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Abstract:

This novel method of Pedestrian Tracking using Support Vector (PTSV) proposed for a video sur-

veillance instrument combines the Support Vector Machine ( SVMD classifier into an optic-flow based tracker.

The traditional method using optical flow tracks objects by minimizing an intensity difference function between

successive frames, while PTSV tracks objects by maximizing the SVM classification score. As the SVM classi-

fier for object and non-object is pre-traineds there is need only to classify an image block as object or non-ob-

ject without having to compare the pixel region of the tracked object in the previous frame. To account for large

motions between successive frames we build pyramids from the support vectors and use a coarse-to-fine scan in
the classification stage. To accelerate the training of SVM, a Sequential Minimal Optimization Method (SMO)

is adopted. The results of using a kemel-PTSV for pedestrian tracking from real time video are shown at the

end. Comparative experimental results showed that PTSV improves the reliability of tracking compared to that

of traditional tracking method using optical flow.
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INTRODUCTION

Object tracking is a challenging and impor-
tant task in computer vision. Some of the more
popular applications include video surveillance
instrument> robotic control, and autonomous ve-
hicular navigation. Tracking algorithms find how
an image region moves from one frame to the
next. This implies the existence of an error func-
tion to be minimized, such as the sum of squared
differences ( SSD) between the two image re-
gions. This error function is the result of making
the Yet>
quite often we are interested in tracking a partic-

‘ constant brightness assumption .

ular class of objects such as pedestrians. In this
case we can ftrain a classifier in advance to dis-
tinguish between an object and the background.
Then the question is how to combine the tracker
and the classifier. Our solution is to replace the
error function of the tracker. Instead of minimiz-
ing the SSD error; the tracker will try to maximi-
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ze the classification score.

In the video surveillance instrument, we de-
tect and track the pedestrian from a video se-
quence. The detection module of the instrument
(which is not described in this paper) relies on a
kernel-SVM that was trained on thousands of im-
ages of pedestrian and non-pedestrian. Once de-
tected,
time. Here we will use optic-flow ( Bergen et

the system tracks the pedestrian over

al .» 1993) as the particular tracker. For classi-
fication we use the SVM (Osuna et al ., 1997;
Morik et al., 1999; Xin et al., 2002 tech-
nique.

The problem tackled by the PTSV is often re-
ferred to as transformation invariance in machine
learning. Simard et al. (1993) used the near-
est-neighbor classifier with a “tangent distance”
metric and applied it to character recognition.
Later, Vasconcelos and Lippman (1998) worked
on face images by extending “ tangent distance”

Final-

to work in a multi-resolution framework .

% Project supported by Japanese Monbusho Scholarship Program and Zhejiang Provincial Scientific Research Foundation for Retum Overseas Chinese

Scholars( No.2004-4)



100

HUANG Jiangiang. CHEN Xiangxian et al.

ly> Scholkopf et al . (1998) introduced “ tangent
distance” to SVM by deriving a kernel that en-
forces local transformation invariance. Good so-
lution to transformation invariance can improve
the robustness of a virtnal instrument system
(Zhou and Wang, 2001).

Our approach is similar to that of Black and
Jepson (1998) in that we find the transformation
parameters as part of the classification stage. We
extend their work by using SVM instead of eigen-
vectors. This does not complicate the learning
phase to achieve transformation invariance and
falls naturally within a multi-resolution manner.

SUPPORT VECTOR MACHINE

Consider a set of data. {X,, ¥, }, such that
X; is an input and y; € {— 1, + 1}is a target
output. A support vector machine is a model that
is calculated as a weighted sum of kernel func-
tion outputs. The kernel function of an SVM is
written as k(X,> X, and it can be an inner
Gaussians or any other

product» polynomial»

function that obeys Mercer’ s condition ( Gunn,
1998) .

Formally, we consider the family of decision
functions

1

such that sgn

SOX) =sgn(w! X + b)
and wish to minimize || w ||

(w'X +b) = sgnCy, ).
found by solving the quadratic programming

The solution for w is

problem defined by the objective function and
the constraints.
In the simplest case, where k(X,, X,) =

X, * X, and the training data are linearly separa-
ble; computing an SVM for the data corresponds
to minimizing | w || such that v CWe X, -
Wy) —1=0, V i» whose solution is:

N

K

a;y:X;

i=1

w =
with constraint

{
Z} Yy, = 0
i=1

In the nonlinear cases the decision function
we deal with becomes:

!
FOXD) = sgnC > yak( X, X)) + b) (2>

The objective function ( which should be
minimized) for Eq.(2) is:

!

2 aia_,-yiyjk( Xi s AXJ) (3)

=1

1
Wia) = Do - o
i=1 i

with constraints

!
17."’l, Zaiyi :O
i=1

Eq.(3) will always have a single minimum

ai;(),i:

with respect to the Lagrange multipliers «;. The
minimum to Eq.(3) can be found with any of a
family of algorithms, all of which are based on
constrained quadratic programming. We used a
faster Sequential Minimal Optimization ( SMO)
algorithm (Platt, 1999 in all of our experiments
to speed up the training process.

In our cases; we used a Gaussian kernel
function: £ (X, X/) = eXp( -l X - X; |2/
25°). The choice of ¢ is usually made to reflect
the smoothness of the feature space and the den-
sity of the training data, as there is no general
choice of 65 we heuristically set ¢ to 16.

PEDESTRIAN TRACKING USING SUPPORT
VECTOR

Recently there is some attention paid to mul-
tiple cameras tracking (Khan et al., 2001 for
extending the field of view. In our pedesirian
tracking system, the camera can turn around by
The

camera is mounted on a high tower and will turn

the mechanical and electronic instrument.

towards the tracked object. The framework in
which PTSV will work is as follows. The detec-
tion module will detect possible candidates in the
current frame and hand them over to the PTSV.
The PTSV will refine their position so that a local
maximum of SVM score is achieved. If the score
is positive the candidate will be declared a pede-
strian and a tracking process will start. The re-
fined position in the current frame will serve as
the initial guess in the next frame and so on.

We introduce the notations and develop
PTSV for the simple case of 2D translation mod-
el. Then we extend PTSV to work on pyramids
by introducing the Support Vector Pyramid.

1. Pedestrian tracking using support vector
Kernel-SVM is given by
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!
>k (I X)) + b

i=1

(4

where X, are the support vectors, y,; are their
sign and «; are their distance from the hyper-
plane. £CI, X;) is the kernel we choose to use>
and I is the image region we wish to test.

Let I, represent the initial guess of the ob-
ject’ s position in a given image. Furthermore,
let us assume that the initial guess is not too dis-
tant from the correct position ( Ig,5) of the ob-

ject. Using first-order Taylor expansion we have

Iﬁnal = Iinil + ulx + UI}‘ (5)

where I, I are the x and y derivatives of
(sub-)image and u, v are the motion parame-
ters. By assumplion we have that the SVM score
of I, is a local maximum. Put formally

!

!
Zyjajk(lﬁna],Xj) = max( I‘ Z}yjajk(l,Xj))
. —
(6)

i=1

where I are all possible (sub-Jimages Cin vector
form) in the neighborhood of Csub-)image I,
(we drop the constant b as it does not affect the
solution) . Putting Eq.(5) in Eq.(4), we get:
‘
Zyjajk(l+ ul, + ol,» X;) 7>
j=1

Eq.(7) is the one that we want to maximi-
ze. For readability we will denote I, as I.

We used a Radial Basis Function given by
kernel kCX, X;) = exp( — | X - X; Il 2/26%).
A quadratic polynomial function kernel can also
be used in the system. Take the u, v deriva-

tives of Eq.(7) and let:

{HE/ﬁu =0

JE/dv =0 (8

After rearranging terms we have the following
equation:

ot
x'x'r

[ =[ ’ X'}'IXX'}‘I_,,] - [ X_]TIxX_,T-I]
o = lxinx,

X xr. X/LXx]1
9

This equation resembles the standard optic-
flow equations with the support vectors replacing
the role of the second image in the equation.
This means that all computations are done on a
single frame each time and not on a pair of suc-

cessive frames. Also, there is one major differ-
ence. In PTSV the image region to be tracked
must be rescaled to the size of the support vec-
tors> then we perform a number of PTSV itera-
tions, using Eq. (9) to maximize the SVM
score. This approach can handle small motions
in the image plane. Larger motions must be han-
dled in a coarse-to-fine manner, as described in
the next subsection.

2. Pyramid implementation of PTSV

The image that needs to be classified is first
sub-sampled to the size of the support vectors
and then its SVM score is computed. Thus,
PTSV works on the sub-sampled version of the
test image. The misalignments must be small so
that the first-order Taylor approximation, used
by PTSV; will suffice to lock on the best posi-
tion. However, if the motions are large, we can
no longer hope for the approximation to work and
pyramids must be used.

There are many kinds of image representation
(Wang et al.> 2001: Liu and Huang, 2001;
Hui et al., 2002). Pyramid implementation is
one of the efficient methods for representing an
image. Because the supporl vectors are a sub-
sampled image of the most problematic images in
the learning set> we can smooth and subsample
them to create a support vector pyramid for each
support vector. In the classification stage we
create a pyramid of the same size as the support
vector pyramids from the test image. Then we
run PTSV on successive levels of the pyramids in
a coarse to fine manner.

EXPERIMENTS

The classification engine was trained on a set
of approximately 2000 images of pedestrians and
non-pedestrians. The images were digitized from
a progressive scan video at a resolution of 320 x
240 pixels and 10 frames per second. Typical
pedestrian size is about 60 x 20 pixels. The pe-
destrians and non-pedesirians were manually se-
lected and reduced to the size of 32 x 12 pixels.
Their mean intensity value was shifted to the val-
ue 0.5Cin the range [0...1]). We have even
used Gaussian Radial Basis Function kernel to
perform the learning phase. The classification
rate was about 96% for the learning set> with
about 1500 support vectors.
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For speeding up the classification phase we
used the Reduced Set Method ( Burges, 1996) to
reduce the number of support vectors from 1500
to 300. The Reduced Set Method shows that the
number of support vectors can be reduced,
through Principal Component Analysis on the
support vectors in feature space. In practice we
found that the 60 support vectors with the largest
eigenvalues are sufficient for classification. For
each of the 60 support vectors we created a 2
level Gaussian pyramid by performing a 2D
smoothing followed by sub-sampling. Each test
image was sub-sampled to a Gaussian pyramid
with the bottom level of the pyramid being 32 x
12 pixels. We used PTSV with a 2D translation
model on the pyramid to refine the image posi-
tion. The score of the test image was taken to be
the SVM score of the bottom level. PTSV takes

as input an initial position of the frame. It then

)

applies pyramid PTSV and outputs the position in
the image: with the highest SVM score. This po-
sition then serves as the initial guess for the next
frame .

Here we present results of four tests on a
wide variety of pedestrians. No parameter was
changed from test to test. In all cases the initial
guess in the first image was supplied manually.
In the real system the detection module will sup-
ply the initial guess.

In the first test we supplied the algorithm
with a rough initial guess and tested how well it
maximized the SVM score ( Fig. 1). For each
image in the figure we show how much did the
SVM score improved and what was the motion
from the initial guess to the final position. We
found that translations up to about 10% of the
pedestrian size were handled by the algorithm.

(b

Fig.1 Examples of the initial guess ( dashed line) and the final position (solid line). The image size in all
cases is 320 x 240 (The SVM score of the initial guess and the final position as well as the amount of motion
between the initial and final position are shown. The best position in the coarser level serves as a good strart-

ing point for the next level)
Ca) Init:

The second test shows how the 2D translation
motion model we use handles an approaching pe-
destrian. In this sequence of 301 frames the pe-
destrian is approaching the camera (Fig. 2).
Note also that the viewpoint changes but still
PTSV manages to keep track of the rear of the
pedestrian with high SVM scores.

In the third test (Fig.3) we compared the
PTSV against a simple SSD tracker. The SSD
tracker works by minimizing the SSD error be-
tween successive frames. It uses pyramids to ac-
count for large motions and uses the following

—2.3; Final:2.9; Motion ( — 1.8, —4.6);

(bh) Init: =3.5: Final:0.7: Motion(2.9,6.2)

optic flow equation to estimate the motion param-

eters:
Mo Y )\vl o (- >,

(100

Where I,s I, are the x, y derivatives of the
first image and I, is the time derivative between

the two frames. For benchmarking, the SVM
score of pedestrian’ s region detected by SSD is
calculated.
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Fig.2 SVT tracking (a),(b),(¢) are three frames from a 301 frames sequence: (d) shows the SVM score of the
tracked region using the SVT tracker
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Fig.3 (a)(b)(¢) are three frames from a 320 frames sequence( The solid rectangle denotes the SVT tracking
result: the dashed rectangle denotes a simple SSD tracker); (d) shows the SVM score of the tracked region
using the SVT tracker (solid line) and SSD tracker ( dashed line). As can be seen. SVT is far superior to the
SSD tracker
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As we can sees up to frame 80 both trackers
perform comparably . However at frame 80, the
tracking diverges by six pixels. This is enough to
drastically lower the SVM score obtained by the
SSD tracker. As can be seen it never recovers
from this miss and it keeps drifting away. The
PTSV tracker on the other hand keeps getting
high SVM scores throughout the sequence.

The last test shows a challenging case of par-

(u) Frame =1

(e} Frame #239

tially occluded pedestrian (Fig.4), the two pe-
destrians are very close to each other and illumi-
nation also changes because of the sunlight
through the trees. The SSD tracker fails to track
the pedestrian and drift away after 300 frames
without getting positive SVM score along the
way. The PTSV on the other hand remains at-
tached to the pedestrian while maintaining a pos-
itive SVM score.

(b) Frume # 145

SVM score
d=
-\‘L".'-:..“_
==
rd
—
-
-

Frame number
1dy SVM score

Fig.4 (a),(b), (¢) are three frames from a 300 frames sequence ( The solid rectangle denotes the SVT
tracking result; the dashed rectangle denotes a simple SSD tracker): (d) show the SVM score of the tracked
region using the SVT tracker (solid line) and SSD tracker (dashed line). As can be seen, the SSD tracker is

fooled while the SVT tracker is much more stable

CONCLUSIONS

Here we combine the SVM classifier and the
optic-flow tracker to achieve a Pedestrian Track-
ing using Support Vector ( PTSV) mechanism.
While this might slow down the computations
required for real-time tracking it offers an effec-
tive method to align a test image with the SVM
support vectorss thus PTSV can be regarded as

extending SVM to have some inherent invariance
to image transformations. PTSV works by maxi-
mizing the SVM classification scores instead of
minimizing an intensity difference function be-
tween successive frames. What is more> we cre-
ated a Gaussian pyramid from every support vec-
tors terming it “ Support Vector Pyramid”; that
allows PTSV to handle large motions in the image
plane. The algorithm was tested on real video
sequences for the purpose of pedestrian tracking.
In the video surveillance instrument> we have
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used PTSV with a Gaussian Radial Basis Func-
tion kernel. However, the PTSV paradigm can
be used with various motion models up to a 2D
affine transformation and various kernels such as
B splines> Multi-Layer Percepiron, Fourier Se-
ries and so on. Future work can use other ker-
nels to improve the tracking robusiness of the
video-tracking instrument.
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