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Abstract: The Multiple Targets Tracking (MTT) problem is addressed in signal and image processing. When the state and
measurement models are linear, we can find several algorithms that yield good performances in MTT problem, among them,
the Multiple Hypotheses Tracker (MHT) and the Joint Probabilistic Data Association Filter (JPDAF). However, if the state and
measurement models are nonlinear, these algorithms break down. In this paper we propose a method based on particle filters
bank, where the objective is to make a contribution for estimating the trajectories of several targets using only bearings
measurements. The main idea of this algorithm is to combine the Multiple Model approach (MM) with Sequential Monte Carlo
methods (SMC). The result from this combination is a Nonlinear Multiple Model Particle Filters algorithm (NMMPF) able to

estimate the trajectories of multiple targets.
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1. Introduction

Multiple Targets Tracking (MTT) problems have
received a wide attention in literature [3, 5, 6]. It isa
specia kind of dynamic state estimation problem. To
perform MTT the observer has at his disposal some
measurements collected from different sensors. In fact,
the estimation of the states in MTT problem requires
the assignment of the measurements to multiple
targets. Generaly, MTT presents two basic problems:
the estimation and data association.

Many problems in science require estimation of the
dstate of a system that changes over time using a
sequence of noisy measurements made on the system.
The most widely used estimator for nonlinear systems
is the Extended Kalman Filter (EKF). However, in the
case of a highly nonlinearities, EKF suffers from some
limitations that make it inapplicable

In order to, accurately estimate states or
measurements models of nonlinear targets with non
Gaussian noises, it is necessary to substitute the EKF
by a nonlinear one. This nonlinear filter is caled
Sequential Monte Carlo (SMC) methods or particle
filtering methods. The basic idea of this filter is to
propagate a weighted set of particles to estimate the
Probability Density Function (PDF) of the sate
conditioned on the observations, and updating particles
weights using Bayes formula. More details are found
in [19, 21]. SMC methods have been used in very
different areas for Bayesian filtering and can be
applied under very general hypotheses, under different
names. the bootstrap filter for target tracking [12] and
the condensation algorithm in computer vision [15] are
two examples among others.

In the case of linear state and measurement models,
we can find severa agorithms that yield good

performances in MTT problem, among them, the
Multiple Hypotheses Tracker (MHT) [5] and the Joint
Probabilistic Data Association Filter (JPDAF) [1, 6].
However, if the state and measurement models are
nonlinear, these agorithms break down. In this paper,
another algorithm based on particle filter bank for
MTT is proposed and is called Nonlinear Multiple
Model Particle Filters algorithm (NMMPF) [19]. The
main idea of this algorithm is based on running severa
paralé filter bank at the same time and is obtained by
the combination between Multiple Model (MM)
approach and SMC methods. It results from this a bank
of particle filters and each filter is designed to track
one target.

This work is organized as follows. In section 2, we
present the mathematic formulation of an aircraft
motion models in horizontal plan. In section 3, we
describe the particle filter bank: Starting by SMC
methods with adaptive resampling and finishing by the
combination with MM approach. It results from this; A
NMMPF dgorithm for tracking multiple targets.
Finaly, in section 4 we present the simulation results
obtained by the application of NMMPF agorithm in
MTT problem to track three targets.

2. Problem For mulation

In Air Traffic Control (ATC), civilian aircraft has two
basic modes of flight: Uniform motion and maneuver.
More details can befound in [2, 4, 19, 22].

The aircraft flight in (X, Y) plane can be modeled

by:
1. A constant velocity model for the uniform motion In

discrete time, the constant velocity model with noise
isgiven by [17]:
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Where T: Is the sampling time, X,: Is the state vector
including the position and velocity of the aircraft,
defined as;

X =[x X h HY )

With x and h denoting the orthogonal coordinates of

the horizontal plane, and Vi is a zero-mean Gaussian
white noise representing the accelerations, with an

appropriate covariance Q—(SS 2)

2. A nearly constant-speed turn model for a maneuver
the turn of a civilian arcraft is characterized by
constant turn rate and constant speed and known as
Coordinated Turn (CT) [2, 17]. The CT model is a
nonlinear one if the turn rate is not a known
constant. By adding the turn rate Q to the state
vectorx =[x x h H], results from this a new
state vector defined asfollows:

X=[x x h H Q (3

The nearly constant-speed turn is defined as follows [2,
4, 17]:

1 snWT 0 1-cosWT 0
W, W, 052 0 0
0 ocsWT 0 -snWT 0 T 0 0
Xia=|o L-oWT | sSnWT X, 4| 0 05* 0V, (4)
W, W, 0 T 0
0 sSAWT 0 osWT O o o0 T
0 0 0 0 1

Note that, Vi in Equation 1 and Vy in Equation 4 have
not the same dimension. The equation of observations
is given according to:

Y, =arctan( )+W, (5)

h=U
x=C

Where (X, Y): Is the position of the target and W is
gaussian noise with covariances 2.

3. Particle Filters Bank
3.1. General Framework

We suppose that r is the number of targets. The state
vector that we have to estimate is made by
concatenating the state vector of each target model at
time k, x, =(X;,...x;) follows the state Equation 8

decomposed in r partial equations[10, 13, 14]:

Xy =F (X V) i=1..r (6)

v,) and (vk“) are supposed white noises, independent
for i =i . The measurement vector at time k is denoted
by y, =(yi....y¥) and given by:

Y =H (X W) (7)

Where my is the available measurements at time k, with
m can be different to r. Again, the noises w,’) and
w,) ae only supposed to be white noises,
independent forj = j .

3.2. SMC Methods

The dynamic system is represented by the stochastic
process (x,)<r* Whose evolution is given by the state

equation [10, 13, 20, 21]:
X =Fe (X, Vi) )]

The objective is to estimate the state vector (X,) at
discrete times via the measurement equation:

Yk =Hk(xk'Wk) (9)

Where the functions F, and Hy are not assumed linear
and the processes (, )< r" and W,)<R™ are assumed

independent white noises.

The origina particle filter, which is caled the
bootstrap filter [8, 14, 20], estimates the densities (Ly)x
by aweighted sum of N particles.

In the prediction step the particles of the set S; are
propagating according to Equation 8. During the
correction step the weights of particles are updated
using Equation 10:

Py =Yy ‘Xk =X )P(X =X, Yoy 1= Yoia)
J.R"X plY, =Y, ‘Xk =X )X, =X, Nm«l:Yqu)dX

L ()= (20

In the most general setting of SMC methods [9, 11, 23]
for more details, the displacement of particles is
obtained by sampling from an appropriate density f.
These two steps caled Sequentiad Importance
Sampling algorithm (SIS) which is given in Algorithm
1. The degeneracy is the principal drawback of the SIS
algorithm; most of particles become dispose of very
small weights and the others keep high weights. To
remedy this drawback, we need another step to
eliminate the particles of smaller weights; this latter is
called the resampling step.

Algorithm 1: SIS agorithm.
Wi =1/ N n=1..N.
For k=1, .. Teq:

Proposal: Sample s from

f (X K ‘X k-1= S:—l’Yk = yk) for

Initialisation: {SH’(XO)

n=1..,N.

compute un — normalized weight :
g PG Ek,l)lk(yk;sk for nel.. N
Weighting { "k = Yk SISy ) =1,.,
W

normalize weights: w,' = —=%— for n=1,..,,

n:ka
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Return Eg(X,) =3V w'g(s?).

After the resampling step the new particles will have
new weights equal to /N [12].

But before this step, it will be necessary to calculate
the effective sample sizeN, =1/ £ ,(w;)? to measure the
degeneracy of the algorithm [16, 18].

As advocated in [9], the resampling step can be
doneonly if N, <N, ., . Thisenables the particle set

to better learn the process and to keep its memory
during the interval where no resampling occurs. As
shown in Algorithm 2 [9, 14, 16, 18, 24].

Algorithm 2. Sequential
Resampling (SIAR).

Importance with  Adaptive

Initialisation: JSP(Xo) 4\
w, =1/ N

For k=1, ..., Te:
Proposal: Sample s, from
f (XX a=s0,Y,=y,) for n=1.,N.

compute un — normalized weight:

W =w" wfor n=1 N
Weightin e =W FES ). =1.., .
normalize weights: w, = ——~— for n=1,..,N.
n=1""k
Return  Eg(X,)=Zr.w, g(s,)-
Calculate Neﬁ = 1

N P
Zoa(wy)
N d
Sp ~ ZaaWd-

Resampling: if Nt <N oo then: {wk” =1/ N. *

Forn=1,...,N, else s =§,.

3.3. MM Approach

In this approach the system is one of r models [2, 7,
19], it starts with the prior probabilities of each model
to obtain the corresponding posterior probabilities.
The prior probability that M;isin modei is:
P(MilYo)=1i(0) i=1, ..., r (11)

Where Y : Isthe prior information and ém(o) =1,

3.3.1. Model Probabilities

The posterior probability that the model i is being
correct can be calculated recursively as [2] for more
details:

m(k)=P(M,Iv,) (12)

PY(OIM, Y )P(MIYe) (13

mK)=P (M, Y, .y (K))= Py (Vi)

Or

rp(y(k)\M.ka,l)m(k -1 i=1,....r (14)
izzllp(y(k)‘M"Yk’l)m(k_l)

(k)=
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Which p(y(K)| Mi, Y1) is the likelihood function, this
|atter is obtained under Gaussian assumptions by:

L ()=p[y ()Y, M, ]=N[g,():0:5,K)]  (15)
Where y; and § are the innovation and its covariance.
More detailsin [2, 5, 18].

3.3.2. Combined Estimate

We find in the output of each filter the state
esimateX', the covariance P' and the likelihood
functionL,. After the initidization, the filters run

recursively in the sametime[2, 25].
The modds probabilities pi(k) are updated using
their likelihood functionsa,.

These latters are used to obtain the mean estimate
from the elemental estimates:

X(k\k):ém(k)f(i(k\k) (16)

The associated covariance is also obtained by using a
weighted average:

P(K k) =§m(k\)(P' (<I)+ X" (k[k)-X (k)| X (k[ Ik)-X (] k)]T) (17)
MM approach with r filters bank isgivenin Figure 1.

x*(0]o) X %(0]o) X" (0]o)
P*(0]o) P (0]0) P (0]0)

v v v

y(Kk) Filter Filter Filter
M, M, M »

v v v
Aq(K) Ay(K) A, (K)
X (kK ) X 2(k|k) X" (kk)
PH(k k) P2 (k|k) P’ (klk)

—

AR Mode Probability Sta“gfvi}?;‘;‘;""d
As(K) b Updated Combination
mk

Ar(K)
i=1..,r ix(kk)
P(k|K)

Figure 1. MM approach with r filters bank.

3.4. NMMPF Algorithm

To study accurately the MTT problem, we present the
proposed algorithm called NMMPF agorithm [19].

The combination between MM approach and SMC
methods is its basic idea. It consists of running at the
same time r particle filters based on different motion
models. For each measurement, we combine the states
of ther particle filters weighted by a probability factor
of each filter to obtain an aggregate state estimate for
one target. Algorithm 3 presents a general description
of NMMPF agorithm for multiple targets.
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Algorithm 3: NMMPF algorithm for MTT.

Sate and covariance initialization filters: {X}; fori=1,..,r
p

0
Initialization of models probabilities:
Forj=1, ..., m¢then m ()=yri=1, .., r
For k=1, ..., end
Model-matched filtering (using a bank of particle filtering)
Fori=1,...,r
s5" =p(X,)

N for n=1,...,N
wy =1/N

Initialization: {

Forj=1, ..., m
Proposal: sample (s ) from

FOXG|X=s00Y ) =y)) forn=, . N

Weighting:
compute un —normalized weights:
s A Sn,i | 1;Sn,i
o Psy sl (Yiise') for m—1.. N

s sy )
normalize weights:
b

. W, '
W;'J:ﬁfornzl ..... N.
a1 Wy

Return E(g(X,);) =Zrw. "' g(X}),
Calculate NJ, =1/ § (w) 2

n=1
Resampling if N;, () —
Model probability update
Forj=1,...,m

D ) ) )
L/ (k)=p(y' ()N M, )= p(g/ (k) =N (g/ (k); 0;8/ (k)
”f(k): rLuj(k)mJ(k _1) I _
YL (k) (k-1

Sate estimate and covariance combination
For j=1, ..., mg

X i(k\k):énf(k))‘(;(k\k)
P (k\k):inj (k)(PJi (k\k){f(j (K[k)-X (k\k)]-[f(; (k|k)-X (k\k)]T)

The combination between MM approach and particle
filtering methods requires the calculation of additional
conditional probabilities P(M(K))=M;|Y,.; which allow
an adequate mixing of the modal estimates to produce
an aggregate state and covariance estimates.

4. Simulation Results

In order to, evauate the effectiveness of NMMPF
algorithm in MTT, asimulated example is presented in
this section using the Matlab simulation. We consider
the following scenario where three targets follow:

e Target 1. A congtant velocity model without
acceleration noise.

e Target 2@ A constant
acceleration noise.

e Target 3. A nearly constant-speed turn model or
(CT moddl).

Initial states vectors that contain positions and
velocities of the three targets are:

velocity modd  with

3000 500 2000
10 10 10
Xg)= (X)) = ; (X$)=| 1500
Xo)=| oo [ Ke)=| 900 |* Xo) .
5 5
0.00223

With ox= 0v=0.05M/s".

We suppose that each measurement is related to one
target according to Equation 5 at each time T=4s with
0,~0.02rad (about 1.5degree). The Targets traectories
and their bearings are plotted in Figures 2 and 3.

15000

taros 3 J T
-
{ -

£ e
£ snnn T
£ ~/ 2
: g P /, - oot 1

_// //

— "

3 position in meteraim)

Figure 2. Real targets trgjectories.

amulated beatings

o
n

o

o 20 40 &0 a0 100 120 140 160 180 200

Figure 3. Simulated bearings of three targetsin radians.

In order to, track these targets, it has been necessary
to put in place a bank of filters composed from three
particle filters, their mean vectors and covariance
matrixes initialization according to a Gaussian law are;

2100
2800 450
11 9 1
X3 = s (X2 = DX =| 1400
Xodnan =| g0 |+ X odmen ={ 3000 1 X0)mem .
4 45
0.00323
00 0 0 O
. . |0 o001 0 0O
PR =l o 0 10 o
0 0 0 001
00 0 0 O 0
0 001 0 O 0
P’ = 0 100 0 O
0 001 O

0
0 0
0 0 0 0 0.0001
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For each measurement, the initial probabilities of the
three particlefilters are:

m=1/3;nf=1/ 3 n=1/ 3;i =1,2,3
That is to say: The three particle filters models have
the same chance to be chosen in the beginning.

The application of the NMMPF agorithm in this
example has been done with:

e 100 Monte Carlo runs.
e Particles number N=500.
o Resampling threshold Ninresnoia=0.8N.

In order to measure the accuracy of NMMPF algorithm
in tracking, we have chosen the Root Mean Square
Error (RMSE) as the performance measure of this

algorithm.
— Redtrg oz -
//
o Esteemed trgj ~

15008

¥ pesilion in meters(r)
B
i)
1

:
\

MEds dttabiles

'I"ime step k '
a) First measurement.

Timestep k
b) Second measurement.

N w e Tn e T e
Timestep k
¢) Third measurement.

Figure 5. Models probabilities.

Figure 4. Targets trgjectories (real and esteemed).
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From Figure 4 it appears that the esteemed
trgjectories are indistinguishable from the real ones.

The power of NMMPF algorithm appears in the
assignment of the measurements to their right targets,
it needs to one or two samples to assign each
measurement to the right target and these results are
plotted in Figure 5-a, band c.

(X, Y) position RMSE, (X, Y) velocity RMSE and
angular velocity RMSE are plotted in Figure 6-a and b,
Figures 7-a, b and 8. These smdlest RMSE
demonstrate and confirm that the NMMPF agorithm is
a good edtimator for MTT problem and prove the
results plotted in Figure 4.

|

160
o
E140

\
.\\.

CEC R
Time step k
a) X Position error.

twrget 3 [

e

I I L L]
Time step k
b) Y Position error.

Figure 6. RMS positions errors.

RIS X velociy wm{ms)
o -

E a0 1 = 100 120
Time sten k

a) X Velocity error.

Fal 40 L1 1] 100 0 140 160 160 00
Time step k

b) Y Velocity error.

Figure 7. RMS velocities errors.
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tnrge 3

C; =0

rimeseok
Figure 8. RM S angular velocity error (rad/s).
Figures 9 and 10 present the real and the esteemed

trgjectories of the three targets for N=1000 particles
and N=2000 particles respectively.

1£000

£ 10000

et

a ' i i i A ' ' i '
SO0 0 2000 4000 GO0 S000 10000 12000 14000 CE000 18000
¥ pasiion in melers (m)

Figure 9. Targets trgjectories (rea and esteemed) for N=1000
particles.
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Figure 10. Targets trajectories (real and esteemed) for N=2000
particles.

Generaly, when we increase the particles number
N, the estimation error decreases, but the time
calculation for each iteration or time step k increases.
Table 1 presents the necessary time for one iteration
when we execute the NMMPF agorithm by PC
Pentium 1V, 3.40GHz with N=500, N=1000 and
N=2000.

Table 1. Time calculation for one iteration of NMMPF Algorithm.

Particles Number N 500 1000 2000
T|_m_e of One Iteration of NMMPF Algorithm in 420ms | 945ms | 2300ms
Milliseconds (ms)

A biased initialisation by the mean vectors:

2500
3500 1000
11 9
Xk = (X2 =
Ko =| 1000 |+ Ko =| 5509

(X =| 1000
4
0.00323

11
4 4.5

Gives ustheresults plotted in Figure 11.
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Figure 11. Targets trajectories (real and esteemed) with biased
initialisation, for N=500 particles.

We can say that the initialisation is still a main
problem for particle filtersand all suboptimal filters.

From these results we can say that while
maintaining good tracking performance, the NMMPF
agorithm is a pertinent solution to nonlinear MTT
problem. The RMSE formulais given by Equation 18.

3 (X i () = X g (K))?

RMSE(XI):\/“ j (18)

forj=1,..., 200

5. Conclusions

Under the combination technique between MM
approach and SMC methods, we have presented in this
work a NMMPF agorithm for an efficient tracking of
three targets with nonlinear state and/or measurement
models and non Gaussian noises. The SMC methods
estimate the targets states vectors, where the MM
approach plays the assignment task of measurementsto
their targets models.

In the case of linear MTT, the JPDAF and the
PMHT estimators are the leaders because of the
Kaman filter optimality. However, if the process
and/or measurement models are nonlinear, the EKF is
no longer optimal and presents severa drawbacks. We
substitute the EKF by the SMC methods to overcome
these drawbacks and to combine them with MM
approach. The results simulations of the used example
demondtrate that the NMMPF dgorithm tracks
accurately the targets trajectories and a so assigns each
measurement to the right target model.
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