability 1 — Pg(z, ¢). The
set B, of new objects born at time k + 1 is distributed
according to the labeled multi-Bernoulli (LMB) density '

AB) [t rp] P =g BB PR )

)

where rp 4 (€) is the probability that a new object with label
¢ is born, pp (-, ¢) is the distribution of its kinematic state,
and B | is the label space of new born objects [7]. The multi-
object state Xy (at time k1) is the superposition of surviving
objects and new born objects. Note that the label space of all
objects at time k + 1 is the disjoint union Ly = LW B,. It
is assumed that, conditional on X, objects move, appear and
die independently of each other.

For a given multi-object state X, each (z,¢) € X is either
detected with probability Pp(z,¢) and generates a detection
z € Z with likelihood g¢(z|x,¢) or missed with probability
1— Pp(z,£). The multi-object observation is the superposition
of the observations from detected objects and Poisson clutter
with (positive) intensity . Assuming that, conditional on X,
detections are independent of each other and clutter, the multi-
object likelihood function is given by [7], [8]

(e
9(ZIX) < > lewx)®) ] R A N C)
0cO (z,0)eX
where: © is the set of positive I-1 maps 0 : L — {0:|Z]}, i.e.
maps such that no two distinct arguments are mapped to the

same positive value, ©(I) is the set of positive 1-1 maps with
domain [; and

Po(eozled) 4 5y,
i if §=1:M
%1 @) = En) J - (3)
1— Pz, ), ifj=0

'In this work we adopt Maher’s FISST concept of multi-object den-
sity,which is not a probability density but is equivalent to one as shown in
[32].

The map 6 specifies which objects generated which detections,
i.e. object ¢ generates detection zg(yy € Z, with undetected
objects assigned to 0. The positive 1-1 property means that 6
is 1-1 on {¢ : 6(¢) > 0}, the set of labels that are assigned
positive values, and ensures that any detection in Z is assigned
to at most one object.

For the special case with zero-clutter, i.e. « is identi-
cally zero, the multi-object likelihood function still takes
the same form, but with Pp(x,£)g(z;|x,£)/k(z) replaced by
Pp(z,0)g(zj]|z, £), see [3], [4]. To cover both positive and
identically-zero clutter intensities we write

Pp (z,0)g(2;5|x,t) N
W9 (30 = | "enthme TI=LM g
{zuar} 1—Pp(x,0), ifj=0

C. Generalized Labeled Multi-Bernoulli

A Generalized Labeled Multi-Bernoulli (GLMB) filtering
density, at time k, is a multi-object density that can be written
in the form

m(X)=AX) Y

¢€=, ICL

95,00 [pO]T 6

where each £ € = 2 Oy x ... x O represents a history
of association maps & = (f1.), each p(&)(-,¢) is a prob-
ability density on X, and each w»¥) is non-negative with
D= Siepwd® = 1. The cardinality distribution of a
GLMB is given by

Pr(X|=n)= Y d,[If]w", (6)
€€E, ICL
while, the existence probability and probability density of track

¢ € L are respectively

r) =Y 1w, (7)
¢e=, ICL
1
p(a:,f):@ S 10w TOpE @, ®)
ce=, ICL

Given the GLMB density (5), an intuitive multi-object esti-
mator is the multi-Bernoulli estimator, which first determines
the set of labels L C L with existence probabilities above
a prescribed threshold, and second the mode/mean estimates
from the densities p(-,£),¢ € L, for the states of the objects.
A popular estimator is a suboptimal version of the Marginal
Multi-object Estimator [3], which first determines the pair
(L,€) with the highest weight w(*¢) such that || coincides
with the mode cardinality estimate, and second the mode/mean
estimates from p(&) (-, ¢), ¢ € L, for the states of the objects.

For the standard multi-object system model the GLMB
density is a conjugate prior, and is also closed under the
Chapman-Kolmogorov equation [7]. Moreover, the GLMB
posterior can be tractably computed to any desired accuracy in
the sense that, given any € > 0, an approximate GLMB within
€ from the actual GLMB in L; distance, can be computed (in
polynomial time) [8].

The GLMB filter can be propagated forward in time via
a prediction step and an update step as in [8] or in one
single step as in [13]. Since the number of components grow
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exponentially in the predicted/filtered densities during predic-
tion/update stages, truncation of hypotheses with low weights
is essential during implementation. Polynomial complexity
schemes for truncation of insignificant weights were given
in [8] and [13], via Murty’s algorithm with a quartic (or at
best cubic) complexity, or via Gibbs sampling with a linear
complexity, where the complexity is given in the number of
measurements.

III. JUMP MARKOV SYSTEM GLMB FILTERING

We first derive from the GLMB recursion a multi-object
filter for JMS in subsection III-A, which can be applied to
track multiple manuevering objects as well as joint tracking
and classification of multiple objects. When the modes of the
multi-object JMS do not interact, the JMS-GLMB recursion
reduces to a more tractable form, which is presented in
subsection III-B. This special case is then used to develop a
multi-object tracker that can operate in unknown background
in section IV.

A. GLMB filter for Jump Markov Systems

A JMS consists of a set of parameterized state space models,
whose parameters evolve with time according to a finite state
Markov chain. A JMS can be specified in terms of the standard
system parameters for each mode or class as follows.

Let M be the (discrete) index set of modes in the system.
Suppose that mode m is in effect at time k, then the state
transition density from ¢, at time k, to ¢, at time £ + 1,
is denoted by f (m)(C +1¢), and the likelihood of ¢ generating
the measurement z is denoted by ¢(™ (z[¢) [30], [31], [33].
Moreover, the joint transition of the state and mode assumes
the form:

FeCoymelom) = (OO (mym), (9

where ¥4 (m.|m) denotes the probability of switching from
mode m to m.. (and satisfies -, ;94 (my|m) = 1). Note
that by defining the augmented state as © = ((,m) € X x
M, a JMS model can be expressed as a standard state space
model with transition density (9) and measurement likelihood
function g(z|¢,m) = g™ (2|¢).

In a multi-object system, each object is identified by a label
¢ that remains unchanged throughout its life, hence the JMS
state equation for such an object is written as

Fr(ComalGm €)= S (C 16 094 (mem) - (10)
g(zl¢,m,0) = g™ (z[¢,0) (1)
Additionally, to emphasize the dependence on the mode,

the survival, birth and detection parameters are, respectively,
denoted as

Pfgmi)(@r,@) £ pe(Cpimy, by,

Sm)(Ca€> £ PS(<7mag)a
Pém)(Ca€> £ PD(C7m7£)'

Substituting these parameters and the JMS state equations
(10)-(11) into the GLMB recursion in [13] yields the so-called
JMS-GLMB recursion.

Proposition 1. If the filtering density at time k is the GLMB
(5), then the filtering density at time k + 1 is the GLMB

(Xl Z) o AXL) Y wOuwG &5 5, [£(X,)] [pgﬂ
LE, I 04
(12)

where I € F(L), £ € E I € F(Ly), 04 € Oy,

_ I-I _ Inr
w(17571+19+) -1 +)(9+) [1 _ péﬁ)} + [Péﬁ)} + %

Zt
L —rpa B E+ﬂ1+ [1/1 3 0+)] (13)
P =" P (m,0), (14)
meM
pé&)(m 0) :< ©(.,m, 1), p(m)(. £)>, (15)
<s 02)( Z ¢<f P (m 0), (16)

m4 €M

05 i 0) = (B (omy. 0), w%“”(vmwm a

¢ my, 0) = 15, (05,0 0) +

5 (PG OST L0, 96 m, 0)0m. m)
L (0) ™= 5
Pg ()
(18)
_(5 (04.(£))
(C ,m 7)1[’ (C s ,f)
pZieJr)(ijera(): i ,tg 9+)Z+ SRl (19)
1/12 (my,0)
7/}{(2 17 ‘}(<+am+7€) =
(m+> (my)
(C+,€)g (ZJ‘<+7£) .
”+((ZJ)+5D[N+(ZJ) s i 7 € AL s [Z4 [} g
1- ) (C+7 )a lfj =0

Notice that the above expression is in -GLMB form since

it can be written as a sum over [y, &, 0 with weights
W(ZI: §04) o Zw(l, g)w(zﬁ_& I, 04)
I

This special case of the GLMB recursion is particularly
useful for tracking multiple manuevering objects and joint
multi-object tracking and classification. Indeed the application
of the IMS-GLMB recursion to multiple manuevering object
tracking has been reported our preliminary work [16], where
separate prediction and update steps was introduced. The same
result was independently reported in [34].

B. Multi-Class GLMB

The JMS-GLMB recursion can be applied to the joint multi-
object tracking and classification problem by using the mode
as the class label (not to be confused to object label). What
distinguishes this problem from generic JMS-GLMB filtering
is that the modes do not interact with each other in the
following sense:

1) All possible states of a new object with the same object

label share a common mode (class label);

2) An object cannot switch between different modes from

one time step to the next.
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Let B(™) denote the set of labels of all elements in X x M x
B with mode m. Then condition 1 implies that the label sets
B(™ and B for different modes m and m’ are disjoint
(otherwise there exist a label ¢ in both B(™) and B(™"), which
means there are states in X x M x B with different modes m
and m’ but share a common label ¢). Furthermore, the sets
B(™), m € M cover B, i.e. B =,y B™), and thus form
a partition of the space B. A new object is classified as class
m (and has mode m) if and only if its label falls into B(™).
Thus for an LMB birth model, condition 1 means

rea(ly) = . rgt s (6), @D
my €M
PE et = e e (). @)

Note that rgﬁ) and p(m”(c ) are respectively the existence
probability and probablhty density of the kinematics ¢, of
a new object given mode m,, while l]B(m o (ly) is the

probability of mode m given label ¢, .
Condition 2 means that the mode transition probability

I(my|m) = dm[m], (23)

which implies that each object belongs to exactly one of
the classes in M for its entire life. Consequently, the non-
interacting mode condition means that at time k, the label
space for all class m objects is L™ = L"szo Bgm), and
the set of all possible labels is given by the disjoint union

For a multi-object JMS system with non-interacting modes,
the JMS-GLMB recursion reduces to a form where the weights
and multi-object exponentials can be separated according to
classes. We call this form the multi-class GLMB.

Proposition 2. Ler X"™) denote the subset of X with mode
m, and hence X = |4, o X (™) Suppose that the hybrid
multi-object density at time k is a GLMB of the form

X) = Z 1@(1)(€ L @) H ﬂ_([(m),g(m)) (X“n)) (24)
&1 meM

where €2, ICL, €106 denotes the projection & into the
space ©, 1™ & 1 LM, f = §|]L(m)X L (Le the
0 e X

map & restricted to ]Lg ™) %X ]Lkm) ), and

2T 6) (X<m>) a

A (X(m)) w(I(m>,§(m))5I(m) {ﬁ (X(m))} |:p(£(m))j| x(m)
(25)

Then the hybrid multi-object filtering density at time k + 1 is
the GLMB

7(m) g(m) [("’) 9("" m
TZ, X+ Z 1®+(I+) 9+ l—[Tl'ZJr )(X( ))

&,1,04,14 meM

(26)

where [ e F(Ly), 0, €0, Lﬁm) = LﬂLim), HSrm) = 9+|]L(+m)

ﬂ_(va 1,611, 64) (Yy) =

+

m, Yy
AY I 05, 20y ][] @n)

f 9 + ]B(m) I B(m)ﬂf
H(m, ) } [1—rp+]™ By

[1 E m }I I [Pég)(m,-)}ml

(m, L&, Iy, 0,) _
A

+
(28)

X

P (m. ) = <p“> m, 0), P§" (. 0), 29)
FEAD( < 59 <Ze+<zf>>(,,m,£)>’ 30)
(C’m E) _]‘]L(m) (é) =
PS (m7 E)
+1 <m>(£) (m)(c 0), (31)
—(E) (0+(6))
(€.65) (Cm, Oy 7 (¢, m, 0)
Pz, (C,m, L) = : (32)
+ ¢ é 0+)( )
¢{Zl 1z |}(C’m’£) =
PR (¢ (=160 .
n+(zJ()+)50[m+(zJ)] ifj € {1’ ) |Z+‘} (33)
1_PD,+(C7€)7 lfj:()

Proof. Note that the L™ x ... x "™, m, € M form a partition
of Lo x ... x L, , and since each f(m) was defined as a
restrictions of ¢ over L(()m) X . X IL,(C"”), ¢ is completely
characterized by the £, m € M. By defining

(m) g(m)
WO = 1€ LO) [T w" ™), 34
meM
m 1 (my (6
Omo = [pEEm o] 6s)
it can be seen that (24) is a GLMB of the form (5) since
SLX)] = ] 6rem LX),
meM
X e X (m)
{p@)} _ [p@)} e _ H { (€ )]

Thus by applying Proposition 1, the hybrld multi-object fil-
tering density at time k£ 4 1 is given by (12-20). Substituting
(34), (35), (21-23) into (12-20), decomposing

Wy = e, ,)(04) H wz T T GW() 7
meM

g = (p(im)’ai’n))) R (38)

and rearranging yields (26). Note that (23) ensures m; =

m. -

Given a GLMB filtering density of the multi-class form (24),
the GLMB filtering density for class ¢ € M, can be obtained
by marginalizing the other classes according to the following
proposition.

Proposition 3. For the multi-class GLMB (24), the marginal
GLMB for class c is given by

x (X(C)) A(X () Zw

51(C) X(C))] {p(f(d)} X
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Proof. Note that
/ﬂ_(l(m)7 g(m)) (X(m))(SX(m)

" . X(7n)
/ AX w0 LX) [pO] ax

(10, M)
H L€M) (x(m)) 5 ( WX
meM meM—{c}

Zleuwu@)w(“”’f“)) (x9) x

Since, the X(™) m € M are disjoint,

/71'( ¥ X<m>>5< W xm
meM meM—{c}
/Zleu)(él@) X

&I

71.(X(C))

)

11 / (10, gm) (m)) X (),
meM—{c}
= Zl@(l) fJ_@)ﬂ'(I(C)’g(C)) (X(C)) X
&1
H w1 €)
meM—{c}

O

IV. GLMB FILTERING WITH UNKNOWN BACKGROUND

Clutter or false detections are generally understood as de-
tections that do not correspond to any object [1]-[4]. Since the
number of false detections and their values are random, clutter
is usually modeled by RFSs in the literature [3], [4], [35]. The
simplest and the most commonly used clutter model is the
Poisson RFS [35], in most cases, with a uniform intensity over
the surveillance region. Alternatively clutter can be treated as
detections originating from clutter generators—objects that are
not of interest to the tracker [15], [24]-[26].

In [15] a CPHD recursion was derived to propagate separate
intensity functions for clutter generators and objects of inter-
est, and their collective cardinality distribution of the hybrid
multi-object state. Similarly, in [26] analogous multi-Bernoulli
recursions were derived to propagate the disjoint union of
objects of interest and clutter generators. In this work, we show
that the multi-class GLMB filter is an effective multi-object
object tracker that can operate under unknown background by
learning the clutter and detection model on-the-fly.

This section details an on-line multi-object tracker that
operates in unknown clutter rate and detection profile. In
particular, we propose a GLMB clutter model in subsection
IV-A by treating clutter as a special class of objects with com-
pletely uncertain dynamics, and describe a dedicated GLMB
recursion for propagating the joint filtering density of clutter
generators and objects of interest. Implementation details are

( (C)) Z“ 8,00 [ (X(c))] [p(é“’)r(c

given in subsection I'V-B. Extension of the proposed algorithm
to accommodate unknown detection profile is described in
subsection IV-C.

> A. GLMB Joint Object-Clutter Model

We propose to model the finite set of clutter generators
and objects of interest as two non-interacting classes of ob-
jects, and propagate this so-called hybrid multi-object filtering
density forward in time via the multi-class GLMB recursion.
The GLMB filtering density of the hybrid multi-object state
captures all relevant statistical information on the objects of
interest as well as the clutter generators. What distinguishes
the objects of interest from clutter generators is that the former
have relatively predictable dynamics whereas the latter have
essentially no dynamics.

In the hybrid multi-object model, the Poisson clutter in-
tensity ~ is identically O and each detection is generated
from either a clutter generator or an object of interest, which
constitute, respectively, the two modes (or classes) 0 and 1
of the mode space M = {0,1}. Since the classes are non-
interacting, there is no switching between objects of interest
and clutter generators. Moreover, the label space for new born
clutter generators B(®) and the label space for new born objects
of interest B(Y) are disjoint and the LMB birth parameters are
given by

) rpals) = 7kl (6) + 1) 1o (6),
Cpp (Cts) = P (€ e ()

Since clutter has no dynamics, each clutter generator has a
transition density independent of the previous state and a
uniform measurement likelihood in the observation region with
volume V'

O, 1¢,0) s(¢4)
9Ol = u(z)v

Note that the labels of clutter generators can effectively be
ignored since it is implicit that their labels are distinct but are
otherwise uninformative. Further, for Gaussian implementa-
tions it is assumed that the survival and detection probabilities
for clutter generators are state independent.

(0) (0)
PG = Py,
“” V(GO = PR

Applying the multi-class GLMB recursion to this model, it
can be easily seen that all clutter generators are functionally
identical (from birth through prediction and update)

0 (€
PO = o (¢,0,0 = 5(0)
and that the weight update for clutter generators reduces to

0 0) 7(0) 5(0)
(0,1, £, 1{, ()
wy,

T [

1-+0),] [0 -1| EA B

7€ (¢,0,0 =
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{ee1?:0( (1)=0} 16e1?:09 (0)>0}
[1—P1(30,H’ ol \[P&V_lﬂ 0000

(39)
Thus propagation of clutter generators within each GLMB
component reduces to propagation of their weights

(0. 12, £©, 9<0>) (0.1,6©, 1,6
Z[(O) w .

([(0),5(0)
Zy Z+

B. Implementation

The key challenge in the implementation of the multi-class
GLMB filter is the propagation of the GLMB components,
which involves, for each parent GLMB component (7,£),
searching the space F(L;) x O, to find a set of (I,0,)
such that the children components (7, &, I}, 6;) have significant
weights w(I $ 1% n [13], the set of (L, 0,) is generated
from a Glbbs sampler, with stationary distribution constructed
so that only valid children components have positive proba-
bilities, and those with high weights are more likely to be
sampled than those with low weights. A direct application of
this approach to generate new children would, however, be
expensive, for the following reasons.

Let P = |I|, PO = |[1O], PO = |TM)| and M = |Z|.
According to [13] the complexity of the joint prediction and
update via Gibbs sampling with 7T iterations is O(T'P2M).
Since the present formulation treat clutter as objects, the
total number of hypothesized objects P > PO > M, and
hence the complexity is at least O(TM?3), which is cubic
in the number of measurements and results in a relatively
inefficient implementation. This occurs because the majority
of the computational effort is spent on clutter generators even
though they are not of interest. This problem is exacerbated
as the clutter rate increases.

In the following we propose a more efficient implemen-
tation by focusing on the filtering density of the objects of
interest instead of the hybrid multi-object filtering density.

Observe that given any (If)ﬁf)) € f(LJ(rl)) X @g), and
(IJ(FO), OJ(FO)> S .F(LJ(FO)) X ®(+o), where @Srm) denotes the space

of positive 1-1 maps from ILE:"') to {0,1,..., M}, we can

uniquely define

(I,,60,) 2 (ﬂ;) w10, Lo ()6 D)+ 10 )69 () ).
(40)

Further, the weight of the resulting component (I, £, I, 6,) is
I¢, L, 0 (0 I(O) 5(0) I(O) 9(0)) (1 I(l) 5(1) I(l) 9(1))
w(Z+ 04 = lo) (9+)wz+ Wy

(41)
see Proposition 2, eq.(37). Note that if 6, is not a valid
association map then lgz,)(f;) = 0, and hence the weight
is zero.

For each parent GLMB component ([,¢), rather than
searching for (I, 6;) with significant (,u(Ig AR in the space
F(Ly) x O4, we:

1) seek (Iil),ﬁ_f_l))
from the smaller space F (I[,il)) @S_l),

2) for each such (I\V,0(") find the (I'”,6'”) with the

0,19 ¢ 1(0) 9(0> . .
( o ) , subject to the constraint

1,70 M) I(l) 9(1)
with significant w(Z )

best w

Lo 6O+ L0 60 () e o (180w 1?);
(42)
3) construct (I,6;) from (I_(:),Gil)) and (IS_O),H_E_O)) via
(40) and compute the corresponding weight via (41).
Due to the constraint (42), lg(z)(64) = 1, and hence,
it follows from (41) that the resulting GLMB component
(L&, L, 0y) also has significant weight. The goal here is to
generate a set of mappings with significant weights, but not
necessarily in the order of the weight, since the latter is highly
computationally intensive.
The advantage of this strategy is two fold:

o searching over a much smaller space F (IL_E_I)) X @S_l)
results in a linear complexity in the measurements
O(T(P™M)2M) since typically P(Y) << M;

« finding (IJ(FO),GJ(FO)) with the best weight subject to the
constraint 0, € ©(L) is straight forward and requires
minimal computation.

1) Propagatir)ag O)bjects of Interest: One way to generate
(1) 401

significant (I ,94(_ ) is to design a Gibbs sampler with

a, 7 5(1) I(l) 9(1)) .
stationary distribution w, . However, this ap-

proach requires computing the hybrid multi-object density,
which we try to avoid in the first place.

A much more efficient alternative is to treat the multi-
Bernoulli clutter as Poisson with matching intensity, and apply
the standard GLMB filter (the JMS-GLMB filter (12) with
a single-mode), where the Gibbs sampler [36] (or Murty’s
algorithm [37]) can be used to obtain significant (If),eﬁ))
[13]. Since there are |I(°)| clutter generators from the previous
time with survival probability P, and \IB%S?)| clutter birth
with probability rg)? > the predicted clutter intensity is given
by

iy = (PO 4+, B P,V

Note that a Poisson RFS has larger variance on the number
of clutter points than a multi-Bernoulli with matching intensity.
Hence, in treating clutter as a Poisson RFS, we are effectively
tempering with the clutter model to induce the Gibbs sampler
(or Murty’s algorithm) to generate more diverse components
[13].

Following [13] let us enumerate Z; = {z1.ar}, IO =
{t1.}, and B = {€py1.p}. The (I1V,0) € FLY) x
@(Ii )) at time k + 1 with significant weights are determined
by solving a ranked assignment problem with cost matrix

ED)V N 1P 1
;> (), i=1:P, j=—1:M, computed as,

1-PE 1, 0) GelM, j<0

(1)
LI B (RO “0) eI, j>0
' 1—rp () eBY, j<0
(€™,0() .
e+ (L)Y, (1,6 tieB, j=0
(43)
where,

7(5(1)79(1)) N () (9(1)(6))
vy, W = (55 L0000 L0
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PSY. (¢, og“)(mc,o ifjeql
“’ G0, =0

Such a ranked assignment problem can be solved by Murty’s
algorithm or the Gibbs sampler given in Section III-D [13].

v (1,0 =

2) Propagating Clutter Generators: Given (I _ﬁl), 9_9)) per-
taining to the objects of interest, we proceed to determine
(I+(O)7 0&0)) pertaining to clutter generators, which maximizes

(0 19.60.12.67) where I( ) - I(O)UIB%(O) and 9(0) )
{() M} subject to constraint (42).

Denote by Z (1 C Z, the set of measurements assigned
to I 4(_1) by 9_5_1) and the remaining set of measurements 7, —

A (1), due to clutter generators, by Z (0). Recall that clutter
+ g y 44

generators are functionally identical except in label and that
their propagation reduces to calculating their corresponding

weights (39). Let N = [IOn1”| and N, = B N1
denote the counts of survrvmg and new born clutter ener-
ators respectively. Then |I(©) ( | = [T - and

|Bf) - IJ(FO)| = |]E%$)| (O) Observe that the count |Z(0 |
of clutter must equal the number of detections of clutter
. 0) p(0) - 0 0
generators according to (I+( )ﬁi )), ie. |Z(+)| =[{{ e I(+) :
H(f) (€) > 0}| and hence the count of misdetections of clutter
generators according to (I_i(ro), Hio)) is Néo) +N1(-30,)+ - |ZSFO)\ =
|{¢ e L(ro) : 93?) (¢) = 0}|. Consequently the weight (39) can

be rewritten as
(0 1™ 5(0) (0) 9(0))

Wz,
\I(O)FN(O) N© \IB%([))\fN(U)
L T
N( )+N(O) |Z ‘Z(O)l
0 0 B+ 0 - +
rgg} =P [plg v
0 N©
y P(O)(l _P(O) ) (B) (1— P(O) ) B+
1P 1—ry),

Thus seeking the best (Lso)ﬁfro)) subject to constraint (42)
reduces to seeking the best (Néo),Ng)Jr) subject to the
constraints 0 < Néo) < IO, 0 < NgJL_ < |Ef)\ and
0 0 0
N + N, > 1201, i
3) Linear Gaussian Update Parameters: Let N(5¢,P)
denotes a Gaussian density with mean ¢ and covariance
P. Then for a linear Gaussian multi-object model of the

objects of interest Pél)(c,ﬁ) = Pél), Pg)(C,E) = Pl()l),
<”<<+|< 0) = (C+;If<762), g (=I6,0) = N(z:HG.R).
and piy), (¢,) = (43¢, PLY), where F s the tansition

matrix, Q is the process noise covariance, H is the observatlon
matrix, R is the observation noise covariance, C T and P(l)
are the mean and covariance of the kinematic state of a new
object of interest. If each current density of an object of
interest is a Gaussian of the form

p€C 1,0 = NG EC 0, PE ) @)

then the terms (30), (31), (32) can be computed analytically
using the following identities:

/N G PIN(CL FCQ)dC = N(C,: FGFPET + Q).

N(G: ¢, P)N (2 HC, R)

= q(x)N(G:C+ K(2 — HC), [T - KH]P),
q(z) = N(zH(,HPH" +R),
K = PHT[HPH" +R]

4) Pseudo-code: For the GLMB joint object-clutter model,
propagation of a multi-class GLMB of the form (24)
reduces to propagation of (25) for each mode m €
{0,1}. The density in (24) is thus completely described
by the parameters w(l(yn)’f(m)),p@(m))) for (1(m) M)y ¢

F(@L) x ™ and m € {0,1}, which can be enu-
merated as {I(™ h),g(m’h),w(m’h%p(m’h)} where w(mh) £
wd " E™) and plmh) & p(f(m’m) for h € {1,....,H}
and m € {0,1}. Consequently the multi-class GLMB of the
form (24) can be written as a sum over h € {1,...,H},
thus obviating the need to store the history vector f m;h)
of association maps ol Implementmg the filter for the
GLMB joint object-clutter model reduces to propagation of
the parameter set {I(m*h), w(m*h),p(mvh)} forward in time for
each mode m € {0, 1}.

For m = 1 (objects of interest), the propagation of the
parameter set is given by the procedure in section IV-BI,
which adapts the Gibbs sampler solution in [28]. Accordingly,

we continue the convention of indexing by h for the cost

0. amy . ;
ah () & ngf )(y) and similarly for the parameters in

the expression for the cost in (43). Following the approach in
[28], for any valid pairs (11,6 1)) it is necessary to introduce

an auxiliary variable v = (v;) |ZI 1 ' which is positive 1-1 given

by, (0D, it e 1O
T = -1, otherwise.

For m = 0 (clutter generators), the propagation of the
parameter set is given by the by the procedure in section
IV-B2, for which the values can be precomputed off-line.
Recall that clutter generators are by assumption identical
except in label. The propagation of their parameter set further
reduces to the weights w(®") and the counts N(®:") £ |7(0.h)|
of clutter generators. Thus minimal storage is required for
propagating their parameters.

As shown by (34) the weight w(™ of any valid component
(1), 5(’1)) is simply the product w™ = w1 thus for
the GLMB joint object-clutter model, the filter implementation
propagates the parameter set

{wm),[(l,h)’N(o,h),p(l,m}H
h=1

forward in time to obtain the next parameter set

{wgzl+)’l(+1xh+)7NJ(r07h+) (1, h+)}h ,

as detailed in the following pseudo-code?.

2The pseudo-code is presented in the style of [28]. The notation { } is
used for a MATLAB cell array of possibly non-unique elements. The Unique
function is similar to the MATLAB call which outputs non repeated elements
of the input, as well as the indices Uy, ,, , matching each of the outputs to
all occurrences in the input. Algorithm 2 for Gibbs sampling is reproduced
from [13].
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Algorithm 1: Propagation of hypotheses with objects of interest and clutter generators

Input : {w(®), [ NOM pAm YT proms prlma
B

1 1 +

Input :{(7"537)+(€i),p53,)+('75i)>}izl )

tput : PSY, 10 1), PY) g0 (] ), 24
Output: {wi_h”, Is_l’h”, Ng_o’h*>,p$’h*>}

1 sample counts [Tf:"’h)]};{:1 from a multinomial distribution with parameters H'/"™ trials and weights [w]/_, form = 0, 1;
2 forh 1to H do

3 initialize (1Y) (with any positive 1-1 vector);
(1,h) gD
4 n(l,h) = {n(lh)(])} (’I UB, ” |Z+‘) .
) (1.5)=(1,-1)
(1)

5 {'y(l””*“) :ll := Unique (Gibbs (7(17}“1), Tf"h’), ?7(1"}7‘)>>;

6 for u 1to Tf’h) do

7 I_(:’h’u) ={f e 1M U B$> : %‘(1,h,u) >0}
, 1M ypM
s ws_l,h,u) — 1:1 + | m@,h) <%(1,h,u) .
(1) N e(D) . (1,h) .

(1) o (P ) 10 (C1-80)), O (00) ) ) (L),
9 Py () = 1w (4) e PO Y + IB$>(€i)pB (-,4;), foreach ¢; € I ;
10 pﬁrl’h’u)(-,&) He'q ﬁ$‘h’u)(~,Zi)ng(~,€i)g(+l)(zwgl,}L,u) |-, ¢;), foreach ¢; € I(f’h’u) with 'ygl’h"w > 0;
1 p$'h’u>(~,£i) X ﬁﬁ:‘h’u>(~,£i)(1 - Pgﬁ(-,ﬁi)), for each ¢; € L(rl’h’u) with ng‘h’u) =0;

0 1,h,u .
12 120 = 124 ] = {7 > 0}
(0,h)

13 {N}ro’h’“)., wf’h’”)} f;l :=SolveClutter(\Z(+0) [, N(©R) Tio’h), Z);
14 forv 1to TJ(FO’M do
15 ‘ wih.,u,'u) — w(h> wg—l,h,u) w_(FOJL,v);
16 end
17 end
18 end

(H’Til,h)’Tio,lz))

[

9 create solutions S := {(wf’u‘m, L(rl‘h‘u), Nf’h"w,p(ﬁ‘h’u)) }( - :
h,u,v)=(1,1,1

H
20 ({ (wﬁ”), I(+1"’h+>7 Nf’h”m(j’h”) }h " it [Uh,u,v]) = Unique(S5);
=
2 WS—M) = Zh,,um:Uh w,v=hy ws-h’uﬂg for all h’+;
o we o\
22 normalize weights  w ;
hy=1
Algorithm 2: Gibbs Algorithm 3: SolveClutter
Input : M) T n Input : |Z§r0)\, NO T |z,
Output: 7, .., 5" Input : 7 B P PYV

1 P :=size(n,1); M = size(n,2) — 2; . ( (0,t) (0,t)> T
e -1 M), - Output: (N, "7, w) . =1

2 fort » zto T do 1 find pairs {(ng), ng>)}t:1giving T-highest costs w(ng,ng)

3| =10 subject to

4 forn <+ 1to P do 0<ne<NO 0<n <|]E3(0)\ ne+n >\Z(O)|

s forj 1toM do e

L. ) } where,

6 ‘ 7711(]) = "]n(])(l - 1{W§f7)l7177;f;1{},}(J)); (N©® —ng) ns

7 end . . w(ns,np) = [1 B Pém] {PéO)] x

8 ’yff) ~ Categorical(c, 7, );7® = {7“)7%@}; 1— O ‘]B(f) B (0) 1™

] Bt TB At X

9 en (0) (0)
(np+ns—12"]) 1237

10 end [1—PS)+)] e [Pg)zvil} T

2 NJ(rO"t) = ng) + n(Bt) for all ¢;

3w = wn n{) forall t;
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C. Extension to Unknown Detection Probability

Following the approach in [15], to jointly estimate an un-
known detection probability, we augment a variable a € [0, 1]
to the state, i.e. x = (¢, m,a,f), so that

PY™ (¢ a,0) = a. (45)

Additionally, in this model g(m)(z|C,a7€2 = g™ (2], 1),

PE(Goat) = PEY, pp)y (Cosas) = w5 (CpE 4 (as),
and the transition density is given by

M (CrarlCant) = £ 10 £ (aga).

The Beta distribution is a natural choice for modeling quan-
tities that vary between [0,1]. Following [15] the unknown
detection probability is modeled a Beta distribution 8(-, s,t)
where s and ¢ are positive shape parameters. Consequently
the state density of an object of interest is modeled by a Beta-
Gaussian density:

(40)

pE(¢,1,a,0)
= Bla; s (), tE @)N(¢GmE (0), PE)(0))

Analytic computation of the terms (30), (31), (32) can be
performed separately for the Gaussian part (which has been
given in the previous subsection) and the Beta part using [15]:

Blarisete) = [ Blais, ) axla)da

. - (%U—MB)_Q "

where

2
T8+
(1 — pig)
ty, = (Bzﬁ—l (1_M,@)7
o
B,+
O—%# = 05(7%7 Cg>1

(note that 3(+;s4,t4) has the same mean 5 as 3(-;s,t) but
a larger variance than the original og due to the scaling by the
factor C3) and

(1—-a)Blass,t) = WB(@ s,t+1),
aB(a;s,t) = Wﬁ(a;erl’t)’
B(Svt) = 01(1571(1 - Cl)tilda.

V. NUMERICAL STUDIES
A. Simulations

The following simulation scenario is used to test the
proposed robust multi-object filter. The target state vector
[z,y,2,9]T consists of Cartesian coordinates and the veloci-
ties. Objects of interest move according to a constant velocity
model, with zero-mean Gaussian process noise of covariance

T4 T3/2 0 0
o132 TP 0 0
@r=vi"| g 0 T4/4 T3)2
0 0 T3/2 T?

Scenario ID Clutter Rate Detection Probability
1 10 0.97
2 10 0.85
3 70 0.97
4 varying between 25-35 0.95

TABLE I: Simulation Parameters unknown to the filter

where vy = 5ms~! and T = 1s. Objects of interest are
born from a labeled multi-Bernoulli distribution with four
components of 0.03 birth probability, and birth densities

N( ) [Oa 07 07 O]Tv P’y),
N (-, [400,-600,0,0]", P, ),
N (-, [-800,—200,0,0]", P,),
N( ’ [_2007 8007 0, O]Ta P’Y)v
where P, = diag([50, 50,50, 50]). The probability of survival
is set at 0.99.

Objects of interest enter and leave the observation region
[—1000, 1000]m x [—1000, 1000])m at different times reaching
a maximum of ten targets. The measurements are the object
positions obtained through a sensor located at coordinate
(0,0). Measurement noise is assumed to be distributed Gaus-

sian with zero-mean and covariance ), where v, = 3ms~'.

Qr = Ur2 |:é (1):|

The detection model parameters for all new born objects of
interest are set at s = 9 and ¢ = 1 resulting in a mean of 0.9
for the detection probability.

At the initial time step, clutter generators are born from a
(labeled) multi-Bernoulli distribution with 120 components,
each with 0.5 birth probability and uniform birth density.
At subsequent time steps clutter generators are born from
a (labeled) multi-Bernoulli distribution with 30 components,
each with 0.5 birth probability and uniform birth density. The
true probability of survival and probability of detection of the
clutter generators are both set at 0.9.

Four scenarios corresponding to four different pairings of
average (unknown) clutter rate and detection probability (see
Table 1) are studied.

The Fig. 3(a) shows the optimal subpattern assignment
metric (OSPA) [38] errors obtained from 100 Monte Carlo
runs (OSPA ¢ = 300m, p = 1) for the proposed GLMB filter
in comparison with A-CPHD [15] filter for scenario 1. Monte
Carlo average results for the cardinality of objects of interest
count are given in 3(b). Estimated clutter rates and detection
probabilities by the two filters are shown in Fig. 3(c), while
estimated tracks for objects of interest taken from a single
run is shown in Fig. 3(d). It can be seen that for the given
parameters, the GLMB filter performs far better than the A-
CPHD in terms of clutter rate, detection probability and track
estimation for objects of interest.

We further investigate the performance of the proposed
algorithm by varying the background parameters in scenarios
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(a) Average OSPA error (parameters ¢ =300m, p=1) over 100 Monte Carlo
runs. The bumps in the cardinality error for GLMB appear close to time steps
where a new birth or a death of an object of interest occurs.

[——True — CPHD mean —— CPHD std. dev —— GLMB mean —— GLMB std. dev |
\ \ \ \ \ T \ \
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(b) Cardinality estimations for objects of interest.
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(c) Estimated clutter and detection parameters.

2 and 3. The average detection probability in scenario 2 is
lower than that of scenario 1, while the average clutter rate
in scenario 3 is higher than that of scenario 1. Note from
Fig.3 that the \-CPHD filter begins to fail in scenario 1. For
scenarios 2 and 3, the A-CPHD completely breaks down. This
is due to the low signal-to-noise ratio (SNR) in scenarios 2
and 3 which is too challenging for the A-CPHD approximation
that usually requires a high SNR [15]. On the other hand, the
proposed GLMB filter is capable of accurately tracking the

e (022 (03,3) ® (202 ® (414 e (593) e (791) Ground Trutl
e (OL1) e (192 (21,1) (39,3) (614) e (814) Clutter
1000, TX 2R, % XTRK i b3 T TX TEX.
o T B I R T TN o S
g T R T ol = L e H
= 5 % §x Xy ook X xS B % % % p
X x i
E  soof, R CORCH T K BT
0] o S5
= xR
@ X X% R0X
c o "
c ol ...
s K e st
x - %
8 Hxx X% % XXX x X XXXX *
© s 3 ook B N R T
~ o g
. o e « ><§>< ¥ %
ol Xog XXX 35" ><
O Y x x
ool Tx TR g %X
10 20 30 40
Time Step
1000 T TX X T T X% x 1 LI LOIET S T
IR e XX o T N X X o &ﬁiix X xR xx§x"x§ 5
X X R ok % < X% Kb X0k ~ X x ¥ o
X X X x XX XK i ;- * x t
T s g;g«x;xx LR I % g e O N o g
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o
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(d) Color coded labeled track estimations by GLMB filter in a single run.

Fig. 3: Tracking results for scenario 1.

objects of interest, as well as estimating the unknown clutter
and detection parameters. The OSPA errors and cardinality
estimation results for objects of interest over 100 Monte Carlo
runs, along with estimates of the clutter rate and detection
probabilities, for the robust GLMB filter are given in Fig. 4
and Fig. 5. Scenario 4 introduces a time varying clutter rate
for which the results are shown in Fig. 6. It is clear here that
the proposed filter outperforms the A-CPHD and is faster to
converge to the true clutter rate. The A-CPHD has a complexity
that is linear in the number of measurements and linear in
the number of targets while the proposed GLMB tracker has
a complexity that is linear in the number of measurements
and quadratic in the number of hypothesised tracks. While
the drastic approximation in the A-CPHD results in a cheaper
complexity, it also degrades tracking performance.

B. Video Data

The proposed filter for jointly unknown clutter rate and
detection probability is tested on two image sequences: S2.L.1
from PETS2009 datasets [39] and KITTI-17 from KITTI
datasets [5]. The detections are obtained using the detection
algorithm in [40].

Dataset 1: The state vector consists of the target z,y
positions and the velocities in each direction. The process
noise is assumed to be distributed from a zero-mean Gaussian
with covariance )y where vy = 2 pixels. Actual targets are
assumed to be born from a labeled multi-Bernoulli distribution
with seven components of 0.03 birth probability, and Gaussian
birth densities,

N (-, [260;260;0; 01", P,), N (-, [740; 370;0; 0], P,),
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N (-, [10;200;0; 0", P,), N (-, [280; 80; 0; 0], P, ),

N (-, [750;130;0; 01", P,), N(-, [650; 270;0; 0], P,),
N (-, [500;200;0;0)%, P,),

where P, = diag([10; 10; 3; 3]).

The observation space is a 756 x 560 pixel image frame.
Actual target measurements contain the z,y positions with
measurement noise assumed to be distributed zero-mean Gaus-
sian with covariance (), with v, = 3 pixels. Clutter targets
are born from a multi-Bernoulli distribution with 30 birth
components in the first most time step and 12 components
in subsequent time steps each with 0.5 birth probability and
uniform birth density. Probability of survival and detection for
clutter targets are both set at 0.9.

The Fig. 7 shows tracking results at frames 20, 40 and 100
respectively. True and estimated clutter cardinality statistics
are given in Fig. 8. From these figures it can be observed
that the filter successfully outputs object tracks and that the
estimated clutter rate nearly overlays the true clutter rate.

Dataset 2: The detection results from this dataset (KITTI17)
comprises of a higher number of false measurements than
the PETS2009 S2.L.1 dataset. The state vector consists of the
target x,y positions and the velocities in each direction. The
process noise is assumed to be distributed from a zero-mean
Gaussian with covariance () where v; = 2 pixels. Actual
targets are assumed to be born from a labeled multi-Bernoulli
distribution with three components of 0.05 birth probability,
and birth densities

N (-, [550;200;0; 01", P,), N(-,[1200; 250; 0; 0] ", P,),
N (-, [500;250;0; 0], P,)where P, = diag([10;10;1;1]).

State transition function for actual targets are based on
constant velocity model with a 0.99 probability of survival.
Process noise is assumed to be distributed from a zero-
mean Gaussian with covariance Q)¢ with vy = 2 pixels per
frame. The observation space is a 1220x350 pixel image
frame. Actual target measurements contain the z,y positions
with measurement noise assumed to be distributed zero-mean
Gaussian with covariance ), with v,, = 3 pixels.

Clutter targets are born from 60 identical and uniformly
distributed birth regions in the first most time step and 20
birth regions in the subsequent time steps each with a birth
probability of 0.5. Probability of survival and detection for
clutter targets are both set at 0.9.

The frames on the left of Fig. 9 shows tracking results for
frames 15, 35 and 50 obtained from the standard GLMB filter
for the guessed clutter rate of 60. The frames on the right
of Fig. 9 shows tracking results for the same frames using
the proposed filter. When comparing each frame pair it can
be noted that some objects that were missed by the standard
algorithm with the guessed clutter rate has been picked up
by the proposed algorithm. Comparison between true clutter
cardinality and estimated clutter cardinality as given in Fig.10
demonstrates that the estimated clutter rate is within close
range of the true clutter rate. Feeding this estimated clutter rate
back to the standard GLMB algorithm [8] could help achieve
a performance similar to that of the standard algorithm with
known clutter rate.

w
o
o

200

OSPA Error

Time Step

N W
o O
o O
T
L

Cardinality
=
3

o

Time Step
300 ‘

200 J

100 J

Localization

0 20 40 60 80 100
Time Step

(a) Average OSPA error (parameters ¢ =300m, p=1) over 100 Monte Carlo
runs.

[—True

12 T T

GLMB mean —— GLMB std. dev |
7 7 T i

Cardinality

0 i i i i i i i i i
0 10 20 30 40 50 60 70 80 90 100
Time Step

(b) Cardinality estimations for objects of interest.

| True GLMB mean GLMB std. dev
20 T T T T

Clutter Rate

20 40 60 80 100
Time Step

[

0.95F J

0.85[

o
)

Detection Probability
o
©

0 20 40 60 80 100
Time Step

(c) Estimated clutter and detection parameters.

Fig. 4: Results for scenario 2. Comparison with \-CPHD not
included as it completely fails on this scenario.

VI. CONCLUSION

In this paper we have proposed a tractable algorithm
for tracking multiple objects in environments with unknown
model parameters, such as clutter rate and detection probabil-
ity, based on the GLMB filter. Specifically, objects of interest
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and clutter objects are treated as non-interacting classes of
objects, and a GLMB recursion for propagating the joint
filtering density of these classes are derived, along with an
efficient implementation.
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Fig. 5: Results for scenario 3. Comparison with A-CPHD not
included as it completely fails on this scenario.

Simulations and applications to video data demonstrate
that the proposed filter has good tracking performance in
the presence of unknown background and outperforms the A-
CPHD filter. Moreover, it can also estimate the clutter rate and
detection probability parameters while tracking. Our solution
can be extended to the sensor selection strategy proposed in
[41] or to the distribution fusion problem proposed in [42].
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Fig. 6: Results for scenario 4.
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Fig. 7: Tracking results for frames 20, 40, 100 in dataset 1.
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Fig. 9: Tracking results for frames 15, 35, 50 with guessed clutter rate 60 (left) and the proposed filter (right) for dataset 2.
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