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ABSTRACT

In this paper, single-target tracking using radar measurements is
addressed. Recently, algorithms based on Bernoulli random finite
sets have proved efficient in a cluttered environment. However, in
Bayesian approaches, the choice of the motion model impacts the
trajectory estimation accuracy. To select an appropriate set of mo-
tion models, a joint tracking and classification (JTC) algorithm can
be used. The principle is to consider different target classes depend-
ing on their maneuvrability, each of them being associated to a set
of motion models. In this context, additional information such as
a target length extent measurement can improve both classification
and trajectory estimation. Therefore, we propose a multiple-model
Bernoulli filter to perform JTC. To jointly estimate the trajectory and
the target length which is constant, a Rao-Blackwellized approach
is considered. Another contribution is that a bank of probabilistic
data association filters is run instead of Kalman filters to account for
false detections.

Index Terms— Bernoulli filter, joint target tracking and classi-
fication, Rao-Blackwellized particle filter, multiple-model approach,
random finite sets.

1. INTRODUCTION

In surveillance radar, point target measurements are generally com-
posed of the radar-to-target distance and the bearing angle. These
measurements are expected to arise from a target. When they come
from the environment, they are referred as false detections. Given
the set of available measurements, the goal is to on-line estimate the
trajectory of the mobile object. However, several issues have still to
be addressed. For instance, how to deal with false detections induced
by the clutter or how to anticipate the type of trajectories that could
be followed by the target?

On the one hand, algorithms based on a Bayesian formalism have
been derived around the finite-set statistics (FISST). They consist in
modelling both the false and true measurements as a single multi-
object. In this way, no explicit target-to-measurement association
is required when the trajectory is estimated. When dealing with a
single-target scenario, the Bernoulli filter has been shown to be rele-
vant in a cluttered environment [1].

On the other hand, estimation algorithms are based on a motion
model describing the target kinematic. However, for targets with
a high maneuvering capability, a single model is not enough to de-
scribe all the phases of the trajectory, leading to poor estimations. To
address this issue, multiple-model (MM) algorithms can be consid-
ered but should not combine more than two or three [2] models to

This work is part of the common research activities between Bordeaux
campus and Thales (GIS Albatros).
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avoid a loss of accuracy. For this reason, joint tracking and classifi-
cations (JTC) algorithms have been proposed. In JTC, the targets are
classified in different categories. For instance, target classes can be
linked to the target maneuvering capabilities, ranging from the large
targets such as a tanker, which are used to be non-maneuvering, to
the smallest ones such as a rubber boat or a fishing vessel, which
can be fastly accelerating. A class then indicates the most likely
motion models to be used. The classification can be deduced from
kinematic characteristics only [3, 4] or can use complementary in-
formation provided by electronic support measures (ESM) [5] for in-
stance. A JTC method based on heterogeneous sensors is presented
in [6]. Measurements of the target extent have also been of interest
in tracking [7, 8] and in particular in JTC approaches [9, 10, 11, 12].
In absence of clutter, we have proposed various ways to estimate the
target kinematic parameters in [ 13] for which the target length extent
has proved useful through a JTC approach.

In this paper, we propose a multiple-motion-model Bernoulli fil-
ter to perform JTC using the target length extent. It is based on
the random finite set (RFS) theory which provides a flexible frame-
work to represent both the target and the measurements [14]. As the
choice of the motion model is still of interest, we propose to derive
a multiple-model Bernoulli filter. By using the target extent as com-
plementary information in the algorithm, it simultaneously improves
the trajectory estimation and the target classification. The Bernoulli
filter can be implemented by particle filtering. Here, to improve state
space exploration, we have propagated the particles according to the
optimal proposal distribution. However, the particle filter is bound
to degenerate while estimating the target length which is a constant.
To overcome this problem, a Rao-Blackwellized approach is consid-
ered. As a consequence, only the trajectory is estimated by particle
filtering whereas conditionnally upon the particles, the target length
is estimated by a bank of probabilistic data association (PDA) filters.
The latter is used instead of the classical bank of Kalman filters to
directly take into account the false detections without re-introducing
any hard decision through an association algorithm.

Our paper is organized as follows: in section 2, we derive the

system model and the theoretical equations of the Bernoulli filter us-
ing both point target and target extent measurements. In section 3,
the algorithm has been tested on simulated data and we study the rel-
evance of the importance distribution and the use of the target length
information.
In the following, 0. (y) is the Kronecker symbol which is equal to
1if = y and 0 otherwise. In addition, ~ means is distributed
according to and N'(z, i, ) denotes the multivariate Gaussian dis-
tribution with mean p and covariance matrix X. | X| is the cardinal
of X. xx,.r, denotes the collection of  from the instant k1 to the
instant k2. diag(ai,...,an) is the n x n diagonal matrix whose
diagonal elements are a1, ..., Gr.
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2. ALGORITHM PRESENTATION

2.1. RFS modelling

The goal is to estimate the target state by using the radar measure-
ments. In order to describe a single-target scenario with potential
false detections due to the clutter, two RFSs are considered: one for
the state representation and one for the measurements. In this paper,
the classical Bernoulli filter is extended to allow for multiple motion
models. C' classes of targets are considered and each class can be
represented by a set of motion models. For a given class ¢, M}, de-
notes the number of candidate motion models. It should be noted
that the sequence of the models over time is a Markov chain and the
probability to switch from the i™ model to the j™ is denoted p; ; with
Mg

Epu—l

State model: this RFS is denoted X, for each instant k& and describes
the target dynamics. Two configurations can be considered:

Y, — {0}  when there is no target, )
= {xx} when the target is present,
with the state vector xx = [Tk, @k, Tk, Yk, Uy, i) ® in which

(zk,yk)s (Tk,v,) and (Zk,y,) are respectively the current tar-
get 2D-coordinates of position, velocity and acceleration.

A Bernoulli RFS is particularly suitable to represent the state be-
havior. Let p, refer to the probability of “birth” - the object was
not here at the previous instant and appears - and let p, be the prob-
ability of “survival” - the object was here at the previous instant
and is still here. In case of birth”, the corresponding birth prob-
ability density function (PDF) is denoted by by x—1(xx|c) which
is assumed to be known. Conversely, when the target “survives”,
the transition PDF depends on the current motion model mj, and is

denoted ﬂg£71 (xk|xk—1). Unlike in the classical derivation of the

Bernoulli transition FISST PDF ! where only one model is used [14],
the multiple-model transition FISST PDF ¢ —1(X&|Xk—1,c) is
given by:

1—pp ifX =0,
(X = . 2

¢k\k 1( k‘@,C) { pbbk|k—1(xk‘c) 1ka — {Xk}, ( )

1—psif X =0,
M ms,
Orjk—1 (Xe|{xp-1},¢) = PSZPmk m 7Tk|’;§,1(xk\xk—1)

Wlk—
lek = {Xk}

3)
with pme  me the probability to switch from the model used at
k — 1 to the one used at & in the class c.

Measurement model: by considering that .J, measurements are
available at the instant k, the measurement RFS is denoted ¥, and
is defined as:

Ui = {Vr,15 00 Yk, 7, 1 4)
'In the FISST theory developed by Mahler [15], considering a RFS
= [x1, ..., Xp]| whose cardinal is random and equal to n the FISST PDF

f can be integrated in the FISST framework as follows:

[iosx = fo iy L [ F ) dx i,

n= 1
with: -
f ({xl’ ) xn}) = nlp(n)pn (X1, ... Xn),
p(n) = P{|X| = n} and pn(x1, ..., Xp) are symmetric joint distributions
characterizing their element distributions over the state space.
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where {1 ; = [Tk,j,9k1j7Lk7j}T}j:17”_’Jk. K, is the j™ mea-

surement of the radar-to-target distance, 6y, ; the j™ measurement
of the bearing angle (ba) and L ; the target length extent measure-
ment.

Depending on the characteristics of the ground and the radar settings,
a mean number A\ of false detections is expected on the observation
area. Then, W}, is modelled by a Poisson RFS. The cardinal satisfies:

7>\ a
kaP{\‘I/k|fa}f ,a=0,1,2.. 5)
False detections are modelled as independent and identically dis-
tributed random vectors with a uniform PDF w()) as it is supposed
there is no prior knowledge available on their location. The likeli-
hood FISST PDF &, of all the detections coming from the clutter is
given by:

(\Ifkm) = H \Ifk

T uw (©6)

Yevy

When a target is effectively present, the FISST PDF becomes:
Er(Url{xk}, 1) = )

LGN

K(‘l/k) 1 —pa+pa Z §(1/1\ka1) I{(\I’k) ’

PpeW,

with pg the probability of detection considered here constant, [ the
constant target length and g(.|.) the likelihood function defined in
the following equation. To simplify the notations, we can omit the
second index on the measurements, §(.|.) is then expressed as fol-
lows:

G(Prlxr, 1) o< g (Tr, Oklxk) i (Ll %k, 1) (®)
In (8), the two terms g (7k, Ok |xx) and gy, (Lk|Xk, ) depend on the
measurement model.
Concerning g (7, Ok|xx ), one has:

gk (T, Ok %K) = N (2, hi (), Ri) jo=x » )
with Ry, = diag(aﬁ, Ufa) the covariance matrix of the measurement
noise on 7y and 0. In addition, hx(xy) is defined as follows:

Vi —a3)? + (yr — up)?

TR,

hi (%) =

with (z},, y;,) the radar coordinates.

Concerning gy, (L |xk, 1), Ly is related to the target length [ and de-
pends on the target geometry, its orientation and its position relative
to the radar. With an elliptic geometry for the target, the relation
between Ly and the true target length [ was defined in [7], leading

g (Li|xn, 1) = N(L,anl, 00, ) =L, (11)

. . 2. .
\/(ykAyk +a"k’A1‘k)2 + (%) (ykAzk - xkAyk)2

2 2 .2 )
V Az, + Ay Tk + Uy

with Ay, = zr — 2, Ay, = Yr — Yi. b/a is the ratio between
the minor and the major axis of the ellipse and is an a priori choice
for the model [7]. It should be noted that the likelihood (11) has the
advantage of being Gaussian regarding the target length.

ap = ., (12)



In the next subsection, we present the estimation of the state
vector by using a multiple-model Bernoulli filter based on the pro-
posed RFS modelling. Since the computation cannot be carried out
analytically, a particle filter (PF) implementation is used. However,
to exploit the measurement Ly, the target length has to be jointly
estimated with the kinematic parameters. Since it is constant, we se-
lect a Rao-Blackwellized approach to avoid PF degeneracy. One of
the novelty is also that a bank of probabilistic data association filters
(PDA) is run instead of classical Kalman filters in order to take into
account the false alarms.

2.2. Prediction and update equations

State estimate
atk —1

Length estimate
atk —1

Class ¢

Bernoulli filter
X, =9

Particles 4~ Propagation
Xie = {xi}
Weights Uod

"l p ate I

T
v
State estimate at k

PDA bank
Target length
measurement| | PDA |I

Radar-to-target
and bearing angle
measurements

T
v
Length estimate at k&

Fig. 1: Proposed multi-class Bernoulli filter

The Bernoulli filter enforces the posterior RES to be Bernoulli. The
Rao-Blackwellized approach consists in decomposing the posterior
FISST PDF as follows:

fk|k(X1:k7 Uik, c)
= fre(UX 10, Yk, €) frope (X1 | Wik, €,

13)

where fix(X1:x| Wik, ¢) is also a Bernoulli FISST PDFE. The
marginal of this FISST PDF at the current time takes the following
form:

1 — qpjw, if X = 0,
il Skl (Xk |1k, €),
if Xy, = {xx},

Jrpe(Xe| Vi, c) = (14)

with g, the probability of presence of the target and 1 — gy, the
complementary one, i.e. the probability of absence. As we consider
a single-target scenario, gxr = P{|Xx| =1|W1.x}. For its part,
Sk (Xk| W1k, ) is the posterior spatial PDF.

Concerning f,;‘k(l|X1;k, Wq.k, c), since there is no ambiguity on
the cardinal conditionally upon X}, this FISST PDF reduces to a
PDF. The two terms appearing in (13) are then used to implement a
Rao-Blackwellized approach.

In a first step, let us detail the calculation of fi,(Xk|W1.k,c).
Prediction equation: once the transition FISST PDF (2) is defined,
the prediction equations are derived from (14) and from the follow-
ing relation:

Frlk—1(Xe|¥rp—1,¢) =
/¢k\k—1(Xk|X/7C)fk—l\k—l(X/|\Ij1:k—17C)(SX,a
= Orpr—1 (X0, ¢) fr—1jk—1(D|V 11, ¢)

+ /¢k|k—1(Xk:‘X/7 &) fr—1jp—1 (X' |W1e—1,¢)6 X,

5)
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Considering the case when there is no target and combining (2), (14)
and (15) leads to the prediction of the existence probability:

Qrjk—1 = Po(1 = Qo—1jk—1) + Ps@r—1jk—1, (16)

and the spatial PDF prediction can be expressed as the following sum
of two terms:

Po(1 = qr_1jr—1)brjk—1(Xxc)

Skjk—1(Xk Y1k, €) =

Gk|lk—1
+ PsQr—1|k—1 a7
Gk|k—1
Mg
></ Z pmzilmzﬂﬁ’gil(xk\x')sk,”k,l(wﬂ\lﬁ:k,c)dx/.
mi:l

Update equation: by using (6), (7) and the Bayes rule as derived in
the FISST theory in [15], the updated FISST PDF is given by:

E (W | X)) Fropp—1 (X[ Prik—1, ¢)
Fe(Pg|Pip_1) ’
By considering the case when there is no target and combining (6),

(7), (14) and (18), the update equation of the probability of existence
is given by:

Jrpe(Xe| Wik, c) = (18)

1— Ay
= Qklk—1, 19
Tk = 7= PR Qr|k—1 (19)
where
Ak = Pd- (20)
1 7zf§k(¢|$vl)sk\kfl(ﬂ‘l/l:kfl,C)fz(l\‘I’mfl,c)dlda:
S Au(y) ’

with fi(I|¥1.x—1, ¢) the predictive distribution on the target length.
By considering the case when the target is present and by combining
(7), (14) and (18), the update equation of the spatial PDF is derived
as:

@D

Spik(Xk Wi, c) =

1—pi+pa 2
PEV

1—Ayg

J gk (Wlxg, D) fi (W15 —1,¢)dl
Au(y)

Skik—1(Xk| W1k, €).

Since the above equations are analytically intractable, a PF imple-
mentation is considered and the FISST PDF of interest is approxi-
mated as:

N

Frie (X1 Wik, €) >~ Zw;(j’c)(s(Xl:k — Xf?}f)):

i=1

(22

where the X ) are the particles and the w{"® the weights. For the

sake of brevity, we omit the PF derivation in this paper. However, it
should be noted that the particles are simulated with the optimal law
of propagation.
The term f, (1| X (49 W\, ¢) can then be independently updated
conditionally upon each particle. It should be noted that knowing
the current 7" particle, the dependency on the bearing angles and
distance measurements disappears.

Let us decompose the measurement RFS W, into two RFS

Tk = {Z}C,17...7Z)€7Jk} with {Zk,j = [Tk’j’gk’j}T}j:Lm,Jk and



A = {Lgj,..; Li,y, }» then f,;|k(l|X§f,f'>, Uy, ¢) reduces to
FrnUIXE5, v, ).

Since the {Ly,; }j=1,...,.,, depend linearly on / and the measure-
ment noise is Gaussian, the target length can then be optimally esti-
mated by a Kalman filter. However, at one instant, as more than one
measurement can be available, a target-to-measurement association
algorithm would be required. Algorithms perfoming hard decisions
on the association suffer a performance decrease when the number
of false detections increases. For this reason, we suggest estimating
[ by a probabilistic data association Kalman filter [16]. It assumes
that the posterior PDF of [ is given by the following sum:

Ji
Frn(IXT5T Aves0) = 3 B P Lig, Avk—r, X5 ).
j=0

(23)
The weight 3 ;jﬁ represents the probability that the 5% measurement
is the one that arises from the target. j = 0 corresponds to the missed
detection hypothesis. Note that from now on, all the quantities are
computed conditionally to the ™ particle, which is denoted by the
upperscript (i,c). To calculate the weights {BN,(CI’;) }i=o,...,.J,,» the
likelihood ﬁ,i’,’jc) is first computed as follows:

) — Dd forj =0
(0) ) a0 glhe
kg Fiok " ety Sk " Di=ry,;Pd otherwise
A oY
24
. . 2 . .
with S = (af") PO, + ok, P, the Kalman

error variance on the estimation recursively obtained. l,(jfl) k1 is

the estimate of [ at the instant & — 1 knowing Aq.;—1. In addition,

{B,iff')}j:o,,,,,Jk corresponds to the normalized {6,if39>}j:0w,Jk,
In our PF implementation, a PDA is thus run for each particle.

In the next subsection, we present some simulation results.

3. COMPARATIVE STUDY

In this simulation part, the relevance of the proposed Bernoulli PDA
Rao-Blackwellized particle filter using the target extent measure-
ment is studied.

Simulation protocol:

A scenario with two targets is considered. The first one, denoted T1,
represents a non-maneuvering target. Its length is 120 m, and its tra-
jectory is generated through two constant velocity (CV) models with
standard deviations on the acceleration ocy1 = 5 X 1072 m.s ™2
and ocve = 0.2 m.s~2, the latter model will be referred to CV2 in
the following. The probability to switch from one model to the other
is 0.02 and the starting probability is 0.5 for both models. The sec-
ond target, denoted T2, represents a maneuvering light object whose
length is 10 m. Its trajectory can be generated by 5 motion models.
Two of them are CV motion models with standard deviations on the
acceleration 0.1 and 0.2 m.s™2. The 3 others are Singer models
whose standard deviations on the acceleration are 1,2 or 5 m.s ™2
and their correlation constant is 7 = 15 s. The probability to switch
from one model to another one is 0.1.

For these two targets, the characteristics of the measurement noises
are the same and the standard deviations are o4 = 10 m for the
radar-to-target distance, o, = 0.001 rad for the bearing angle
and o, = 5 m for the target extent measurement. The period T’
between two scans is constant and is equal to 1 s. The probability
of detection is 0.95 and the false detection rate is 10~ per m?2. 100
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Monte Carlo simulations are carried out to compute average results
and each trajectory has 100 scans.

Comparison:

Four estimation filters are compared. The first one, denoted EKEF, is
an extended Kalman filter run with the proper motion model. It can
be seen as a reference. The three others are multiple-class Bernoulli
filters and are denoted by BF1, BF2 and BF3. They are run with
C = 2 and 1000 particles for each motion model. The first class
uses CV2 as motion model. The second class uses a CV2 and a
Singer model with oginger = 5 m.s~2 and 7 = 15 s. The correct
measurement model is used for every filter. BF'1 uses an a priori
propagation law in the PF whereas BF2 and BF3 use the optimal
law. In addition, the target extent measurements with the correct
associated measurement model is used in BF3.

Our methods:
[ Config. & Target [[ Meas. | EKF | BF1 [ BF2 | BF3

T1 7.68 5.62 | 3.87 | 3.79 | 3.40
T2 772 | 623 | 4.61 | 443 | 434

Table 1: Root mean square errors on positions (1)

False detections

~»—BF2 - without optimal propagation law
BF1 - without optimal propagation law neither target length
180 [|——EKF
—o—True trajectory
+ Measurements

300 350 400 450
x(m)

Fig. 2: T2 true trajectory and estimations

According to Table 1, the proposed multiple-class Bernoulli
filter for JTC which uses the target extent measurement man-
ages well false detections and the non-linearity introduced by the
measurement-to-state relation. Optimal law for particle propagation
improves the estimation accuracy. When using the target extent, the
algorithm provides an even more accurate result by facilitating the
classification. In Fig. 2, one simulation with T2 is presented.

4. CONCLUSIONS AND PERSPECTIVES

In this paper, we derive a multiple-class Bernoulli filter for JTC
which uses the target extent measurement. It should be noted that
when using the bank of PDA, the highly parallelisable structure in-
herited from the particle filter implementation is still preserved. As
the estimated length is a scalar, no costly operations such as ma-
trix inversions are needed. In further works, we plan to investigate
a multi-target scenario by using a labeled multi-Bernoulli filter. It
would have the advantage of allowing each target to be propagated
with a different set of models which is not the case with current ap-
proaches based on probability hypothesis density (PHD) filters.
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