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Abstract—Most multiobject tracking methods rely on a statis-
tical model that involves unknown parameters. Here, we propose
a Bayesian method for class-aided online learning of model
parameters within extended multiobject tracking. We address
the case where the extended objects belong to unknown object
classes defined by unknown values of the model parameters. The
proposed method learns the number of object classes, the class
parameters, and the objects’ class affiliations simultaneously with
the tracking process, and the learned class and parameter infor-
mation is leveraged for improved tracking. This is enabled by a
parameter-dependent state-space model for extended multiobject
tracking that incorporates a Dirichlet process prior, and by a
related Gibbs sampler for online learning. Our simulation results
demonstrate substantial gains in tracking performance due to
class-aided online parameter learning.

Index Terms—Extended multiobject tracking, extended mul-
titarget tracking, tracking and classification, Dirichlet process,
Bayesian nonparametrics, Gibbs sampler, clustering.

I. INTRODUCTION

Extended multiobject tracking (EMT) aims at estimating the
time-varying states of multiple extended objects—i.e., objects
with a spatial extent—from sensor measurements [1]. EMT
arises in many applications including autonomous driving [2],
[3], biomedical analysis [4], and surveillance of maritime
transport [5], underwater environments [6], and pollutants [7].
Most EMT methods require the specification of a statistical
model. Usually, at least some of the model parameters are
unknown and are chosen manually. Alternatively, they can be
learned online during object state estimation; this approach has
been used for EMT in [3], [8] and for classical multiobject
tracking (i.e., considering point objects) in [9]-[11].

Here, we propose a new framework for class-aided online
parameter learning within EMT. The underlying assumption
is that the objects belong to object classes defined by specific
values of the parameters. Practical examples of object classes
include cars, bicycles, and pedestrians in a traffic scenario,
or different types of cells in a biomedical scenario. The class
structure aids parameter learning in that the parameters are
estimated jointly for all objects belonging to the same class
from all measurements generated by these objects. As we
will demonstrate, a performance gain can be achieved even
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when the objects’ class affiliations and the values of the class
parameters are unknown.

Object classes have been previously considered within mul-
tiobject tracking. In particular, under the assumption that the
number of object classes and the values of the class parameters
are known, the classification of objects is addressed in the
context of EMT in [12] and [13] and in the context of classical
multiobject tracking in [14], [15]. In [16] and [17], object
classification is considered in the EMT context under the
assumption that the number of object classes is known and the
motion model of each object class is known up to a random
noise component with an unknown distribution that is identical
for each class. In [18], the clustering of point objects into
classes is considered; the number of object classes and the
class parameter values are allowed to be unknown except for
a known maximum number of classes, and the class parameters
are estimated using a maximum likelihood approach.

In our method, the number of object classes, the class
parameter values, and the objects’ class affiliations are allowed
to be unknown and are learned online, i.e., simultaneously with
object state estimation. This online learning does not require
any training data. Even during EMT operation, additional ob-
ject classes are automatically created if new measurements do
not conform to the currently existing classes. These desirable
properties of our method are enabled by the use of a novel
EMT version of the parameter-dependent state-space model
presented in [19]. This model involves class parameters that
are distributed according to a Dirichlet process (DP) prior [20,
Ch. 4], which allows the number of object classes and the class
parameter values to be unknown. The use of a DP in a state-
space model for the purpose of clustering has been discussed,
e.g., in [19], [21]-[25].

For parameter and class learning, we use a Bayesian infer-
ence framework and a Gibbs sampler [26], [27]. This learning
process is combined with a conventional EMT method that is
based on the architecture of [28] and uses an extended Kalman
filter (EKF) for sequential state estimation [29] and heuristic
techniques [28] to account for unknown object existence and
measurement origin uncertainty. We will demonstrate experi-
mentally that the proposed parameter learning technique leads
to improved tracking performance. However, our goal is not to
outperform state-of-the-art EMT methods but to introduce DP-
based parameter learning within EMT and demonstrate a gain



in tracking performance. We conjecture that the performance
can be improved further by a complete integration of DP-
based learning and EMT within an overall Bayesian model
and inference method.

This paper is organized as follows. In Section II, we describe
the basic EMT system model. In Section III, we present the
object class structure and the DP prior. Section IV gives an
overview of the proposed method. The Gibbs sampler for DP-
based class and parameter learning is developed in Section V.
Section VI describes the EMT part of the proposed method.
Simulation results are presented in Section VII.

Notation: Random quantities are displayed in an upright
(roman) sans serif font (e.g., x is a random scalar, x a random
vector, and X a random matrix), and their realizations and
other deterministic quantities in an italic serif font (e.g., x, x,
and X). We define [a;];.; to be the matrix with columns a;,
[A;];c; the matrix stacking the matrices A; in a columnwise
fashion, and diag(-) the diagonal or block-diagonal matrix
containing the arguments on its (block-)diagonal. The zero
matrix and the all-ones matrix of size Ixj are denoted as 0;
and 1, ;, respectively, and the identity matrix of size jxj as
I;. The indicator function 1(-) is 1 if the argument is true and
0 otherwise. We use p(+) to denote the probability mass func-
tion (pmf) of a discrete random quantity and f(-) to denote
the probability density function (pdf) of a continuous random
quantity. Finally, V' (x; p,X) denotes the pdf of a Gaussian
random vector x with mean g and covariance matrix 3.

II. SYSTEM MODEL
A. Object States and Motion Model

We consider I € Ny objects within the total time interval
{1,...,K}. Object i € {1,...,I} exists for time steps
k € K; £ [ks;i,ke:] C {1,..., K} (here, subscripts S and
E stand for “start” and ‘“end,” respectively). The number of
objects I and the object existence intervals /C; are estimated
by the method described in Section VI-A. The state of object
iy Xk = [Xki1 Xk.i2 Xk Xki2|T, consists of the object’s
two-dimensional (2D) position and velocity for k€ XC; and is
undefined for k & KC;. (We note that our model and method can
be easily extended to more than two dimensions.) The initial
state X, ; of object ¢ is zero-mean Gaussian with a known
covariance matrix Xg € R**4,

The object states evolve independently according to the
nearly constant velocity model [30, Sec. 6.3.2], i.e.,

ke Ki\{ks,i}- ey

Xpi = FXp_1,; + Vv,

Here, FF £ [O:ig Aﬁb} with sampling period AT >0, and the

driving noise vy, ; has pdf N(vy;;04x1,Q;) with a random
covariance matrix
Q; £ diag(q? 12, a7, I2).

The distribution of the driving noise variances g7 ; and g7,
will be specified in Section III. Given xj_1,; and Q;, X ;
is conditionally independent across k and ¢ and distributed

according to
f(@pi|Tr-1,i, Qi) = N(xpi: Fxp_1,;,Q;). 2

B. Measurement Model

Our measurement model is similar to that of [29]; however,
differently from [29], we assume a Gaussian distribution of
the object-generated measurements, we consider also measure-
ments due to clutter, and we model the objects as rigid bodies
whose extents are constant except for their orientation.

1) Object-generated Measurements: At each time k € IC;,
we observe my ; € Ng measurements generated by object i €
{1,...,1}. Here, my; is Poisson distributed with a known
rate A> 0, and different my, ; are independent. For k ¢ KC;, we
set my ; = 0.

The measurements generated by an existing object 1, z](;fi) =

[z,(:’i{l z,i’j’i),z]T with n € {1,...,my;}, are modeled as noisy

versions of the object position according to
2"} = Hx;; + R(xp.;)ul"). 3)

Here, H £ [Iy 053] so that Hx; = [Xg,i1 Xk.i2)T is the
object position, and R(xk,i)u](:i) describes the measurement
noise according to an elliptical model of the object’s physical
extent. (We note that this model is practically useful and
admits a simple parameterization; however, our approach of
class-aided EMT can be readily generalized to other para-
metric models of the object extent.) The two factors of
R(xk}i)ug_? are given as follows:

¢ The random noise vector u,(ﬁni) is zero-mean Gaussian with

a random covariance matrix
T 2 42
D, = dlag(di,l,di’z).

It is furthermore conditionally independent, given D;,
across k, n, and 7. The distribution of the noise variances
d?, and d7 , will be specified in Section III. We note that
the measurement noise standard deviations d;;1 > 0 and
di2 > 0 are here interpreted as the lengths of the half-
axes of the object extent ellipse, and thus the distribution
of the measurement noise u,(fi) matches the elliptical
object extent. Accordingly, although D, is involved in the
measurement model (3), we will consider it a parameter
of object ¢ and call it the “object extent matrix.”
. A [cosd(xg ) —sind(xp ;

o The matrix R(xy;) = [sin Z((sz)) cos (b(?ik’;))} Fotates
the vector u,(;? by the angle ¢(x;;) = tan—! (i:—f)
This causes the first half-axis of the object extent ellﬂase,
which determines the distribution of u,i”i) via D;, to be
aligned with the object’s current direction of movement
as defined by the velocity vector [Xx;1 Xk.i2] . Thus,
the 2D random vector R(xk,i)uéni) is oriented along the
object’s current direction of movement.

Because of the nonlinear mappings R(xy ;) and ¢(xy ;). the
measurement model (3) is nonlinear. Given ;. ; and D;, and

assuming my ; > 0, z,(cni) is conditionally independent across



k, i, and n and distributed according to
f(z,if?|wk,i,D1:) = N(Z;(CZ) Hay;, R(xy,)DiR(zr;)") .

We denote by Z; ; £ [z,inz)]:;l the matrix whose columns
are all the measurements generated by object i. Conditioned
on my;, T, and D;, Z; ; is distributed according to

[(Zy il mp i, k., D)
MEk,i
= HN(Z](:z),Hﬂ)kﬂ,R(ﬂkal)DzR(.’I}kZ)T) . (4)
n=1

2) Measurements Due to Clutter: At each time k, we
also observe my o € Ny measurements due to clutter. Here,
my.o is Poisson distributed with a known rate Ao > 0, and
different my o are independent. The measurements due to
clutter, denoted z,(:g, are independent across n=1,...,m;
and distributed according to some pdf fclum(z,(;g). We also
define Z; o = [zglg}:if . We note that the total number of
measurements observed at time k, both object-generated and

due to clutter, is given by My = ZiI:O M ;.

3) Data Association: The number I of objects, the object
existence intervals /C;, and the origin i of each measurement
zgfi)—which is either a specific object i € {1,...,I} or
clutter (¢ = 0)—are unknown. This information is estimated
by a separate algorithm, described in Section VI-A, that
performs object existence detection and data association (DA).
In this context, it will be convenient to define the “DA-
aware” measurement matrix Zy . = [Zk,i]f:o that collects
all measurements at time & in the order of increasing origin
index ¢ = 0,1,...,/. Since the measurement origins are a
priori unknown, we cannot consider Zj o.; as the observed
data. On the other hand, we denote by zl(g ) with j=1,..., Mg
the measurements in arbitrary order, without reference to the
measurement origin 4, and we define the “observed” measure-
ment matrix Zj = [zg )} M:'”l Each column of Z;, is equal to a
column of Zj .7 via a permutation 7y (-): R2*Ms — R2XxMs
that reorders the columns of Zj o.;. Thus, DA—i.e., asso-
ciating each measurement z,(j) to an origin ¢—amounts to

inferring 7 (+). This task will be considered in Section VI-A.

III. OBJECT CLASSES AND CLASS PARAMETERS

Our class-aided learning approach to EMT relies on the
notion that the objects belong to classes defined by certain
random object parameters. We define these class-defining
object parameters to consist of the object extent parameters
d? |, d?, and the driving noise variances g7, q7 5, which were
introduced in Sections II-B1 and II-A, respectively. These
parameters are combined into the vector

2 42 42 4217
p; = [d7 ) d75 a7y afs)

which will be termed the “class-defining object parameter.”
Each object class is defined by a unique value of p;.

A. Dirichlet Process Prior

A probabilistic class structure of the objects can be obtained
by using a Dirichlet process (DP) prior [20, Ch. 4] for the
class-defining object parameters p,. The DP prior can be
defined by a procedure for randomly generating parameters
p; for an infinite sequence of objects 1 =1,2,... [31]. The
generated p,; are dependent because subsets of them can be
equal. These subsets constitute the object classes in the sense
that all objects 7 with equal p; belong to the same class.

The generation procedure consists of the following three
steps. First, we generate an infinite number of random tentative

class parameters
T

p.. £ [d:i dZ,Qz q’éi qi?g] )
which are indexed by the class index ¢ € N. Here, p; is the
object parameter within class c. We call the p}; fentative class
parameters because at this point it is not yet clear if class ¢
is active in the sense that any objects ¢ belong to it, i.e., any
actual object parameters p, equal p}. By definition, the p} are
independent across ¢ and identically distributed according to
a base pdf fg, ie.,

. . iid .
P, P3,--- ~ fo(pl). (5)

The base pdf will be specified in Section III-C.

The second step, which is parallel to the first step, is to
generate an infinite sequence of random weights B, € (0,1),
ceN. Here, B, is interpreted as the (random) prior probability
that a given object ¢ belongs to class c in that p, = p;,
which implies that > | B, = 1 (almost surely). This property
can be ensured by a recursive generation of the B, that
corresponds to successively breaking off parts of lengths B,
from a stick of length 1 and is thus known as the stick-
breaking process [31]. The stick-breaking process involves a
“concentration” parameter «. The probability distribution of
the infinite random sequence of pairs (p},B.) .y is said to
be a DP with base pdf fg and concentration a.

At this point, we generated a realization (p, B.) .y of the
random sequence (p},B.)..y. The final step is to generate
the sequence of object parameters p;, 2=1,2,... by drawing

each p, conditionally independently, given (p}, B.) .y, from
the set of tentative class parameters {p} . such that
p;,=p, with probability B.. (6)

Note that the p; are conditionally independent given
(P}, Be) cn but not unconditionally independent.

By combining the DP prior for the object parameters p,
with the system model of Section II, we obtain our overall
statistical model for EMT. This model is visualized in Fig. 1.

B. Class Structure and Clustering

According to (6), two or more object parameters p; may be
equal to the same class parameter p’, which means that the
corresponding objects ¢ belong to the same object class c. Let
¢; € N denote the (random) class index c of object ¢. We then
trivially have

P,=p;, fori=1,2,.... 7



p; — tentative class parameter

B, — weight

p; — object parameter

Q; — driving noise covariance matrix
D; — object extent matrix

ie{l,.... I} Xi; — Object state
,,,,,,,,,,,,,,,, o | mg; — number of measurements
Lz

measurement matrix

o X1,

Fig. 1. The proposed statistical model for class-aided EMT. Random variables
displayed in shaded disks are observed. The large rectangle indicates a
repetition of the nodes and edges contained therein.

Hence, as claimed earlier, the DP prior induces a probabilistic
class structure of the objects. Note that the class affiliation
(class index c;) of object ¢ does not change with time k.

Estimating the unknown object class indices c;, along with
the class parameters p}, from the observed measurements
amounts to a clustering of the objects ¢. As a result of this
clustering, ideally, all the measurements that are generated
by all the objects ¢ belonging to the same class ¢ are used
for estimating the common object parameter p, = p}. This
improves the accuracy of estimating the class parameters p;
and, in turn, the object parameters p, = pg,.

C. Choice of the Base pdf
According to (5), the tentative class parameters p’ = [dj?l

d? ) qp 1 q: 2} are drawn independently from the base pdf
fs (pf). We choose a factorizing base pdf

fG(pZ)=f(dZi)f(dZ?z)f(qu)f(qZ,%)7

corresponding to a priori independent parameter components
d*? 7 etc. These components have inverse gamma pdfs with
known hyperparameters, i.e., f(dc,l) (dp 15ad1, bd71),
f(d%) = T7H(d5%; 042, ba2), f(qc,i) =1 (qqlaaq,lv
bg1), and f(q;%) = T (q;%;aq,2,bq2). These prior pdfs
are conjugate priors for the associated likelihood functions
implied by the model of Section II, since the inverse gamma
distribution is the conjugate prior for a Gaussian likelihood
function with unknown variance (cf. (2) and (4)).

D. Sufficient Statistic

For a given time k € {1,..., K}, let us combine the object
states x; and the DA-aware object-generated measurements
Z,;.,; for all times k' < k into the matrices Xy ; = [Xx/; ]Z,_
and Zy.1; = [Zy; ] 4w —1- respectively. The information about
the p; and c; provided by the Xy.; ; and Z;. ; can be summa-
rized in a lower-dimensional representation. Concretely, based

on our statistical model as formulated in Sections II and III,
it can be shown that

Fil X1kyis Z1kyi) = f

where s;, ; is a sufficient statistic random vector that will be
specified presently. Thus, the influence of Xi.; ; and Z;.;; on
p, is summarizcd by si ;- Similarly, defining ¢ £ [c; - --cf]T,
Xk 2 [Xipilys Zik 2 [Zigi]_,, and Sy, 2 [s]l_,,
one can show

(pilsk,i), k€K,

=1’

p(c|X1:k ) Zl:k) = p(C|Sk)

and
f(pile, X1k, Z1k) = f(plle, Sk).

The size of the sufficient statistic matrix S}, does not grow with
time k, differently from X;.; and Z;.. Moreover, Sj, can be
calculated efficiently from X and Zj. Using S} instead of
Xi.x and Zj.j results in a large reduction of computational
complexity (see Section V).

The sufficient statistic is given as s ; = [Sk,i 1 - sk_i75}T

. k k My ()2
with Sk,i,1 = Zk,_ks mk/z‘, Sk,i,2 = Z/g/:k“znzi Ugri1»
mk/ k 2
Sk,i,3 = z;y—;gs s D one 1 “Jm 25 Sk,i,d = 3 Zk/:ks,ﬁi (Vk’,i,l +

2 1 2 .
Viio)s and spis = 3 Zkzzksﬁi(vkgig + Vi 4)s for i =

.,I and k € K;. Here, ug"i)l and ué,"i)z are the compo-
nents of u,(CZ.) = R(xkj)_l(z,ifi) — Hxy;) (cf. (3); note that
R(xg,i) "' = R(xx;)"), and vy ;1 etc. are the components of
Vi =Xk,i—Fx;_14 (cf. (1)). According to these expressions,
s,; can be calculated recursively as

Sk =Sk—1, + Asp, k=ks;+1,... kg, ®)

where the components of Asy, ; are Asy ;1 =mg;, Asg ;2=

Mg (n)2 _ Mi,i ()2 _ 1,2
D one 1 Uk Aspiz = Y Ugi29 Aspia = §(Vk,i,1 +
Viia)s and Aspis = 5(vi, 5+ Vi, ,). This recursion is
e el q- . Mks,ivi (n)2
initialized with Sk, i1 = Mgy, s Ske,i2 = D pei Upg it s
_ N kst (n)2 _ 14,2 2
Sks,i,i,3 = 2un=1 Ukg, 2> Sksi,id = §(Vks,i,¢,1+vks,i,i,z)’
and spg, 5 = %(Vis,i)hg + Vks.i,z,4)' We formally extend s ;

to k ¢ IC; by setting s, ; = 0551 for k=1,..., 1 and

Sk,i = Skg ;i for k = kE,i +1,..., K.

ks,i—

IV. METHOD OVERVIEW

The proposed EMT method consists of three stages that are
performed at each time k: first, an algorithm based on [28]
that performs DA and object existence detection and will be
briefly termed the DAOD algorithm; second, a state estimation
algorithm based on the EKF method of [29]; and third, a
DP-based learning algorithm that uses the Gibbs sampler for
DPs proposed in [26], [27] to learn the objects’ class indices
and parameters. This three-stage architecture is depicted in
Fig. 2. It is suboptimal from a Bayesian inference viewpoint
but still able to leverage the latent object class structure
for improved EMT. The first two stages together constitute
a simple conventional EMT method, which is sufficient to
demonstrate the improvement in EMT performance due to
class-based parameter learning.
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Fig. 2. Block diagram summarizing the proposed EMT architecture.

At time k € {1,..., K}, the DAOD algorithm uses the
observed measurement matrix Zj and, except for k = 1,
the previous (from time k£ — 1) results of the DAOD, state
estimation, and DP-based learning algorithms to calculate an
estimate I, of the number I of objects, an estimate 7 (-) of
the permutation 7(+), and estimates ICk svi=1,..., I} of the
object existence intervals /C;. Next, the state estimation algo-
rithm uses Zy, , the results of the DAOD algorithm, and, except
for k£ = 1, the previous object parameter estimates Py—_1,;,
i =1,. f b1 and the previous sufficient statistic estimate

Si—1= isk Ll
i=1,...,I; and a sufﬁ01ent statistic estimate Sk = [sk Z]l’“ I
Finally, the DP-based learning algorithm uses Ik, ICk i, and
Sk to calculate an estimate ¢, of the class index vector c,
estimates pj . of the class parameters p;, and estimates py ;
of the object parameters p;, i =1,..., I),. These three stages
will be further described in Sections VI-A, VI-B, and V.
The DP-based learning algorithm jointly estimates the (iden-
tical) parameters p; of all objects 7 belonging to class ¢ from
all measurements generated by these objects. The resulting
improvement in parameter estimation leads to improved results
of DA and state estimation, which implies an improved EMT
performance. Conversely, improved results of DA and state
estimation lead to improved parameter and class estimation.
This interdependency of parameter and class learning, DA,
and state estimation is the motivation behind the proposed
combination of a conventional EMT method and DP-based
parameter and class learning (or DP-based clustering).

! to calculate object state estimates mk s

V. DP-BASED LEARNING ALGORITHM

The DP-based learning algorithm clusters the objects in
that it simultaneously estimates the objects’ class indices
c = [c1---c]T, the class parameters p?, and the object
parameters P £ [pi]iI:l. The algorithm uses the number of
objects I, object existence intervals /C;, and sufficient statistics
Sk . In the overall EMT method, these quantities are replaced
by estimates I k> lﬁ;m, and Sk that are calculated by the DAOD

algorithm (f 1 and I@kyi) and by the state estimation algorithm
(Sk), as described in Sections VI-A and VI-B, respectively.

A. Gibbs Sampler

We adopt a Bayesian inference framework. Since the poste-
rior distributions are intractable, we use the Gibbs sampler for
DPs proposed in [26], [27]. At each time k, the Gibbs sampler
performs L sampling steps. At sampling step £ € {1,..., L},
it first draws a class index vector sample c¥) = [cgé) e cgé)f.
(Note that ¢(© and other samples depend on k, but we omit
the subscript & for notational simplicity) Next, it draws a class
parameter matrlx sample P(e()) = ip:(@icecw)’ where C(0) &
{c(e) . )} is the set of class index samples. We remark

that while certain c( ) for different i may be equal, P(,Sf)
contains the corresponding column p (EQ) only once. From
Pfgf), an object parameter matrix sample y OB [ (12)]i:
is then obtained by invoking the identity p; = p, in (7) and
accordingly choosing the columns of P as
L * (£
P(' )= p (g))~ ©)

It can be shown [32] that the samples ¢(*) and P“) are asymp-
totically (for L — 00) distributed according to, respectively, the
conditional posterior pmf p(c|X.x, Z1.1) = p(c|Sk) and the
conditional posterior pdf f(P|X1.x, Z1.x) = f(P|Sk).

At sampling step ¢, the Gibbs sampler has available the suf-
ficient statistic Sy, and the results of the previous sampling step

¢—1, which are ¢ = [V ... """ and Pl =
[p:(é_l)icec(k—l) with (=1 {c(é 1),..., y_l)}. For
initialization, we set c(® = [1~-~I]T, i.e., each object is

*(0)

assigned an individual class. Furthermore, the columns p.

of P<S?) are chosen 1dentica11y as p;¥) = E[p’] = [E[d:3]
E[d:3] Elaz3] Ela:3]] . for e € e = (0 0y =

{1,...,I}. Here, according to Section II-C, E[d}?] =
ba,v/(adq,,—1) and E[qﬁzl,] =bq,/(aqv—1), for v=1,2.
From the samples ¢(© and P for ¢ = 1,...,L, an
approximation of the minimum mean squared error estimator
[33] of P is calculated as the respective sample mean, and
an approximation of the maximum a posteriori estimator
(or, more precisely, detector) [33] of c is calculated as the
respective sample mode, i.e.,
1 &
P=- Y PO, e=

argmax ¢ ey L(e).  (10)

Here, L(c) is the number of samples c() that equal c.

The principle of the Gibbs sampler is to draw the sample of
a random variable from its full conditional pdf/pmf, which is
the conditional pdf/pmf given all the other random variables—
to be termed the condition variables—and the observed mea-
surements. For the condition variables, the most recent samples
are substituted, i.e., from sampling step ¢ or, if not yet
available, /—1. In what follows, we describe the Gibbs sampler
for a specific, fixed sampling step £ € {1,...,L}.



B. Sampling the Class Indices

When drawing the class index sample cy) for object 7, the

condition variable samples in the full conditional pmf are (i)
the most recent samples of the class indices ¢y for all i’ €
{l, ST\ {i}, ie., c/) fori’=1,...,i—1 and c(, Y for

=149+ 1,...,1, Wh1ch will be combmed into the vector
c(f/ Da [c§‘)-- cge)l EATRE --cg*l)]T; and (ii) the class
parameter samples pc “Yforce C(é b2 ge) . ,cz(.z_)17
M TV Here, for a given ce G, pi ) s

available from the previous sampling step E 1 1f c is also
an element of C“~1); in the opposite case, i.e., if ¢ ¢C(Z’1),
pz(é_l) is not available and must be newly generated, which
is done as explained at the end of the present subsection
and at the end of Section V-C. It will be convenient to

use the shorthands c-; £ [c; - cl, PO, &
*(£—1) A 1_*(£—1)
[p:]ce{cl ..... Ci—1,Cig1y--sCI )} and P(" £=1) ™ [pc ] C(Z -

When sampling c;, there are two cases: (i) ¢; equals the
class index of one of the other objects, i.e., c; € C 1)

Ci—1 Ciy1- -

, and
(i) ¢; € C2 (Z 1) , 1.e., a new class is created for ob_]ect 1. There-
fore, we sample c; from a discrete probability distribution
p )( ) that is defined as follows. For ¢ € C'%*™Y (case (1)),
¢ e - * (2

POc) £ Prci=c|ei =S Y P —P(EZ Y.y =5,

which can be shown to be g1ven by i
1

a+I-1
x N ([\/3kiz /3kisl'02x1, D:(#l))
X N ([\/5kia /5risl'02x1, Qv:(é_l))'

Here, C is a constant, N, (c(f/ 1)2 is the number of ele-
ments of c(fi’e_l) that equal ¢, D, -4 diag((d:?l)(e’l),
(d*2)(£‘1)) and Q*(Ll)édiag((qd)“ 1) (g )(1{—1))_
For ¢ ¢ C(” 2 (case (ii)), we create a new value of c,
denoted cz?ew Accordingly, P( )( ) is equal to P([)( ¢ gew) e
Prle ¢ €4 e = R = P s, = 5]

which can be shown to be given by

PO ) =C N([V3kiz /3x,i3)": O2x1, D)

N, (C(E,Z—l))

—i

Y

-

3 7,NeW ﬁ
< N(lv/skia MlT;ogxl,Q)J{ﬁg).

Here, C is the same constant as in (11), which is chosen sych
that >~ cectt=D P( )( )+ Pi(é)( (£) ) =1; furthermore, D £

Z ,hew
diag(d3,d3). Q 2 diag (3%, 33). 52 |43 d3 @ G3]". where d3
etc. are arbitrary except that fg(p )750 and

f(Plsk:) = (dlvadz1abd,i,1) (dzaadzzvbd,i,z)
/ /
X TN 5 agi Vgin) T (35 agi0 i)
!
with @) ; , = aay + 3 k015 Oy, = baw + 3 Skiwi1s G, =
aqu+ kE i — ks, + 1 and ba i =g +sk,l’y+3, forv=1,2.

The new class index value cg new 18 chosen as the smallest

integer that is larger than any prev1ously sampled c value, i.e,

0 a

Cj pew — MAX cr(faxl),maxl/e{l ’’’’’ i—1} cf)} +1 (12)
with i) 2 Maxpe{1,...0-1},ie{l,... I} C( 0 C(Z) CE?CW,
*(—1)

then a “previous” sample p',, ~* of p%,, must be generated.
c; &

This sample will be used when sampliirl‘g the class indices of
the successive objects i’ > 4, i.e., it is used in Pi(,z) (c(f)

i’,new) -
Prlcy ¢ C Ve, SN . PT% .Sk =15] as
*(£—1)

a column of ‘PC(L@*U

*(£—1
p(gz) )i

S ,new

=c.
The full COIldlthIlal pdf from which

—i/
is drawn will be considered in the next subsection.

C. Sampling the Class/Object Parameters

After drawing the class index vector sample c(©) = [ @ ...
(e)] the second task of the Gibbs sampler at sampling step ¢
is to draw class parameter samples pc( ) for all ¢ € CV) =
{c(é) .. )} or equivalently to draw Ptgf) = [pz(e)] ccc®-
When drawmg pc( ) for a specific ¢ € C(), the condition vari-
able samples are ¢(¥) and the most recent samples of p}, for all
deC\{c},ie., p. “or pc(e Y which are combined into the
+(4e=1) . Accordingly, pp( ) is drawn from the full con-

matrix P-¢"
ditional pdf fy: jcp-_s, (p% |, P71 Sy), where P72

[p ]C refermer e} This pdf can be shown to be given by
(pc|c Sk)

=I (dcl’ dcl7bdcl)r

x '™ (q('l’ qclvb(l]/cl)

—‘(;7

(dz22’adc2abdc2)

(q02’ qc2vb:1('2)

Qchl_cSkil’ bdct/ = bdl’ +
221617(.5k7,1/+19 qcu aqV+K() N( )’andbth/cu_
bg,v + e, —c Skiiw+3, for v =1,2. Here, K (c) is the number
of time steps k at which at least one existing object belongs
to class ¢, and N(c) is the number of ¢; that equal c.

In addition, as mentioned in Section V-B, sampling p} is
_ .®

also necessary during the sampling of the ¢; if ¢; "= ¢; ..t in
*(0=1)

that case, a “previous” sample p 0 is drawn from the same
C

“(Ee-1) replaced by P’f% R

with af,., = ad,,

full conditional pdf, but with P~

because all parameter samples for ¢’ # ¢ have already been
obtained at this point.

VI. DATA ASSOCIATION, OBJECT EXISTENCE DETECTION,
AND OBJECT STATE ESTIMATION

A. DAOD Algorithm

The DAOD algorithm performs DA and object existence
detection, i.e., it calculates estimates I ks Tr(+), and ICk ; for
i=1,... jk, as summarized in Section IV. It consists of
the DA and object existence detection parts of the multiobject
tracking method described in [28] with the following mod-
ifications. First, we consider 2D measurements. Second, we
add a clustering task to account for the fact that an object can
generate multiple measurements. This clustering task is solved
using the expectation-maximization (EM) clustering method
[34] with the number of clusters equal to fk_l (in the DA



part of the DAOD algorithm) or x (in the object existence
detection part). Here, Ij_q is upper bounded by a prespecified
parameter [,x and x is determined by a model selection
stage that performs EM-based clustering for v’ = 1,. .., Kmax
clusters and then selects the optimal value of s’ according to
the Akaike information criterion [35], [36].

The DAOD algorithm requires the parameters d3 ,, d7 5, ¢7

and q1-272, for i =1,..., I, which will be referred to as the
DAOD parameters. Except for k=1, the DAOD parameters
are determined for i =1,..., Iy 1 as di, = d}_, ;. di, =

d%—l,i,Q’ qz‘2,1 = @2—1,1,1’ and %‘2,2 = qu%—l,m- Here, Ij;_1 was
previously calculated by the DAOD algorithm, and Jﬁ_u_l
etc. were previously calculated by the DP-based learning
algorithm (see (9), (10), and Section V-C). If I k-1 < Imax
(recall that Ij,_; is upper bounded by I,,«), then the remaining
DAOD parameters for ¢ = I k—1+1,..., Ina are determined
using the following procedure based on the Chinese restaurant
process (CRP), which is closely related to the DP [37].

First, we generate class index values c¢;. For i = 1,...,
I k—1, We set ¢; equal to the respective estimate ¢;_1 ; that was
previously calculated by the DP-based learning algorithm (see
(10)), and for i = fk,l—l—l, ., Imax, we recursively sample c;
from the CRP-related conditional pmf [37]

1
. 1 1 i — Ci,new
a+i—1<a (€3 =Cinew)

Cj—1,max

+ Z ZVC(C:L7 ..
c=1

Here, the ¢ for ¢/ = 1,...,i—1 were sampled previously
or were set equal to Cr—14/; Ci—1,max = max ecy1,....i—1} Ci's
Cinew = Ci—1,max + 1; and N(cq,...,¢;—1) is the number of
civ with ¢" € {1,...,i—1} that are equal to c.

The DAOD parameters d?J, df,Q, qiz’l, and qZQ for ¢ =
I k—1+1, ..., Inax are now calculated differently for the two
cases ¢; € {c1,..., cfkil} (i.e., ¢; is a class for which the DP-
based learning algorithm already calculated parameter esti-
mates dAZch JZ?ci,w (j,"fchl, and (j,fcﬂ) and ¢; ¢ {c1,...,
c fk—l}. In the first case, we set the DAOD parameters equal
to the mentioned parameter estimates. In the second case, i.e.,
ci ¢ {c,... vcik,l}’ there are two subcases: if ¢; = ¢j pew =
Ci—1,max + 1, we sample the DAOD parameters from the prior
pdfs specified in Section III-C, and if ¢; € {¢x—1 max+1, ...,
Ci—1.max ) With 6k_17maxé maX;c; i Cr—1i—l1.., ¢; is
a class for which we already sampled the DAOD parameters
in the former subcase for some i’ < i—we set the DAOD
parameters equal to those samples.

For initialization at the first time step k=1, fk_l = fo is
set to 0, and ¢,_1,;= Co,; is generated for all ¢ =1,. .., Inax
by means of the CRP-based sampling procedure, which is
initialized with &y ; =1.

p(ci‘cla .. '7Ci—1) =

. ,ci_l)l(ci:c))

B. State Estimation Algorithm

The state estimation algorithm—the second stage of the
proposed EMT method according to Section IV—calculates
state estimates X by means of the EKF method of [29],

60m  100m

20m

—100m —60m —20m

k=1

—100m —60m —20m  20m 60m  100m

Fig. 3. Example of a simulated EMT scenario observed during 20 time
steps. The trajectories of six elliptical objects—each belonging to one of
three classes—are drawn in blue, red, and green according to their class
affiliations, i.e., all objects belonging to the same class are drawn in the
same color. Object-generated measurements are drawn as dots using the color
corresponding to the object’s class affiliation, and measurements due to clutter
are drawn as black dots. We only display the measurements present at time
k =11. The initial position of each object ¢ is indicated by an ellipse with
half-axes d; 1 and d; 2 and labeled by the time & at which the object appears.

which is modified in that it uses the object extent parameters
provided by the DP-based learning stage (the respective ele-
ments of P in (10)). In addition, it calculates sufficient statistic
estimates Sk according to (8).

VII. EXPERIMENTAL PERFORMANCE EVALUATION

A. Simulation Setting

We simulated an EMT scenario during K =100 time steps.
Three new objects appear every 10 time steps with initial
positions regularly spaced on a circle of radius 100m, and
move with an initial velocity of 10m/s toward the center of
the circle. At each time step k, a previously existing object
continues to exist with probability 0.92. The system model is
as described in Sections II and III with the following model
hyperparameters (which are known by all methods): a=0.5,
ad,1 = ad,2 = 12, bd71 = 11000, bd72 = 5500, Qq,1 = Qq,2 = 4,
bg1 = 300, by 2 = 30, A = 4, and A\g = 5. This results in
a mean number of object classes equal to 2.64 with mean
extent parameters E[d*3] = 1000m? and E[d}%] = 500m?
and mean driving noise variances E[q}3] = 100m?/s® and
E[q}%] =10m?/s* The sampling period is AT = 1s. The initial
state covariance matrix is ¥g = diag(1002 100% 10% 10?). The
clutter pdf is uniform. Fig. 3 depicts an example of a simulated
EMT scenario during 20 time steps.

We compare the proposed EMT method performing DP-
based object clustering and parameter learning as described
in Sections IV-VI (dubbed DP-EMT) with two reference
methods that use alternative parameter learning techniques:
a baseline EMT method that does not perform clustering
(dubbed B-EMT) and an EMT method that performs EM-
based clustering (dubbed EM-EMT). More specifically, B-
EMT equals the proposed EMT method except that it does not
assume a class structure, i.e., the parameters of each object ¢
are estimated using only the measurements assigned to object



TABLE I
NRMSE OF THE OBJECT PARAMETER ESTIMATES.

‘DP-EMT B-EMT EM-EMT

NRMSE(d} ; ;)| 046 7.07 0.93
NRMSE (d§:¢,2) 0.70 9.74 0.86
NRMSE(G; ; ;)| 467 9.89 0.91
NRMSE(g; ; ,)| 0.83 7.58 113

1 rather than the measurements of all objects belonging to the
same class as object ¢. EM-EMT, on the other hand, performs
parameter learning by means of the technique proposed in
[18], which uses the EM algorithm to cluster the objects and
estimate the parameters of each object class. To adapt [18] to
our EMT scenario, we replaced in our overall EMT method
the DP-based learning algorithm by the EM-based learning
algorithm of [18]. Just as our method (DP-EMT), EM-EMT
learns the object classes and parameters without knowing the
number of classes or the objects’ class affiliations beforehand.
However, it uses a maximum likelihood framework whereas
DP-EMT uses a Bayesian framework. Because use of the ini-
tialization procedure specified in [18] resulted in poor tracking
performance of EM-EMT in our challenging tracking scenario,
we improved on that procedure by heuristically incorporating
the prior mean of p; in the initialization of EM-EMT.

All three EMT methods use the DAOD algorithm with
Tnax =60 and Ky = 3 for DA and object existence detection
(see Section VI-A). DP-EMT and B-EMT use L =80 sampling
steps for inference, preceded by a burn-in period comprising
20 sampling steps. EM-EMT requires the specification of a
maximum number of object classes, which we set to 4. (We
observed this choice to result in the best tracking performance,
even better than choosing the integer closest to the mean
number of classes, which is 3.)

B. Results

We first evaluate the parameter learning performance of
the three methods. Table I shows the normalized root mean
squared error (NRMSE) of the parameter estimates a?i“
czi” , ‘jl%,i,l’ and q}f’i’z obtained with each method. Here, e.g.,
NRMSE (d3 ; ;) is calculated by averaging (di’iyl—d?’l)z over
all times k, all objects 4, and all datasets, then taking the square
root of the result, and finally dividing by E[d}3]. It can be
seen that DP-EMT significantly outperforms both B-EMT and
EM-EMT except for ‘jl%ni,l’ i.e., the position-related driving
noise variance, where it is outperformed by EM-EMT. We also
see that B-EMT—which does not perform object clustering—
exhibits the worst parameter learning performance. We can
conclude from these results that object clustering tends to
strongly improve the parameter learning performance, and the
DP approach (DP-EMT) typically outperforms the maximum
likelihood approach (EM-EMT).

Next, we evaluate the performance of object class learning
exhibited by DP-EMT and EM-EMT. We do so by considering
the number of detected object classes at the final time K =100,
averaged over all datasets, which we observed to be 2.13 for

----B-EMT
—— EM-EMT
—— DP-EMT

Mean GOSPA error

20 40 60 80 100
Time (k)

Fig. 4. Mean GOSPA error versus time.

DP-EMT and 1 for EM-EMT. Comparing with the true average
number of object classes, which we observed to be 2.64, we
conclude that EM-EMT tends to underestimate the number
of object classes whereas the estimate of DP-EMT is quite
close to the true number. We also observed in our simulations
that EM-EMT estimates the number of object classes more
accurately during the first 30 time steps, but the estimate
tends toward 1 as more measurements are observed. A possible
explanation is that in EM-EMT, object class detection relies
on the Bayesian information criterion [36], whose penalty for
new object classes grows with the number of measurements.

Finally, we evaluate the tracking performance of the meth-
ods. Our performance metric is the Euclidean distance-based
mean generalized optimal subpattern assignment (GOSPA)
error [38] with cutoff parameter 120, order 1, and parameter
« set to 2 (not to be confused with the DP’s concentration
parameter «). Fig. 4 shows the mean GOSPA error, obtained
by averaging over 400 datasets, as a function of time. The
periodic peaks are due to the appearance of new objects. It is
seen that the tracking performance of DP-EMT is consistently
better than that of both B-EMT and EM-EMT. Furthermore,
the tracking performance of B-EMT, which does not use object
clustering, is initially (during the first 40 time steps, and most
notably during the first 10 time steps) worse than that of
EM-EMT. This can be explained by the fact that only few
measurements are available during this initial period, which
causes the parameter learning in B-EMT to be inaccurate and,
in turn, results in poor tracking performance. Because DP-
EMT and EM-EMT exhibit better tracking performance during
the same period, we conclude that object clustering and class-
aided parameter learning—as performed by DP-EMT and
EM-EMT—are most beneficial when few measurements are
available. On the other hand, for later times this performance
gain of EM-EMT over B-EMT disappears until EM-EMT
even performs partly worse than B-EMT. This seems to be
related to the fact—mentioned earlier—that the detection of
object classes by EM-EMT becomes less reliable with time.
In contrast, DP-EMT exhibits a consistent performance gain
over B-EMT (and also over EM-EMT).

VIII. CONCLUSION

We proposed a class-aided EMT method for scenarios where
the objects belong to classes that are distinguished by the



values of certain statistical model parameters. The number of
object classes, the class parameter values, and the objects’
class affiliations are allowed to be unknown. Our method
combines a conventional EMT algorithm with a Bayesian
technique for object clustering and parameter learning. This
technique uses a parameter-dependent state-space model with
a DP prior for the unknown object parameters as well as
a Gibbs sampler for Bayesian inference. Simulation results
demonstrated significant performance gains regarding param-
eter estimation, object clustering, and object tracking.

In our future work, we will extend our framework to achieve
a full integration of DP-based parameter and class learning,
DA, object existence detection, and state estimation within
a joint Bayesian model. We conjecture that this will yield
substantial additional performance gains.
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