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Abstract— Particle filtering is a sequential Monte Carlo technique main task of particle filter is to assign appropriate weights and

that recursively computes the posterior probability density function update the weights as time progresses. Problems dealing with

using the concept of “Importance Sampling”. This paper considers . e L

particle filtering involve making inferences on the state vegior
the application of particle filtering technique to a target tracking ) ) ] )
application, in which a radar sends a signal towards a target and based oreo., the observations from tim@to ¢. Using sequential

estimates the state (position and velocity) of the target using the importance sampling [7], particle filters can approximate the

observations (time delay and Doppler shift) from the reflected signal. posterior density function i.ep(x:|zo.:) regardless of the nature
State model and measurement model have been derived for the ¢ o underlying model. A critical step in particle filtering is
proposed target tracking problem. Effectiveness of particle filtering . ) ) .

. i . the choice of importance function [7]. Two standard choices of
technique has been demonstrated by comparing the results with

those obtained with Kalman filtering technique. The prediction importance functions are the posterior and the prior. The posterior

error obtained by using particle filtering technique is found to be importance function is defined as

significantly less than that error obtained from Kalman filtering (m) (m)
technique. m(xe[Xg 21, 20:e) = p(Xe|xgy1,Zo:t), 1)

Keywords—Kalman filtering, likelihood function, observation and the importance weights are given by

model, Particle filtering, posterior density, state model.
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I. INTRODUCTION

where the superscriptm) denotes the set of weights. The
Over the past 40 years many techniques have been developed
weights are given byw; = 7’;8 [8]. The posterior importance
for target tracking in clutter environment, which include classical
function minimizes the variance of the importance weights [7].
Kalman filtering [1], [2], unscented Kalman filtering [3] and . ) ) o o
However, the difficulty in using posterior importance function is
extended Kalman filtering [3]. The tracking task presented in this
) o o _that it involves complex high dimensional integrations to sam-
paper is a state estimation problem consisting of state transition
ple p(x¢|x{*1,2¢). It is convenient to choose prior importance

model which relates the target position and velocity at everty ) ) ] ) o
unction due to its ease of imlementation. The prior importance

time step and an observation model relating the current target ]
] ) ] function is defined as
state with the current target observations. This paper presents a

solution to target tracking using particle filters. In recent years, m(xelx§y z01) = plxelx(T)), 3)

particle filtering techniques have been used by several researcf}jﬁ{a the weights are defined as

for various applications in coding, communications and signal ) ) )
processing. Such applications include turbo coding [4], multiuser we'oc wiy plada™) “)

detection, blind detection and equalization [5]. Another important feature of particle filtering is resampling [9],
The basic idea behind particle filtering [6] is to sample a thie which the weights which have a very low value are eliminated
continuous posterior density function of interest into a set @nd are replaced with the weights which have a higher value.
weighted particles. If the weights are chosen appropriately, thenThis paper presents a particle filtering technique for target
these weighted set of particles represent the posterior dengigcking [6] using a linear state model and a nonlinear mea-
in a way that the posterior density function (pdf) can be madairement model with additive white Gaussian noise. Extensive

arbitrarily close to the equivalent set of weighted particles. Thexperiments have been performed to analyze the behavior of the



proposed model and the particle filtering method, specifically par-
ticle density, particle location and noise variance in the proposed

model.

Il. SYSTEM MODEL

In this model, the target movement is modelled as a discrete-
time, linear, state model perturbed by additive noise. The obser-
vation model is non-linear with additive white Gaussian noise.

Let x(t — %) be the state vector at timewhich consists
of the position and velocity of the moving target (ix(t —
Y = fa(t - )yt — T, — T2, 5t — ZL)T)
where superscripT denotes the transpose. We can then model

the target movement as

x(t—%t)+T):Ax<t—%w)+u(t—¥)7 (5)

whereu (t - %) is the state noise which is assumed to be

zero-mean with covariance matr@ and matrixA is given by

1 07T 0
01 0 T

A= (6)
00 1 0
00 0 1

Suppose that a signal(¢) is transmitted by the sensor at time

t. The received signal reflected from the target is given by

se(t) = RIAB(t—r(t)e’ 7], ™

whereA, = /2P, (P includes the transmit power and the two-
way propagation and reflection processes [10)),is the carrier
frequency andr(¢) is round trip delay of the transmitted wave
between the sensor and the target.

The delayr(t) is given by

—t, ®)
C

wherery is the reference delay and,.q is the radial velocity

of the target. Substituting(t) in (7), we get

. 20,4
sr(t) =R {ATE <t — 10+ 72”;‘"1 t) etk 0| (g)

Fig. 1.
From (9), we note that the doppler frequency slfift of the 9

received signal is

fD = 27£cllj'rcl,d- (10)
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(a) The Orientation of sensor and target for computing delay

and doppler. (b) Velocity components of the target.



Referring to Fig.1(a), the time delay(t) is given by and if,

where (., ) represents the sensor location. then by augmenting the existing samplesy}’, ~
Suppose that the target is moving with a velooityas shown T (Xo:t—1|zo.—1) With the new statex{™ ~ 7 (x|zo:t—1, zo.t),

in Fig. 1(b). Then, the radial component of the velocity is giveANe can obtain samples)’;’ ~ m(xo.¢|zo.¢). Using Bayes rule

by [12], the weight update equatiop(xo.¢|zo::) IS computed as

Vpad = & ( - %) cos(p) + 9y <t — %) sin(p), (11) follows:

p(2¢|x0:t,20:t—1)P(X0:¢|Z0:t —1)
p(zt|20:¢—1)

_ _ ) _ p(Xo0:¢|Z0:t) =
where anglep represents the orientation of the line connecting
_ p(zt]x0:,20:t—1)P(X¢t[X0:t—1,20:6—1)

the target and sensor. o p(zt|z0:t—1)
The observation vector is defined as(t - %) = X p(Xo:¢—1]Z0:¢—1) (7)
[7(t), fo(1)]", where[r(t), fp(t)]" are given by(8) and (10). = %p(xo;t,ﬂzo;t,l)

vraq COmMponent is the nonlinear term if8) and (10). One
Therefore,

approach to target tracking is to approximate, into a linear
term and apply the classical Kalman filtering technique [11]. p(Xo:t|Zo:t) o< D(z¢|x¢)p(%¢[Xt—1)p(X0:t~1|Z0:t-1).  (18)

Particle filtering provides a solution without requiring any such
The denominator can be ignored since it is a normalizing constant.

approximations. - . .
By substituting(15) and(18) into (14), the updated weights are

[1l. TRACKING ALGORITHM USING PARTICLE FILTERING obtained as follows

p(ze ™ )p(x™ 3™ )p (x5 | Z0:—1)

w(xi’">|xé’?1,z(n> (x5 1 |Zo0:e—1)

_ o _ T e Pl ™ (™)
density functionp(x) into a set of discrete particles with weights = Wi :

The first step in particle filtering is the choice of the importance (™

sampling function [8], [7], using which we sample the continuous

— (19)
m (g™ |1, z0:1)
assigned to each sample or particle. Sampling from the continuqus
The two most frequently used importance functions are the prior
density function might be intractable. Therefore, to sample this (m)
importance function given by(x:|x;";) with which the updated

continuous density function a function(x), termed as impor-
weights from(19) become

tance function and has same support as thai(ef, for which

(m)

(m)
wy o wy_g

sampling is tractable is used. Then the sampled approximation to (Zt\xm)) (20)

the continuous density is given b . . . . .
yisg y and the posterior or optimal importance function given by

M
p) = Y w™é(z -z, (12) p(x:|x7) |, z0.4) with which the updated weights fron19)
e become
where
CONNNENCD (). o1
w™ = p(gﬁ)7 (13) Wy X p(ze[x:77) (21)
m(x)

For simplicity reasons, prior importance function is taken in the

(m) denotes the set of particles aMl denotes the total number ) ) o ) S )
simulations. The main objective in particle filtering is to estimate

of particles. If the posterior density functigixo.:—1|zo.t—1) IS . . . .
P P ty Qrlco:e-1lz0:t-1) the posterior density function i.e., the set of weight™. In

sampled and the sampleg;’,_, were drawn from the importance ) ] o
order to compute the posterior density function, it is necessary to

function (xo0:¢—1|z0:t—1), then weights defined in equatidh3
(o1 f20:1-1) g quatiens) have the knowledge of the prior density function i:et(,’_”l) and

become oo -
the nature of the likelihood function i.ep(z:|x¢—1).

(m)
w™ = —p(x?;;l‘zo“‘l). (14)
T(Xgrp -1 |Z0:t—1) A. Selection of Prior

If the importance density function can be factorized as i ) - ) ) .
Initially, the prior probability density function is unknown.

(X0:¢|20:t) = T(Xet|X0:6—1, Z0:t )T (X0:6—1|Z0:¢—1, ) (15) Hence, we start with an assumption that it is a Gaussian. The



initial weights for the prior are computed for each particleand

assuming the following: ym™
¢ = arctan |~ ). (31)
xT m

M) )~ N R 22
p(x;"1|20:-1) (. R), (22) D. Weight Update

wherep = [z, j1y, b, kg) 18 the mean an® is the covariance  ap jmportant step in particle filtering technique is to update the

matrix with diagonal elements representing the variances of tWeights or the posterior density as time progresses. In order to

positions ¢ andy) and the velocity components: and). compute the weights the prior and likelihood have to be computed

B. Computation of Likelihood as explained in the previous sections. To start with, we select a

L . density function with an arbitrary mean and variance, sample
Once the prior is computed, the next step is to compute the

S ) , . . the pdf to get a set of particles, use them in the prior {22)
likelihood function. The observation model which is nonlinear,

) ) . _ and compute the prior for each particle. Then, we compute the
consists of two observations i.€%5(t), fp(t)], given by, z =
- likelihood using (27) for each particle, multiply the likelihood
[21(¢), 22(t)]" + n(t) where
with the prior at a given time instant. This process is repeated
2Urad
z(t) = —— xt (23) recursively at each time step.

C
2(t) = 27? * Urad (24) Once the new weights are computed for each particle, the

) » ) i ) expected value is computed as follows
wheren(t) is the additive Gaussian noise with zero mean and a

covariance matrixQ. The radial velocityv,..4 obtained from Fig. E(x) =Y x p(x). (32)

1) is given b . .
Disg 4 In the next time step, the particles are chosen around the expected

Vrada = @ cos(p) + ysin(p), (25) value and are updated by
where Xy = Ax; 4. (33)
p = arctan(%). (26) IV. SIMULATION RESULTS
The joint density of the two observations given at time instant ~ Simulations have been performed by choos3g0 to 10000
t, for each particle is given by particles, and by varying the target locations, keeping the velocity
1 S range constant. The carrier frequency is chosern(dsand the
p(zelx") = —— exp—((z¢ — p)” B (20 — p1,)), (27)

27| R|2 initial time delay is chosen to b®.01 sec. The true initial
where ., is the mean ofz; and R is the covariance matrix. location and velocity of the target are assumed to be [5,5,1,1]
The joint conditional density(z:|x;") is Gaussian becausgt) for all simulations. The range for the location and the velocity
is Gaussian. are selected in such a way that they include the true location and

) o extends beyond the true location. It is assumed that the noise is
C. Computation of Mean for the Likelihood

uncorrelated and its correlation matrix is given by
Given x;, the mean and covariance af can be computed

0.25 0
from (23) and(24). The meary.,, is shifted by a constant value Qcov = . (34)
0 0.25
obtained from that ofi(t). The covariance of: is same as that

. . . . . As time varies, the correlation matrix changes randomly. The
of n(t). The continuous density function which was sampled into ' 9 Y

. . . rror in estimating the rangee is given b
particles is used to compute the means of the observation vec?or 9 9Far) is g y

and is given by Ear = (AX2+ Ay?)
2 Ta . . . .
Hzy(t) = % *1 (28) where Ax and Ay are the errors in estimating the locations x
2f and y. Figures 2 (a), 2 (b) and 2 (c) illustrates the error in range

Po(y = =7 *Urad (29)

estimation for a set of particles that are selected within the range

wherewv,..q is given b L .
Urad 1S 9 y [4,8], which includes the true location of the target and [6,10],

(m) cos(p) + y(m> sin(yp), (30) which extend beyond the true location. Comparing Figure 2 (b)

Urad = T



and Figure 2 (c), it can be observed that by increasing the number

of time steps in the simulations better results are obtained. It can " Error in Range

also be observed that the error obtained using particle filtering

technique is less than the error obtained using Kalman filtering.

V. CONCLUSIONS

10 q

In this paper, we present a particle filtering technique for target
tracking using a linear state model and a non-linear measuremen

model with additive white Gaussian noise. The results suggest

Error in range estimation

that particle filtering technique performs much better than Kalman

filtering technique. Future work includes applying particle filter-

ing technique to a non-linear state model and by incorporating o

,
0 10 20 30 4(_) _50 60 70 80 920 100
(time) in secs

@

Error in Range
T

non-Gaussian noise.
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