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ABSTRACT variable to indicate whether a track is active or inactive, and
hence estimates the number of active tracks. This approach,
however, imposes a bound on which the maximum targets

multitarget tracking and detection using sequential Monte can be estimated, which may be an unrealistic assumption
Carlo (SMC), or particle filtering (PF) methods. The pro- for real-life applicetions

posed approach is applicable to nonlinear and non-Gaussian In this paper, we present a SMC-based method for joint

hmoo(;j del\?vrfg:et?r?e tear:\?i?;ndrxreimlsfhg?;ctrgrie;:;rberE(ienr: C':E?t“érmultitarget detection and tracking algorithms for a single
rate z:md low detection probability. The numbeyr o?tar ots observer, but can be readily extended for multiple observers.
P Y- 9815 14 estimate the number of targets, we first locate the regions

is estimated by contlngously monitoring the events bem_g of interest (ROIs) in the surveillance region which indicate
represented by the regions of interest (ROIs) in the surveil- here some events of interest may have happened, includ-

lance region. Subsequent to target detection, the sequentiq g the motion of true targets or spurious objects. Depend-

o e o 19 he prsisiece s vt reocaid, ey rc-
’ | 9 Ipose to execute either a track initiation, removal, or main-

grer}]tgl(:tjicfr?; zria;jsf?:iﬂf;gﬁgggterizsfsilignanfg\%ﬁf; tenance, respectively. With an estimated number of tergets,

the performance of the proposed approach e.che a_pproech recursively _e_stlmates the _target state, in con-
' junction with the very efficient and flexible 2-D data as-

signment strategy [1, 2, 12, 13, 14], which computes a set

In this paper, we present a simulation-based method for

1. INTRODUCTION of feasible measurement-to-target assignments using a con-
strained optimisation approach.
Multitarget tracking (MTT) [1, 2] using one or multiple sen- The paper is organised as follows. In Section 2, we in-

sors that deals with the multitarget state estimation of mov- troduce the general state-space model for the MTT prob-
ing targets may find applications in radar and sonar basedem, and discuss the data association problem. We then
tracking of objects, for example. Online joint multitarget formulate the likelihood functions for the observations, and
detection and tracking remain a challenging problem, espe-introduce the necessary prior functions for the parameters
cially when the environment is hostile with a high degree of of interest in order to construct the posterior distrubution
clutter and a low target detection probability. function. In Section 3, we briefly present the general SMC
Recently, the sequential Monte Carlo (SMC) methods framework and the sequential importance sampling filter
[3, 4, 5], otherwise known as Particle Filtering (PF) [6, 7], for state estimation. Computer simulations are presented
have drawn attention in solving the MTT problem, since in Section 4, followed by the conclusions in Section 5.
these methods are able to perform well even when the data
models are nonlinear and non-Gaussian. The Probability
Hypothesis Density (PHD) filter [8, 9, 10] is proposed to
estimate the number_ of targets by modelling_it asa ran(_jomz_l_ State-Space and Dynamics
set. Its performance in terms of target detection and estima-
tion is, however, significantly degraded when the environ- Let ¢, £ {x;, K;} be our primary parameter of inter-
ment is hostile [11, 12], and target identity is not preserved est in question, where; = [m{t, ey w%t]T is the com-
[11]. Existence JPDAF (E-JPDAF) [11], an extension of bined state vector fof; unknown and time-varying tar-
the JPDAF to the SMC framework, introduces an existencegets. The state evolution equation for thtéh target is

2. DATA MODEL



Lkt = f(wk’tfl) + Vi ty k € {17...7Kt}, Wheref('),

which models the maneuvering of the target, can be a lin-

ear or nonlinear function. The noisg, ; is a zero-mean

by \; = (a¢, N¢,,Np,), which is a stochastic variable
[16], with the knowledge off;. The vectora;, € TM:
is known as the association vector, whos¢h element

random variable with a fixed and known covariance matrix is o, = k if y,, , originates from target; otherwise

3.,
K, = K;_1 + ¢€k,, Whereeg, is a discretéid random vari-
able such that
Pr(EKt = —1) = hd,
Pr(éKt = 0) =1—hy —
Pr(GKt = 1) = hb,

ha, (1)

whereh;, hq € {0, 1}, implying that the number of targets

The number of targets is stochastically modelled as «,,,, = 0. The quantitiesVc, and Np, are the number

of clutter measurements and detected targets, respectively.
Given the association hypothesis the likelihood for the
observationy, becomes [16, 17]

V—th H p(yl,t ‘waz,t;t)’
l€Ip

P(Yelpe M) = (4)

whereZp is the set of observation indices corresponding

can change by no more than one at a given time. In gen-to the Np, detected targets, andy, ,|z., ,.:) is the likeli-

eral, we sety = h, = h/2, whereh € {0,1}, but when
K;_1 =0, we sethy; = 0 andh, = h. Assuming that all

hood function for measuremehtlue to targety; ;.

targets are moving independently according to Markovian 2.3. Association Prior
dynamics [15] and that they share the same dynamic model

f(-), we have the following joint dynamics fqs,

= p(@, Ki|xe—1, K1),
= p(@i|@e—1, K¢, K1) p(K¢| Ki—1),

p(eilpi—1) @)

where the dynamic prior function fat; is given by
p($t|$t71a Kt7Kt71)

if Ky
if Ky
if Ky

=K1+ 1,

= thh

= thl - 17
®)

with po(xk, 1) being the distribution function for a new tar-

get andk* being the target to be removed. The quantity
p(K¢|Ki—1) in (2) is the prior distribution of<;.

K,
po(r,.t) [Tl P(®ktlTr 1),
[T, p(@pilrs 1),

Ki—1
| Kk~ P P(®k t|Th,e—1),

2.2. Observation Model and Likelihood

We consider a single observét,, y,), whose position is

known at every instant, scanning within the surveillance re-

gion Ry with vqumeV Denoting an observation vec-
tor by y, = [ylt,. ,ny |7 with M, independent ob-

Here we follow the definitions in [16] for the association hy-
pothesis\; = (a4, N¢,, Np, ), whose prior function, con-
ditioned onK, has the following hierarchical structure

p(/\t|Kt) = p(at|Kt,NCt7NDt)p(NCt)p(NDt‘Kt)v )
-1
wherep(a| Ky, N, Np,) = (Jf,‘gt) (K,f{ifv'm)' gives

the prior of the number of valid hypothesigs(Ng,) =
(Ac)Ner exp(—Ac)/Ne,!, a Poisson distribution, is the
prior for N¢, with a fixed and known expected valug-,
andp(Np, |K.) = (4 )P (1 — Pp)Xe=Nru is the bi-
nomial prior with a f|>§ed and knowrPp, target detection
probability, shared by all targets.

3. SEQUENTIAL MONTE CARLO METHODS

Let the posterior distribution function g, be

p(Pely1e) 0<p(yt\%)/p(%l%q)p(%fllylm)dcptfu
(6)

servations, we assume that the measurements may origWherep(y,_;|y,.._1) is the posterior distribution at— 1,
inate from true targets or from clutter, and that each of andp(¢,|¢, ;) is the prior in (2). The notatio); ., indi-
the true targets can generate at most one measurement &etes all the elements from time 1 to timeThe recursion

a given time but may go undetected. If theh measure-
menty,,, , originates from théth target, it follows [15] that
Ymi = 9(Tp 1) + W e, m € {1,..., M}, whereg(-) may
be a nonlinear function and,, ; is a zero-mean random
variable with covarianc&,,. If, on the contrary, the mea-

surement is due to clutter, we will assume it to be distributed

uniformly overRy, .
To properly deal with the data association problem, i.e.,

measurement-to-target assignment, prior to target tracking/ASsuming that a set av particles{¢p|"

we denote aneasurement-to-target associatibppothesis

in (6) is initialised with some distribution, sgy(¢,) =
p(xo, Ko). Once the sequence of filtering distributions is
known, statistical inferences, like expectation, maximam
posteriori(MAP) estimates, and minimum mean square er-
ror (MMSE), etc., can be computed.

3.1. Sequential Importance Sampling (SIS)

N | and associ-
ated welghts{wt 1}N1 apprOX|matep(<pt 1Y1:-1), We



sample a set of new p;:\rticle{s,of)}f‘;1 from a proposal
D~ qle,let”,,yy.), and associated weights

function ¢;
( ) may be updated as follows

W Po(ylet”) <¢>§”|¢<21>

(‘Pt|‘Pt 1 Y1)

O

Wy

N
) Zwt(t) -

i=1

@)

Wherep¢(yt|<p§i)) is known as the marginalised likelihood

and given by

Pyt A (A Ky,

2.

X(i-j)emt

Pe(yelet”) o

®)

where\(%) is thejth feasible hypothesis of thi¢h particle,

and 2, is the space occupied by all feasible hypotheses.

The parucles{cpt )} v, with the welghts{wt } v, arethen
approximately distributed according p0p; |y .;)-

3.2. Importance Sampling Function

Here we present a choice of importance sampling function

o

~ q(cpt|cp§i_)1, y1.+), which may be expressed as
(mt‘mf 1’Kt(l)7Kt(Z—)17y1:t)x

Q(Kf/‘Kt(—)lv yl:t)a

(‘Pt|‘Pf Y1) = )

The choice qu(wt|w§i_)1,Kt(i),Kﬁ)1) depends on the
value ofKt(i), indicating which move is selected. When
track maintenance is proposed, &\ = K, = KO,
we sample:cii) according th(mt|x§i_)1,Kt(i),Kfi_)l)
p(mt\miél,kﬁ)), which is the dynamic prior Withf(t“)
targets. When the death move is proposed, K—;(.i,) =
Kt(i)l — 1, where target* € {1, ...,Kt(i)l} is selected for
removal, we first kill all the particles corresponding to that
target, and then sample the remaining targ}étf_@1 — 1tar-
gets via the track maintenance move. Finally, when the birth
move is proposed, i.eKt(i) = Kt@l + 1, we first initialise
the target state of the initiated target, followed by the track
maintenance move for the existirﬁ(iﬁ)1 targets. For the tar-
get initialisation, we may sample uniformly from the mea-
surements ofy, that are within the region of interest, for ex-
ample. The following schema briefly summarise the steps
in the birth and death moves.

Birth Move

. Assume that an unassociated ROl whose persistence
is the largest is selected for initiation, s&y, which
consists of a buffer of measurements clustered over a
period of time [12], we initialise the particles for the

new track, fori € {1,..., N}, byﬁcff) ~ q(Zo|Sy).

. Sample thé(t(i)l tracks:igi) ~ q(it|w§i—)l7Kt(i)1)-

where the terms on the right-hand side are the proposal

functions forz; and K, respectively.
In this paper we only briefly describe the idea of the tar-

get detection method. For details please refer to [12]. We
first use an observation clustering algorithm to locate the

ROls, given a buffer of observatiody, }!,_, ., wherer

is the buffer size. Each ROI is a cluster of observations
collected successively that may have originated from a true
target. Associating these ROIs with the existing tracks, we
may propose a birth (death) move if an ROI (a track) cannot
be associated with a track (an ROI), or a maintenance move
otherwise. For instance, if an event is being represented by

a set of ROIs found at different times, we may initiate a new
track. Likewise, if a track has failed to be associated with

an observation over a long period of time, we may drop this

track. If all ROIs found can be associated with the existing

tracks, a maintenance move is used instead. Accordingly,

we maydeterministicallyobtain an estimate of the number
of targets, say; = K*, with probability one. Since all
particles are to share the same valuelqf the proposal

function q(Kt|Kt(i)17y1:t) is not applicable in this paper.

From this point onward, as we intend to remain the nota-

. Insert the particles to form an augmented state vector
@) _ 17®F ~0)T7
x =[xy ,xy |
. Increment the number of targetch,ii) = Kt(i)l +1.
Death Move

Assume that track* has failed to associate with a
measurement for a period of time, we will remove

this track as well as its particlese {1,...,N}, i.e.,

~ (%) R ()" ()" Ok

Ty = s By Ty 1 Kf?l,t—1]T'
2. Decrement the number of targetsiy” = KV, —1

3. Sample thé(t(i) tracksﬁ:ﬁi) q(x |wt 15 K( ), and
thenz” = &7
[ |
Finally, g|ven<p§ 2 andy, we employ the efficient 2-D

tion K(i) intact in the subsequent development, the particles data assignment algorithm [1, 2] to compml{i) feasible

{K( *, will share the same value.

association hypotheses, i. e(“ € 2, and the associated



600 ‘ o,Ac, N P()(%) P1(%) RMSE (1-0)

= i | [1°,25],3,5000 | 100.0 | 100.0 | 13.2(3.4)

= ke [1°,40],3,5000 | 100.0 | 100.0 | 16.0(2.6)

\ — ek 2°,25],10,5000 | 95.0 | 100.0 | 185 (4.3)

[2°,40],10,5000 | 85.0 | 100.0 | 22.4(3.0)
[
[

I,
5°,25],15,5000 | 67.0 | 100.0 | 28.8(8.2)
5°,40],15,5000 | 64.0 | 100.0 | 33.1(7.6)
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69 Table 4.2 Evaluation results witl, = 20 runs for differ-
ent values ofo and A, where P, is the number of true

ool ] targets out of total number of detected tracks, &nds the

probability of true targets correctly detected, respectively.

-600-

-1000 q

~1200 L L L I
-1000 -500 0 500 1000 1500

8 T T T

T
— True number of targets
- number of targets

Fig. 1. Synthesised targets withiRy = [—1000, 1500] x T o ]
[—1200, 600). |
Parameters Values ,

(01 Yo) (0,0) é
Oz, Oy 8 x 1072 s 1

T, (sampling interval) 1 £
T (no. of scans) 1000 7

Pp 0.5

FT ., (=FT A
[
[

Table 4.1 Other parameters for computer simulations.

. . l(;D 2(‘)0 3(‘)0 4(‘)0 560 6(‘)0 7(‘)0 860 9(‘)‘0 1000
probabilitiest £ for j = 1, ..., 9" in order to compute Time e
the marginalised likelihood [13] in (8). Other association
hypotheses are excluded as their probabilities are negligibl

when compared to those of the included.

Fig. 2. A comparison between the true and estimated num-
eber of targets with the symboFT” referring to false tracks.

4. COMPUTER SIMULATIONS posterior mean estimate af for /th run. We also compute

the average probability of true and false targets detected by

In this experiment, we evaluate the performance of the pro- .
P P P the algorithm forL runs.

posed method in target detection and estimation for 6 syn-
thesised targets, appearing at different times as shown in  Fig. 2 shows a comparison between the true and esti-
Figs. 1, under different conditions. The targets are systhe-mated number of targets for one run with parameters
sised using a near constant velocity dynamic model [2] with [2°,25], Ac = 10, andN = 5000. Except the false tracks
state noise standard deviatioms and o, and the obser- and the time delays, the proposed method tracks the number
vation model is a nonlinear model with bearing and range of targets very well. Apparently, the durations of the false
measurements whose standard deviationgrate[o, o). tracks are relatively shorter than that of those true tracks.
Other parameters for the simulations are listed in Table 4.1.According to Table 4.2, the true targets are all correctly de-
In the evaluation, we compute the Root Mean Square tected by the algorithm for all conditions under consider-
Error (RMSE) for L = 20 independent runs, defined ation, but whenAc > 10 the number of false tracks in-
as RMSE = % Eszl RMSE;, where RMSE, = creases. Since the clustering approach the proposed method
L —T N B e uses is sensitive to the density of spurious measurements,
\/T 2= [l — @[/ Ky, wherel = 1., L and#, is a the frequency of birth proposal increases/as becomes
o , _ larger. Furthermore, it appears that according to the RMSE
'Note thatzjmitl «') = 1with ) > ™) fora < band the impact ofs,. to the tracking performance is less signifi-
ab e {1,..., "}, cant than that of ;.




5. CONCLUSIONS

In this paper, we presented a SMC-based method for joint
multitarget detection and tracking. It estimated the number
of targets by continuously monitoring the conditions of the

events represented by the ROIs in the surveillance region, [

followed by a sequential importance sampling filter for the
multitarget state in conjunction with the flexible 2-D data

assignment algorithm for data association. Computer simu-
lations demonstrated that the proposed approach performe

well for target detection and estimation, even though the en-
vironment is very hostile.
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