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Robust Multi-Bernoulli Filtering
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Abstract

In Bayesian multi-target filtering knowledge of parameters such as clutter intensity and detection
probability profile are of critical importance. Significant mismatches in clutter and detection model
parameters results in biased estimates. In this paper we propose a multi-target filtering solution that can
accommodate non-linear target models and an unknown non-homogeneous clutter and detection profile.
Our solution is based on the multi-target multi-Bernoulli filter that adaptively learns non-homogeneous

clutter intensity and detection probability while filtering.
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I. INTRODUCTION

Multi-target filtering is a challenging problem which involves the joint detection and estimation of a
time varying and unknown number of targets based on incoming data. Measurements produced by an
imperfect sensor are usually subjected to noise, missed detections and false alarms. To cope with non-
ideal sensors, the majority of multi-target tracking filters assume a sensor model, which describes the
statistical behaviour of the collected returns [1], [2], [16]. The estimation performance of these filters is
generally tolerant to mismatches in the noise model, since the setting of a reasonably large noise variance
can reasonably accommodate most situations. However, mismatches in the specification of the detection

and clutter model parameters can lead to a significant bias or even complete corruption of filter estimates.

The random finite set (RFS) paradigm [16] is a mathematically principled and elegant approach to multi-
target filtering which has attracted considerable attention in recent times. In particular, the development
of the PHD and CPHD filters [14], [15], along with implementations [25]-[27], and convergence results
[31, [5], [6], [11], [25], has demonstrated the utility of the RFS approach. However, the majority of RFS
based approaches so far have assumed a priori specification of the detection and clutter parameters, except

for the approach in [24] which attempts to estimate the entire suite of multi-target model parameters.

Recent works addressing the filtering problem with unknown clutter and detection parameters are based
on the CPHD and PHD filters [17]-[19]. The work in [19] further proposes closed form implementations
via Beta-Gaussian mixtures which are only applicable to linear Gaussian target dynamics. Mild non-
linearities are however briefly addressed in [19] via extended and unscented Kalman techniques. A
maximum likelihood approach to clutter intensity estimation combined with PHD filtering was also
proposed in [4]. Although it is possible to extend these works to general non-linear scenarios via particle
implementations, such a solution may not yield acceptable performance, since the necessary end process
of performing clustering to yield state estimates is inherently unreliable. Furthermore, it would be difficult
to diagnose the cause of any poor performance, since it could be the result of the clustering process or
the filtering itself, or both.

Although the PHD and CPHD filters are synonymous with the RFS approach, another important but
lesser known class of filters from this framework are the (multi-target) multi-Bernoulli filters [16], [28],
[30]. A number of implementations and extensions have also been considered in [36], [37], [38], [20],
[21]. Unlike the PHD and CPHD recursions, which propagate moments and cardinality distributions,
the multi-Bernoulli filter propagates the parameters of a multi-Bernoulli distribution that approximate

the posterior multi-target density. The multi-Bernoulli filter has the same complexity as the PHD filter,
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i.e. linear in the number of targets and linear in the number measurements, and the performance of the
multi-target multi-Bernoulli filter is expected to be similar to PHD filter. However, with the particle or
Sequential Monte Carlo (SMC) implementation, the multi-Bernoulli filter is advantageous in that it does
not require the additional clustering step for multi-target state estimation. Formal convergence results for

the particle implementation were established in [13].

The multi-Bernoulli filter has been applied to tracking in sensor networks [31], [32], [33], [34], [39],
[12] and tracking from audio and video data [8]. The first RFS based filter for image data was proposed
in [30] using multi-Bernoulli approximation, which has further been applied to visual tracking and cell
tracking [7], [9], [10]. Hybrid multi-Bernoulli and Poisson multi-target filters were also considered in

[35].

To date, all of the works on the multi-Bernoulli filter have assumed a priori knowledge of the clutter
intensity and detection profile, with the exception of the multi-Bernoulli filter for image measurements [30]
which avoids detections and clutter altogether. This paper addresses the problem of multi-target filtering
with unknown clutter intensity and detection profile for non-linear problems using the multi-Bernoulli
filter. The main advantage of the multi-Bernoulli approach is the capability to accommodate non-linear
models, because its particle implementations do not require clustering. In addition, the proposed approach
is naturally able to accommodate an unknown and non-homogenous clutter intensity and detection profile.
The multi-Bernoulli filter is thus a natural candidate to develop into a solution which is applicable to

general non-linear models.

Although the multi-Bernoulli and CPHD/PHD filters are all approximations to the multi-target Bayes
filter, the fundamental difference between them is the following: the former is a parameterized density
approximation while the latter are moment based approximations. The proposed robust multi-Bernoulli
filtering solution is fundamentally different to the formulation in [19], and addresses problems which
are not possible with the approach in [19]. Preliminary results have been reported in the conference
publication [29]. Analytic implementations along the lines of the Beta-Gaussian solution proposed in

[19] are also possible, however this offers no obvious advantages over the CPHD and PHD filters in [19].

The paper is organized as follows. Section II reviews the standard multi-Bernoulli filter. Section III
presents an adaption of the multi-Bernoulli filter to accommodate a time varying, unknown and non-
homogenous clutter intensity and detection probability. Section IV then presents a particle implementation.
Section V shows numerical studies with a non-linear multi-target filtering scenario. Concluding remarks

are given in Section VL.
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II. THE MULTI-BERNOULLI FILTER

Suppose that at time k, there are N (k) target states Ty, ..., Ty, N(k)» each taking values in a state
space X, and M (k) observations 21, ..., 2y ar(k) €ach taking values in an observation space Z. Then,

the multi-target state and multi-target observations, at time k, are the finite sets [14], [16], [28]

Xk = {j'k,lv cee 7'ik',N(k:)} - ‘)E‘a

Zk = {Zk,la ‘e 7Zk,M(k)} C Z.

The multi-target Bayes filter is the fundamental mechanism for propagating the multi-target posterior
density recursively in time. The stochastic variability of the multi-target state and multi-target observation
are captured by modelling with RFSs. In essence, an RFS is simply a finite-set-valued random variable.

In this paper, we focus on the parameterized classes of Bernoulli and multi-Bernoulli RFSs [16], [28].
A Bernoulli RFS X on X has probability 1 — r of being empty, and probability r of being a singleton
whose only element is distributed according to a probability density p defined on X. The mean cardinality
of a Bernoulli RFS is . A Bernoulli RFS is completely described by the parameter pair (r,p) and its
probability density is given by

9

1—r X=0
R(X) =4 ropl) X=1{3) - m
0 otherwise

A multi-Bernoulli RFS X on X is a union of a fixed number of independent Bernoulli RFSs X
with existence probability (V) € (0,1) and probability density p(? defined on X for i = 1,..., M, i.e.
X = Uf\i 1 X () The mean cardinality of a multi-Bernoulli RFS is Zf\i 1 (. A multi-Bernoulli RFS is
completely described by the parameter set {(r(i), p(i)) f\il, see [16], [28] for further details.

The (cardinality-balanced) multi-Bernoulli filter [28] propagates the posterior density of the multi-target
state, as a multi-Bernoulli density recursively in time, given a sequence of multi-target observations. The
multi-Bernoulli filter is consequently a parameterized approximation to the multi-target Bayes filter [28].
The filter has the intuitive interpretation of propagating a time varying number of target tracks, each of
which is described by a probability of existence as well as a probability density on the state variable.

The prediction and update steps of the multi-Bernoulli filter [28] are summarized directly below. The
following notation is used for the specification of the standard single target model which describes the tran-

sition, survival/death, and birth process of individual targets, as well as the likelihood, detection/missed-
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detection and Poisson clutter or false alarm process:
pgyk(z” ) = probability of survival to time k, given previous state Z ,
P,k (&) = probability of detection at time k for current state I,
fk|k,1(-|z) = single target transition fo time k,given previous state z,
gx(+|) = single target likelihood at time k, given current state I,

{(rg)k,pg)k)}i]‘irl‘k = parameters of the multi-Bernoulli RFS of births at time k,

k() = intensity function of Poisson clutter at time k,

(o, B) = / a(z)B(x)dx (the inner product between real functions « and 3)

[e.9]

(a, B) = Z a(f)5(¢) (the inner product between real sequences « and /)
=0
Standard Prediction: If at time k£ — 1, the posterior multi-target density is multi-Bernoulli of the form

Th—1 = {(T;(Ql,pgzl)}ij\iﬁflv

then the predicted multi-target density is multi-Bernoulli given by a union of new birth and persisting or

predicted components

Thlk—1= {(rﬁ)lwpg)k)}jyzrlk U {(Tg,)k‘k_p pg?m_l)}]ﬁf, )
where
Tg,)lﬂk—l = 7“,(;11<P;(Qlaps,k>, (3)
oo e @), ps)
p;)klk71<m) L bl . @

<pg117p5,k>
Standard Update: If at time k, the predicted multi-target density is multi-Bernoulli of the form

7 7 M1
Tkt = {(Tihy Pip) Yt

then, given a measurement set Zj, the posterior multi-target density is multi-Bernoulli given by a union

of legacy (missed detections) and updated (measurement corrected) components

m L PPN UL (row(2), puk(52)) }oe )
where
i i 1= l(ci|)k—17pD:k>
k=T . , ®)

(4) )
1- Tk|k—1<pk|k_1¢pD,k>
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(4) (i‘)

y 1 — pp k(T)
pLJ{;(:’L‘) =Dy k_1($)

G : ()
1- <pk|k—1 ) pD,k>

ZMk\kflT,I(cl\)k—l(1_rl(cl\)lc—1)<p§cl\)k—17gk(z")pD,k>

=1 (1—T(1> <p(1) PD k))Z
|k— ok —17 B
rU,k(Z): k(i) : k<i'> : . ’ ©
on(2) + 3 T Ol
k =L P o)
() .
My Thik—1 (9 g T T
2i=1 15,0 Prje—1(B)gk (21 E)PD k (F)
N klk—1
pU,k(ajv Z)_ ®

M o T(,i), .
S (k1 9k (21 )P )

=

Statistically consistent multi-target estimators, such as the Joint Multi-Target (JoM) and Marginal
Multi-Target (MaM) estimators [16], can be applied to the multi-target posterior, though these particular
estimators can be computationally expensive to compute in practice. An alternative suboptimal procedure,
as originally proposed in [16], [28], which is intuitive and computationally efficient is instead reviewed
here. This is a two step process which first estimates the number of targets and then the individual
target states. The posterior target cardinality can be estimated with either an expected a posteriori (EAP)
or maximum a posteriori (MAP) estimate on the posterior cardinality distribution. Once established,
the individual target states can be extracted by selecting the relevant number of posterior Bernoulli
components with the highest existence probabilities, and computing either the EAP or MAP estimate
on the corresponding posterior probability densities for the target state variable. The optimality of this

estimator is however still an open question.

III. ADAPTATION FOR UNKNOWN CLUTTER AND DETECTION PROFILE

The multi-Bernoulli filter for unknown non-homogeneous clutter intensity and detection probability
profile can be derived from the original multi-Bernoulli filter with a specially chosen state space. This
approach is inspired by that for the CPHD/PHD filters in [17], [18], and is adapted here specifically for
parameterized density approximations such as the multi-Bernoulli filter. The underlying idea is explained
as follows.

An unknown and non-homogeneous clutter intensity is accommodated by modelling individual clutter
returns based on individual clutter targets or generators. Each clutter generator is analogous to an actual
target, in the sense that clutter generators have their own separate models for births and deaths as well
as transition, likelihood and detections or misses. However, the two types of clutter generators and
actual targets are distinct, and cannot evolve into the other type. The intuition here is that the clutter
generators will dynamically distribute themselves around the state space to explain the prevailing false

alarm conditions. Each of the clutter targets will thus attempt to track the individual false alarms or
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clutter returns wherever they happen to appear over time. With this model, the filter is, in principle, able
to adaptively estimate the clutter rate as well as any type of clutter density. Naturally the filter will incur
some delay in estimating the clutter parameters. The proposed filter performs best if the clutter intensity
is static or slowly time varying relative to the data rate, since its estimates of the clutter parameters will
eventually ‘lock’ and continue to ‘track’ the true values.

An unknown and non-homogeneous detection profile is accommodated by incorporating an unknown
detection probability into the target state variable. This is achieved by considering an augmented state,
given by the usual kinematic state, as well as an augmented variable, which represents a corresponding
unknown and state dependent detection probability. The intuition here is that the filter should implicitly
estimate the unknown detection probability according to how well the measurements fit the underlying
target/object model.

Formally, we proceed as follows. Let X(&) = [0, 1] denote the space of detection probabilities, X = R"=
denote the space for the target kinematics, and {0, 1} denote the discrete space of labels for clutter
generators and actual targets. The convention that the label « = 0 denotes clutter generators and the label

u = 1 denotes actual targets will be used throughout. The new state space is given by
X =x% xxx{0,1},

where x denotes a Cartesian product. Consequently, the state variable takes on the value & = (a,z,u) =
(augmentation, kinematics, label). The following convention regarding the discrete target label and

arbitrary functions defined on the new state space is used throughout

f(a>$7u) = fu(avx)'

Since the last term in the Cartesian product X is the discrete space {0, 1}, integration on X is given by

/ﬂ@ﬁz/ﬁ@mmm+/ﬁ@@mm.
X

X)) xx X)) xx
In the following, an explicit specification of the single target models on the new state space is given.
Note that clutter generators and actual targets have separate model parameters, and specifically that,
clutter generators can never become actual targets and vice-versa. Note also that the standard Poisson
clutter term, has accordingly been set to ‘zero” with xx(z) = 0, since false alarms are now modelled by
dynamic clutter generators. For the specification block below, the single-target models for actual targets
and clutter generators are parameterized by the variable u. Setting u = 1 yields the complete single target

model for actual targets, and setting u = 0 yields the complete single target model for clutter generators.
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Note that additional subscripts X and A are used to identify individual functions defined on the single

target state space R™ and the space of detection probabilities [0, 1] respectively.

ps.k(a, C,u) = psur(C) = probability of survival to time k, given previous state (,
ppk(a,x,u) = ppuk(a,x) = a = probability of detection at time k, for kinematic state x,
frpp—1(a,zule, Gu) = fupp—1(a, zla, Q) = faurr—1(ala) fxurr—1(2[C)
= transition density to time k, for target state, given previous state ., (,
Skl w—1(ala) = transition density to time k, for detection probability, given previous value «,
Tkl w—1(x|C) = transition density to time k, for kinematic state, given previous value (,
gr(z|la, z,uw) = gy 1 (2|x) = likelihood at time k, given current state x,
{0F PR ) = (b, )V
= parameters of the multi-Bernoulli RFS of births at time k.

The prediction and update steps of the proposed multi-Bernoulli filter follow as a direct consequence

of applying the new state space and new single target models to the standard multi-Bernoulli filter.

A. Recursion

Proposition: (Prediction) If at time k£ — 1, the posterior multi-target density is multi-Bernoulli of the

form

i = {2 pO )Y

then the predicted multi-target density is multi-Bernoulli given by a union of birth and persisting or

predicted components

Mr 1 My
Thlk17 {(TF k;?p(r)u Wizt U {(TPk|k l’pP)u k) Fiz s (10)
where
Tg?k\k—l = T]E;Ql Zu:0,1<p1(;)k_1’p5u k>7 (11)

<fuk|k 1(a, z]-,-), i)k 1pSuk>
Ppuklk—1 = 0) (12)
<pu fe— 17p5u k>

Proof: We begin by substituting PSk (Oé7 ¢ ’LL) = pS,u,k(C)9 fk\k—l(% x, U|Oé, ¢ u) = Jfu k\k—l(a’ QL’|O[, C)a
and the birth model {(T(Fi)k,p(ri)k(-, “ u))}f\fl’“ = {(r(rz)k, pg)u (s ))}fw1 , into the standard multi-Bernoulli



PREPRINT: IEEE Journal on Selected Topics in Signal Processing, Vol. 7, No. 3, pp. 399-409, 2013

prediction (2)-(4) but with the new state space X =X x xx {0,1}. The general form of the predicted
density (10) follows from (2). The expression for the probability of existence (11) of surviving tracks,
follows from applying the definition for integrals on the new state space to (3), which results in a
sum over all target labels v = 0, 1. The expression for the probability densities (12) of surviving tracks,
parameterized by the variable © = 0, 1, corresponding to clutter generators and actual targets respectively,
follows from (4) by noting that the inner products are now defined by integrals over a and z. The birth
model {(rl(j’)k, pl(j?k(', . u))}f\g’“ is substituted in directly and requires no manipulation.

Remark: Similar to the prediction step in the standard Multi-Bernoulli filter, the prediction step for the
proposed filter involves separate terms for new birth tracks (subscript I') and existing track predictions
(subscript P), except that there are separate components for actual targets (v = 1) and clutter generators
(v = 0). The birth terms feature independently, whereas the prediction terms involve the standard single
target prediction, weighted and normalized by the survival probability.

Proposition: (Update) If at time %, the predicted multi-target density is multi-Bernoulli of the form

. , Mty
Tklk—1 = {(T](;\L_lvp(ui)k\k_ﬂ}i:kl‘k ’

then, given a measurement set Zj, the posterior multi-target density is multi-Bernoulli given by a union

of legacy (missed detection) and updated (measurement corrected) components

; ; Mk k—1
Tk = (e P ™ UL o k() poak (5 2)) Yoz (13)
where for u = 0,1
= a0 T (14)
O ( (4) 1— )
MO Tklk—1\Pyk|k—1>+ — PDuk 5
Luk (1) (i) ) ( )
1- Tk|]g 1 Zu’—Ol(pu Je|k— 17pDu k>
(1= a)p )y, (a,2)
Pl (@, 0)= et , (16)
Zu’:0,1<pu/7k|k,17 1- pD,u’,k>
0k (2)=2 00,1 TUwk(2), (17)
EMk\k—l l(cl\)k 1(1 Tl(cl\)k 1)<pil>k|k 19,k ( I')pD‘u‘k)
=1 (1 T’(v\)k 1 Zu :0,1<pu/.,k\k—17pD,“'vk>)2
TU,U,]C(Z): (i) (i) ) (18)
EMklk_l Thlk—1 Z /o, l<pu/‘k|k7}7gu/,k(Z|~)pD,u/,k>
=1 1= rl(&\)k IZ = 01<p$’),k\k717pD,u’,k>
M k1 Tk k 1
S D (0 Dgurele)
PUuk(a, T; 2)= . (19)

M T
Zu’—o 12 1 1 ]:(k)ll<p1(1)k‘k 1w k(Z")pD,u',k>



PREPRINT: IEEE Journal on Selected Topics in Signal Processing, Vol. 7, No. 3, pp. 399-409, 2013

Proof: We begin by substituting pp i(a,z,u) = ppuk(a,x), gr(zla,z,u) = gyr(z|z), into the
standard multi-Bernoulli update (5)-(9) but with the new state space X = XA x X x {0,1} and
set the standard Poisson clutter rate xi(z) = 0. Note that the legacy or missed terms are indicated
by the subscript L, and the data or measurement updated terms are indicated by the subscript U. The
expressions (14) and (17) for r(LZ)k and 7y (z), respectively, follow from applying the definition for
integrals on the new state space to (6) and (8). This results in a sum over all target labels, and produces
r(Ll)k = r(Li,)Qk —|—T‘g’)17k, as well as ry;(2) = 7p,0,k(2) +70,1,k(2). The respective components, r(Li,)07k, T(L?Lk
and 70 1(2), 7v,1,5(2) are obtained by separating out the contributions from v = 0 and w = 1 in the
top most numerator of (6) and (8), respectively. The normalizing constants in (15) and (18) again follow
from the definition of integrals on the new state space. The expressions (16) and (19) for the probability
densities p(Ll)uk and py., 1 (2), parameterized by the variable u = 0, 1, follow directly from (7) and (9),
where the normalizing constant is evaluated via the definition of integrals on the new state space and
consequently expands to a sum over u = 0,1.

Remark: Similar to the update step in the standard Multi-Bernoulli filter, the update step for the
proposed filter involves separate terms for both legacy tracks (subscript L where there is no corresponding
measurement correction) and updated tracks (subscript U where each term corresponds to a single
measurement correction), except that there are separate components for actual targets (v = 1) and clutter
generators (u = 0). Each surviving and new born track induces a legacy track, and each z € Z;, induces
a measurement updated track involving a sum over all predicted tracks. The expressions for the legacy
and updated tracks can be interpreted as pseudo single target updates which simultaneously weight and
normalize for the unknown clutter rate and detection profile.

Remark: The proposed adaptation for unknown clutter intensity and detection probability has a
generally similar but slightly higher complexity compared to the standard Multi-Bernoulli filter. This
is because the underlying structure of the filter is essentially unchanged. In practice and depending on

the particular scenario, the proposed adaption may require many more components to be maintained and

propagated. This is to accommodate the additional uncertainty in the problem.

B. State Estimation

As with the standard Multi-Bernoulli filter, statistically consistent multi-target estimators such as the
Joint Multi-Target (JoM) and Marginal Multi-Target (MaM) estimators [16] can be applied, however these
can be difficult and computationally expensive to compute. We instead adapt, for the proposed filter, the

cheaper but suboptimal two step estimation procedure originally described for standard Multi-Bernoulli
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filter. Notice that since the target state describes both actual targets and clutter generators, care must be
taken to distinguish the target types in performing state extraction.

The update equations (14)-(19) also imply that the posterior multi-Bernoulli parameters {(rk ,pé ))}i‘/[’”l

are decomposable into r,g) = r(% + 7’%, p(())k(a x) = p,(g)(a,:c,O) and pgjﬁ(a, x) = p,g)(a,x, 1). A
MAP estimate on the posterior cardinality distribution is not appropriate, since the posterior cardinality
distribution implicitly computed by the filter includes both actual targets and clutter generators. Hence,
the number of actual targets must be estimated as an EAP estimate by considering only the parts of

the existence probabilities which pertain to actual targets with i.e. Ny = wa"l 7"86 An estimate of the

variance on the target number estimate is &?V,k = wa’} 7“5 L(l — r%) Extraction of individual target
states must then be computed as either an EAP or MAP estimator on the relevant Bernoulli components,
by considering the corresponding probability density p% (a, ), where the augmented parameter can be
treated as a nuisance variable and integrated out, or reported as an estimate of the detection probability a
at the location x. The mean rate of clutter can be simply estimated as Xc,k = ZZ 1 r(()zzc ap(()iag (a,z)dadz,
which is the expected number of detections produced by all clutter generators, i.e. the expected number

of false alarms.

IV. PARTICLE IMPLEMENTATION

A particle or Sequential Monte Carlo implementation of the proposed multi-Bernoulli filter follows
directly from that for the standard multi-Bernoulli filter [28]. Since the latter is a direct adaption of
standard particle or SMC methods, convergence results for the implementation of the proposed multi-
Bernoulli filter also follow, see for example the convergence results in [13]. The prediction and update

steps are given below.

A. Recursion

If at time k£ — 1, the (multi-Bernoulli) posterior multi-target density
. . M,
i = {0 DY (20)

is given, for i = 1, ..., M}_1 and for u = 0,1

(i) Iy AL ()| 5 .
puvk_l(a’ z) = Zjil W k—19(a¢ Gl )(a7:1:), (21)

then given importance (or proposal) densities qi (o lGu k=1, Ty k-1, Z1), and b ( |Zy) with support

(i.e. points where the function is non-zero) satisfying

support(p(_,) € support(q’}),
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(4) (4)
support(py’, ) S support(b, ),
the predicted (multi-Bernoulli) multi-target density
Mr My _1
Tklk—1 = {(TF k’P(rl)uk)} u{(ry Pk|lc l’pED)u Klk—1) i1 (22)
can be computed as follows
"Pklk—1 = Tk 1 2u=0,1 uk 1PSuk ukfl ;
pPuk|k 1 = Zj=1  YPukk-1%G7, 2@?, BT
rl(f )k = parameter given by birth model, (25)
j L - (i,
p(rl,)u,k(aam) =>4 %Z)ké G, ”‘i)k(a’ x), (26)
where for u = 0,1
Puk|k ix Puk\k 1~ (|%k g uk 1vZk) 9—1 SR Ly
w( f (a( ) ’a )f (x( () ‘x ) (m(w))
(4,5) Wy k-1 A k=1 Py g k—1 uk 1 X uklk=1\T p oy k|e—11Tu,k— 1p5uk k—1
P’u’klk_l o () (7‘7.]) (7‘7.]) ’.7) (/[’ ) ’
quk(Pukm—vxPukm Jauk 1 Ty 1> Zk)

~(Z:J) _ ’k 1 4,5")
Puk|k 1 Pukz\k 1/ Zu Olz Pu Jklk—1

A, 10120, =11,
(i,9) _ p(FZ)u k:( (Fli)kvxg’i)k)

wFuk: - 7 , 7,
bqg,)k(a(r i)lw x(r Z k’Z’f)

(17]) _ (ZJ) F u/ k 7.7 )
wFuk‘_wF,u,k’ Zu OIZ Fuk‘

Equation (22) above is the same as original prediction (10), while equations (23)-(24) are the particle ap-

proximations of the predicted components (11)-(12), and equations (25)-(26) are sampled approximations

for the birth densities in (10).
If at time k, the predicted (multi-Bernoulli) multi-target density
; ; Migp—1
Thlk—1 = {(T](g’i)k,pp](;‘)k,l)}i:kllh
(%)

is given, and each p, Klb—1 fori=1,..., My_1 and u = 0,1 is represented by

. ) -
(4) _ Lo (i)
pujk‘k_l(a,m) =>4 wuyk‘k_lé(a(iaj) (09 )(a, x),

w,klk—1Cu,k[k—1

then, given a measurement set 7, the updated (multi-Bernoulli) multi-target density

m = {0 o DY U (rua(2), b (52) ez

27)

(28)

(29)
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can be computed as follows
r%,)k = Zu:O,l rg,)u,lw (30)
(@) ()
o  _ .0 OLuk ~ OLuk
TLuk = Thklk—1 N0 O (€29)
1- Tklk—1 2euw=0,1 CLw k
i Li klk—1 ~
pé,)%k(a’x) - Z] 1‘ Elu)k‘sa“éfk 1$(u113\)k 1(CL7m)7 (32)
ruk(2) = Ym0 TUwk(2), (33)

ZMkUc 1 rk\k (1= Tk\k I)QUuk()

_ =1 (1 7n’(“|)k 12 /= OlgLu'k)2
TU,u,k(Z) - Z (i) 9 (34)

ZMMk—l Tk\k 1 /—0,1 QU o (2)

=1 1- Tl(c?|)k 12 = 019(Ll)ulk

. o My|k-1 Ll,k\k—l ~ (4,) 5 35
pU,u,k(a7$7z) - Zi:l ijl wUUk() & Wil (CL’(L.), )

w k|k—1Tu k|k—1

where for u =0, 1

0 _ZLS’,Z”H (i.5)

OLuk = 2uj=1 uk|k—1°

Q%)uk = Zg‘%lk& ii}gjﬁkqagiﬁkfp

a2 = s (Do SIEF ).
w(LZzJL)k = wﬁiﬁkq(l - GS,VZ\)kA)’

(i) _ B (i) DG
ouur(2) = 220w, Jelk— 19u k(2 |xu el k— 1)%,k|k—17

~ (4,7 ) My k-1 LS’/))C k-1 i
T 2(:) = k) (Sumon S S a0 ).
(@)

Gd) () — _Kk=1 (i) @)y, (09)
Wik (2) = L0 Wy ) k— 19u k(2 |xu,k\k—1)au,k|k—1‘
Tklk—1

Equation (29) above is the same as original update (13), while equations (30)-(32) are the particle ap-
proximations of the legacy components (14)-(16), and equations (33)-(35) are the particle approximations
of the updated components (17)-(19).

Remark: The complexity of proposed adaptation is generally higher than that of the standard Multi-
Bernoulli filter. This is because the proposed filter maintains individual clutter generator which ‘track’ the
individual false alarms. The standard Multi-Bernoulli filter specifies an a priori model for clutter in the
usual form of a Poisson RFS. However both the proposed adaptation and the standard filter use the same
mechanism for tracking actual targets. The proposed solution is effectively a strategy for running a bank

of parallel particle filters, where each particle filter corresponds to separate Bernoulli components, which
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collectively attempt to track actual targets and clutter generators. In high signal-to-noise ratio scenarios
with low clutter rate and high detection probability, the complexity of the proposed adaptation is slightly

higher than in the standard formulation.

B. Implementation Issues and State Estimation

The number of Bernoulli components or tracks required to represent the posterior density increases
with time, due to the birth of objects in the prediction, and the averaging of predicted components in
the update. To reduce the Bernoulli components or tracks, at each time step, pruning is performed by
discarding those with existence probabilities below a threshold T, (e.g. 107%).

For the same reason, the number of particles required also increases over time. It is then desirable to
allocate the total number of particles to be proportional to the expected number of targets present. This can
be achieved by resampling which also helps to mitigate degeneracy, Thus, at each time step, the number
of particles allocated to each Bernoulli component is set in proportion to its probability of existence, i.e.

(4) ( ()

for the prediction use importance sampling to draw LF, ) = max(rp i Limax, Limin) patticles per birth term,
and post update resample Lg) = max(r,(:)Lmax, Ly,in) particles for each updated Bernoulli component.
Note that a maximum of Ly,x and minimum of Ly,;, number of particles per Bernoulli component or
track should also be enforced to maintain tractability and consistency. Any resampling procedure can be
used, including the standard multinomial technique.

State estimation can be performed as previously outlined using the particle approximations to the

multi-target density. The estimated number of targets is the posterior mean Ni = Zf\iﬁ r% Individual

state estimates m,(cl), ey mch") are the means of the corresponding Bernoulli components or tracks m,(:) =

Ly (64) (i) : 8 M () LY () (6)
>ty wy @y}, . The estimated rate of clutter is Ac = D374 rop 2525 wo i g ) -

V. NUMERICAL STUDIES

A non-linear multi-target tracking scenario is used to demonstrate the performance of the proposed
multi-Bernoulli filter via the proposed particle implementation. A total of 10 targets appear on the scene
throughout the scenario. Target tracks are shown in Figure 1 on the half disc of radius 2000m with the
start and stop positions of each track. The target state T = [ ak, Dz k, Pa k> Py k> Py, k> Wk» Uk ]T comprises
the the unknown detection probability aj, the planar position and velocity Ty, = [ pg k, Pa.k> Py k> Py k ]T,
the turn rate wyg, and the type label u; € {0,1}. Sensor returns are bearings and range vectors of the
form z = [ O, 1 ]T. The model parameters are given below where the notation A (-;m, P) is used to

denote a Gaussian density with mean m and covariance P, and the notation 3(-; s, t) is used to denote a
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Beta density with parameters s,t. The Gaussian density is used to model the kinematic and observation
noise. The Beta density is used to model the unknown detection probability, since the density covers the

range [0, 1], and has sufficient flexibility to capture various detection probability profiles.

A. Model for Actual Targets

Actual targets follow a coordinated turn model, with the following transition density for the kinematic

state x, = [Z'g, wi]

fx,1,k|k—1($k|$k—1) = N(xk; mz,l,k|k—1($k—1), Px,l,k|k—1)a

where M 1 pjp—1(Tr-1) = [F(wk_1) % k1, wr1]" P, 1 pp—1 = diag([o2,GGT, 02)),

1 simel g l-cosel = 0

0 coswT 0 —sinwT T 0
F(w) = . G = 7

0 lfcz)us wl 5111wa 0 T72

0 sinwT 0 coswT 0 T

and T = 1s is the sampling time, ., = 15m/s? is the standard deviation of the process noise, o, =
3mw/180rad/s is the standard deviation of the turn rate noise. The transition density for the probability

of detection variable is

Iakk—1(aklar—1) = B(ak; st kk—1,t1kk—1);

where sy -1 = (Ma,l,lﬂkfl(l — o, kk—1)/[Ta 1 kpe—1]7 — 1) Paikk—1 and tygp1 =
(Haaim1 (1 =t k1)1 1512 = 1) (1 = fa44-1) gives a chosen (matching) mean of
Pa,klk—1 = ak—1 and a chosen (a priori) standard deviation of o, x—1 = 0.01 for this transition.
The label variable is fixed at uy = 1 for actual targets. The survival probability for actual targets is
ps.1k(xr) = 0.99. Actual targets produce noisy bearings and range measurements z = [ 6y, 7% ]T with

likelihood given by

g1k (zelxk) = N (2 me 1 k(zr), Poak),

where m. 1, = [arctan(py k/Py.k)s 4 /p%k +p§7k] and P, = diag([ 03, 02 17) with 09 = (7/180)rad
and o, = 5m. Note that the probability of detection for actual targets is unknown to the filter, but

the measurement data is simulated according to a state dependent detection probability, which peaks

at value of pp 1, = 0.98 at the origin and tapers off to a value of pp 1 = 0.92 at the edge of the
surveillance region. The actual target birth process has probability density 7p 15 = {(rlgZ )k,pg)l ) 4

1 2 3 4 ; ; i i ;
where rl(ﬂ,)f = ?"1(W)€ = 0.02, T(FL = rl(ﬂi = 0.03, pg)l’k(ak,xk) = B(a; s¥7)17k,t§’)17k)N(x;m(F’)Lk,Pp(lik),
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o= 250,0,1000,0,0 7, m., =
]T

)2

st = 98, 1) =2, mi) = [ - 1500,0,250,0,0 |7, m{7)
[250,0,750,0,0]7, mi’) , = [1000,0,1500,0,0]7, and P’} , = diag([ 90, 90, 90, 90, 9(7/180)

B. Model for Clutter Generators

Clutter generators are modelled only by their (unknown) detection probability a; and positions &y =

[ Dak> Py k ]T, while their velocities and turn rate are ignored. The positions of clutter generators follow

a random walk model given by the transition density fx ogjp—1(Zrl¥r—1) = N (Er; -1, Prokk—1)

2

2]) and o, = 1000m and o, = 500m are the noise standard deviations

where P, pjp—1 = diag([o2, 0
on each axis. The transition density for the augmented part of the state fa g px—1(arlar—1) is given
by a Beta density, similar to the expression for actual targets, except with a standard deviation of
04,0,k k-1 = 0.07. The label variable is fixed at uy = 0 for clutter generators. The survival probability
for clutter generators is pg o x(Zr) = 0.90. Clutter generators also produce noisy bearings and range
measurements with likelihood g 1, (2x|x)), similar to the equation for actual targets, except with noise
standard deviations oy = 20(w/180)rad and o, = 400m. The probability of detection for clutter
generators is similarly unknown to the filter. The clutter generator birth process has probability density

o0k = {(Tl(ﬂi,)zgapg,)o,ﬁ 745 where Tl(“i,)k = 0.1, pl(“i,)o,k(akaik) = 5(%3Sg,)o,kvtlg,)o,k)u(jék) and S%i,)o,k =

tl(“i)()k = 5, U(-) = uniform. The number of clutter returns is simulated according to a Binomial
distribution, with 20 generators and probability 0.5, giving an average of 10 returns per scan, and the
spatial distribution of clutter is simulated such that it is increasingly concentrated near the origin and

increasingly sparse moving radially outwards (read non-uniform in xy, but uniform in 76).

C. Filter Parameters

We use a maximum of L, = 1000 and minimum of L,,;;, = 100 particles per Bernoulli component
or track. The actual number of particles in each component or track is allocated proportional to its
existence probability. For both actual targets and clutter generators, their respective transition densities
are used as proposals in the prediction step. To generate new samples representing spontaneous births
of actual targets, the birth density itself is used as the proposal since it can be easily sampled from.
To generate new samples representing spontaneous births of clutter generators, a special measurement
driven proposal is used based on the approach in [22]. The measurement driven proposal essentially
generates new particles around the location of the measurements, so as to minimize wastage of particles,

but weights them in special a way to retain the uniform distribution of the birth density. Track pruning
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is performed with a threshold of T}, = 10~%. The filter is initialized with zero actual targets and with

uniformly distributed clutter generators.

D. Results

The filter output for a single run is shown in Figure 2 giving the x and y coordinates of the true and
estimated positions, along with the x and y coordinates of the received measurements versus time. It can
be seen that the filter has reasonable performance, generally initiating and terminating each of the tracks
within several time steps, and generally producing accurate estimates of the target positions. Occasional
incidences of false and dropped tracks are observed, although this is to be expected, since the clutter
intensity and detection probability are not known and must be dynamically estimated. It is noted though
that generally speaking, a faster sampling and data rate should produce improved results with less false
and dropped tracks.

The estimated clutter rate and cardinality statistics over 1000 Monte Carlo trials are shown in Figures
3 and 4 respectively. The estimate of the clutter rate appears to be close to the true value. These results
confirm that the filter produces reasonable estimates of the number of targets with some lag in initiating
and terminating tracks. It is apparent however that the results are generally better during the first half
of the simulation but visibly worse during the second half of the simulation where the filter develops
a positive bias in the cardinality estimate and a corresponding negative bias in the clutter rate estimate.
This is most likely because during the first half, there is a low number of targets which are reasonably
well separated, whereas in the second half, the number of targets is higher and the targets themselves
are much closer together. These results indicate that the proposed filter still has some difficulty handling
closely spaced targets and resolving slow target crossings.

The OSPA miss distance [23] for p = 1 and ¢ = 300m is shown versus time in Figure 5, along
with its localization and cardinality error components in Figure 6. Comparisons with the standard multi-
Bernoulli filter are also shown, where the filter is given the correct clutter and detection model. These
results confirm the previous observations, and further indicate as expected, that the newly proposed filter
cannot outperform the standard filter which is supplied with the correct clutter and detection model. The
magnitude of the performance difference is of the order of 30-35%.

Comparisons with SMC implementations of the PHD and CPHD filters for unknown clutter and
detection parameters from [19] are also shown. Note that unlike the standard PHD and CPHD filters,
their counterparts for filtering with unknown parameters are expected to have similar performance, due

to modelling of clutter with independent generators (see [19] for further explanation). The comparisons
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indicate that the PHD and CPHD versions perform reasonably well during the first half of the simulation
when the target numbers and target density are low. When the target numbers and target density are
higher as in the second half of the simulation, the PHD and CPHD versions perform drastically worse
due to their reliance on clustering. The proposed multi-Bernoulli filter is more robust in this case since

it is better able to cope with non-linear systems.

VI. CONCLUSION

Estimating clutter rate and detection profile are difficult problems in practice and the capability of
multi-target filters to adaptively learn these model parameters is very important. It has been shown
that mismatches in clutter and detection parameters can be accommodated by the multi-Bernoulli
filter. This solution accommodates non-linear target models as well as a non-homogeneous clutter
intensity and detection probability. Numerical studies show that the proposed technique can correct for
discrepancies in these parameters with promising results. Compared to the standard multi-Bernoulli filter,
the proposed filter does not require a Poisson clutter model. Due to the modelling of clutter based on
multiple independent generators, the proposed filter generally assumes a more precise specification of
the cardinality distribution of the clutter, as opposed to the standard Poisson distribution. Typically this
results in a clutter cardinality distribution which is approximately Binomial when each generator has a
similar probability of existence. Consequently, the proposed filter is comparatively more tolerant to high
clutter, since it generally assumes a smaller variance on the clutter cardinality distribution. However, the
proposed filter is comparatively more sensitive to low probability of detection, since it does not have

prior knowledge of the detection profile and must simultaneously estimate this while filtering.
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Fig. 1. Target trajectories in polar coordinates. Start/Stop positions for each track are shown with O/A.
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