This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

1

An Efficient Data-Driven Particle PHD Filter for
Multi-Target Tracking

Yunmei Zheng Student Member, IEEE, Zhiguo Shi,Member, IEEE, Rongxing Lu,Member, IEEE, Shaohua
Hong, Member, IEEE, and Xuemin (Sherman) ShekRellow, |EEE.

Abstract—In this paper, we propose an efficient data-driven computational complexity than that of the PHD filter [10].
particle PHD filter for real-time multi-target tracking of  From implementation perspective, a full sequential Monte
nonlinear/non-Gaussian system in dense clutter environmme. a4 (SMC) implementation of PHD filter, also called pagic
In specific, the input measurements are first classified into h . .
two sets, namely survival measurements and spontaneous thir PHD filter, was proposgd in [11], and _Closed fo.rm squtlons_to
measurements, after eliminating clutters by using existig historic theé PHD/CPHD recursions were derived for linear Gaussian
state data of targets. Since most clutters do not participa in the multi-target models in [12] and [13], respectively.
complex weight computation of particle PHD filter, better real- In addition to the PHD/CPHD filter, Mahler has proposed
time performance can be achieved. The tracking performance the Multi-Target Multi-Bernoulli (MeMBer) recursion as a
is also improved because the survival measurements are used . . . .
for survival targets and the spontaneous birth measuremerst are tractable apprOXIma_tlon to the.Bayes muItl.—target reqursin-
used for spontaneous birth targets, resulting in less intderence der low clutter density scenarios [14]. Unlike the PHD/CPHD
from each other and from clutters. Extensive simulations véidate recursions, the MeMBer recursion propagates (approxigjate
the improvement of both the real-time performance and trackng the multi-target posterior density, and it allows relialaled

2320rg:izgﬁev\fi’;:htTseptr&%?t?gga?a;ar;?gli;’eSHF??iil‘g'e? PHD filterin  jexpensive extraction of state estimates without clirsgein
P P : the PHD/CPHD filter.

Index Terms—Data-Driven Mechanism, Particle PHD Filter, The demands of “real-time” MTT have been increasing [15],
Real Time Performance, Tracking Performance [16], [17], [18], [19], [20]. Since the CPHD filter propagate
both the intensity of the RFS and the posterior cardinality
I. INTRODUCTION distribution [13], its real-time characteristic is intsinally

) ) ) not as good as the PHD filter. Although GM-PHD/CPHD
M ULTIPLE target tracking (MTT) is a very importanty 55 closed-form solution which makes it easy for real-time
technology for many industrial applications, such ag,njementation, its application scenario is constraingihear
automated surveillance [1], wireless sensor networks[#], Gaussian system. When comparing the PHD filter with the
[4], mobile robots [S], traffic monitoring [6], etc. Recentl \emBer filter, according to the modeling assumptions on the
the so-called Probability Hypothesis Density (PHD) filteda pyp fiiter [11] and the MeMBer filter [21], the PHD filter is
Cardinalized PHD (CPHD) filter which avoid explicit assomgre suitable for denser clutter environments. Thus, we con
ciations between measurements and targets have been widglk particle PHD filter as a good candidate for nonlinearn
studied for MTT problems. The idea of PHD/CPHD filter is5a,ssian MTT problems in dense clutter scenarios with high
to represent the targets and measurements as Random Fiifg time requirements. However, since the particle PHBfil
Sets (RFSs) and use fi_nite set statistics (FISST) to solve MTdT 5 kind of Sequential Monte Carlo approach, its computa-
problems under Bayesian framework. tional complexity is very high. Therefore, we are interdste
For the PHD filter [7], it propagates the intensity of the RFg, jmproving the real-time performance of the particle PHD
of states in time, the advantage of which is that it operatgger.
only on the single_-target state space and complete!y avoidssimilar to the particle filter [22], [23], [24], the particle
any data association computation. For the CPHD filter [§hpp filter mainly consists of three steps, namely, Genenatio
[9], it propagates the intensity of the RFS and the entit} particles (Prediction), Weight Computation (Update}l an
probability distr?bution pf t.he _target numbgr in time, whic Resampling (Resample). Specifically, Weight Computation
relaxes the Poisson distribution assumption on the numbgjnsists of a mass of complicated mathematical computation
of targets in the PHD filter at the cost of much highegng forms a major bottleneck of the traditional particle PHD
_ _ o processing. Since the measurements act as the only input
Copyright (c) 2009 IEEE. Personal use of this material isnpied. . . . T . .
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« First, we present a systematic analysis on the time delayFori =1, ..., Ly_1 + Ji, update weights
of the traditional particle PHD filter iteration. It is found ()
that the participation of clutters in Weight Computation oW = [1-Pp+ Z Vra(%;”) ) (4)
not only causes significant computation consumption but i rik(z) + Cr(z) | FIF1
also incurs tracking performance degradation. In addition

we also analyze the computational complexity of the . Liatdn (i)
Compute the total mas$V, = > %' """ w,” and es-

proposed particle PHD filter. ) N J
. Second, we propose an efficient data-driven particle PH{nate the number of target&Vy = rouno(Nk),L resam-
k

: X e (@) (@) j77 yLre—1+J i) /8

filter where all input measurements are classified infJ€e (x, @ /N o get {xl(cl)7wl(cZ)/_Nk}i_:1' and

two categories of survival measurements and spontanesescale (multiply) the weights bgv;, to get{x,(j), w,(j)}f:kl.

birth measurements respectively after eliminating the par

ticipation _of clutters. Both the re_al-time per_formance gng. Analysis of Time Delay

the tracking performance are improved, in comparison _. L . .

with the traditional particle PHD filter Fig. 1 shows the timing of operations for one particle PHD
. Third, extensive simulations show that the data-drivdfite" iteration. In the figure Npredic. Nupdate @nd Nresampleare

particle PHD filter has much better real-time performanége_ nhumber of cycles r((ajquwed forI_Generaglon of _Plartlcles,
and tracking performance in a progressive way. Welg_t Computa_ltlon an Resampm_g in the particle PHD
h inder of th ) ed as foll Secti iteration, respectively. The total cycle time of one paetieHD

e remainder of this paper is organized as follows. Sectiq@ ation is thenTpup = (Npredict + Nupdate+ Nresampid Tek.
Il presents a systematic time delay analysis of trad't'orWhereTc.k is the system clock.

particle PHD filter iteration. In Section Ill, we present our
data-driven particle PHD filter, followed by the performanc —_ ———— Generation of
evaluation in Section IV. We also discuss the real-timegrerf particles (K) particles(k+1)
mance improvement and tracking performance improvement
under different clutter density environments in Section V.
Finally, we draw our conclusions in Section VI. Resampling(k)

N

z€Zy,

Step 3: Resample

Weight computation(k)

predict NuEdale resanple

TPHD

II. TIME DELAY ANALYSIS OF PARTICLE PHD HLTER
A. Particle PHD Filter [11] Fig. 1. Timing of operations in the traditional particle PHier

As an approximate implementation of PHD filter, particle £, Fig. 1, both the Weight Computation and the Resam-
PHD filter is considered as a promising filter for MTT probyjing are the bottlenecks in the particle PHD iteration.c8in
lems. _the traditional resampling can not be pipelined with otheere

For anyk > 1, let L, and.J, denote the number of survival g4ions due to its sequential nature, it significantly oceaphe
particles and)spontaneous birth particles at imeespectively. processing time. Hence, the development of faster and more
Let_{xgj),w,(j et denote a particle approximation of PHDefficient resampling algorithms is vital to the implemeittat
at time k. The traditional particle PHD filter procedure canyf the particle PHD filter in high-speed applications. Since
be described as following three steps which are conductediins 5 distinguishing feature of all PHD filters that the fota
an iterative way, where details of parameter notation can W%ight of particles equals the total number of targets aheac

referred to [11]. Weight Computation, it is possible to develop a threshold-
Step 1: Prediction _ B based resampling mechanism to break the bottleneck of the
Fori = 1,..,Li_1, samplex\” ~ q(€",,Z) and sequential nature of traditional resamplings.
compute the weights of survival particles, For the bottleneck of the PHD Weight Computation, the
_G) () complicated computations in it limit the processing. The
~z(;\)k = Prjr—1(Xp ’kal)wl(f)l (1) Weight Computation is separated into three sub-stepst, Firs

the likelihood function between the position of each péatic

. and each input measurement is computed. Second, the prod-
Fori = Ly_1 +1,...,Li—1 + Ji, samplex; ~ px(-|Zx) uct accumulation between the likelihoods and the predicted

and compute the weights of spontaneous birth particles, weights is computed to get the Eq. (3). Third, update the

ar(x X\, Zs)

() weights of all predicted particles to get the updated weaight
“71(;)1@ = 1 Wk(’Fk ) (2) according to the Eq. (4). In other word, the Weight Compu-
k=1 gy, P (5<§j>|zk) tation step consists of a series of complex mathematical com

putations including multiplication, division and accumatibn,
and so forth. The computation time of each sub-step depends
on both the number of all particles and the number of all input

Step 2: Update
For eachz € Z;, compute

Li—14J measurements.
Ci(z) = Z U z(g](gﬂ)@l(cﬂl'l)c_l ©) Since the particle PHD filter exploits the idea of particle
i=1 filter as a feasible solution to solve PHD filtering, the tiagk
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performance of the particle PHD filter is proportional to thés the dynamical constraint for nearly constant velocitytioro
number of particles that is used to characterize the maitjet at timek. AT denotes the sample period.
posterior probability. However, the real-time performaraf

2
the filter is inversely proportional to the number of padil Aj;) /2 A192/2
used. Therefore, there is a trade-off between the trackémg p = AT 0
formance and the processing time by choosing an appropriate 0 AT

numerical value of the number of particles before the plartic

PHD filter is used to tracking multiple targets, i.e., theg@o is the input matrixx, = [z v, y wv,]} is the target state
values of L, and.J, should be determined. We introduce the&ector at timek. (z,y), and (v,, v, )i, represent the position
criterion “lost tracking ratio” for determining the numbef and the velocity of the target in Cartesian coordinatesa ki,
particles, which is exactly defined as the ratio of the numbeespectivelys, = (&.,&,)7 is the vector of input white noise
of tracking lost runs and the total number of Monte Carlwith zero mean in Gaussian distribution wigh ~ N (0, Q).
(MC) simulation runs. Herein, one tracking lost run means, The measurements originate from either targets or clutters
in a single MC simulation run, the number of targets iFhe target-originated measurement equations are
wrongly estimated fo6 consecutive moments. Generally the

lost tracking ratio decreases rapidly with the increasehef t T = Hka - [ s ]H + wi (6)
number of particles. However, it tends to decrease graguall Ys

with the increase of the number of particles when the number 0 1 0] xp+ys
of particles becomes large enough. In our exampleg of 0 = arctan 100 0 ] n +wa  (7)
the total number of particles are available, ifg,,= 1024 and [ Xk T s
Jr = 1024. 1 0 0 0
On the other hand, several measurements may be availdeereH 1o 0 1 0

at each time step, and each measurement may be generatgthe sensor is located at,,y,]”, and the measurement
by survival targets or spontaneous birth targets or clsitféor noisesw; ;, andws, ;. are zero-mean Gaussian white noise with
the traditional particle PHD filter, obviously the partiaifon mutually independent standard deviations.

of clutters in the Weight Computation will not only lead

to a high processing delay, but also inevitably has so
negative effects on the estimation results of the survaaets ) o
and the spontaneous birth targets. Also, the measurements ¢Or our tracking task, the measurement at timé not a
spontaneous birth targets in the update of survival tampets Single measuremen, but a measurement si,. Each mea-
dramatically decrease the estimate quality of survivajets, Surementmay be generated by survival targets or spontaneou
and vice versa. Hence, we present an efficient data-drivaifth targets or clutters. In the traditional particle PHIefi,

particle PHD filtering. Computation to update the weights of each particle. However

it will incur heavy computational time delay because of the
participation of all input measurements. In addition, wities
IIl. DATA-DRIVEN PARTICLE PHD HLTER spontaneous birth measurements are taken into accourg in th

In this section, we describe our data-driven particle PHbO?atet of sulr_;nva]! targgtsl, tlt ma;y dradma_ltlcally dec_;z:se th
filter in detail. Concretely, we first give the target traakin estimate quaity of survival targets, and vice versa. &

model, present our data-driven mechanism, and then apely we present a data-driven mechanism to improve the progessin

data-driven mechanism in the particle PHD filter togethéhwi tlmTe by Iclastilfylnr? tlre mpu'; rg_e?sure_n;]gnts. s of
analysis of time delay and computational complexity. 0 solve the challenge of distinguishing measurements o
survival targets from spontaneous birth targets, the atibad

gating technology is designed. The validation region isduse
A. Bearing and Range Tracking Model to reduce the number of candidate measurements to a value
that can be reasonably associated with the predicted target

For most tracking systems, the target state is modeleddfyie The validation window based on the concept of silst
Cartesian coordinates and maintained in a reference fraate Histance is given by

is stabilized relatively to the location of the platform. erh ~ ~
dynamical equation that is commonly used to represent the A2, otistical = ZfSk_le (8)
motion of the target relative to the platform is given by

"B Data-Driven Mechanism with Gati ng Technique

where Z,, is the measurement residual vector (i.e., the dif-
(5) ference between the measurement and the predicted location

Xpt1 = Frxp + T, X ) X : )
at time £ and S;, is the residual covariance matrix. The

where residual covariance matrix is the sum of the covarianceirmatr
1 AT 0 0 of the measurement error and the covariance matrix of the
0 1 0 O predicted measurement. A measurement is accepted as a valid
Fr=109 0o 1 AT measurement if
0 0 0 1 dgtatistical S A (9)
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The parameterh denotes an appropriate threshold. Each c). Obtain the spontaneous birth measuremept ac-
measurement satisfying the expression is assumed to be ¢beding to Eq. (13): the spontaneous birth measurements
reasonable candidate for association with the given track. are extracted by comparing each possible spontaneous birth
As a result, a reasonable measurement associated with tieasurement with the initial position of the spontaneous
i-th survival target’s predicted position is defined as feBo birth targets, and the remaining measurements are regarded
as clutters, which will not participate in the update of the
. 10y Particles. While no spontaneous birth target appears, thiely
min((zy 41 o — HFxL)? x Z (zk11,s — HFX}))) survival measurement,;, are obtained.
- . v o Step 2: Prediction
where HFx;, is the predicted location for the particlg, , ,, Fori = 1,... Ly 1, samplexk N Qk('|)~(](jll7zk) and
and zyy; s is the s-th measurement in the s&; ;. The compute the predlcted weights
measurement set of survival targets is defined as the union

of all survival measurements, i.e., e or k_l(i(’),x(? )
Oy = ek TR0 (14)

Z;c+1 = (Zht1s

N klk—1 — ~ (% i
. Ny y ! qk(xé)|x§€zl,z )
Z1 = 2 (11) | .
im1 Fori =Ly +1,...,Ly—1 + Ji, samplex;’ ~ pi(-|Zy)

Then, the residual measurementZgt ; for spontaneous birth and compute the predicted weights

targets is defined by drawing the survival measurements out 20 1 7(5(](;)) (15)
of the setZj: Wk—1 = 7. )1y ~

k+1 B ) | Jie Pk(xl(g)|zk)

Zi1 = L1 — L (12) Step 3: Update .
When no spontaneous birth target appears at fimel, the ~ For survival targets, for each< Zy, compute
setZj1 consists of all clutters. On the contrary, when there Li—1+Jx
is a spontaneous birth target in the scene, the corresppndin Z Vroz (J> u,](:l])g ) (16)
measurement is included in the &t ;.
Under the assumption that only one target appears spong .. ¢ survival partlcles update welghts
taneously at each time step, lei;, ; be the measurement
which is the nearest one to the position of the mean of the ¢ %{ .
. . =) _ kz k ~ (1)
spontaneous birth targets, i.e., wy, —Pp+ Y re(2) + Cul )] k-1 17)
zG~

Bty = (@t (121, — HE])) (13) At time stepk = 1, this sub-step can be ignored.
where|zy,11,, —HX]| is the Euclid distance between,; and  For spontaneous birth targets, e 2, j, compute
HX. zj,41 5 is thes-th measurement in the s&j,,. The mean
of the initial state distribution of spontaneous birth &tris
X = ("W, vheW YW, ”e"")T The superscript “new” denotes Z Vha( (J) wl?ll)g 1 (18)
spontaneous birth targets.

Note that the above data-driven mechanism can be appliedor i € spontaneous b|rth particles, update weights
when the two assumptions hold: (1) the target maneuvering is (i)
not too abrupt; and (2) the sample peridd” is not too large. u}]g) [1—-Pp+ Z - Wk, Z+Xg )( )]vvul(j‘)ki1 (19)
k k
+

Z=2ZK 41,5

Ly_1+Jg

C. Data-Driven Particle PHD Filter When no spontaneous birth target appears, this sub-step can
With the above data-driven mechanism, our proposed dake ignored.

driven particle PHD filter is described as follows. Step 4: Resample ‘
For a set of arriving measurements in the particle PHD Compute the total mas®;, = ij{ﬁj’“ ﬁ;,(j) and es-
iteration at timek, the first step is to derive the survivaltimate the number of targetdV, = rouno(Nk) resam-

measurements and the spontaneous birth measurements, jge-{ x| @) ~(z /N }Lk 1k 1o get {Xk 7wk)/Nk}z ., and
spectively from all the input measurements.

Step 1: Data-driven Mechanism

a). Obtain the survival measuremetits according to Eq.
(10): the survival measurements are extracted by comparfigAnalysis of Time Delay and Computational Complexity
each input measurement with the predicted position of eachin the traditional particle PHD filter, all the input measure
target. At timek = 1, no survival target is considered, i.e.ments in the seZ;; and all particles have to be considered in
only one spontaneous birth measuremenj is obtained at the Weight Computation of all predicted particles. In théada
the first time step according to Eq. (13). driven particle PHD filter, since targets are modeled into tw

b). By substracting the survival measurements from allinpoategories: survival targets and spontaneous birth wrgets
measurements, the possible measurements for the sponsanath the measurements are classified into survival measuresme
birth targets are obtained according to Eq. (12). and spontaneous birth measurements correspondinglyetienc

rescale (mult|ply) the weights bi¥;, to get{x,(g , W )}
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the PHD weight computation is carried out on survival mea-  1,g
surements and spontaneous birth measurements, respective

For survival targets, the processing time depends only en th ~ 100;
number of survival particles and the number of the survival
measurements. At time stép= 1, this sub-step is ignored. For
spontaneous birth targets, the processing time depengsonl
the number of spontaneous birth particles and the number of 2
spontaneous birth measurements. When no spontaneous birth 4o}
target appears, this sub-step is ignored. The furthertsesiil

m— frue track
O traditional PHD | -
Y proposed PHD

801

60+

Y location

the quantitative analysis on the improved computatiomaéti 20¢
are presented in the Discussion and Extension Section. 0 ‘ ‘ ‘ ‘ ‘ ‘
According to the analysis, the computational complexity of 60 80 100 120 140 160 180 200

data-driven mechanism step in the data-driven particle BHD X location

ter at timek+1 is O(]Yk|Yk+1 ), which is much lower than that ¢ 5> Egtimated trajectories and true trajectories
of an earlier data-driven mechanisi{ (L, + Jx+1)|Yi+1]) in

[25] that is carried out by designing the importance funtsio »00

and correspondent weight functions for survival and sponta rue rack
i S O traditional PHD
neous birth targets. g 150 2 F:fo;ézre\z PHb
Q .
IV. PERFORMANCE EVALUATION = 10016

A. Smulation Setup 505 10 ‘ 20 20 20

To validate the proposed data-driven particle PHD filter, Time step
scenarios are generated according to [11], and targets can_
appear or disappear in the scene at any time. The probability £ 100 %88g
of target survival isey,—1(-) = 0.95 and no spawning is 8 sol
considered for simplicity. s

Each spontaneous birth target has initial state distdbuti % % 25 20
according to a Gaussian distribution with mean and coveean Time step

X = [1007” 3m/s 100m - 3m/5]T (20) Fig. 3. Estimated positions and true positions in thandy directions

Q. = diag[10m? 1(m/s)* 10m? 1(m/s)?*]) (21)

The number of target births follows a Poisson distributioft€PS: It is clearly seen that the estimated measuremests ar
with an average rate df.2 target per scan. closely related to the true tracks, and most of the cluttegs a

For comparison, the results of tracking three maneuverifiminated which will benefit a lot to the tracking perfornean
trajectory using the traditional particle PHD filter are prefTOM Fig. 4, it can be incurred that the proposed data-driven
sented to evaluate the performance. For simulation pammetmeChan'Sm is very effective to distinguish the survival mea
the sampling interval ISAT — 1; the process noises areSurements and spontaneous birth measurements from slutter
oe, = 0.8,0¢, = 0.08, respectively; the probability of
detection is Pp(x;) = 0.98; the measurement errors are 300

. ) TAA ‘ A ‘ true tracks
Ow, = 2.5,04,, = 0.005, respectively. Clutters are uniformly 250! A An N A A allmeasures
distributed over 800m x 100m rectangle region. The number A WA *_estmeasures
of clutter points per scan is Poisson distribution with an 2001 A A

average rate of = 10.

3
b
>
>
g
>
%
>
>

B. Smulation Results

Y location
»
% >
(S
>
£
B
R
[
>
> D>

The true trajectories o3 tracks overd0 scans are plotted 50y
nFig.2 p S Y -
in Fig. 2. ol * 2
Fig. 2 also shows the positions of the estimated targets
superimposed on the tracks over 40 time steps atthe meantime % o 50 100 150 200 250 300
The individualz andy coordinates of the tracks and estimated X location
targets for each time step are shown in Fig. 3. It can be seen _ . .
. " e Fig. 4. Estimated measurements superimposed on the trackslainput
that estimated positions based on the traditional parB&l® | iasirements
filter and the data-driven particle PHD filter are similar and
they are all close to the true tracks at a single MC trial. It was proposed in [26] to use the Optimal Sub-Pattern
Fig. 4 plots the estimated measurements superimposedAssignment (OSPA) as a multi-target miss-distance metric,
both the input measurements and the true tracks over 40 tinee, the error between the estimated and true state. Cauipar
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with the former Wasserstein distance metric [27], the OSPA 8 ,
distance jointly captures differences in cardinality andi —6— traditional PHD
vidual elements between two finite sets in a mathematically —%— proposed PHD

consistent yet intuitively rr;eaningful way. ?‘S
. —(cC . . )
The OSPA metric dp is defined as follows. Let Zr pee@Qy GocePer
f M ) wm..aua;ealﬂHHl*‘z

d)(z,y) := min(c, |z — y||) for z,y € x, andII; denotes
iy

b

the set of permutations of1, 2, ..., k} for any position integer
k. Then, forp > 1, ¢ > 0, and X = {z1,...,2,,} and
Y ={y1,..,yn} in F(x), if m <n,

N

Average OSPA distance
N

1

m D 0
=(c) 1 . 0 10 20 30 40
d, (X,Y):= (ﬁ <,}2§1n Z d' (a, Yr (@) + " (n — m))) Time step

i=1

. —(¢) —(e) . (22) Fig. 6. 5000 MC average OSPA distance versus time
and ifm >n, d,” (X,Y) :=d,’(Y,X);and ifm =n =0,
Ez(,c) (X,Y) = Ez(,c) (Y,X) = 0 . This distance is interpreted TABLE |
.. COMPARISON BETWEEN THE TRADITIONAL PARTICLEPHD FILTER AND

as ap-th order per-target error, comprisingpath order per- PROPOSED PARTICLEPHD FILTER

target cardinality error. The order paramegedetermines the

sensitivity to outliers, and the cut-off parametedetermines Filter algorithm | Average OSPA | Comput. time (s)
the relative weighting of the penalties assigned to cafitjna | _raditional PHD | 4.3052 2.8231

and localization errors. According to the analysis in [26§ Proposed PHD | 2.1709 1.5145

choose the parameteps= 2 andc = 20 in our simulation.

on a Core 4 Duo 2.40-GHz workstation with 24GB RAM for

g4 oo both filters with the clutter density of = 10.

g R From Table I, the average OSPA distance of the data-driven
“qg: 2t €0 o particle PHD filter is2.1709, and that of the traditional particle

g O taditional PHD PHD filter 4.3052. It is proved that the tracking performance
20 * _proposed PHD of the data-driven particle PHD filter is much better thart tha

0 10 20 30 40
Time step

of the traditional particle PHD filter in terms of localizaui
and cardinality error. From the theory aspect, it is because
that all input measurements are explicitly classified into t
categories of survival measurements and spontaneous birth
measurements after eliminating most of the clutters, so the
survival measurements are only used for updating the salrviv
particles and spontaneous birth measurements are only used
Time step for updating the spontaneous birth particles in data-drive
Fig. 5. Estimated number of targets and multi-target mistdce of the data- particle PHD filtering. . .
driven particle PHD filter implemented in MATLAB: (a) Estieal number On the other hand, for the average computational time, both
of targets versus the true number of targets, (b) Multigargiss distance  filters run 5,000 MC trials and their computational time are
_ _ ) recorded. Then the average time is computed. From Table |,
Fig. 5 plots the estimated targets against ground truth iincan pe found that compared with the traditional particle
terms of target number and OSPA multi-target miss-distanp@ip filter, the data-driven particle PHD filter has faster
at each time step. It can be seen that the data-driven F@artﬁocessing rate, that i€.8231 — 1.5145)/2.8231 = 46.4%.
PHD filter has better tracking performance than the tranéio The main reason is that the data-driven particle PHD filter
particle PHD filter. And multi-target miss-distance exk8bi gjscards most clutters in the Weight Computation. Moreover
peaks at the instances where the estimated number is iotorrg,e processing time of data-driven particle PHD filter wainy
When the estimated number of targets is correct, the OSRfyre improvements when the clutters become denser in the

miss-distance is relatively small. ~ scene, which will be discussed later.
Fig. 6 shows the 5000 MC average of the OPSA distance

for p = 2 andc¢ = 100, which provides a natural and intuitive
interpretation of the OSPA metric in terms of localizatiorda V. DISCUSSION AND EXTENSION
cardinality error. Note that in terms of cardinality errtie A, Real-Time Performance Improvement

OSPA distance demonstrates a small pulse once the numb
of targets varies. From the figure, it is clear that the daieed
particle PHD filter achieves a lower error than the tradiion
particle PHD filter.

OSPA distance

eIro evaluate the real-timeness, we define the Real-Time Per-
formance Improvement (RTPI) between the traditional PHD
filter and the data-driven particle PHD filter as:

Table | gives the 5000 MC average OSPA distance and the trra — T

DD
5000 MC average computational time in MATLAB R2007b RTPI= TTRA x 100% (23)
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wherettra andipp are the5, 000 MC average computational VI. RELATED WORKS

time in the traditional particle PHD filter and the data-€1v |, recent years, there are some related works on improving
particle PHD filter, respectively. The RTPI of the data-dnv 0 computation efficiency of PHD filter by using gating

particle PHD fiIter_ is plottgd in Fig. 7. Itcan be seen Fhat thfechniques. In Ref. [25], Wang et al proposed a data-driven
proposed data—_dnv&_an particle PHD f|!ter gains better.tlaﬂad,l mechanism for imaging MTT problem by designing the im-
performance with higher clutter density. The reason isth@t o tance functions and corresponding weight functionsrahe
Weight Computation is simplified as most of the clutters ar&ating technique is used for classify the particles. In R,

eliminated from all the measurements. Even when the Clutighang et al. developed a method of reducing the computdtiona
density is at an average rateof= 0, the data-driven particle ¢ost of Gaussian mixture CPHD filter by incorporating the

P_HD filter can gair.3% real-time performance improvemente"iptica| gating technique, where a gating validationioegs
since all the measurements are treated separately. Beﬂm*s%roposed and evaluated. In Ref. [28], Swain et al. presemted

participation of clutters occupies much processing imé®  irst_ moment recursion for a single-group filter and an diese
Weight Computation, the proposed data-driven mechanism Ggym solution under linear-Gaussian assumptions, where a

benefit the real-time industrial applications. gating technique is used to select the parental targets. In
Ref. [29], Macagnano et al. studied multitarget trackinghwi

£ 80 the Gaussian mixture PHD and CPHD filter and proposed a

§ - 9/9__-9/9"‘9 novel vyeighted gating strategy that is adaptive to enviremm

2 60 & tal settings.

£ /2 The main idea of gating in these works are similar, i.e.,

Q — . . .

§§ 20 /‘ classify either the particles [25] or the measurements, [10]

% S / [28], [29] for different types of targets based on differeac

< / between measurements and state estimates. For our paper, th

g 20 main differences are described as follows.

I c/ « To the best of our knowledge, it's the first time that we

S T X . :

€ O s 10 15 20 25 30 35 a0 45 50 propo_sed hovx_/ to use data dnve_n mechanism with gating
Clutter density technique to improve the real-time performance of par-

ticle PHD filter for multi-target tracking nonlinear/non-
Fig. 7. Real-time performance improvement versus clutéersity Gaussian system in dense clutter environment.

« The process of selecting measurements for survival and
spontaneous birth targets is different; first, we select
B. Tracking Performance Improvement the measurements for the survival measurements; then,

In Fig. 8, the 5000 MC average of the OPSA distance (time- oM the remaining measurements, we select the proper
averaged over the whole tracks) for the traditional patici ~Measurements for the spontaneous birth targets; mean-
PHD filter and the data-driven particle PHD filter are shown  While, the clutters are also eliminated. Another differenc
versus clutter densities from 0 to 50. As expected, the OSPA Petween the proposed method and existing ones is: be-
distance increases with the increment of clutter densitynF cause we select the measurements that are nearest to the
the figure, it appears that the proposed data-driven partici €XPected positions, and consequently no specific gating
PHD filter has much better performance than that of the tradi- €vel is required. _ _
tional particle PHD filter. That is because that the dataeari !N €xisting gating related techniques for multiple target
mechanism tries to distinguish the survival measuremerds a  tracking, the reduction of the computational complexity

spontaneous birth from all measurements in the scene. depends on the volume of the validating gate. In the
proposed method, the reduction of the computational

complexity is independent on the gating threshold and

12

S — ‘ 3/@/") the clutter density. Thus, the real-time performance can be
o 1015 "?O 't(')osr; ';:[é -~ significantly improved, especially in case of dense clutter
g prop // environment.
2 8 / « In the proposed data-driven particle PHD filter, because
g . A of the weight update scheme proposed, the tracking
8 7 i/A/A performance are also improved, especially in dense clutter
% a ;/A/A/ environment. This is different from other gating based
3 /c/ 5/45/‘ techniques which will generally degrade the tracking
< % performance to some extent.

% 5 10 15 éﬁmerzgen;’i’g 85 40 45 50 VIl. CONCLUSION

In this paper, we have proposed an efficient data-driven
Fig. 8. Time-averaged OSPA distances for varying cluttersite particle PHD filter for real-time multi-target tracking dpp
cations. The novelty lies in the data-driven mechanism, by
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which the input measurements are classified in the Weighé]
Computation. Since the participation of clutters is elimi-
nated, the data-driven particle PHD filter gains better-regj
time performance with higher clutter density. The tracking
performance can be improved as either survival measurement

are used for updating the weights of survival particles,her t

(18]

Z. Wang and D. Gu, “Cooperative target tracking conwblmultiple

robots,” |EEE Transactions on Industrial Electronics, vol. 59, no. 8, pp.
3232-3240, 2012.

P. T. A. Quang and D.-S. Kim, “Enhancing real-time defiy of gradient
routing for industrial wireless sensor network&ZEE Transactions on

Industrial Informatics, vol. 8, no. 1, pp. 61-68, 2012.

C. Tran and M. Trivedi, “3-d posture and gesture rectignifor inter-
activity in smart spacesJEEE Transactions on Industrial Informatics,

spontaneous birth measurements for updating the weights of vol. 8, no. 1, pp. 178-187, 2012.
spontaneous birth particles. The data-driven particle Bl

has been demonstrated to be feasibly adapted to eliminate

[19]

Z. Liang, S. Feng, D. Zhao, and X. Shen, “Delay perforosanalysis
for supporting real-time traffic in a cognitive radio senswtwork,”
|EEE Transactions on Wireless Communications, vol. 10, no. 1, pp. 325—

clutters generated by common targets detectors and dense 335, 2011.

clutter environment. In addition, it is possible to exteme t [20] L. Wu and D. W. C. Ho, "Reduced-order [2-l1filtering of #ehed
proposed measurement-driven mechanism to CPHD filtering
and MeMBer filtering, which will be discussed in the futurg21]
work.
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