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Abstract—In Bayesian multi-target filtering we have to contend
with two notable sources of uncertainty, clutter and detection.
Knowledge of parameters such as clutter rate and detection
profile are of critical importance in multi-target filters such
as the probability hypothesis density (PHD) and Cardinalized
PHD (CPHD) filters. Naive application of the CPHD (and PHD)
filter with mismatches in clutter and detection model parameters
results in biased estimates. In this paper we show how to use the
CPHD (and PHD) filter in unknown clutter rate and detection
profile.

Index Terms—PHD, CPHD, multi-target tracking, parameter
estimation, robust filtering, finite set statistics.

I. INTRODUCTION

To alleviate the intractability of the multi-target Bayes filter
[1], the probability hypothesis density (PHD) and subsequently
Cardinalized PHD (CPHD) filters have been proposed [2],
[3]. These filters operate on the single-target state space
and avoid the combinatorial problem that arises from data
association. Since their inceptions the PHD and CPHD filters
have generated substantial interest from academia as well as
the commercial sector with the developments of numerical so-
lutions such as sequential Monte Carlo (SMC) or particle and
Gaussian mixtures [4]-[6]. Extension to linear Jump Markov
multi-target models for tracking maneuvering targets has been
proposed in [7]. Recently, important developments such as the
auxiliary particle-PHD filter [8], and measurement-oriented
particle labeling technique [9], partially solve the clustering
problem in the extraction of state estimates from the particle
population. Clever uses of the PHD filter with measurement-
driven birth intensity were independently proposed in [9] and
[10] to improve tracking performance as well as obviating
exact knowledge of the birth intensity.

In PHD/CPHD filtering, no less than multi-target filtering
in general, we have to contend with two notable sources of
uncertainty, clutter and detection, in addition to the process
and measurement noise from each target. Clutter are spurious
measurements that do not belong to any target, while detection
uncertainty refers to the phenomena that the sensor does not
always detect the targets. Knowledge of parameters such as
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clutter rate and detection profile are of critical importance in
Bayesian multi-target filtering, arguably, more so than mea-
surement noise model in single-target filtering. Unfortunately,
except for a few application areas, exact knowledge of these
model parameters is not available. For example, in visual
tracking measurements are extracted from images via various
background or foreground modeling techniques [11] and the
missed detection and false detection processes vary with the
detection method. A major problem is the time-varying nature
of these processes. Consequently, there is no guarantee that the
parameters chosen from training data will be sufficient for the
multi-object filter at subsequent frames.Thus the ability of the
PHD and CPHD filters to accommodate mismatch in clutter
rate and detection profile is very important in practice.

In this paper we show how to use the CPHD (and PHD)
filter correctly when the clutter rate and/or detection profile
are not known. In particular we show that the CPHD (and
PHD) recursion can adaptively learn non-uniform detection
profile or/and clutter rate while filtering, provided that the
detection profile and clutter background do not change too
rapidly compared to the measurement-update rate. Analytic
approximate solutions to these filters for linear Gaussian multi-
target models are proposed in a more comprehensive study
[12]. These filters are implementable special cases of the
general theoretical approach described in references [13], [14].

A related work is given in [15] which deals with the problem
of calibrating time-invariant multi-target model parameters.
The key idea is to find the vector of parameters that maximizes
an approximate marginal likelihood of the observed data via
gradient ascent. Neither the approximate likelihood function
nor its gradient are computable and the authors have pro-
posed an SMC approximation. An even more closely related
work which investigates clutter estimation while filtering (with
known detection profile) using the PHD filter is given in [16].

II. THE CPHD RECURSION

Suppose that at time k, there are N (k) target states
Tk1,--->Tk,N(k)» €ach taking values in a state space A&, and
M (k) observations zy 1, ..., 2, a(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 [1], [2]

Xk = {Ik71, ..
Zk = {Zk71, ..

The following notation is used throughout. Denote by Cf the

binomial coefficient ﬁ, Pl the permutation coefficient

'a‘rk,N(k)} C Xa
'7Z/<:,]W(k:)} - Za



(n%'j), (,) the inner product defined between two real

valued functions « and (3 by (a,8) = [a(z)8(z)dz,(or
Yeoa(f)B(¢) when o and [ are real sequences), and
e; (-) the elementary symmetric function of order j de-
fined for a finite set Z of real numbers by e; (Z) =

2_5C7,S|=) (ngs C) ;with eg (Z) =
|S| the cardinality of a set S.

The CPHD recursion rests on the following assumptions
regarding the target dynamics and observations:

1 by convention and

o Each target evolves and generates measurements indepen-
dently of one another;

o The birth RFS and the surviving RFSs are independent
of each other;

o The clutter RFS is an i.i.d cluster process and independent
of the measurement RFSs;

o The prior and predicted multi-target RFSs are i.i.d cluster
processes.

Let vy|x—1 and py;,_, denote the intensity and cardinality
distribution associated with the predicted multi-target state,
and let v, and p, denote the intensity and cardinality dis-
tribution associated with the posterior multi-target state. The
intensity and cardinality distribution are summary statistics of
the underlying RFS. The intensity of an RFS is analogous
to the mean of a random variable while the cardinality dis-
tribution describes, probabilistically, the number of elements
in an RFS. The following propositions, which constitute the
prediction and update step of the CPHD filter, show how vy
and p;, are jointly propagated in time [3], [6].

Proposition 1 If at time k — 1, the posterior cardinality
distribution p,_, and posterior intensity vi_1 are given, then
the predicted cardinality distribution py;,_, and predicted
intensity vy|x—1 are given by

Zka n — j)gk—1[vk-1, pe—1](4),
7=0

Vi (2) = 74 (2) + / Ps (0 futios (@Or-1(O)dC, )
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where
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Z C ps,k, v)’ (1 = psp,v) "’
(1,0)f
pr() = cardlnallty distribution of birth RFS,
v (+) = intensity function of birth RFS,

ps,k(C)

g p—1[v, p](J

= probability of survival to time k given
state ¢ at time k — 1,

Jrlk—1(x|C) = single target Markov transition density

from k — 1 to time k.

Proposition 2 If at time k, the predicted cardinality distribu-
tion py,,_, and predicted intensity v 1 are given, then for a
given measurement set Zy, the updated cardinality distribution

p. and updated intensity vy are given by
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cardinality distribution of clutter at time k,

3

intensity function of clutter RFS at time k,

If the cardinalities of the RFS involved are Poisson, then
the above propositions reduce to the PHD recursion
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III. CPHD FILTERING WITH UNKNOWN CLUTTER RATE

The underlying idea in this development is to model clutter
by a random finite set of ‘false targets’ or ‘generator ob-
jects’ (distinct from actual targets) which are specified by
standard type models for births/deaths and transitions as well
as misses/detections and measurements (also distinct from the
respective models for actual targets). The multi target state
is then the finite set of actual targets and clutter generators,
which is to be estimated from the sequence of finite sets of
observations. Estimation of the hybrid state of targets/objects
then yields information on the number and individual states of
actual targets in addition to the unknown clutter rate. In the
following, we expand the CPHD recursion, which propagates
separate intensity functions for the two target types, jointly
alongside the cardinality distribution of all targets/objects, i.e.
both actual and clutter.



A. Hybrid State Space Model

Let X(1) denote the state space for actual targets, X'(°)
denote the state space for clutter generators, and Z denote
a common observation space. Define the hybrid state space

X =xWwx©®,

where & denotes a disjoint union. The double dot notation is
used throughout to denote a function or variable defined on
the hybrid state space, i.e. denote & € X for a hybrid state as
opposed to z € XM or ¢ € X©) for actual or clutter states.
The integral of a function f: X —>Ris given by

/ F(i)di = / f@ydz+ [ fede,
X X (1) X (0)

It is assumed throughout that actual targets and clutter
objects are statistically independent. Where necessary, a su-
perscript (1) is used to denote functions or variables pertaining
to actual targets, while a superscript (?) is used to denote
functions or variables on the space of clutter objects. For any
space X, let F(X) denotes the set of all finite subsets of X

Suppose at time k£ — 1 that hybrid multi-target state Xp_1 €
F (X ) is given by the dlSJOlIlt union of actual and clutter

states respectively, i.e. Xj_1 = X,il)luX(o) where X,i )1 €

F(xW) and X}go)l € F(x (). At time k, the multi-target
state evolves to X, € F (X) and is given by the disjoint union
of finite set states of transitioned actual targets and finite set
states of clutter generators respectively at time k, i.e.

X =xMwx0. ®)

where X,gl) € F(xW) and X,io) € F(X©). The actual
multi-target state and clutter multi-target state at time k&
are given by the union of surviving states and new births
respectively, i.e.

1 (1) 1
XY =U,, ex, Sipa(@m-)unl O

0) _ (0) (0)
X' =U,, L ex®, Sppoa(ee-) UL, (10)
and Sli}/lfl(xkfl) is an RFS which takes on the empty set ()
with probability 1 — p(slzc(xk 1) or a singleton {z} € xW
with probability density p(SL(xk 1)fk|k 1(@p|rg—1). Simi-

larly, S,i(l),lil(ck,l) is an RFS which takes on the empty set

() with probability 1 —p(é%(ck 1) ora singleton {cp} € O
with probability density pSk(ck 1)fk|k L(erler—1). Also,
I'" and I*) are RFSs with realizations in X)) and X(©
respectively of new births for actual and clutter targets, de-
scribed by intensity functions 'y,(:) and ,y;o) and cardinality

distributions p( ) and pgﬂ% respectively. Consequently, the
RFS of all (actual and clutter) target births F,(cl) W F;CO) has

cardinality distribution pp ; = pﬁc * pHC (where * denotes

a convolution) and intensity function 7, = 7(1)—1- 'y(o) It is
assumed that conditional on X (17)1 and X 27)1 respectively, the

RFSs S,C w_1(-) and Sk +_1(-) are statistically independent.
Note that actual targets cannot become clutter objects and

vice-versa. To simplify notations, it is assumed that clutter
generators are identical, and hence it is possible to ignore
any functional dependence on the actual state of a clutter
generator. A theoretically more general approach that does
not rely on these assumptions, is presented in [13], [14].

At time k, the hybrid multi-target state X produces a
finite set of measurements Z;, € F(Z) given by the union
of measurements produced by actual and clutter states, i.e.

Z = D (x{M) u DY (x(7), (11)

where
DY) = U, ex OF (), (12)
DO = Uy iy, O, (13)

with 0" (z
. S 1
() with probability qED?k (zx) =

) being an RFS which takes on the empty set

1- pg)k(ask) or a singleton

{zx} € Z with probability density p}); (4)gx(2x|zx), and

X (0)| @(Oi is an RFS which takes on the

© ) =1- pg?k or a singleton

{2z} € Z with probability dens1ty pg?k s (2x). It is implicitly
assumed that conditional on X, the RFSs in the union of
(12) and (13) are statistically independent. Since clutter gen-
erators are identical, they have the same spatial measurement
distribution, can generate at most one return at each time,
and have the same detection or generation probability. These
are reasonable modelling assumptions considering the little
amount of available statistical information on clutter. Note
the difference between the clutter model adopted here and the
standard one: clutter is not Poisson but is binomial (given by
clutter generators).

for each s = 1,.
empty set () with probability ¢,

B. Recursion

The CPHD filter with unknown clutter rate jointly propa-
gates the posterior intensity 9 (-) and posterior cardinality dis-
tribution  (-) of the hybrid state X}. Due to the construction
of the hybrid state space as a disjoint union of actual target and
clutter generator spaces, the intensity ¥4 (-) is decomposable

into ( )
1 .
Wy (x), ¥==x
B(®) = { (0)(0) F=c

where v,gl)(~) and v( )() are the intensities for actual and
clutter targets respectlvely. Thus it is sufficient to propagate
the respective intensities for actual and clutter targets v,(cl)(-)
and v( )( -) alongside the hybrid cardinality distribution py(-).
Moreover, the posterior intensity v(o)( -) of the clutter genera-
tors is characterized by the posterior mean number of clutter
generators [V (0), since the detections or false alarms generated
by clutter targets do not depend on the actual value of the
clutter state c. The estimated posterior mean clutter rate is
simply A\, = ngo)p(o) since the cardinality distribution of
clutter is binomial. Consequently, the CPHD filter for unknown
clutter rate recursively propagates the following quantities:



Uk

V(@)=

the posterior intensity v,(:)() of the actual target states, N ,50)
the posterior mean number of clutter generators, and py(-)
the posterior cardinality distribution of all targets including
actual and clutter.

Remark: The posterior cardinality p, (72) of the hybrid state
gives only information on the total number of actual and
clutter targets. It is important to note that as a consequence
of adopting a hybrid state space, the posterior mode Ny =
arg max;; (7)) cannot be used to estimate the number of
actual targets, since this will include both actual targets and
clutter generators. Instead, only the posterior mean N,gl) =
<1, v,gl)> can be used as an actual target number estimate.

Remark: The independence of the clutter returns from their
clutter state values means that it is sufficient to specify the
model for clutter completely in terms of: the mean number

of clutter births Né?) = <1, %(Co)> and constant probability of

(0)

clutter target survival pg ., as well as the spatial likelihood

75 (+) and constant probability of clutter target detection pg?k.
It is not necessary to specify explicit forms for the transition
density f,g?,g_l(-|-) and birth intensity 7,(60)(~).

The following results follow directly from substituting the
hybrid state space model parameters into the conventional
CPHD recursion, hence the proof is omitted. Notice that the
use of clutter generators to model false alarms eliminates
the calculation of the elementary symmetric functions and
enforces the updated cardinality distribution to be zero for each
argument up until 7» = |Z|. The resulting filter has a linear
complexity in the number of measurements at the expense of
less informative actual target cardinality.

Proposition 3 If at time k — 1, the posterior intensity for
actual targets vklj 1» the posterior mean number of clutter gen-
erators N, ,50_)1, and the posterior hybrid cardinality distribution
Pr_1, are given, then their respective predictions to time k are
given by

a0 = @)+ [P @O (O

(0)
Nyje-1

0 0

= N+ AN,

Puiir () = 3 Pl =) D2 Clia (O(1 = 6)* 7
Jj=0 =3

(1) (1) (0) . (0)

<Uk—1’p8,k>+Nk—1pS,k
(1) (0)
<1,1),C_1>+Nk_1

where ¢ =

Proposition 4 If at time k, the predicted intensity for actual
targets U,(:“i_l, the predicted mean number of clutter gen-

erators N, 12?1271’ the predicted hybrid cardinality distribution
Pr|k—1, are given, then their respective updates for a given

sensor measurement set Zy, at time k are given by

(Yk[6ki0—1 28] Prje—1)

[CTICRT

1) (0)
<1’ vk|k71> + Ny

qg)k(l’)

P ()i (2]2) (1)
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0
qu(n):{ bk\k—l(ﬁ)Tg[i}kluk—lzk](ﬁ’)
<pk‘k—1"r(k);>

Y[V k-1 28] (1) = | Z|
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d—1-— <Uk|lc—17pD,k>+Nk|k—1pD,k

TG

klk—1
If the cardinalities of the RFS involved are Poisson dis-
tributed, the above propositions reduce to the following PHD
recursion for unknown clutter rate:

1
o @ =1 @) + (o280 £ (@l

0 0 0 0
Nyt =<1,v§c )> +P5i N
- (1) -

apr(T)+
’U’(j)(x): E pg)k(x)gk(z\x) vk(llk)il(x),
L E2, 5 N vy ean (21)
- 0 -
©) @)+ (0)
N, = 5 P (2) Nelk-1
L zEkaéO,)kNli(\]Zﬁ—litk(ZH_<UI(cl\;c—17p(D1,)kgk‘(zl')>_

IV. CPHD FILTERING WITH UNKNOWN DETECTION
PROFILE

The basic idea in this development is to augment the
unknown detection probability into the single target state. This
approach can accommodate (spatially) non-uniform detection
profiles. Estimation of the augmented state of targets then
yields information on the number of targets, as well as the
individual kinematic states and the unknown detection prob-
ability for the particular target. In the following, we expand
the CPHD recursion for the augmented state model.

A. Augmented State Space Model

Let X(4) = [0,1] denote the state space for the unknown
detection probability. Define the augmented state space

X = X(l)xX(A),

where X denotes a Cartesian product. The underscore notation
is used throughout to denote a function or variable defined on
the augmented state space, i.e. denote x = [z,a] € X for an
augmented state where z € X'(Y) for the kinematic state and



a € X®) =0,1] for the augmented part. The integral of a
function f: X— R is given by

/f(&)dQZ/ f(x,a)dxda.
x = 2 S T

The multi-target transition and measurement models are es-
sentially the same as in the conventional case, except that the
single-target transition and measurement models are extended
to accommodate the augmented state. For consistency in
notations, the superscript () will continue to be used to denote
functions or variables on the space of actual targets. Note that
the conventional model applies for clutter, hence no clutter
targets and no superscript () will be encountered in this
subsection.

The single target survival probability and transition density
for augmented states are simply

=D (@0) = p{L(),

P, (2)
Frpr@IQ) = £y @alCo0) = £ @O AR (alo),
(1)

Target births are given by an intensity v, (-) for augmented
states as well as corresponding usual cardinality distribution
pﬁe( -). The single target detection probability and measure-

ment likelihood for augmented states are
Pp(@) =pp , (2,0) =, (14)
9, (zlz) = g, (2|2, a) = gr(z]x). (15)

Clutter follows the conventional CPHD model given by Pois-
son false alarms with intensity function x(-).

B. Recursion

The CPHD recursion for an augmented state model fea-
turing unknown probability of detection can be obtained by
substituting the single target motion and observation models
for the augmented state into the conventional CPHD recursion
given by Propositions 1 and 2. The resultant CPHD recursion
propagates the posterior cardinality distribution p(-) and the
posterior intensity function y,(cl)(~, -) for the augmented state
which now includes the unknown probability of detection.
The following results are direct consequences of substitut-
ing the augmented state space model parameters into the
conventional CPHD recursion. The new recursion retains the
cubic complexity in measurements of the conventional CPHD
recursion, since the conventional model for false alarms is used
and consequently the computation of elementary symmetric
functions is still required.

Proposition 5 If at time k — 1, the posterior intensity ES_)1
and posterior cardinality distribution p,_, are given, then
the predicted cardinality distribution py,_, and predicted

intensity Q5¢1|1)<—1 are given by

1 .
Prfr—1( Zﬂpk n—j) Hk\kfl[yl(cf)lvpk—l](])a

()(

1
Q§c|])€71(xv a) = lk xz, a)+

1
vhih 1 (@:0)

/ / Psr(Q 2, (ala) £ (2l (v, Odadc,

where

, o
Ps,k, v (1 —psp,v)

1,0)°

ZCZ
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Proposition 6 If at time k, the predicted intensity y,(cl‘ll_l and

predicted cardinality distribution py;,_, are given, then for a

given measurement set Zy, the updated cardinality distribution
d updated i () ven b

P and updated intensity v, ~ are given by

TRt 15 Ze) () prji—1 (n)

pk(n 1 )
<T0[v](@|])<; 1vZ ] pk|k71>
(1_ )<T Lk\k 17Zk] Pl |k— 1>
U(l)(m Cl) <10Lk‘kflvzk]7pk|k—l>
k ) -

<T Lkl\k 17Zk%z}]7pk\k—1>
<T0[ k|k: lvzk]vpk\k—1>

2, ¥, (x,a)

2E€Z),
X Q;(C“)g_l(ma a),

where

min(| Zx|,n)

. 1
il Zedn) = Y (Zkl =) e (12l ) B
j=0
<1W k’vl(:‘;‘ 1) n—(j+u) _ )
e ()
Pp (@, 0)=a,
(1f€k>

wk z(x’a) T ki(z) gk?( IQ?) - a
Hk(v,(ﬁll,)c 1 Zr) = {( ,(€1|;)C 1,L/Jk7z> 1z € Zk}.

Unlike the unknown clutter case, in CPHD filtering with un-
known detection profile, estimates of the number of targets can

be obtained as usual with the mode N,gl) = argmaxy, p(n)
derived from the cardinality distribution or the mean IV ,51) =
<1, v,(fl)} derived from the intensity function.

The following shows the reduction to the PHD recursion
when the cardinalities of the RFS involved are Poisson dis-
tributed:

= lk(m, a/)+

/ / Ps (O F L, (ala) £ (w0

1 1
o (@,0) = (1 - a)uj))_, (2, 0)
1
a- gr(2lw)uy)_ (z,0)
-
7, () + (o ok (21 i)

V. CPHD FILTERING WITH JOINTLY UNKNOWN CLUTTER
RATE AND DETECTION PROFILE

Y, (@, Q)dadc,

To accommodate jointly unknown clutter rate and detection
profile, we simply combine the previous two techniques out-
lined in Sections III and IV. Consequently, the single target
state space is both hybridized and augmented. Clutter or



false alarms are modelled by an unknown and time varying
number of clutter generators. The cardinality distribution of
clutter is again binomial. Both actual and clutter targets have
an augmented state variable, in addition to their kinematic
states, to describe their unknown and possibly time varying
probability of detection. The state space model, single target
models and resultant recursions are stated formally as follows.

A. Hybrid and Augmented State Space Model
Define the hybrid and augmented state space

X = (O xx®)yw (2O xx®),

Consistent with previous notations, the double dot is used
throughout to denote a function or variable defined on the
hybrid and augmented state space, and the underscore notation
is used throughout to denote a function or variable defined on
the augmented state space. Where a hybrid and augmented
function or variable is encountered, a joint double dot and
underscore notation is used, i.e. denote & € & for a hybrid
and augmented state as opposed to z = (z,a) € XM 5 x @)
or ¢ = (¢,b) € X©Oxx®) for (augmented) actual or clutter
states comprising the kinematic and augmented components
respectively. The integral of a function f X— Ris given by

/ f )di= / f (z,a) dmda—i—/ f (¢, b)dcedb.
xJxm© x@) Jxo™

As per previous developments, it is assumed throughout that
actual targets and clutter objects are statistically indepen-
dent. It is similarly assumed that all clutter generators are
identical as far as the kinematic state is concerned, but not
the augmented state, and hence it is possible to ignore any
functional dependence on the kinematic part of the state of a
clutter generator. The dynamical and measurement models are
essentially the same as in the development of the filter for the
hybrid state space, except that these models are now amended
to include the incorporation of an augmented state space.
The joint probability of survival is defined piecewise:

5. (8) ng(m), i=(x,a) € XD xx®
X)) = 3
Fors Pors  E=(c,b) € XOxx®

)

The joint transition density is defined piecewise:

Fropeor @10) = i @O f (ala),

if # = (z,a), and ¢ = (¢, ) € XD xx®) | while
Frpeo s @0 = F0_ (el),
if # = (c,b), and ¢ = (1,v) € XO xx ),

The joint birth intensity is defined piecewise, and the joint
birth cardinality is given by a convolution

~ (&) = lgcl)(xaa)v i=(z,a) € XD xx®
Lk (O) (C ) g = (07 b) c X(O)XX(A) )

b
(p(r13c % iy 3@)( ),

pr (i) =

1
o

The joint probability of detection is defined piecewise:

A i:(x,a)EX(l)xX(A)
Py (&) b i

The joint likelihood is defined piecewise:

-l ge(z|z), &= (2,0) € XD xx®)
G0 =1 i — (1) (D)
n(2),  #=(cb) e xWxx
B. Recursion

The CPHD filter with jointly unknown clutter rate and
detection probability propagates the posterior intensity
and posterior cardinality distribution p(-) of the hybrid and
augmented state X i Like the CPHD filter for unknown clutter
rate, the intensity of the hybridized and augmented state
¥ () is decomposable into an intensity function of actual
targets vgc )( ,-) and clutter generators Q,io)(-,-). Note that
the posterior intensity Qg))(-, -) of the clutter generators is
characterized by a single dependent variable yg))(-), since the
detections or false alarms generated by clutter targets do not
depend on the actual value of the clutter state c. Again, the
following propositions follow as direct result of combining the
techniques presented in Sections III-B and I'V-B.

Proposition 7 If at time k — 1, the posterior intensity for ac-

tual targets yéljl, the posterior intensity for clutter generators

U,& )1, and the posterior hybrid cardinality distribution p;_,

are all given, then their respective predictions to time k are
given by

vl (@,0) =1 (z,0)+
/ / PL O, (ala) £2, (1)) (e, C)dade,

0. ) wff)(b) +pipus 1 (b),
Zka n—j ZC Pr—1(

_ <v£”1 P ) Hus, pé‘“L}
where ¢ = <1 v;1)1>+<1,220_>1>

Proposition 8 If at time k, the predicted intensity for actual

targets le‘;)c,l, the predicted intensity for clutter generators

1),(;'),)C 1+ the predicted hybrid cardinality distribution p;,_,

are all given, then their respective updates for a given sensor
measurement set Zy, at time k are given by

[ (=a) (V42 Zr)obrgi— )/ i1 Zl s ) |
+
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S 0 < |Zy| +u
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Remark: Estimates of the posterior cardinality for actual
targets and clutter targets must be calculated as an expected a

posterior estimate N, 21) <v,(€1),

Pz a) =a,

>. The expected a posteriori

@ (0 >
Yk sPD.k
The corresponding PHD recursion follows as a special case:

(€]

estimate of the mean clutter rate is j\k =

Qk|k_1(‘r a’) = (1)( >+
A
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Details of analytic implementations for the proposed CPHD
recursions based on Beta Gaussian mixtures are reported in
[12]. In the following we demonstrate the proposed CPHD
filter for jointly unknown clutter rate and detection profile with
a numerical example using the implementation in [12].

VI. NUMERICAL STUDIES

Consider a 10 target scenario on the region
[—1000,1000jm x [—1000,1000]m. Actual targets move
with constant velocity as shown in Figure 1. The kinematic
target state is a vector of planar position and velocity
Tk = [ DPuksPyksPoksDyk |*. Measurements are noisy
vectors of planar position only zx = [ 2y, 24k )°. The
single-target state space model is linear Gaussian with
parameters

Aty A
P - {12 AIQ} Qu—o? | BT 2212
02 I2 7[2 A IQ
Hk = [12 02] Rk = O'glg

where I,, and 0,, denote the n x n identity and zero matrices
respectively, A = 1s is the sampling period, o, = 5m/s>

1000

500

y coordinate (m)

-500

-1000
-1000

-500 0 500

x coordinate (m)

1000

Figure 1. Trajectories in the xy plane. Start/Stop positions for each track
are shown with O/A\.

the standard deviation of the process noise, and o. = 10m is
the standard deviation of the measurement noise.

The prediction for the augmented part of the state preserves
the mean but increases the variance by 10%. The survival
probability for actual targets is pgi = 0.99. The birth process

for actual targets is a Poisson RFS with intensity lg)(m x) =
S ws Bas uy, vy )N (2 m{, P.) where w, = 0.03, u, =

98, v, =2, m{" =[0,0,0,0]7, m{¥ = [400,-600,0,0]7,
m$® = [ =800,-200,0,0 |7, m{" = [ —200,800,0,0 |7,

and P, = diag([ 10, 10, 10, 10 ]7)2. Measurements are
generated according to a constant detection probability pg)k =
0.98 but this is not known to the filter and must be impli’citly
estimated at the location of each of the tracks.

The model for clutter generators given to the filter is that

of births given by a mean rate of ngoll = 10 while deaths

are given by the survival probability of p(o) = 0.9 and
The

returns are given by detection probability p( ) = 0.5.
density of clutter returns ¢ is presumed to be unlform on the
measurement space. Clutter returns are generated according

to a binomial cardinality with parameters N]EO) = 20 and
pg)k = 0.5 and uniform spatial probability density 1/v
over the surveillance region where V = 4 x 105m? is the

‘volume’ of the surveillance region. The mean clutter rate
is hence 10 points per scan and the intensity of clutter is
)\(0) N(O) (O)k/V 5.00 x 10~%m~2. This information
however is not known to the filter and must be dynamically
estimated while filtering.

The filter is initialized with a zero intensity for actual targets
(hence zero actual targets), and with a clutter rate equal to the
total number of measurements received at the first time step
minus the average birth and detection rate for actual targets.

Pruning and merging of Beta Gaussian components is
performed at each time step using a weight threshold of
T’ = 1075, a merging threshold of S’ = 1%, and a maximum
of Jmar = 3000 Beta Gaussian components. The number



of actual targets is estimated as the expected a posteriori
cardinality and state estimates are extracted as the means of
corresponding highest components of the posterior intensity
and ignoring the augmented part of the state. The cardinality
distribution is calculated to a maximum of N, = 300 terms.

The results for a single sample run are shown in Figure
2 with the target trajectories in x and y coordinates versus
time plotted against those estimated from the CPHD filter. The
Optimal Sub-Pattern Assignment (OSPA) multi-target miss-
distance [17], with parameters p = 1 and ¢ = 300m, is shown
in Figure 3. It appears that the filter is able to initiate births,
track locations, and identify deaths of targets reasonably well,
but has some difficulty resolving closely spaced targets as seen
from the increased OSPA error around the 40s mark. The latter
might be expected given that the filter has to contend with two
significant sources of model uncertainty.
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Figure 2. Beta-Gaussian CPHD filter for jointly unknown clutter rate and

detection probability: filter estimates and true tracks in « and y coordinates
versus time
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Figure 3. OSPA miss distance versus time for the CPHD filter for jointly

unknown clutter rate and detection profile.

VII. CONCLUSION

We have shown how to use the CPHD (and PHD) filter
in unknown clutter rate and/or detection profile. While the
tracking performance cannot rival the ideal scenario where the
clutter rate and detection profile are known a priori, numerical
studies show that correct use of the CPHD (and PHD) filter
can correct for discrepancies in these parameters and produces

promising results. Future works will continue the development
of CPHD, PHD filters to additionally accommodate other
unknown model parameters. In addition, non-linearities in the
model may be better handled by SMC implementations but
another source of error arises in the extraction of the state
estimate from the particle population, and the multi-Bernoulli
approach of [18] may be preferable.
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