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Adaptive target birth intensity for PHD and CPHD

filters

B. Risti¢, D. Clark’, Ba-Ngu V6, Ba-Tuong V6

Abstract

The standard formulation of the PHD and CPHD filters assuimaistihe target birth intensity is known a priori.
In situations where the targets can appear anywhere in tiveiance volume this is clearly inefficient, since the
target birth intensity needs to cover the entire state space

This paper presents a new extension of the PHD and CPHD filtdrieh distinguishes between the persistent
and the newborn targets. This extension enables us to adiypdiesign the target birth intensity at each scan using
the received measurements. Sequential Monte-Carlo ingi&ations of the resulting PHD and CPHD filters are
presented and their performance studied numerically. Topgsed measurement driven birth intensity improves the

estimation accuracy of both the number of targets and tipaitiad distribution.

Index Terms

Bayesian multi-object filtering, random finite set, probi&pihypothesis density (PHD), particle filter

. INTRODUCTION

Mahler [1] recently proposed a systematic generalisatioth® single-target recursive Bayes filter to the multi-
target case. In this formulation, the targets can appeadeagpear anywhere (within the state space of interest) and
anytime (within the surveillance period), while target mnatcan be described by a nonlinear stochastic dynamic
model. The sequentially received measurements are uircbdth due to the imperfections of the detection process

(target detections could be missing and false detectionsbeapresent) and due to the stochastic nature of the
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possibly nonlinear sensor model. The multi-target Bayes fiequentially estimates the number of targets present
and their individual states.

The Bayes filter propagates the posterior probability dgrfsinction (pdf) through a two-step procedure: the
prediction and update. In the multi-target case, the ntaitiet posterior pdf is formulated using the finite set
statistics (FISST) [1], a set of practical mathematicallgomom point process theory. The propagation of this
multi-target posterior, however, is computationally variensive due to the high dimensionality of the multi-targe
state space. If the state space of a single targat, ithe multi-target posterior pdf is defined dfi(x’), the space
of finite subsets oft'. To overcome the high dimensionality of the multi-targety8s filter, Mahler introduced the
Probability Hypothesis Density (PHD) filter [2], which pragates the first moment of the multi-target posterior
known as the intensity function or the PHD, defined on theIsit@rget state-spac&. The resulting PHD filter
subsequently became a very popular multi-target estimatiethod with applications in sonar [3], computer vision
[4], [5], SLAM [6], traffic monitoring [7], biology [8], etc.

Since the intensity function is a very crude approximatibthe multi-target pdf, Mahler subsequently introduced
the Cardinalised PHD filter [9], which propagates both thensity function and the cardinality distribution of the
multi-target pdf. The resulting estimate of the number afets is more stable than that of the PHD filter, as
confirmed by numerical studies in [10]. The CPHD filter hasrbapplied to GMTI tracking [11], tracking in the
aerial videos [12], etc.

The standard formulations of both the PHD and CPHD filteraimgsthat the target birth intensity is known a
priori. Typically the birth intensity has the majority ogitnass distributed over small specific areag’ofvhich, for
example in the air surveillance context, can be interpragethe regions around airports [10], [13]. Note however
that if a target appears in a region that is not covered by thdgfined birth intensity, the PHD/CPHD filter will
be completely blind to its existence. Making the targethbintensity diffuse so that it covers the entire state space
of interest, typically results in a higher incidence of dHiwed false tracks and longer confirmation times. The
only way to overcome this drawback is to create at each psowgstep of the filter a massive number of potential
(hypothesised) newborn targets covering the entire sgdee, which is clearly inefficient. The described limaati
affects both methods of PHD/CPHD filter implementation: fiegjuential Monte Carlo (SMC) method [14], [15]
and the finite Gaussian mixtures (GM) [10], [13].

Starting from the standard equations of the PHD and the CPHKHD, fin this paper we derive novel extensions
which distinguish, in both the prediction and the updatp,stetween the persistent and the newborn targets. This
approach allows the PHD/CPHD filter to adapt the target biténsity at each processing step using the received
measurements. The resulting measurement driven birthgityeis very important in practice because it removes the

need for the prior specification of birth intensities andnitiates the restriction on target appearance volumesrwithi
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X. The paper presents an SMC implementation of proposedsatenof PHD and CPHD filters and demonstrates
their improvement in performance by numerical examples.

Two remarks are in order here. First, we point out that theogsed measurement driven target birth intensity
is complementary with the recent attempts to improve thecieffty of the SMC-PHD filter by pre-selecting
particles for propagation (the so-called auxiliary paeti®HD filter) presented in [15]. Second, the idea to use
the measurements to adaptively build the target birth 8itgmas been proposed previously [16], [17]. Our paper,

however, develops this initial idea much further.

[l. BACKGROUND
Suppose that at time there aren;, target statexy, 1, . . ., X, , €ach taking values in a state space R"-, and
my, measurements (detections),, . ..,z ., €ach taking values in the observation space R"-. A multi-target

state and a multi-target observation are then representéigebfinite sets:

Xk = {Xk,ly---yxkz,nk}e}—()()» (1)
Zk = {zk,l,...,zk,mk}e}“(Z), (2)

respectively. HereF(X') and F(Z) are the finite subsets ot and Z, respectively. At each time step some
targets may disappear (die), others may survive and transitto a new state, and new targets may appear. Due
to the imperfections in the detector, some of the surviving aewborn targets may not be detected, whereas
the observation sef, may include false detections (or clutter). The evolutiontloé targets and the origin
of measurements are unknown. Uncertainty in both multjgustate and multi-target measurement is naturally
modelled by random finite sets.

The objective of the recursive multi-target Bayesian eston [1] is to determine at each time stépthe
posterior probability density of multi-target st@tgk(Xk\lek), whereZ,.,, = (Z,...,Z;) denotes the accumulated
observation sets up to tinfe The multi-target posterior is computed sequentially Yia prediction and the update
steps, see [1, ch.14].

Since fx(Xx|Z1.1) is defined overF(X), practical implementation of the multi-target Bayes filtea difficult
task and is usually limited to a small number of targets [[B}: In order to overcome this limitation, Mahler
proposed [2] to propagate only the first-order statisticahmant of f;,,(X|Z1. ), referred to as the intensity function
or the PHD, Dy, (x|Z1:x) = [ 0x(x) fik(X|Z1:4)0X. In this definitiondx (x) = 3, cx dw(x). The integral of
the PHD overX,

/X Dy (x| 211 )dx = vy, € R, 3)

gives the (posterior) expected number of targets in the sgaace. The resulting PHD filter replaces the prediction

and the update step of the multi-target Bayes filter with thielmsimpler expressions for the prediction and update
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of the PHD (given in the next section).
Since the posterior PHD, ;. (x|Z1.) is a very crude approximation ofy(X|Z1.;), Mahler subsequently

proposed [9] to propagate the cardinality distributjgm) = Pr(|]X| = n) given by:

p(n|Zy.x) = %/fkk({xl, ooy X H 2k )dXg L Xy, (4)

jointly and alongside the PHD. The cardinality distributisatisfies the following condition >, np(n|Z;.;) =
J Dyjie(x|Z1.1,)dx = vy, This is the basis of the CPHD filter.

I1l. EXTENSION OF THEPHD FILTER

The standard PHD filter equations are reviewed first, usiregahbreviationDy,;,(x|Z.1) o Dy i(x). The

prediction equation of the PHD filter is given bi2]:

Dy—1(%) = Yejp—1(x) + ( ps Di—1jp—1, Tgp—1(x|) ) (5)

where

o Ykk—1(x) is the PHD of target births between timeandk + 1;

o ps(x') aébrps,m_l(x/) is the probability that a target with staté at time k — 1 will survive until time k;

o Tyk—1(x|x’) is the single-target transition density from tirke- 1 to k;

e (9.f) = [ F(x) g(x) dx.
The first term on the RHS of (5) refers to the newborn targetslenthe second represents the persistent targets.
Upon receiving the measurement &t at time &, the update step of the PHD filter is computed according to:

P (%) gk (2]x) Dyjp—1(x)

ki (2) + (po gr(2]-), Dgj—1) ©)

Dyi(x) = [1 = pp(x)] Dyje—1(x) +
zEZy,

where

e pp(x) a:bbrp,;),k(x) is the probability that an observation will be collectediatet & from a target with state;

« gx(z|x) is the single-target measurement likelihood at tikme

o ri(z) is the PHD of clutter at timé:.

In the above formulation of the PHD filter, new targets arerfiian the prediction step (5). The intensity function
of the newborn targetsy,,_;(x) is independent of measurements, and in the general cases Wieetargets can
appear anywhere in the state space, it has to cover the éntifdis is significant for both the SMC and the GM
implementation of the PHD filter, because the newborn tapgeticles or Gaussian mixture components, need to
cover the entire state-space with reasonable mass for tRefier to work properly. Clearly this is inefficient and
wasteful.

We do not consider target spawning in this paper.
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Instead we propose to design a newborn target intensitydrréljion of the state-spasec X for which the
likelihood g (z|x) will have high values. We show that if the birth intensity dagted in accordance with the
measurementshe PHD equations must be applied in a different form

Start from (5) and (6), where the state vectorconsists of the usual kinematic/feature component (fositi
velocity, amplitude, etc) which we denote pyand a mark or a labegd, which distinguishes a newborn target from

the persistent target, i.& = (y, ) where

0 for a persistent target
p= (1)

1 for a newborn target

andy € ). The birth PHD is then:

%\k—l(x) = 7k\k-1(y,ﬁ) = ’Yk\k_1(}’)7 it (8)
0, 6 =0.
Note a slight abuse of notation in using the same symp@lL ; for both functions ofx andy. Similar abuse will
be used throughout this section, but the meaning shoulddase flom the context.
A newborn target becomes a persisting target at the next tiotea persisting target cannot become a newborn

target. Thus the mark can only change from to 0 but not vice-versa. The transition model is then

Te—1(X[x") = Tp1 (v, Bly", 8')

= Wk\k—1(3’|y/)ﬂk|k—1(5|5/) ©)
with
0, =1
Te—1(818") = (10)
1, =0

The probability of survival does not depend grand hence

ps(x) = ps(y, ) = ps(y) (11)

The PHD filter prediction equation (5) for the augmentedestagctor is given by:

1
D=1y, 8) = V=1 (¥, 8) + Z /Dk—1k—1(y/75/)173(}’/,5/)7k|k—1(y75’y/,5/)d}’/- (12)
B=0

Upon substitution of expressions (8)-(11) into (12) we obtae new form of the PHD filter prediction:

- ( )7 ﬁ =1
Dipr (v, ) = 4 (13)

<Dk—1\k—1(’7 1)+ Dk—l\k—l('?O)7PS7Tk\k—1(Y")> p=0



IEEE TRANS AEROSPACE AND ELECTRONIC SYSTEMS, VOL. X, NO. X, ONTH 20XX 6

Now we carry out similar manipulations for the update stepstFnote that since the new targets are created

from measurements, it follows that new targets are alwayesctkd (as they always generate measurements), so we

can write:
1, g=1
po(x) =po(y,B) = (14)
pD(Y)v ﬁ =0
The measurement does not dependspinence
9k (z[x) = gi(zly, B) = gr(zly). (15)

The PHD update equation (6) for the augmented state vecgivés by:
po(y,; B)9k(2ly, B) Dijk-1(y, B)

Dyi(y, 8) = [1 = po(y, 8)| Daje—1 (v, 8) + Y _ - (16)
zE€Zy, ﬁk(z) + 520 <pD('7 5)91@(2’7 5)7 Dk|k—1('7 6)>
Using (14) and (15), it follows that the update step for stisg targets § = 0), is given by:
Po(¥)9x(2]y) Djr—1(y. 0)
D ,0) =1 —pp(¥)|Drigp—1(y,0 17
ely:0) = L= PP 020+ 2 e e @), Do)
while the update step for newborn targéts= 1) is given by:

Dk|k(Y» 1) = Z 9k(2ly) ’Yk\k—l(}’) (18)

2y K (z) + <9k(z\‘)7 ’Yk|k—1> + <ngk(Z")7Dk\k—1('7O)>
Observe that both the prediction step and the update stgeemmed differently for newborn and persistent targets.

The PHDs corresponding to the two types of targets are addpgditer and predicted jointly in the prediction step,
eq. (13), casg? = 0.

IV. EXTENSION OF THECARDINALISED PHD FILTER

Let pyyi(n|Z1:n) =" piyi(n) denote the cardinality distribution at tinke Also, letpy. .1 (n) =" pr(n) denote the
cardinality distribution of new targets at tinie The CPHD filter propagates both the cardinality distridofy,;,(n)
and the PHDD;.(x). We start again with the standard CPHD equations. In ordesirtplify our presentation
assume that the probability of survival is constant(x) = pg. Then the predicted cardinality distribution can be

written as a convolution [10]:

prp-1(n) =Y psip—1(7) pr(n — 5) (19)
=0
where
pswk—1(d) =Y (ﬁ s (1= ps)"™ proyp—r(£) (20)
— ! !

is the predicted cardinality of survived targets. The pretl PHD is given by (5). Using the same reasoning as in
the previous section, the prediction step of the CPHD filteterms of the newborn and persistent targets is given

by (19) and (13).
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The standard form of the CPHD filter update is given by:
Y[ Dyji—1; Zie) () prejie—1(n)

Pulk(n) (YDyj—1; Zi], prjp—1) 1)
Y Dpik_1: Zil, _
e
> (Y [Dgji—1; Zi\{2}], prjr—1) <1,f€k>pD(X) 90(21%) Dy () (22)

S5 (TR[Drjk-1:Zil, prr-1)  rn(2)

where

« the inner product between two real-valued sequeppes) andpz(n) is defined asgp1, p2) = > p1(n)p2(n);

« the sequenc&}[D, Z](n) is defined foru € {0,1} as follows:

min(|Z|,n) _ n—(j+u)

YD 20 =Y (2= 0 palZ - ) P, SRR (D, 2) @)

j=0 !

with

—_ . (1,/€k> zl- -
20.2) = {£50, . gu(al) sz ez (24)
j(Z) = ) (HC) (25)

WCZ,|W|=j \CEW
no n!

R T (26)

Heree;(Z) is the elementary symmetric function (ESF) of ordefor a finite setZ [1, p.369], whilepk 1 (n)

in (23) is the cardinality distribution of clutter at timie

In order to express the CPHD filter update equations separfatethe persistent and newborn targets, we will use
the measurement model of (14) and (15). The update equaiiocafdinality distribution (21) still has the same
form, while (22) can be now written as:

(Yi[Dji—1; Zic), pryi—1)
(Y Dyjp—1; Zi), prjp—1)

(YLIDk—1; Ze\{2}, prp—1) (1, kp)
" Z (YDkik—1; Z), prjp—1)  wr(2)

Dyi(y.8) = (1—po(y.B))

Dyjp—1(y: B)

pD(y7 B) gk(Z’ya B) Dk|k—l(y7 B)

z€Zy,
35, S S T o e () g=1
=\ (= 2o 3) TR A D (3,0) @)
|+ 3 TR o )k ) D 3,0, 6=0
with
min(|Z|,n) n—(j+u
D1 B = 3 (2] 2] D Py Dk“ff(D’f)’“:g;l?fl(fg;ej(akwkk_l,z»

(28)
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and
Ex(Dyj—1,2Z) = { t};?;;

The above two equations are obtained by evaluation of tHewilg expressions that appear in (23) and (24) :
1

(1 _pDaD> = Z(l _pD('75)7D('76)>

(Dier (1) + po() Do (4 0),g(2])) : 2 € z} (29)

5=0
= (I-=po(-), D(-,0)) (30)

(1,D) = (1,D(-,0) + D(-,1)) (31)
(po D, g(z|-)) = (D(,1) +po(-)D(-,0),9(z[)) (32)

V. IMPLEMENTATION

We describe only the SMC implementation of the PHD and the CFiker with the target birth density driven
by measurements. The pseudo-code of proposed SMC-PHD a@dCGRHD filters is given in Algorithm 1 and 2,
respectively. Initially, at the discrete-time indéx= 0, the assumption is thatyo(n) = 1 if n = 0, and zero for
n=1,2,..., max (Nmax represents the maximum anticipated number of targets)/anpdy, 0) = Dojo(y,1) = 0.

The random samples (particles) are used to approximatenteesity function. At timek — 1 we have:

Dy-1j-1(y,0) =~ Zwk Lo Oy, (¥) (33)
Nétl

Diapa(y: ) ~ Do wydpe (¥) (34)
n=1

where dy, (y) is the Dirac delta function [1, p. 693{(wk 1p,y,(€”)17p)}7]:[£11 and{(w,C 1b,y,ﬁ”)l b)}f’gll are the
weighted particle sets for persistent and newborn targetpectively andV? , and N,l;_1 are the number of
persistent target and newborn target particles, respbgtiBefore we apply the prediction step of the PHD or the
CPHD filter, according to eq.(13), cage= 0), we need to sum-up the two intensity function,_,;,_;(y,0) and

Dy _1x—1(y, 1). This summation is carried out by taking the union of the tvastiple sets, that is

(L y P O = (™, oy b U™,y et

is the random sample representatiodf ;| (y, 0)+Dj_1x—1(y, 1). The predicted intensity functioRy, ;. (y, 0)

is approximated by the particle set:

Nk 1
Dyjp-1(y,0 Z W1 Oy | (), (36)
where according to (13) for the = 0 case:
Vi, ~ @y Z) (37)
" Ps(YE) Triroa (Y i) iy
Welk—1p = (38)

qk(y,iT,z_l,p\y,(f_)l, Zy)
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with qk('|y,i@1, Z\.) being the importance density [21]. For simplicity of pretsgion we will sacrifice the efficiency
of the SMC implementation and will adop};(-|y,(€"_)l, Zy) = ﬂk|k_1(-|y,(€n_)1).

The 8 =1 case in (13) is not implemented in a straightforward manbpecause a massive number of particles
would be required to approximatey,,_i(y, 1) = v x—1(y), of which the vast majority would be thrown away in
the resampling step (to be carried out in the PHD/CPHD updiistead, the idea is to use the current measurement
setZy, to place the newborn particles in the region of the stateespdwere the inner product(z|-), vx|x—1) Will
have non-zero values. Thus for eack Zj, a set ofM;, newborn particlegré?,i_l’b are generated in such a manner
that z can be considered as a random sample from thegp@fy,(;“lz_m). This newborn target density, denoted
by bx(-|z) in line 14 of Algorithm 1, in practice can be approximated akofvs. Suppose the target state vector
y consists of directly measured vector componergnd unmeasured vector componentthat isy = [pT vT]|T,
whereT denotes the matrix transpose. Let the measurement equmgien= h(p) + w, whereh is an invertible
function andw ~ A (w;0,R) is zero-mean white Gaussian measurement noise with caca®. Then, particles
p™, from the measured subspace of the target state space, ciavire fromA\ (y; h~!(z), H,RH]), whereh !
is the inverse oh andH, is the Jacobian ch~'. This, of course, is an approximationlfis a nonlinear function
[21]. The particlesv(™ from the unmeasured subspace need to be drawn from the prior.

The total number of newborn target particles generatedimwiay is N}; = My - |Zx|. The weights of the new

target particles are uniform, i.e.

W™ Vlc|k 1
Wlk—1,b = N?

(39)

whereu};“g_1 is the prior expected number of target births. The choicenisf parameter of the PHD/CPHD filter
is discussed later. In summary, the PHD filter birth intgnistmodelled by an equally weighted mixture of birth
densitiesb,(+|z), for z € Z;, multiplied by the expected number of birtb:,%k_1 (see lines 10 to 17 of Algorithm
1).

Consider next the update step of the PHD filter. Observe than the substitution of (36) into (17 (y,0)

can be also written as the weighted sum of particles

Ny
Dk\k y,0 Z w;ﬂk,p 5},](;‘2 1p( Y): (40)
where
(n) (n) (n) Po (Y1) 9k (Y1) Wil
Weikp = (1- pD(yk|k—1,p)) Wiik—1p T Z L(2) (41)
ASY
and
Np_1
(n) (n) (n)
L(z )+ Z wk\k 1p Z Po(Yije—1,p)9% (2l 3—1,) W1, (42)

n=1
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Similarly it can be shown using (18) tha, ;. (y, 1) is approximated by the weighted particle $@b,(;|2 b y,(CT,Z_l b)}fj;bl

where: -
(n) Wklk—1b
Wiikb = L(z)
z€Zy,

The particle set approximating the intensity function ofsi&ent objectsDy . (y,0), is next resampledV! times

(43)

in order to eliminate the samples with small weights and ipiylthe samples with large weights. The number of

particlesN} is selected as:
Np_1

My > wil) (44)
n=1
where[-] denotes the nearest integ@f,, is the number of particles per persistent object (a paranoétthe filter)

and?? = EnN’“ll wl(clk represents the posterior estimate of the number of pemsitiggets. After resampling the

intensity functionDy;,(y,0) is approximated by:

Dk|k Yy, O Zwkﬂl’ 53’7(:;). (45)

Wherew§C vy, /NY. The PHD filter reports at timé only the intensity function of persistent targebs ;. (v, 0).

The particle set approximating the intensity function ofvbern objects,Dy;(y,1), can be also resampled,
although this is not essential (line 23 in Alg. 1). The vallieug,f_1 in (39) has to be chosen in such a manner
that the sum),l; = ZNbl wli“z , corresponds to the expected number of newborn objects atitim

In the implementation of the SMC-CPHD filter it is necessarytopagate (predict and update) the cardinality
distribution (see Algorithm 2 for details). The predictistep of the SMC-CPHD filter is straightforward. The
update step first requires to compute three inner produdi@dpand (28). Using the particle representation of the

intensity functionsDy,;,_;(y,0) and Dy;—1(y, 1) this can be done as follows:

Ny
(1= po(), D1 (50)) = Y (1= polyiy ) wilh .y, (46)
-
(1, Dyj—1 (5 1) + Dyppe—1(+,0)) = Zka 1p+zwk\k 1b (47)
Nk 1
(Dyi=1(1) + po() D10, g(2)) =~ ZlpD<y;";_1,p>gk<z\y,§";_1p wil) 1p+§jwk|k .

(48)

Computation of ESF8;(Zx(Dy,—1,Z)), required in (28), is described in [10].
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Algorithm 1 Processing steps of the SMC-PHD filter at tife

1: Input:

2: a) Particle representation @#;_),_1(y,0): {(wl(c’ri)l,p7yl(c’r:)1,p) ZE? > Eqg. (33)

3: b) Particle representation @, 1,1 (y, 1): {(w,(€7i)17b7y,(€7i)17b) fj:’g;l > Eq. (34)

4: c) Measurement set &t Zy = {zx,1,...,2k,m, }; NOte:my = |Zg|

5 {(w{”),y DR = (0 v ULy ) > Union of input particle sets, Eq. (35)
6. forn=1,...,N,_; do > Random sample approximation &f; ;1 (y,0)

7. Drawyy) )~ mea(lye) > Ed. (37)

8: Compute weightu,i’f,zfljp = ps(y,i'j)l)wli'jl > Eq. (38)

9: end for

10: N? = M, - my, > Parametet\M,: the number of particles per newborn target
11: for j=1,...,my do > Random sample approximation &1 (y,1) = vee—1(¥)

12: for {=1,...,M, do

13: n=~0+(j—1)M,

14: Drawy ([}, , ~ b(:|zx,;) > by, depends ory (z|y) and prior knowledge
15: Compute weightulg’f,gilyb = e_1/NE > Parametery

16: end for

17: end for

18: Computewlg’f,gyp, n=1,..., Ny_1 using Eq.(41)

19: Computewfj‘b,zyb, n=1,..., N} using Eq.(43)
20: Computes? = S04 wfg‘ﬁﬁp; oy = f:zl w,(;f;i#b > Estimated number of persistent and newborn objects
21: NP = [Mpi7] > Eq. (44), Parameteb/,,: the number of particles per persistent target
22: ResampleNy times from {(wlg’f,gyp/ﬁg,y,(ﬁ’fgfl’p)}fji;l to obtain{(w,i?;,y,(c’f;)}g:’fl, with w,i”; = 0f/NY.
23: ResamplaV} times from {(wéﬁlz’b/ﬁ,ﬁ,yiﬁiﬂyb) nN:’Zl to obtain{(w,ifbg,yxlg) ﬁl with w;"g = P /NP,
24: Report: particle representation dby,(y,0): {(wl(g’f;,ylii‘;) fﬁl; cardinality estimate’;.

VI. NUMERICAL RESULTS

A. Simulation setup

The performance of the described PHD and CPHD filters witbetabirth density driven by measurements is
demonstrated using a scenario with up to ten targets. Theldem view of target trajectories is shown in Fig.1.
The starting point of each trajectory is indicated by signThe state vector of an individual target consists of a
position and velocity inc andy coordinates, that ig = [z, &, y, y]T. The transitional density isy;,_(y|y’) =

N(y;Fy',Q), where N(-;m,P) denotes a Gaussian pdf with meam and covariancé?, matrix F = I, ®

1
, T is the sampling interval® is the Kroneker productl,, is the m x m identity matrix, andQ =

0 1

T3/3 T2\ . . . o

I, ®q , with ¢ being process noise intensity. We used in simulatiéhs- 1s, ¢ = 0.30. The
T?2/2 T

probability of survival was set tpg = 0.98.

The measurements of target range and bearing are collegtadsénsor placed &t,, ys) = (—100m, —100m).
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Algorithm 2 Processing steps of the SMC-CPHD filter at tifne
: Input:
a) Cardinality distributionpy,_;x—1(n)

) . NP
b) particle representation d@y,_1x_1(y,0): {(wé’?l’wy,@l’p) !

b
Ng—1
n=1

c) Particle representation @151 (y, 1): {(wz@vayz@Lb)}
c) Measurement set &t Zy = {zx,1,...,2k,m, };
. Prediction of cardinality distribution, Eq. (19);
Union of input particle sets, Eq. (35)
Prediction of persistent target particles (lines 6-9 ig.A)
Creation of newborn target particles (lines 10-17 in A)g.
: Computation of elements By, (Dyx—1, Zx), EQ.(29)
: Computation of ESF; (Ex(Dkjk—1,Zk))
: Computation of}[Dyx—1, Zx](n), Eq. (28), foru = 1,0
: for everyz € Z;, do
ComputeEs (Dyjx-1, Ze\{2}), € (En(Drjr—1, Zi\{z})), ThlDrjr—1, Zi\{z}](n)
: end for
: Update cardinality distribution, Eq.(21)
. Update weight&;(") n=1,...,Nx_1 using Eq.(27), casg =0

k|k,p’

© o NPT ARE DR

R e el O
N o ag b wN P O

18: Update weightsu]i’f,ijb, n=1,...,N? using Eq.(27), casg = 1

19: Computer? = SNkt w;iT;Z,p; Y= Zﬁzl w,i’flzb > Estimated number of persistent and newborn objects
20: NP = [M,0F]

21: ResampleV} times from {(wiﬁjp/ﬁ,@y,(:‘b]sz)}fi;l to obtain{(w,i%y,ifg)}gﬁl, with w,i"; =0y /NP,

22: ResampleV? times from {(w,i]ﬁ}b/ﬁ’,;,yal,ifljb)}g:’gl to obtain{(w"), y{") f:zl with w(") = o} /N

23: Report:

24: a) Estimated cardinality distributigsy,, (n);

P
Ny
n=1

)
a

b) particle representation @y (y,0): {(w,i?;,y,(c’fg)}

The measurement likelihood is thep(zly) = N (z;h(y),R), where

T — T4)? — ys)?
h(y) = V( PHy—v)) (49)

arctan £==%=
Y—Ys

and R = diag(c?,07). The range measurements are very precise=( 0.1m) while the bearing measurements

are fairly inaccurate (i.es;, = 2 degrees). Consequently the measurement uncertaintyngegi@ arcs witht3o
angular span of2 degrees. Kalman type filters, which assume the measuremeaeittainty regions to be ellipsoids,
would be inappropriate in this case, thus justifying thechf® an SMC implementation. The clutter is uniformly
distributed along the range (frotto 1300 m) and bearing£ /4 rad with respect to the sensor pointing direction).
The number of clutter points per scan is Poisson distribwigld the mean value oA = 10. The probability of

detection isp, = 0.95. For every measurementc Z;, the newborn target particle positions are:

2 = 2+ (21] + o0l”) sin(z[2] + o)
= g+ (@l1] + oro™) cos(z[2] + o)

wheren = 1,..., N?, z[1] andz[2] are the measured range and bearing ﬂ%‘?ﬂ, vé") ~ N (+;0,1). The particle

velocities are generated a§", 5™ ~ N/(:;0,02 ), whereoy = 5mis,
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Fig. 1. Target trajectories shown i — y plane. Starting points denoted by

In both PHD and CPHD filterd, = M,, = 3000 particles. The parralmetssf‘l;'k_1 = 0.0001 is selected so that
the average number of newborn targets per scaif iss 0.25. The cardinality distribution of newborn targets is

assumed Poisson. Parametgr,, in the CPHD filter is set t30.

B. Error performance analysis

The performance of the PHD/CPHD filters is measured by twohods. The first method compares the true
and the estimated cardinality value over time, thatjsand 27, respectively. The second method measures the
concentration of particles around the true target posstidn comparisons, we consider three contesting filters:
(a) PHDF-M: the described PHD filter with the measurementedribirth intensity; (b) PHDF-U: the PHD filter
which places);, newborn target particles uniformly across range (frote 1300 m) and bearing£= /4 rad with
respect to the sensor pointing direction); the velocitresgenerated a's,i"),ylg") ~ N(+0,0%), with o, = 5m/s; (c)
CPHDF-M: the described CPHD filter with the measurementadrivirth intensity. In order to make the comparison
fair, for all three filters, an equal value of the average nentdf newborn targets per scan is adopté,@l:(z 0.25).

a) Cardinality estimation.:Fig.2 shows the true and estimated posterior cardinalityevgthe number of
targets) over time obtained using the three contestingdilt€he estimated cardinality curves were obtained by
averaging over 100 Monte Carlo runs. The colour coding iso#levs: the true number of targets is plotted by a
solid blue line, the mean estimated number of targets byid sadl line and the plus/minus one standard deviation
of the estimated number of targets by two green lines. Obstvat the two PHD filters (PHDF-M and PHDF-U)
perform similarly with respect to the cardinality estineati There are, however, two noticeable differences: (a) the
PHDF-U underestimates cardinality in the presence of 1§etarand (b) PHD-M responds more quickly to the

changes in target number. Regarding the comparison of tiF versus the CPHDF-M, the results are in a good
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agreement with those reported in [10]: both filters producbkiased cardinality estimates in the steady-state, but
the PHD cardinality estimate is more responsive to the casung cardinality. The CPHDF-M cardinality estimate,

on the other hand, has a much smaller variance.
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Fig. 2. True versus estimated cardinality over time: (a) PHDF-M) BHDF-U; (¢) CPHDF-M. Colour coding: blue line is true; redne

is estimated (averaged); green lines atd standard deviation

b) Spatial distribution estimation.Next we want to measure the concentration of particles ardba true

target locations in the state-space. For this purpose wetodatroduce the posterior spatial distribution of peegis
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targets,sy,(y, 8 = 0|21 k) = sk|k( ) defined as:

I Dij(y, 0) dy

The SMC estimate of the PHD of persisting targe®s,,.(y,0), as reported by a PHD/CPHD filter, was given in

Skik(y) = (50)

(45). The SMC estimate ofy,(y) of (50) is then:

3k|k Zwkm 5y1(cn;); (51)
where
) (n)
o = —r (52)
o Z 1%8,2

are normalised weights (as opposed to PHD weigbﬁ% introduced in (45)).

The spatial distribution of the “ground truth” is defined as

= nik > by, (y) (53)
=1

where{y.1,...,Ykn, } iS the true multi-target state at tinie
The similarity between the ground truth(y) of (53) and the PHD/CPHD filter estimagg ;,(y) of (51), will

be measured using the Bhattacharyya distance [22]:

B(sk, 8pji) = 1D/ Vsk(yY) £/ Skik(y (54)

Clearly B(s,u) > 0. In addition, identity and symmetry properties are satisfiee. B(s,s) = 0 and B(s,u) =
B(u, s), respectively. The triangle inequality is not guaranteed.

In order to compute the integral in (54), it is first necesdargelect a common set of support points for both

s and 3y, Let the common set of support points be the true multi-tasg@te {yx. 1, ..., yxn, }- Then we need
to determine the values &, (y) at pointsyy ;, fori = 1,...,n. Using kernel density estimation [23], we have:
L i — Yy
Sek(¥hi) = Qua = T le,iigi X (VV’J) (55)
n—

whereW is the kernel widthy,, = 4, and¢ is the kernel function which we adopt to be Gaussian (theesgion
for optimal W is given in [23]).
Following the arguments presented in [24, Appendix], thiessitution of s;(y) of (53) and

Sk\k Z Qk i Oy
into (54) leads to

B(sk, 8gp) = —In (Z le) (56)
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This distance measure will be used to evaluate the erropieaince of particle PHD/CPHD spatial distribution
estimate.

Fig.3 displays the Bhattacharyya distance (56) averaged ®90 Monte Carlo runs, for all three contesting
filters: PHDF-M, PHDF-U and CPHDF-M. Observe first that theprsed PHD/CPHD filters with measurement
driven birth intensity (PHDF-M and CPHDF-M) result in vasthore accurate approximations of the true spatial
density than the PHDF-U. This indicates that both the PHDR+M the CPHDF-M cluster their particles around
the true state better. This result confirms the importancen@fmeasurement driven approach to birth intensity in
PHD/CPHD filters.

With regards to the comparison between the PHDF-M and CPMDReote that in the steady-state the Bhat-
tacharyya distance for the CPHD filter is slightly lower. 3t a significant observation since it shows that the
CPHD filter, in the steady state, not only provides more stafalrdinality estimates, but also achieves a more

accurate spatial density estimation.

12 T T T T T T T T
PHDF-U
| - = = CPHDF-M
10

Bhattacharyya distance

20 40 60 80 100 120 140 160 180
Discrete—time index k

Fig. 3. Average Bhattacharyya distance between the true and estihspatial density over time: PHDF-M (blue thick line); PRI
(black thin line); CPHDF-M filter (red dashed line)

VIlI. CONCLUSIONS

The paper presented an extension of the PHD and the CasmtidaRHD filters, distinguishing between the
newborn and persistent targets. Using this approach it wasilple to design a PHD/CPHD filter with measurement
driven target birth intensity, thus relaxing the previguishposed limitation that target appearance (birth) inityns

is a priori known. Sequential Monte Carlo implementatiofighe resulting PHD and CPHD filters were studied
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by numerical simulations. It has been observed that the unearent driven target birth intensity concept results in
the higher estimation accuracy of the true intensity fuorctWith regards to the comparison between the proposed
PHD and CPHD filters, their performance is found to be in age@ with the previously reported results: the
PHD filter is more responsive to the changes in cardinaliy,ifs cardinality estimates have a higher variance; the

CPHD filter is also found to be slightly more accurate in eating the spatial distribution in the steady state.
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