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Abstract. An adaptive tracking algorithm based on Extended target Probability Hypothesis Density (ET-
PHD) filter is proposed for extended target tracking problem with priori unknown target birth intensity.The
algorithm is implemented by gaussian mixture, where the target birth intensity is generated by

measurement-driven, and the persistent and the newborn targets intensity are respectively predicted and
updated. The simulation results show that the proposed algorithm improves the performance of the
probability hypothesis density filter in the extended target tracking.

1 INTRODUCTION

Multiple target tracking technology is widely used in
sensor networks, machine recognition and positioning,
and other fields. Its aim is to continuously predict and
update the state of the dynamic target of the number of
time varying according to the sensor observation in the
clutter environment. Due to the continuous improvement
of sensor resolution, more and more attention and
research are paid to the extended target tracking problem,
and the extended target occupies multiple sensor
resolution units at each observation moment.

Traditional multi-target tracking is based on data
Association technology, which exists combinatorial
explosion and associated uncertainty problem, and is not
suitable for multiple extended target tracking. Mahler
first uses the Random finite set theory to solve the multi-
target tracking problem and proposes the extended target
Probability Hypothesis Density (ET-PHD) filter[1]. The
existing PHD implementation methods include Gaussian
mixture method[2] and particle method[3], and their
improved algorithm[4-7].

For the traditional ET-PHD filter, it is assumed that
the target birth intensity is a priori known, but in
situations where the targets may appear anywhere in the
surveillance volume. For this problem, the literature [§8]
proposed a measurement-driven PHD filter. However,
this algorithm only used the measurement location
information and ignored the likelihood information. The
literature [9] improves on this, and puts forward an
adaptive particle PHD filtering algorithm based on
measurement-driven. The algorithm is based on the
measurement-driven to obtain the target birth intensity,
and simultaneously predicts and updates the persistent
and the newborn targets. The filtering performance is
improved by making full use of the measurement
likelihood information.

In this paper, an adaptive extended target tracking
algorithm based on ET-PHD filter is proposed to solve

the extended target tracking problem with priori
unknown target birth intensity. The target birth intensity
was obtained by adaptive updating of the measured
information obtained by each scan, so as to solve the
dependence on the priori hypothesis. In the process of
filtering, the persistent and the newborn targets are
predicted and updated simultaneously. The simulation
results show that the proposed algorithm improves the
stability of the extended target number estimation and
has better state estimation accuracy.

2 ADAPTIVE ET-PHD FILTERING
ALGORITHM AND GAUSSIAN MIXTURE
IMPLEMENTATION

2.1. Adaptive ET-PHD filtering algorithm

In time k, the extended target is divided into two
categories: persistent target and newborn target, and
differentiated by label S .

_ |0, persistent target
’B_{l, newborn  target 1

Make the following assumptions:

Assumption 1: The extended target measurements
obeys Poisson distribution and is independent of the
target state, i.e., ()= 7

Assumption 2: The target survival and detection
probability are independent with target state , i.e.,
Py ()= Ps and Ppy()=Pp;

Assumption 3: The clutter intensity obeys the
Poisson distribution and is uniformly distributed in the
observed region.

In time k, the prediction of ET-PHD filter with
unknown new target intensity is as follows:
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In time k, the posterior PHD is multiplied by
predictive PHD and measurement pseudo likelihood
function, i.e., Dy (x;)= Lz, (xy )Dk|k71(xk )-

The persistent target is updated to:
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The newborn target is updated to:
Dy (xpl)=Ly, (xk,l)Dk‘ (1) (5)
Since the newborn target is obtained from the
measurement set, it is always detected, that is, Pp =1.
Its pseudo likelihood function is:

L= Teto, T A bl

pLZ; Wep W e ”

The weight in the formula (4) and (6) are calculated
by:

T gk(zx xk)
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In the formula, 5\W\,1 is the Kronecker function;

pZLZ, represents the partition of the measurement

set Z; ; W is non-empty cell in 7 ; represents the

observed number in the dividing unit; @, and d,, are the

weights of P and W respectively; 4 is the clutter
observation expectation number; and ¢, (Zk) is the clutter
distribution in the monitoring area.

2.2 Gaussian mixture implementation

Compared with the particle implementation of the PHD
filter algorithm, gaussian mixture is more advantageous
in computational efficiency and state extraction because
it avoids particle sampling and clustering operations.

Stepl. Predict

Suppose the posterior PHD intensity in time k-1 is
gaussian mixture, namely:

I

Zvvpk 1N(x m(,)f 1’P;§k)1) (8)

Jj=1
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In the equation, J r—1 indicates the number of

gaussian component, and wj_, , mj_ and P/,

Dk—l(xk 1,0

respectively indicate weight value, mean value and
covariance of jth gaussian component.

The Gauss term used to predict the persistent target
in time k consists of the Gauss term of the persistent
target and the newborn target in time k-1, namely:

(L] A )
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In time k, persistent target prediction intensity is
expressed as Gaussian mixed form, namely:

St ) )
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In the formula, f () is the state transfer function; F
is its Jacobian matrix; O is the process noise variance.

The target birth intensity is obtained by the
measurement drive, which is the inversion of the
measurement partition unit. In time k, the predictive
intensity of the newborn target is expressed as:

b
Jk\kl

Dy L) Z bk\k 1 ( bk\k 1’Pb(2\/c 1) (15)
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T
Py = HRH (19)
In the equation, k() is the measurement

equation; H is its Jacobian matrix; R is the measurement
noise variance; | p| represents the number of units W of

pth measurement division; and Vi a1 18 the expected

number of the newborn target.

Step2. Update

In time k, the persistent target intensity update is
expressed as:

m=1 (20)

pLZ Wep j=1
The Gauss term of the part not detected in the
formula is:
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The Gauss term of the part detected is:
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In time £, the newborn target intensity update is
expressed as:

k\k (1) Z Wo ik ( "y, k\k’Pb(k)\kj 29)

In contrast to the pers1stent target, the update of the
Gauss term of the newborn target intensity function
contains only the detection part. The Gauss term formula
is:

_ (4)
wo=w,© P g BT (30)
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The weight in the formula (24) and (30) are
calculated by:
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Step3. Pruning and Merging

The Gauss term of Gaussian mixture algorithm is
increasing with time, so it is necessary to prun and
merge Gauss terms in order to make calculation feasible.
The basic idea is: to keep the Gaussian term with large
weight, and to merge the Gaussian term with similar
distance.

Step4.Target extraction

Extract the state of the extended target:

X, = il > os}j](f) (34)

3 Simulation Result and Analysis

It is assumed that sensor tracks four extended targets in
two-dimension plane. The surveillance area is [-
1000,1000]Jmx*[-1000,1000]m and sampling time T=Is,
and observation duration is 100s. Equations of motion
and observation of targets all satisfy linear Gaussian

model. The extended target motion and the observational
equations are:

10T 0 T?/2 20
_joror 0 T?/2| Mk 35
Xk_OOIOXk-‘+ T o {Wzk} (35)
0001 0 T ’
1000 Ry
Zk_[o 1 OO}X"J{RLJ (36)

The process noise [wl W k]T and observation noise
[le,R2 k]T are zero-mean Gaussian white noises, in

which the standard difference of the process noise
component g, =0, =2m/s*, and the observed noise

component standard difference o, =0, =10m . The

probability of survival is set to Psx=0.99, and the
probability of detection is Ppx=0.99. The extended target
measurements and the clutter all obey the Poisson
distribution with the mean value of 10, the Gaussian
term pruning threshold T,=10*, the fusion threshold U=4,
and the maximum Gaussian term Jnax=100.
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Figure 1: Motion trail of targets in clutter environment.
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Figure 2: Result of filtering.
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Figure 3: Target quantity estimation.
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4 Conclusions

In this paper, an adaptive extended target PHD filter
based on measurement-driven birth intensity is proposed.
The algorithm uses the measurements to drive target
birth intensity function so as to relax the previously
imposed limitation that target birth intensity is a priori
known, and the persistent and the newborn targets
intensity are respectively predicted and updated to make
full use of measurement-likelihood information. The
simulation results show that the proposed algorithm
improves the estimation accuracy of both the number of
targets and target status.
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