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ABSTRACT

Particle filters can become quite inefficient when applied to a high-dimensional state space since a
prohibitively large number of samples may be required to approximate the underlying density functions with
desired accuracy. In this paper, a novel multiple model Rao-Blackwellized particle filter (MMRBPF)-based
algorithm has been proposed for manoeuvring target tracking in a cluttered environment. The advantage of the
proposed approach is that the Rao-Blackwellization allows the algorithm to be partitioned into target tracking
and model selection sub-problems, where the target tracking can be solved by the probabilistic data association
filter, and the model selection by sequential importance sampling. The analytical relationship between target
state and model is exploited to improve the efficiency and accuracy of the proposed algorithm. Moreover,
to reduce the particle-degeneracy problem, the resampling approach is selectively carried out. Finally, experiment
results, show that the proposed algorithm, has advantages over the conventional IMM-PDAF algorithm in
terms of robust and efficiency.

Keywords: Miltiple model, Rao-Blackwellized particle filter, probabilistic data association filter, sequential importance
sampling, MMRBPF, target tracking, clutter

1. INTRODUCTION part by Monte Carlo sampling instead of computing everything
Recently, particle filters have been introduced and by pure sampling. According to the Rao-Blackwell theorem,
widely applied in manoeuvring target tracking fieltl The this leads to estimators with less variance than what could

first working particle filter has been reported by Gorjon  be obtained by pure Monte Carlo sampling. Simo S&rkka
et al. The key idea is to represent the required posterior proposed a new Rao-Blackwellized particle-filtering based
density function by a set of random samples with associated algorithm for tracking an unknown number of targets. In
weights and to compute estimates based on these samplexu Xinyu’ proposed an adaptive RBPF for surveillance
and weights. So, particle filtering methods can deal with tracking. In their method, the problem of target tracking
nonlinearities in the dynamics and measurements using has been partitioned into two separate groups, with the

the Monte Carlo (MC) methd@d. Particle filter approaches linear parts being computed by Kalman filter and nonlinear
for markovian switching systems have also been proposed part being estimated by particle filter.
by Doucetand Sarkka These methods propose augmentation In this paper, a novel multiple model Rao-Blackwellized

of the state with the mode variable and straightforwardly particle filtering (MMRBPF) is proposed for maneuvering
apply a particle filter to this augmented state. However, target tracking in a cluttered environment.

these methods have two major drawbacks. Firstly, there

is no control over the number of particles in a mode. In 2. PROPOSED MULTIPLE MODEL RAO-

these methods, the number of particles in a specific mode BLACKWELLIZED PARTICLE FILTER

is proportional to the mode probability, so that if the mode Given the following jump Markov Gaussian system
probability is very low, only a fraction of the total number B

of particles resides in that mode. This phenomenon is %= f(xk-l’ Mk)+ g( Mk)W‘ 1)
Known to cause numem_:al prt_)blems. Secc_mdly, pgrncle z, = h(’ﬁw Mk)+ v, )
filters can become quite inefficient when being applied to

a high-dimensional state space, since a prohibitively large M, ~ p(Mk | Mk—l) (3)

number of samples may be required to approximate the N .
underlying density functions with desired accuracy. To where x, < %™ denotes the dynamical state of the system

solve this problem, Arnaud Douégtroposed a new Rao- " modeM,, z.k e R™denotes the measurements in mode
Blackwellized particle filtering. The idea of Rao-Blackwellized M, @ndM,being the model state of the system and can
particle filtering is that, sometimes it is possible to evaluate b€ modelled as a first-order Markov process. The process
a part of the filtering equations analytically and the other noise and the measurement noise are possibly mode-dependent:
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w, ~N(0,Q) andv, ~N(O,R).

Generally, suppose that one has an estimator
n(x,m)depending upon two variablesandm, the Rao-
Blackwellization theorem reveals that its variance satisfies

Var[n(x, m)]: Var{ En( x n| ﬂ+ V{r En( X )ﬂ (4)

SincevarlE(y(x, m)x)] is non-negative, the variance of
the estimator; = E(y(x, m)m)is less than that of the original
estimator;(x,m). The formal justification can be found in
8 One can interpret the Rao—Blackwellization theorem by
saying that the estimator obtained by the calculation of
conditional expectatiolE(;(x, mjm)is superior to the original
oner(x,m) , and the superiority manifests in the reduction
in the variance of the estimates.

For the manoeuvring target tracking in a cluttered
environment, leiX denote the state to be estimated and
the observatiorz, , with subscript the time indei The
key idea of RBPF is to partition the original state-space
into two parts, ( state variables) arld, (model variables),
such thap(x, | %, ,,M,,,z,) is a distribution that can be
computed exactly conditional on the model variables, and
the distributionp(M, |M,, ,,z,) will be estimated using
Monte Carlo methods such as particle filtering. The justification
for this decomposition follows from the factorisation of
the posterior probabiliy

P(Xe M I %0 My, 24)
= p()& | X1 Mk’ Ml:k—l’ Z.L:k)
p(Mk | )S:k—l’ Ml‘k—l’ Z.L:k)

If the same number of particles is used in a regular
particle filter and a RBPF, intuitively, the latter will provide
better estimates for two reasons: first, the

(5)
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dimension of pM,|x, ,,M,, ,,z,)is smaller than

p(X%, M, | %, ,, M, ,,Z,); second, optimal algorithms may

be used to estimate the tractable substructure, such as
PDA filter.The study shows how PDA filter is combined
with particle filtering to facilitate maneuvering target tracking

in a cluttered environnmg. Figurel illustrates one cycle

of the proposed MMRBPF algorithm.

Like regular particle filter, in order to implement the
multiple model Rao-Blackwellized particle filter for target
tracking, one needs to evaluate the likelihood of
measurementp(4 | M» Z, 4, Mk_l) and the optimal
importance distributiop(M, |zlk,ML_1). Once the
distributions above is achieved, one can implement the
multiple model Rao-Blackwellized particle filter asin Fig.1.
Details of the derivation of the algorithmare given below.

2.1 Likelihood Function of Measurement

When there aren, measurements in thé&' scan, the
following mutually exclusive and exhaustive hypotheses
is obtained:
1.2m,,
none of the measurmentsis target originates, 0
Using the total probability theorerfil, 12]

p(;( [ M, M,z NL—l)
= _nfo p(%( | Mk’nl’ei RISy ’\4(,1) [(Gi | M,m Z.» N{',l)

(6)

0 {ij is the target originated measurementj =
| =

(7)

El

2 p(;( IM.m.0,.2 ., M“l) F(ei | rp)

<
wherep(é’j |mk) is the probability of the association
eventg, conditioned only on the number of validated
measurementsp,(zkIMkymkﬂj'ZrkprLfl) is the joint
likelihood of the measurements. Since the measurements
are conditionally independent,

<)

1._Sequence importance sampling step
e Fori=1--,N, Sample:

ML - p(Mk |21k*Mli<—1)

e Fori=1---,N, evaluate the importance weight
W, o W X plz MLz ML oM,

ML)

-1
N
w < S
j=1
2. Selection step

3. Updating step

p(Mk |z, ML—l)
e Fori=1---,N, normalize the importance weight

e Multiple/suppress samplés, with high/low importance weight, ,respectively, to|
obtainN random sampled , approximately distributed accordingm(j\/lk |z, M‘H).
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e Fori=1---,N, use one step of the PDA filter to update the state

Figure 1. Proposed multiple model Rao-Blackwellized particle filter.
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P(Zk MmO, 2, MH) Using (14) in (7), one gets

m .
:Hp(zkilelrn(ler;k—llM(—l) p(Z(l Mo M Zias M<‘1)

i=0 m .
_ Viw“%ilpﬁk (ij | Mk 1oy M|i<71):j =12,.. m (8) :Zo p(Z( l Mk’ nl’ej ’ %k—l' M<—1) F(ej | I’p)

v =0 . | (15)

wherep, (% | M, Z1, M) is the likelihood of the =g|b+3] M (% 1 M 20 M)
j=1

measurement,, upon conditioned on the target model
M,, the previous measurements, , and the previous
state modeM_, ..

The probabilities of the association events conditioned

Now, the key issue remains unanswered that how to
choose the likelihood (ij IMk,ZIk_l,ML,l) of the

only on the number of validated measureménése measurement, . In order to evaluate the likelihood of
measurementg,, supposeM target motion models are
1 we[m] T _ used in this algorithm. It is defined as
— PP. PP+(— P) =1...,m . . .
m °e|®°e G e [m 1] K M, =1 <« DenotetheConstant Velocity Motion at time step k
P(ej Imk)= (m] [m] M, =2 <« DenotetheConstant Turn Motion at time step k
(1-pp) el Jpp 1 pp) tel® 0 :
ue (M= ne[m-4 i ion at i
M, =M < DenotetheConstant Acceleration Motion at time step k

(9) If the measuremery, related to the target motion,
where pi_ [”L] is the probability mass function (pmf) of the measurement likelihood can be written as follows
the number of false measurements (FAs or clutter) in the B (;(_ IM=mz ., M )
validation region.P, is the probability of detection. WA T T T e e

Two models can be used for the pm§[m,] =[P(z IMc=mx )0 Xl Zero M) O,
Model 1. A Pc_nsson model with a certain spatial :IN(%,-Ih(%"VL: ,T),F) ,\{ %o | ( X, ’\iﬁl)q ()? dx,
density A
U ["L]= eviz’) (10) From the Egn (16), one sees that the measurement
m! likelihood is the filter likelihood for target. One gets
Model 2 A diffuse prior modet .
[M]=nc[m]=3 (11) Puc (3 I Mo =M 20 ML)
He =He = —
_ - _ m=1,2,...M
Using the (parametric) Poisson mo#efields - N(Zki | h( f( (ST NLl)' M, = ") %)
1 . a7
p(e,- I"L): PDPG'[PD%"“(L B g)xv] ' Fl..m where S denotes the measurement covariance upon
(1- PDF>G)>LV.[PD Rm+(1- BB \r, EO conditioned on the target model.

Using Egn (17) in Egn (15), the joint likelihood of the

(12) measurements can be denoted as

Define
M, =p(z I M.,m.0,,2,,, M) 0,1 m)  (13) P(z I M m. 2,00 M)
Using (8) and (12) in (13), one gets ﬁkHi”(%; | r(f( ¥a ML), NL:l)’ %ﬂ =1

nkj:p(qle’nl’ej’;k—l’M(—l) Pfei | m) [ m ) )
1 ' _ b+ZN ;dl f( X Nl«l)’ M =2), %2} if M=2
:{PD'[PDPG”&"'(]‘_ II:D E))‘ V:I vt 9<( l;l M’ 1% Ml) )L i=t ( r( : ) )

(1-R,R)A[RRM+(1- RRA V] vt

g

g

*b+gN(;ﬂ (%0 M) M= M), ;s(M)} if M= M

—t. plik(q(j I M: 2,45 M:«l)’ j=12,...m 5
b, j=0
(14) (18)
Where where
-1 +
=R [RRM+(1- RBR V] V™7, =R [RRM+I-BRV V™7,
_(-RR) L _(1-RR)
R R

D D
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2.2 Optimal Importance Distribution
For each particlg the optimal importance distribution
is computed by

p(Mk | Ly Mik—l)

o p(% I Mys Zoeas Mik—l) F( Ml 21 M(—l)
= p(% I Mys Zoeas Mik—l) F( M| Mk—l)
where the fact that the model,_does not depend on the
previous measurement®, ;, and depends only on the

previous modelM, ; has been used.

One can sample from the optimal importance distribution
as follows:

(19)

1. Compute the probabilities for each mod®ll,2,...M
l_Iim: p(zkl Mik: m Zas M(—l) F( l\i/L: n1 N/Ll)
m=1,2,...M (20)

2. Normalise the importance distribution:

i =
>, m12,..M (21)
m=1

Hence, one can sample the new maddglwith the
following probabilities:
* Draw M| =1 with the probability1;
* DrawM! =2 with the probabilityT,
* Draw m| =M with the probabilityT},
3. EXPERIMENTAL RESULTS
In this section, a simulation scenario and a real scenario
is presented to illustrate the implementation of the proposed
MMRBPF method. For comparison, a conventional IMM-

PDAF algorithm is also simulated.
Consider the system

X = f(xl<—1'Mk)+g( Mk)\M( (22)
z.=h(X, M)+ Yy (23)
where the target state isx,=(xYy,z%79,2),

M, € {123}, m=1corresponds to the constant velocity
motion modem=2, corresponds to the constant turn model
(clockwise),m=2 corresponds to the constant turn model
(counterclockwisé€?y.

Two passive sensors are located alongxthgis with
sensor 1 ak = 5 km and sensor 2 at= -5 km . Using
the detection fusion architectdfethe azimuth and elevation
angles,o, andp,, measured by sensor are transmitted
to the fusion node where the measurement veetgp (c.,,3,)
is formed at each time step. The measurement function is
given by
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arctar{ﬁ]
X
z
o arctan ——
2 2
B {«/’S’LMJ
h(x.M,)=| P |-
% arctar) 22
Bz X, (24)
arctar| ——2__
VG + Y2
The model transition matrix is given by
0.9 0.05 0.0
[m=;01 08 01 (25)
01 01 o038

The clutter model is assumed to be of uniform distribution
and the number of false measurements (clutters) is assumed
to be of Poisson distribution with known parameéted
(number of false measurements per unit of volume)kirhe
detection probability of the true measurem@ptequals
1 and the gate probability equals. In order to compare
the performances of two filters, 50 Monte Carlo runs have
been performed.

3.1 Scenario 1: Simulation Trajectory

Trajectory of the target is shown in Fig. 2. In this
scenarioT : t(k)—t(k-1) is constant, the initial position
of the target i§2km, 8km, 1km), and the initial velocity
is(150m/s, 259.8m/s, JQ The segments are defined as follows.
e 1st segmett Rectilinear flight until the plane is at

(6.35km, 15.53km, 1k space (from t=0s to t=30s).
e 2" segmentCircular turn with turn rate 6°/s (from

t=31s to t=505s).

3¢ segmentRectilinear flight until the plane is at

20

y-coordinate{km)

1 1
10 15
x-coordinate{km)

1
0 4

Figure 2. Target trajectory.
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(14.31km,10.33km,1kmspace (from t=51s to t=70s).

4t segmentCircular turn with turn rate 4.8°/s (from
t=71s to t=95s).

5thsegment Rectilinear flight until the plane is at
(21.26km,11.63km, Lkispace (from t=96s to t=100s).
Figure 3 shows the RMS position errors of the IMM-
PDAF and the MMRBPF. While Figu shows the mode
probabilities of the IMM-PDAF and the MMRBPF. It is
apparent from Fig.3 that the result of the MMRBPF is
better than that of the IMM-PDARIso, if one looks at
Fig. 4, observed that the mode probabilities of the MMRBPF
method are in accordance with the trajectory, and the
correct model has the largest probability during each segment
and the turns are quickly detected. During the second
segment, it is seen that the probability of the model 3
rises at the start of the turn, and has a dominant probability.
Once the turn is completed, the model 1 takes over again.
One also sees the probability of model 1 for the IMM-
PDAF method has dominated during all segments, so the
mode probabilities cannot be completely trusted after.

3.2 Scenario 2: Real Trajectory Experiment
In this scenario, the real data experiment has been
carried out to evaluate the performance of the proposed

RMS Position errorsfkm

a0 B0 70 50 90
times

(a)

30 40 100

0.16

014

012r

RS

RMS Position errorsfkm

a0 B0 70 50 90
times

(b)
Figure 3. RMS error statistics. (a) IMM-PDAF, (b) MMRBPF.
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Figure 4. Mode probabilities. (a) IMM-PDAF, (b) MMRBPF.

MMRBPF algorithmThe real data includes 40 nonperiodic
sampling points, and the target flight time is 10As.
such, the sampling interval: t(k)— t( k—1) is not constant.
Others are the same as in the scenario one. Trajectory of
the target isshown in Fig.5.

Figure 6 shows the estimated target trajectory of the
IMM-PDAF and the MMRBPF. Figure 7 shows the RMS
position errors of the IMM-PDAF and the MMRBPF. Figure

20

y¥-coordinate (km)

g L L L L
05 1 15 2

x-coordinate{km)

25

Figure 5. Target trajectory.
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Figure 6. Estimated Target Trajectory. (a) IMM-PDAF, (b) Figure 7. RMS error statistics. (a) IMM-PDAF, (b) MMRBPF.

MMRBPF.

8 shows the mode probabilities of the IMM-PDAF and RMS position errors of the MMRBPF method and the
the MMRBPF. It is apparent from Figs.6 and 7 that the IMM-PDAF method to the RMS position error of the IMM-
result of the MMRBPF is better than that of the IMM- PDAF method. It is clear from Table 1 that in all cases
PDAF.Table lalso displays the performance comparison the results of the MMRBPF are better than that of the
between the IMM-PDA and the MMRBPF methods in IMM-PDA method.

terms of RMS position error for two different clutter densities. The RMS Position error values apparently show that
The percentage improvement obtained by using MMRBPF a significant improvement is obtained on the results of
is calculated as the ratio of the difference between the the IMM-PDAF. When the MMRBPF is used, the average

1
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Figure 8. Mode probabilities. (a) IMM-PDAF, (b) MMRBPF.
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Table 1. Performance comparison between the IMM-PDAF and the MMRBPF

Clutter density ~ Scenarios RMS position errors(km) Percentage improvement
(A) IMM-PDAF MMRBPF wrt IMM-PDAF (%)
1.0 1 0.054 0.044 17.7
2 0.090 0.079 12.1
2.0 1 0.065 0.052 19.7
2 0.096 0.087 8.9

Table 2. Comparison the probabilities of track loss

Clutter density ~ Scenarios Probabilities of track loss (%)
) IMM-PDAF MMRBPF
1.0 1 0 0
2 36 0
2.0 1 28 0
2 38 2

percentage improvement with respect to the IMM-PDAF and accuracy of the proposed algorithm. Extensive

is 14.9 % for 1.0 clutter density and is 14.3 % for 2.0 clutter comparative studies using both simulated and real data

density, respectively. have demonstrated the improved performance of the proposed
Finally, Table 2 shows the probabilities of track loss MMRBPF over the conventional IMM-PDAF.

of the IMM-PDAF method and the MMRBPF method. We
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