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Abstract

The PDA filter deals with tracking a target when
there is uncertainty in the origin of the measurements.
Its use has primarily been on radar tracking tasks.
While the target information is provided by a visible-
light camera, much more information is available, like
the shape, color, and size. We propose a method which
incorporates this additional information into the PDA
filter. The Winner-Update strategy is utilized for target
detection and provides the likelihood ratio for the
PDA filter.

Keywords: PDA, Winner-Update, Kalman Filter,
visual tracking.

1. Introduction

In a visual tracking problem the CCD camera
provides the coordinates of each detected target.
Measurements are affected by noise which is modeled
as Gaussian. As the camera repeats capturing, the
sequence of plots can be processed in a proper filter to
smooth the measurement noise, thus providing target
tracks. In the practical case, the problem is
complicated by the false alarms owing to system noise
and clutter. By clutter we refer to detections from
nearby objects, weather, etc., that are generally
random in location, intensity, and number. This may
lead to several measurements in the *“validation
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region” [1] of a single target. The information of the
target of interest is called the “target-originated
measurement” in the Probabilistic Data Association
(PDA) context. The PDA Filter [1,2] is a technique to
handle the false data difficulty where the
measurements are processed with a probabilistic
weighting within the state estimation procedure.

In the visible light target tracking case, as
opposed to the radar tracking case, much more target
information is available, like shape and color.
Traditionally, target detection is handled by techniques
like the Sum of Squared Difference (SSD) [3], or by
motion-based recognition [4], etc. The Winner-Update
Strategy (WinUp) [5], which is a SAD-like template
matching strategy, can save 91.6% to 98.0% of the
absolute operations needed by the full scan SAD
algorithm, depending on the image sequence.

The objective of this paper is to combine WinUp
with the PDA Filter. In section 2 and 3, we briefly
review the essence of WinUp and PDA respectively.
In section 4 we propose how to produce a likelihood
ratio and incorporate it into the PDA filter. Section 5
discusses the control method. Section 6 presents the
experiment results.

2. The Winner-Update Strategy

The Winner-Update Strategy is a special case of
the branch-and-bound strategy. The basic idea is that
one does not have to examine all pixels within a block
to find out which block has minimum error, since most
blocks have very large error even with very little
pixels examined. This leads to a huge reduction in
computation time. Define the partial sum of absolute

difference (PSAD) of | pixels, 1=12,...,B?, as:
-1
PSADy) () = 5 [10c+i(m). y + j(m)

~lLa(x+u+i(m),y +v+ j(m))|

where {(i(m), j(m))|m=0,..,B2 -1} is the index
set of all the pixels in the block, and B is the block
size. The index set determines the positions and the
order of pixels in the matching block used for the
accumulation of PSAD. Obviously, the following



holds true:
PSAD'(u,v) < PSAD*(u,v) < ---
< PSAD® (u,v) =SAD(u,v)

The last term, SAD (sum of absolute difference), is the
most primitive template matching technique. It
calculates the complete matching error, as opposed to
the partial matching error PSAD. The Winner-Update
Algorithm is summarized below:

The Winner-Update Algorithm
Given a template block at position (x,y) in I,
begin
for each (u,v) in the search range do
begin (initialization)
Calculate PSAD'(u,V)
PSAD(u,v) := PSAD"(u, V)
I(u,v) =1
end
select ({,V) having minimum PSAD(G,V) to be
the temporary winner
while 1(0,V) <B? do
begin
1(G,V) =1(G,V) +1
calculate PSAD'®" (d, V)
PSAD({, V) := PSAD'® (G, V)
select (G,V) having minimum PSAD((,V) to
be the new temporary winner
end
output (0,V)
end

3. The PDA Filter

The Probabilistic Data Association Filter (PDAF)
[1,2] is used to handle the measurement origin
uncertainty problem. It computes the posterior
association probabilities for all current candidate
measurements in a validation gate and uses them to
form a weighted sum of innovations for updating the
target’s state in a suitably modified version of the
Kalman Filter.

3.1 State Space Model

The dynamics of the object are modeled by the
equation
x(k +1) = Fx(k) + w(k)
where

2001 ¥ EAFp B ¢

Ox; (k) O
Vi) o
v, (k)0
— g

079,007
B, (08
By, OB

where i denotes the image frame, and g denotes the
ground frame,
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and the process noise vector is taken to be white
Gaussian, with
E{w(i)w(k)} =5,Q
The measurement system is modelled as follows.

If the measurement originates from the object in track,
then
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2(k) = Hx(K) + v(k)

where
szi(k)g M 00 0 0 0O
g ® 100 0 0F
Z(k): =
Qv, (k)O 0 1 0 1 o0
g e kD 0
#vy, g 0010 17

and the measurement noise is taken to be white
Gaussian, with

E{v(i)v()} =5,R
3.2 The PDA Implementation

The PDA filter is implemented by first
performing measurement validation and then state
estimate update, as summarized below.

3.2.1 The Validation Region

The measurements are reduced to a set of
validated measurements by defining the following
validation region

Vea ) ={z, v/ K+ Sk +D v, (k+1) <}

where v (k+1) =z (k+)-z(k+1]k) is the
innovation. Each measurement z; that lies within this
region is considered validated. The threshold V is
obtained from tables of the chi-square distribution,
since the weighted norm of the innovation that defines
the validation region is chi-square distributed with
number of degrees of freedom equal to the dimension



of the measurement. The computation of the
measurement prediction z(k +1|k) as well the state
estimate are shown next.

3.2.2 State Estimation

Suppose at time k there are a number of m,
validated measurements. The set of validated
measurements at time k is denoted by

my
() ={z (K}
and the cumulative set of measurements up to time k
is

. k

z“={z(j} .,
Define the events 6,(k) ={z;(k) is the target
originated ~ measurement }, i=1..m,, and

6,(k) ={ none of the measurements at time k is
target-originated } with probability

gk =p{a )z} i=01..m,

The procedure that yields these probabilities is called
PDA, and will be given in the next section. At the
moment we assume they are known.

By the total probability theorem, the conditional
mean of the state can be written as

i(k k) = E{x() 1 24}

;E{x(k)wi(k),zk}F{ 6,(k) 12"}

3 % (k108,00
1=0

where x;(k|k) Is the updated state estimate
conditioned on the event that the i" validated
measurement is correct. This is given by the standard
Kalman Filter as

X (k1K) =x(k [k =1) + W(k) v; (k)
where v ; (k) =z;(k) —z(k | k —1) is the corresponding
innovation, and W(k) is the standard Kalman gain.

The error covariance associated with the updated state
estimate is defined as

Pk 1K) ={ [x09 - %Gk ]l x00 -3¢k 1k} 2
and can be evaluated by

P(k k) =Bo(kK)P(k |k —1)

+[1- Bo(K)IP (k| k) + P(k)
where
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=1
v (K)v'(K)) W'(k)
and
PC(k | k) = (1-W(K)H)P(k | k —1).
Now that we have obtained x;(k|k), it remains to
find out the values of f3;(k).

3.23 The PDA Weights

The association probabilities §; (k) are developed
in detail in [2] and require knowledge of the
probability mass function of the number of false
measurements (clutter). Assuming a Poisson density
with parameter AV, , the weights are given by

e :_
(k) =———— i=01...m 1)
Bi(k) b+z;n:k1ei k
b
ky=——— (2)
Bo k) s
where

=
3 —expgrgvi (K)S™ LK)y i(k)g

b= (277/)’) " /2,\chnz (1 - PoFs )/ Po

P;is the probability that the target-originated
measurement falls within the validation gate, and P, is
the probability that the correct measurement is
detected, and ¢, is the volume of the n, dimensional
unit hypersphere (cl =2,c, =1, ¢y =4m1/3, etc.).

(0,0) X

y (640,480)

Fig. 1 Partition of the region of interest
4. PDAF with Winner-Update Strategy

To fully employ the image feature information of
the target, we present the following method. The
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region of interest (ROI) is partitioned into four parts,
call them part A, B, C, and D (see fig. 1). The WinUp
algorithm is then performed in each of the four parts.
Each will then get a similarity value, SAD;, with a
smaller value indicating a higher likeliness. The
similarity value is then converted into the likelihood
ratio, defined by

4
Ai:}EEﬁﬁﬂE” i=1234-
SAD; +1

We can see that following this definition, the region
with smaller SAD will have a larger likelihood ratio
A . This likelihood ratio can be used to modify the
standard PDA Filter’s association probabilities in
equation (1),(2), as follows [6]:

By =—aPN)  i=o.,m, ()
b+ ™ & exp(kh)
Bo(k) = b @

b+z e, exp(kA;)

where k >0 is included to adjust the influence of the
likelihood ratio on the standard PDA Filter’s
association probabilities. If k =0, equation (3),(4)
return back to their original form (eq.(1),(2)).

5. Motor Control

For the pan-tilt camera platform, the predicted
target velocity in ground frame(vxg,vyg)and the
predicted target position in image frame(X;,y;) are
utilized for motor control. The control input is

obtained by
Eontrol input x[_ g
s p[%

ontrol mputy
mage posmon error x
mage positionerror x

mage positionerror y
and

u‘—u+k|[g E

where w is initialized to zero. The function f is
obtained by coarse calibration. The f term and the
k, term constitute the basic control component based
on the nominal system. As the nominal part would not
represent the servomechanism exactly, additional
enhancements to achieve effective control is required,
and it is useful to consider an overall control law with
the learning control [7] component u included.

:

mage positionerror y
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6. Real Experiments and Results

The proposed method is demonstrated by a real
indoor target tracking experiment. The target is an
combat airplane model moving from left to right along
a straight track, and the background is composed of
one big poster with cluttered textures, and another
stationary combat airplane model. These constitute the
cluttered background and are used to compare the
performance of the WinUp-PDAF with the standard
Kalman Filter. The whole image is of size 640x 480,
and the block size B for template matching is 16 x16
pixels. The search range for parts A, B, C, and D is
72x72, and the overlapping length of two parts is 16
pixels, so that the total search range is 128x128 (fig.
1). For comparison, the WinUp-PDAF tracking
module is compared with the standard Kalman Filter
module. Both modules are using WinUp as the target
detection method, while the Kalman Filter only keeps
track of the point with minimum SAD. The template
matching block is first locked onto the centroid of the
target, and thereafter it is kept not updated.

Smooth control input is the desired goal. Since
the smoother the control input, the less oscillation
occurs on the camera, and this yields a higher
confidence in target detection.

The results are shown in fig. 2(a~e) and table 1.
Tracking with WinUp-PDAF yields smoother control
input. This in turn yields higher confidence in target
detection, since fast switching control input, as shown
in fig. 2.(c),(d), results in large oscillation and serious
image blurring. Even worse, the system will go lost of
track as in fig. 2(e).

7. Acknowledgement

The Winner-Update algorithm is implemented in
C language by the authors of [5] and downloadable at
ftp://smart.iis.sinica.edu.tw.

Table 1. Results of the experiments
Variance
of control input
(Unit in motor steps)

Experiment 1 : Fig.2(a) 100.61
WinUp-PDAF

Experiment 2 : Fig.2(b) 115.49
WinUp-PDAF

Experiment 3 : Fig.2(c) 142.54

WinUp-Kalman Filter

Experiment 4 : Fig.2(d) 173.22

WinUp-Kalman Filter
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control input
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PDA1

130 140 150 160 170 180 190 200 210 220 230
time

Fig. 2(a)

PDA2

110 120 130 140 150 160 170 180 190 200 210
time

Fig. 2(b)

NOPDAL

40 60 80 100 120 140 160
time

Fig. 2(c)

NOPDA2

40 60 80 100 120 140
time

Fig. 2(d)
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lost of track
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60 70 80 90 100 110 120 130 140 150
time

Fig. 2(e)

Fig. 2 (a)~(e) : The horizontal ‘time’ axis has unit
length equal to one cycle, which is about 120ms. The
vertical ‘control input’ has unit length equal to one
step of the stepping motor, while 10,000 steps
correspond to 277 radians. Fig.2(a&b) are WinUp
with PDAF. Fig.2(c&d) are WinUp with standard
Kalman Filter. Fig.2(e) demonstrates a case where
large oscillation finally lead to lost of track.
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