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Abstract

In this paper, two object detection techniques in computer
vision are proposed. The first method is a trainable object-
tracking method, based on maximum likelihood. The second
method is an extension of support vector machines (SVMs).
The first method is an extension of Retinotopical Sampling
(RS). RS is a Gaussian filter with object detection mecha-
nism. The concept of RS wasinspired by human saccadic eye
movements. However, when the object sizeisinferred by RS
theresult tendsto gravitate towards zero. Inthis paper, Equiv-
aent Retinotopical Sampling(ERS), which is an extension of
RS, is proposed. ERS is reformulated RS by introducing an
amount of information from each sampled point.

The second method is an extension of discriminant function
trained by SVMs for object recognition in an image. The
discriminant function is formulated as an analytical function
of the object position and the object size in an image. The
extension isintroducing ERSto SVMs.

Introduction

Support vector machines (SVMs) have yielded good gener-
alization performance on wide range of problems. In the pat-
tern recognition field, SVMs have been applied to isolated
handwritten digit recognition, object recognition, speaker
identification, charmed quark detection, face detection in
images, and text categorization. In most of the applications,
SVM'’s generalization performance either matches or is sig-
nificantly better than that of competing methods.

In this paper, an extension of a discriminant function
trained by SVM for object recognition in an image is sug-
gested. By this extension, the discriminant function is for-
mulated as an analytical function of the object position and
the object size in an image. This extension realizes a train-
able object-tracking method as gradient decent method for
the discriminant function like figure 8.

The extension is introducing a concept of Retinotopical
Sampling (RS)(Smeraldi & Bigun 2002) to SVMs. The con-
cept of RS was inspired by human eye mechanism(Smeral di
& Bigun 2002). Using the concept of RS, a statistical object
model is defined. Then, Fisher Kernel(Jaakkola & Haus-
der 1999) using this statistical model is defined. Thiskernel
function is an analytical function of the object position and
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the object size. Then, the discriminant function becomes an
analytical function of the object position and the object size.

Statistical Object Model

In this section, the dtatistical object model is described.
And, amaximum likelihood based trainable object-tracking
method is discussed. The concept of RS was inspired by
human saccadic eye movements and enables a quick recog-
nition of eyes, mouth in static images(Smeraldi & Bigun
2002). RS is a Gaussian filter with object detection mech-
anism. Teo et a. formulated object-tracking as a similar
model (Tao, Sawhney, & Kumar 2002), with the object posi-
tion represented by Gaussian prior distribution. This model
enables estimation in amaximum a posteriori (MAP) frame-
work using a generalized expectation-maximization (EM)
algorithm. Moreover, RS has a high calculation speed. In
this paper, instead of Gaussian prior distribution, RSis used.
When the object sizeis inferred by RS the result tends to
gravitate towards zero. To avoid this difficulty, Equivalent
Retinotopical Sampling(ERS), which is an extension of RS,
is proposed. ERS can infer the size of objects more accu-
rately. Using ERS, atrainable static object-tracking method,
with essentially only two parameters, has been formulated.

Notation and M odel

In this paper, an imageis represented as afollowing set.
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Here, x, = (zn,y,) denotes the coordinates of the nth
pixel, i, = i(x,) denotesintensity of the nth pixel. 2= =

9i(x,,) istheintensity gradient at x,,. X denotes a state of

apixel at x. X,, denotes the state of nth pixel.
The designated objects (for training) are represented by
the following Gaussian mixture distribution for the state of
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Here, parameter O is determined to give the maximum like-
lihood for @l pixelsin the designated images for training. ©
isdetermined by the method Verbeek et al.(Verbeek, Vlassis,
& Krose) proposed.

In the model Tao et a.(Tao, Sawhney, & Kumar 2002)
proposed, an appearance model as p(i|n : pixel number) is
used. Because, a simple Gaussion mixture model

M
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can not represent sharp objects, the probability distribution
for each point is required. A distribution for intensity gra-
dient 2%, which represents edge density distribution, is used
to detect sharp objects.

Let us consider detection of the trained object in a test
image. Object detection and object-tracking in the test im-
age is formulated as determining an appropriate coordinate
transformation between coordinate system x and x. Where

x = coordinate system used in training process
to determine © from the training images
x = coordinate system on the test image.

And, the following linear coordinate transformation is used.
xt = Bx' 4 put. 3

Here 1 = (12, 11y) denotes a position of the trained object
in the test image,
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isa2 x 2 matrix which represents a size and an angle of
the trained object in the test image. The appropriate coor-
dinate transformation is a coordinate transformation which
gives maximum likelihood for a statistical model defined in
the following section section: Retinotopical Sampling and
Equivalent Retinotopical Sampling.

M ethod

In the following, two mechanisms (RS, and ERS) to estimate
likelihood for certain coordinate transformation are defined.

Retinotopical Sampling The designated object is repre-
sented by the Gaussian mixturedistribution (2) for one pixel.
Animageis a set of pixels. To estimate the likelihood for
a set of pixels, the distribution (2) is applied for sampled
pixels. The sampling is done with a Gaussian probability

Retinotopical Sampling Grid used in (Smeraldi & Bigun
2002)

Figure 1: Retinotopical Sampling

density function, like figure 1. This sampling mechanismis
called Retinotopical Sampling. When, the object position .,
and the object size and angle B in the test image are given,
the density of sampled pixelsisasfollows:
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Here ® = (u, B) denotes the coordinate transformation,

A(x) isthedensity of sampled pixel at the coordinate system
%X, A(x, ®) isthe density of pixels sampled at the coordinate
system x. A(x, ®) represents the density of sampled pixels
on the test image. The result of the sampling is,

J={X;,Xs,.. Xy}
Log likelihood for the set J is defined as,
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Here X glenotes the state of the pixels on the coordinate sys-
tem x, X denotes the state of the pixels on the coordinate



Figure 2: Equivarent Retinotopical Sampling

system %, X is regarded as a mapping function from X, ®
to X R .
X = X(X,®)

§(X(X) — X) represents the amount of information on
the coordinate system x for the pixel j on the coordinate

system x. | X | isthe density ratio of information on the co-
ordinate system x and x. Because the state of the pixelsrep-

resented by intensity and intensity gradient, | X| = 1. This
rate shows that amount of information for one pi xel does not
vary with any linear coordinate transformation. This isthe
reason why no higher order differentiation of intensity like
gié isnot used.

Equivalent Retinotopical Sampling RSrealizesvery fast
object search inimages. However, RStendsto ignore feature
pointsthat are not near the center of the sampled region. For
example, ears and beard of face are not in the center region.
Thus, with RS it is hard to detect objects where such feature
points are important. RS becomes sparse near the boundary
between an object and the background. Then the size of the
object estimated by RS will be incorrect.

To overcome the above difficulties, an Equivalent RS
(ERS) is proposed. ERS is a method that converts broader
sampling to RS. Figure 2 shows a schematic image of ERS.

ERS samples a state X at points with broader probability
distribution ¢(x) than A(x, ®). * The result of the sampling
is expressed as,

J = {X1,Xs,.. Xy}

Log likelihood for J is defined as (6). If we denote the
coordinate system u, such that a coordinate transformation
from u to x projects/converts uniform sampling on u, into
sampling with density ¢(x) on x. And by designating the
coordinate system v, such that a coordinate transformation
from v to x enables uniform sampling of v into sampling

with density A(x) on %. Then, log likelihood is
log P(J|®)
— [1ogp(Xie)

Twith increasing object size, ¢ =uniform distributionis 0 ap-
propriate.
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Definition using a simple probability rate

N
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did not work in the experiment for the test images used in
section .

® gives maximum log likelihood represents the object po-
sition in the image.

Experiment

In this section, ERS and RS are compared in ex-
periments involving images of vehicles, trained by
images from http://www.ai.mit.edu/projects/chcl/software-
datasets/CarData.html. For size inference, aremarkable dif-
ference between ERS and RS was seen. Figure 6 and 7
shows errors of inferred size for 100 test images. Where
B, and By, are xx and yy elements of the matrix B. B
was defined in the equation (3). B, represents the object
size of the object « direction. B,, represents the object
size of the object y direction. When many pixels are not
be sampled, the accuracy of ERS is better than RS. For real-
timetracking system, the number of sampled pixelscould be
N < 200. Figure 4 shows an example of inferenceby RS. In
this figure, By, gives a maximum likelihood that is almost
zero. Asin figure 4, RS tend to infer that the size is zero.
Thus E(B,, — argmaxp, log P(I|®)) for test images by
RS is greater than zero. The log likelihood by RS is up and
down because of random sampling. Figure 5 shows an ex-
ample of inference by ERS. ERS estimates almost accurate
object size.

d gives maximum log likelihood represents object posi-
tion in theimage. Figure 8 shows a situation using gradient
descent to determine a vehicles's position, which isthe local
maximum of log P(I|®). Figure 8 shows a situation about
facial detection. Here logP(I|®) by ERSis used.
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Figure 3: Test image

Log likelihood by RS verses B, By,.

Figure 4: Sizeinference by RS
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Figure 5: Sizeinference by ERS
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Figure 8: Vehicle tacking using gradient decent method



Discriminant Function by SVM V' verses (i, p,, for theim-
agein Figure 8.

Figure 9: Fisher kernel
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Training imagesin
http://www.ai.mit.edu/projects/chcl/software-
datasets/FaceData2.html

are used.

Figure 10: Facial detection using gradient decent method

Fisher Kernd

Supposing a situation where none of the designated objects
existsin an image, thiswould not be recognized by a system
using only maximum likelihood. Support Vector Machines
(SVM’s) can provide thresholds for distinguishing object
and background and object. The system with the threshold
can recognize the state.

For an isolated object in an image, SVM'’s generalization
performance either matches or is exceeds that of competing
methods(Alvira & Rifkin 2001). For non-isolated objects,
Papageorgiou et al.(Papageorgiou & Poggio 1999) proposed
a method based on SVM with preprocessing which iso-
|ates objects from a background image (Itti & Koch 2001).
S.Avidan(Avidan 2001) proposed a method " Support Vec-
tor Tracking” (SVT) to find the object in an image using
the gradient of the decision function trained by SVM. But,
because SVM was able to handle only feature vectors of
fixed lengths, longer or shorter object images cannot be han-
dled. Jaakkola et al.(Jaakkola & Haussler 1999) introduced
Fisher kernel which can handle feature vectors of various
lengths. The experiment about ERS shows that, a genera-
tive model based on ERS can detect the longer and shorter
object images as well. By using the Fisher Kerndl, the dis-
criminant function V' becomes a analytical function of the
object position: p and the object size: B (also input image
1)V = V(I,p B) And agradient of V, (42X, 9¥) can

I

be calculated analytically. This gradient calculation part is
similar to the SVT(Avidan 2001). Using this gradient, ob-
ject detection can be formulated as a gradient decent method
for V. SVT can handle translations only up to about 10% of
the object size. Whereas, our method can handle translations
more than 10% . Figure 9 shows the Discriminant Function
V (e, p1yy) trained(Collobert & Bengio 2001) for detection
of vehicles. The center peak of V (i, 11,) represents cor-
rect position of the object in the image. And other pesks are
more than 10% away from the correct peak.

Figure 11 shows accuracy of the discriminant function
trained(Collobert & Bengio 2001) for face detection. The
ROC curve(Provost & Kohavi 1998) is calculated for same
training and test data (Alvira & Rifkin 2001). The re-
sult of our system is similer to the results of SNoW(Carl-
son et al. 1999; Yang & Ahuja 1999) and linear SVM
in (Alvira & Rifkin 2001). In this experiment, the hum-
ber of gaussion used for gaussion mixture model is only
11, due to the limitation of computational time. Fig-
ure 11 is a good result for such small model. By us
ing this above simple statistical model, computational time
to calculate gradient of V' on MATLAB is about (0.1
(number of sampled pixelsin ERS)) second. The gradient
is calculated by numerical differentiation. By the replacing
numerical differentiation with analytical differentiation and
by efficient programming, this system will be close to real-
time system.

Application

The techniques described in this paper are useful not only
in vision, but also in many pattern recognition fields. Us-
ing Gaussian filter for certain feature space, similar mecha-
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Figure 11: Face Detection ROC Curve

nismto RS can be defined. By this mechanism, an analytical
discrimant function in the certain feature space (like object
position in image recognition) can be introduced.

One of an application of our method isimage recognition-
based vehicle control. Since the error of statistical pattern
recognition cannot be zero, if it controls a main unit like
a brake in an automobile, then the probability about fatal
error like running over pedestrians cannot be zero. We think
following formulation can avoid such fatal error.

max V
f<oO (7)

where, V' represents the discrimant function. f < 0 repre-
sents safer condition. To solve above problem, an analytical
discrimant function of certain feature valuable is required.
And, for our application, the Fisher kernel function defined
in section, isrequired. Then, a control system based on ker-
nel machine (Niitsuma & Ishii 2000),(Dietterich & Wang
2001) is used.

Conclusion

In this paper, two trainable object-tracking method is pro-
posed. The first method is a maximum likelihood based
trainable object-tracking method is proposed. The second
method is expansion of SVMs.

The first method is formulation of a gradient decent
method for log likelihood for object-tracking. This method
essentially has two parameters. The first parameter is the
number of Gaussions in the Gaussion mixture model. The
second parameter is the number of sampled pixels. When
the gradient decent method is replaced by Newton method,
other parameters are not needed.

The second method is based on the statistical model used
in the first method. Using this statistical model, the dis-
criminant function V' trained by SVM can be formulated
as an analytical function of the object position: ;. and the
object size: B (also input image :1). By this analytical func-
tion, object-tracking can be formulated as a gradient descent

method for the discriminant function V (I, u, B). The accu-
racy of the discriminant function similer to SNoW/(Carlson
et al. 1999; Yang & Ahuja 1999) and linear SVM. Compu-
tational time resource our method requiresis not large.
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