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ABSTRACT sented in Section 5. Finally, concluding remarks are given i
The Particle Probability Hypothesis Density Filter (PFPHD Section 6.
provides a numeric solution for the probability hypothesis
density (PHD) filter, which propagates the first-order mo- 2. THE PROBABILITY HYPOTHESIS DENSITY
ment of the multi-target posterior instead of the postetist FILTER

tribution itself because evaluating the multiple-targeste- In single target tracking problems, the Kalman filter propa-

rior distribution is currently computationally intraclabThe : ) L
PFPHD considers the target states as a single global targdtes the first-order moment of the posterior distribution.
state and then avoids data association steps. Various-impldVes the best estimation for linear gaussian dynamic nsodel
mentations using particle filter had shown the efficiency of ' the multi-targettracking problems, the PHD filter proesd
this method in real time applications. However, most of thenf: Similar solution. In fact, it propagates the first-order-mo
use the state transition prior as the proposal distribuion MMt Of the multiple target posterior distribution, knows a
draw particles from. Because the state transition does n?ﬁe PHD. Aln istrllmatmn of the rrw]umber of targetsr;s g“’ﬁn by
take into account the most recent observation, we present, | € Integral of the PHD over the state space when the tar-
this paper, a new approach that mixes the PFPHD filter witi§€! Statés can be estimated by determining the peaks of this
the Extended Kalman filter (EKF) named EK-PFPHD filter, distribution. 'The Probability Hypothesis Density filteras
The first part provides the general probabilistic framevtork Multi-target filter that avoids any data association coraput
handle non linear non gaussian systems when the second phffS derived from the RFS (Random Finite Set) framework
generates better proposal distributions by consideriegfh . The PHD filter propagates the posterior intensity of the
dated observation. Simulation shows that the proposed filtdargets RFS in time, based on the following assumptions [8]:

outperforms the PFPHD filter. A.1 Targets evolve in time and generate measurements inde-
pendently of one another.
1. INTRODUCTION A.2 The clutter RFS is Poisson and is independent of the

Tracking an unknown and time varying number of targets, 3m|'iac‘esgitrﬂc?tr:§.multi-target RES is Poisson

is a difficult issue. Mabhler proposed finite set statistics , ) o
(FISST) [1, 2], as the systematic treatment of multi-target ASSumptions A.1 and A.2 are quite common in many
tracking problems and presented probability hypothesis de Multi-target tracking algorithms. The additional assump-
sity (PHD) [3] as an approximation of the random finite setlion A.3 is a reasonable approximation when interactions be
of targets and their states based on a sequence of measui¥een targets are negligible [8]. The PHD propagation is a
ment sets. However, the implementation of the PHD fil-Fécursion consisting of a pred|ct|on_ step _and an update step
ter suffers from the intractable computation of multiple in L€t Dk and Dy, denote the predicted intensity and pos-
tegrals involved by the PHD propagation equations. In adterior intensity at time k, respectively. Then, the PHD pre-
dition, multi-peak extraction remains a challenge. Consediction is given by [8] (using FISST [3] or classical tools
quently, different techniques for the implementation a th Probabilities [9])

PHD using Sequential Monte Carlo techniques have been

proposed [4, 5, 6, 7]. However, most of them use the state

transition prior as the proposal distribution to draw pHes Dyk-1(x) = /(nqk_l(x,Z)Dk,l(Z)dZ +wx) (D)
from. Because the state transition does not take into a¢coun

the most recent observation, the particles drawn from it may

have very low likelihood. In this paper, we present a novel

method named EK-PFPHD filter, The algorithm consists of Dk(x) = [1—Pok/Dik-1(x)

a PFPHD filter that uses an extended Kalman filter (EKF) to W2(X)D (x)

generate the importance proposal distribution; the EKF al- + k2 Klk—1 (2)
lows the PFPHD filter to incorporate the latest observations £ %(2) + [ ez(X)Dk-1(X)dx

into a prior updating routine and thus, generates propaésal d

tributions that match better the true posterior. The stmect In the prediction equation (1), the transition density

of this paper is as follows. Section 2 presents the PHD Fil-
ter. Section 3 presents the non linear model; in section 4, we
present the new EK-PFPHD filter. Simulation results are pre- Ak-1(%, ) = Psk({) figk—1(XI{) + Bige—1(XI)
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is determined fronf_1 (X|Xqk—1), the single target tran- e k=k+1

sition densityPsk(e), the probability of target survival, and ~ Step 1: Predictionstep _

Bqk_1(e), the PHD for spawned target birth from targets at ~ Assuming we havl particles at timé—1, we calculate:
time k-1. The intensityy(e) is the PHD for spontaneous - Ind =0,

birth of new targets at timk. — fori=1,N,

In the data, update equation (2) + Compute

Uhz(X) = Pok(X)9(2|x)

whereg(e) is the single target likelihood function afg i (e)
is the probability of detection, and the intensity of clutte
pointsky(z) is given by

kk(2) = Akek(2)

Ek(\llz—l = kalfk(l—)l

(i _ ahk(X, 0) _
M=o hegll

) ONe(Ei 18

where g is the Poisson parameter specifying the expected Uk(') I PR
number of false alarms arw(e) is the probability distribu- K
tion over the measurement space. Pé‘l&_l _ H(_lpéL)le[l+ Q1

The estimated number of targets is given by integration of
the PHD over all surveillance region

Fk‘k = /SDk(X)dX

Estimation of the targets states can be done by searching for

R HIRY T

K =Pl 1 ()T

the peaks of the PHD surfacé-\] largest peaks oD (x) Pli"& =[l- Kéi)Héi)]Pé‘iifl
correspond to those targets’ locations (states), wiigggl J. ) _
denotes the nearest integeilg. x foreachy, € z,j=1,...,ng,d= | +Indng
T_he PHD propagation (1)-(2) have.no closed fprm expres- L o -

sions even for targets following a linear gaussian dynamic &= gk("lz_lJr Klil)(ykj _ hk(fk(\lll—lvo))

model [10]. Recursive propagation of the full posterior is
possible using patrticle filtering techniques [11] . -
fﬂk_l ~ N(Ek,Pk(‘I&)
3. NON LINEAR STATE MODEL

(i) , ,
For simplicity, assume that each target follows a non linear wéﬁgil = EPSKN(Z;YKJ _ hk(él?\k—lvo)va(<|>)
gaussian dynamical model, Nz,
X = R 1Xi—1+ U1 3) Péﬁ() - Pé"&
d) _ i)
Z = hk (X, &) (4) s =9
where x¢ = [Pk, Bk, Pk, Pk]T is the state of the target, Ind=Ind+1

hg is a known non linear function and, and g are zero-
mean gaussian process noise and measurement noise with " .
covariances Q and R , respectively. The survival and de- ge'gg.tiggﬁigﬁ;?ggnf C?S.Pro osal

tection probabilities are state independ@gj,(x) = Psx and &< . _ P

Po.k(X) = Po . — for eachY/ € z.j = 1,...,n,, generateM, new

particlesféﬁll form a gaussian distribution around

So we will haveN' = N|z| particles with their associated

4. EK-PARTICLE IMPLEMENTATION OF THE

PHD each measuremeh@j (the position components are
] ) ] ) drawn from the current measurement and the veloc-
The prOCEdUre of Implementlng the algorlthm is based on the |ty Components are drawn from a uniform distribu-
particle implementation of the PHD filter in [10] as follows: tion U [—Umax, Umax]). The total number, of particles
e k=0 proposed for the "investigation” of newborn targets,
— Initialize N, particles around each measurement sim- is Nnew = Mz|Z|. These ones are affected with equal
i HY H . d ’ !
ilar to [10]. Position components of these particles V\/e|ghtso.)é‘k>_1 = W(S)Nnew ford =1+N',...,N +

are drawn from the initial measurement, and the ve-
locity components are drawn from a uniform distri-
butionU [—unex, Umax]. Each particle consists of two

Nnew Where y(S) is the PHD of target birth for the
whole surveillance region. The particles are charac-

elements: a sample from the state spaté and its terized by a covariance matrg,_
corresponding weightw!) and covariancé() for - Compute /
i =1 N whereN is the total number of particles pro- ford=1+N,...;N + Npew

posed. All these particles are given equal weights
' = K/N whereK is the initial guess for the initial
number of targets.

H(d) _ ohy(x, 0)|
k 0X X:Eéﬁ(),l
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(d) dhk(fé‘(?()_lagk)
Uo = T =0

d d d
S((d

(d) _ (d)py (d)1p(d)
Rk = 1=K H TR q

(d) _
Ky k\k 1(H

Sep 3: Update step

— Foreachy € . j = 1,...,n,, compute

N “+Nnew

; Pokg Yk|Ek\k l)wk\k 1

where
g(Y/X™) =N(z ¥ — 0,5™))
i z(d)
(q£d> _ [1_ Po F’D,kg(YkJ |Ek\k—1? ] (d)
Lo MK e

Step 4: Peak Extraction
— To estimate target states, the updated PHD is ap-
proximated by a gaussian Mixture by using the
expectation-maximization (EM) algorithm [12]. The
EM algorithm fits M gaussian pdfs (probability den-
sity functions) to the PHD surface and gives cor-
responding weights to each of these to indicate the
quality of fitting. Then, the mean and the covariances
of the[I"] heaviest gaussian pdfs in the mixture are
denoted as peaks at tirkeThe EM algorlthm steps,

modified to incorporate the Welgma,ﬁ of the PHD,
are given next [10].

L G

= )TQ *Hm
Odm = Km o (5)
PV S ¥ % il LS

5121 SN Moo g
+Nnew
Km - zNerdNneN zMédméd (7)
m=1%~dm

" +Nnew (d) (d) _ T

QO — Zd 5dm(5k Hm)(fk Hm) ®)

Y
S " S

In order to have a common covariance for all gaus-
sian pdfs (the "Thomoscedastic” version of the EM al-

whereK, denotes the weighil,, denotes the mean
value andQ,, denotes the covariance of the"
gaussian of the mixture, fan=1,....M. The EM
algorithm starts with initial values oKy, um and

Qm, and repeats steps (5) to (8) until it converges.
The algorithm fitsM = || + [I'] gaussian pdfs at
each scan. The initial mean values are chosen as the
measurement locatiozgand at the peaks at previous
scan(k— 1). We use the homoscedastic version until
the algorithm converges, because homoscedastic
gaussian mixture is generally quite stable. However,
we then make 3 more runs to get diverse covariances.
That is, we initialize with a homoscedastic gaussian
mixture. Then we invoke a heteroscedastic gaussian
mixture algorithm, such that the covariances can be
different [10].

Sep 5. Reﬁmpling

— Particles{w”, &, R} }y e are resampled ac-

cording to a Monte Carlo technique, so that each par-
ticle is resampled proportionally to its weight, while
preserving the total weight &g, which is computed

by,

N “+Nnew

3 ol
P are af-

After resampling, particleéo.)ki ,Eki ,Pé‘i&}iN:l
fected with equal weight.
— SetN =Np

Mk =

5. SIMULATION

In order to illustrate the performances of the EK-PFPHD fil-
ter, we consider a scenario in which an unknown and time
varying number of targets are observed in cluttered environ
ment.
set to 10 which is very weak to allow a possible real time
applications and compare the performances of the proposed
filter with the standard PFPHD filter in a critical situation.
Each target, with its state =
the state model given in (3) and (4) where

For the initialization stepl; is set to 50 andV; is

[Pei: Rrk; Pk Rl T, follows

[ AL

kal— |: 02 |2 :|
62 0 0 O
0 g2 0 0

_ y

Q=10 0 o o
0O 0 O 0\,2y

o) = | VT i

k(Xk, &) = + &
arctan(P”)

gorithm), we use

SN e M S 6D — ) (6 — )T

ZN +Nnew zm:l 5dm

Qm=

wherel,, and @, denote, respectively, thexnidentity and ze-
ros matricesA = 1 s is the sampling perioai = oy = 1Im
and oy, = gy, = 2(m/s) are the standard deviations of the
process noise. The additive noigeis with covariance ma-
trix
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whereg; = 150mandog = 1°.

Moreover, each target has survival probabily, = 0.99
and is detected with probabilifyh x = 0.98. Finally, the tar-
gets can appear with PHD of biry(x) = 10~ ’[/surveillance
region].

The detected measurements are immersed in clutter that ¢
be modeled as a Poisson RRgwith intensity

w

a

o
T

w
=]
=]

n
o
=]

Root Mean Square Error (RMSE)
= N
ol ol
o o

=
o
=]

Kk(2) = AcVu(2)

3
o

whereU (e) is the uniform density over the surveillance re- % 20 40 60 8 100 120 140 160 180 200
gion,V is the volume of the surveillance region, akg= Time step

12.5x10°%m~2 is the average number of clutter returns per

unit volume. Figure 3: RMSE on Target 2

figure 1 shows the true targets trajectories and their EK-
PFPHD filter estimates; figure 2 and figure 3 plot the RMSE
(in m) of the estimated trajectories against time obtained with  From figure 1, it can be seen that both EK-PFPHD and
50 Monte-Carlo iterations. Targets 1 and 2 are born at th®FPHD filters are able to track the two targets even after
same time but at two different locations. They travel alongcrossing. However, it can be seen from figure 2 and fig-

straight lines (their tracks crosshkat 150 s). ure 3 that the proposed filter is better than the PFPHD fil-
ter and thus fits better situations where real time execiugion
required.
16000
14000 - 1’«’1’%9;1 X O EKPF-PHD Estimate 1 6. CONCLUSION

12000} Pr-PHD Sstmae ] In this paper, we are interested to the multiple target irark

problem. We proposed a new EK- PFPHD filter that man-
] aged to improve the proposal distribution according to the
updated measurement. The later algorithm is able to track
multiple targets in high clutter density using a weak num-
1 ber of particles, it has the ability to estimate the number of
targets, track their trajectories over time, deal with miss
detections and operate with the issue of crossing targets.
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