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1 Statement of the problem studied

One of the primary problems faced in constructing a system for detection of targets in complex
scenes is how to deal with computational complexity when analyzing large amounts of information
in visual scenes. It seems natural that in addition to exploring advanced mathematical algorithms,
in designing a model for scene analysis we should use some properties of the best existing machine
for analyzing visual scenes the human visual system. The questions that we address are: 1) what
are the properties of human vision that are most relevant for the task of object detection from visual
scenes and 2) how can those properties be implemented in a working system for scene analysis.

One of the main objectives of our work is to develop a model for integrating information within
a fixation and across fixations - during saccadic exploration of the visual scene. In our model,
an object is represented with large number of features but, in contrast to other feature-based
approaches, the learning of configurations of features does not require large quantities of training
data. This is due to the fact that between an object and features we introduce an intermediate
representation, object views. Specifically, in our model an object is represented as a collection
of different views and each view is associated with different constellations of outputs of feature
detectors. Given the location of the specific view, we show that each feature becomes conditionally
independent of other features, which means that learning the whole configuration of features is then
reduced to a much easier task - learning outputs of each feature detector independently of outputs
of other feature detectors.

Another objective of our work is to develop new classification algorithms using methods from
statistical pattern recognition and machine learning. Over the last fifteen years, significant advances
had been made in constructing new and powerful classification algorithms such as support vector
machines (SVM), boosting, and bagging. However, there are still numerous limitations related to
selection of data for SVMs, use of unlabeled data, and learning in high dimensional spaces from few
examples. Among the algorithms that we developed are a minimum bounding sphere algorithm
for classifying object categories, adaptive distance nearest neighbor rule, a classification algorithms
that can utilize information from unlabeled data, a model for data selection for SVMs, and a

computational model for classifying both segmented and raw images.



2 Biologically inspired learning algorithms

2.1 Introduction

Detection and identification of partially occluded targets in complex scenes becomes an increasingly
important task in light of the latest developments in urban warfare. The construction of a system
that can automatically identify selected targets or direct soldiers attention to the locations that
may contain suspicious activity can be of great use not only as a tool that can reduce the cognitive
workload of the soldier but also as a tool that can alert the soldier to possible threats.

Identifying a target in a complex scene is a challenging problem that incorporates several impor-
tant aspects of vision including: translation and scale invariant recognition, robustness to noise and
ability to cope with significant variations in lighting conditions. Identifying an occluded target adds
another layer of complexity and this problem can be extremely difficult even for humans. Motion
information can be of great help in providing an initial figure-ground segmentation. However, in
many situations motion information is not available. In addition, if the input to the system is a
video stream then the requirement that the system works in real-time often precludes the use of
more sophisticated but computationally involved techniques.

One of the main limitations of classical vision algorithms, such as those utilizing Artificial Neural
Networks (ANNs), Radial Basis Functions (RBFs), and Support Vector Machines (SVMs), is that
they require a fixed size input. This means that during the recognition phase the input vector to
the system has to be of the same size as the input vector used during the training process. Such
systems are therefore not well suited for occlusion problems where sections of the input vector are
simply missing or carry incorrect information.

In addition, supplying a fixed size input to the recognition system requires the selection of the
specific region from the image. This means that such systems have to solve the segmentation
problem, find the boundary of the region occupied by the target. However, given an image, it is not
known where the target is or what its size is. In order to detect a target, regardless of its location,
the detection system is usually (as presented in (Schneiderman and Kanade, 2000)) convolved over
the whole image and in order to detect a target at different scales the original image is rescaled
and the convolution procedure repeated. Since the methods that rely on exhaustive search are not
computationally efficient, they are mostly applied to detection of targets in static images.

Human visual system, on the other hand, does not require any “presegmentation” of the image in
order to recognize a specific object. In fact, when we look at an object, our visual system processes
not only information coming from the object itself but the whole scene. This is accomplished
through an array of neurons that are selective to specific features and whose receptive fields (RF's)

are spatially distributed and localized. Although our visual system processes information from



all the regions of the scene, it appears as if it somehow knows to “discard” certain regions (the
background) and integrate only information from the object regions. If we are not able to recognize
an object from a single fixation, then we make saccades, combine evidence from different fixations
and as a result usually improve our perception of the object.

Since our visual system integrates information from neurons that have localized receptive fields, it
seems natural to represent an object as a collection of localized features. In contrast to global models,
such as those that use a Principal Components Analysis (PCA) approach, feature-based approaches
are much more robust to partial occlusions. Over the past years, feature-based approaches had
become increasingly popular within the computer vision community (Lowe, 1999; Schmid and
Mohr, 1997; Serre et al., 2005; Heisele et al., 2001; Torralba et al., 2004). These approaches
have been succesfully used in various applications such as face recognition (Schneiderman and
Kanade, 2000; Viola and Jones, 2001), handwriting recognition (Wang et al., 2005¢; Neskovic
et al., 2000), car detection (Agarwal et al., 2004; Schneiderman and Kanade, 2000; Neskovic et al.,
2004), and modeling human bodies (Felzenszwalb and Huttenlocher, 2005). One of the problems
of probabilistic feature based approaches (such as (Fei-Fei et al., 2003)) is that they can not model
an object with a large number of features since calculating the joint probabilities would require
an enormous amount of training data. Another problem is how to find the best constellation
of features. In one-dimensional case this problem can be solved using a dynamic programming
approach but for two dimensional case this is still an open problem and no exact solution that is
at the same time computationally efficient exists today. In contrast to approaches presented in
(Fei-Fei et al., 2003; Serre et al., 2005), our model uses much simpler features and does not require
a feature learning stage. Furthermore, unlike the model of Fei-Fei et al., our system can use an
arbitrarily large number of features without an increase in computational complexity.

The main question therefore is how to deal with computational complexity when analyzing large
amounts of information contained in visual scenes. It seems natural, that in designing a system for
scene analysis we should use some properties of the best existing system for analyzing visual scenes
- the human visual system. Unfortunately, biologically inspired models (Keller et al., 1999; Rybak
et al., 1998) and models of biological vision (Amit and Mascaro, 2003; Mel, 1997; Riesenhuber and
Poggio, 1999) have been much less successful (in terms of real-world applications) compared to
computer vision approaches. A model that captures some properties of human saccadic behavior
and represents an object as a fixed sequence of fixations has been proposed by Keller et al. (Keller
et al., 1999). Similarly, Hecht-Nielsen and Zhou (Hecht-Nielsen. and Zhou, 1995) and Rybak
et al. (Rybak et al., 1998) presented models that are inspired by the scanpath theory (Noton
and Stark, 1971). Although these models utilize many behavioral, psychological and anatomical
concepts such as separate processing and representation of “what” (object features) and “where”
(spatial features: elementary eye movements) information, they still assume that an object is

represented as a sequence of eye movements. In contrast to these approaches, our model (Neskovic



et al., 2006a) does not assume any specific sequence of saccades and therefore is more general.

2.2 Bayesian integrate and shift model

When we look at an object, our visual system processes not only information coming from the object
itself but the whole scene. This is accomplished through an array of neurons that are selective to
specific features and whose receptive fields (RFs) are spatially distributed and localized. Although
our visual system processes information from all the regions of the scene, it appears as if it somehow
knows to “discard” certain regions (the background) and integrate only information from the object
regions.

Our approach for integrating information from different regions of the scene, given a fixation
point, utilizes Bayesian inference (Neskovic et al., 2006a). In our model, an object is represented as
a collection of features of specific classes arranged at specific locations with respect to the location
of the fixation point. Even though the number of feature detectors that we use is large, we show
that learning does not require a large amount of training examples. This is due to the fact that
between an object and features we introduce an intermediate representation, object views, and thus
obtain conditional independence of the outputs of the feature detectors. In order to learn object
views, the system utilizes experience from a teacher. Although this paradigm at first appears more
user intensive than paradigms that provide only class information to the system, it is actually very
fast since the system can learn object categories using only few training examples.

Our model falls into a category of feature-based approaches (Fei-Fei et al., 2003; Lowe, 1999;
Schneiderman and Kanade, 2000; Serre et al., 2005; Torralba et al., 2004; Viola and Jones, 2001).
The problem that we want to solve is as follows: given a collection of features, their locations X , and
appearances A we want to calculate the probability that they represent an object of a specific class
n, P(O"|ff , /_1)) Since calculating this probability is extremely difficult if the number of features is
large, we seek to find suitable approximations. One of the biggest simplifications is to assume that
the feature locations are fixed and that all the variations are due to appearances. Unfortunately,
this is one of the least reasonable assumptions which holds in only few practical situations.

In order to make the model more realistic, one should include tolerance to variations in feature
locations. Instead of assuming that a feature is located at a point, we will assume that it is located
within a region. The question is how to design these regions? If we use large regions, we can
then easily capture all possible variations in feature locations (excellent generalization) but at the
expense of losing location specificity which would decrease discrimination capability of the model.
On the other hand, very small regions would provide excellent localization but would lead to poor
generalization. We propose that the solution to this trade-off between generalization and retaining
location specificity is to use retina-like distribution of regions in combination with saccade-like
shifts. If we want to estimate the location of a specific feature, then the size of the region where

it can be found (the uncertainty) depends on the location of the point with respect to which we



measure its distance - the center. The further away the feature is from that center, the larger the
uncertainty. Therefore, in order to capture variations in feature locations, the sizes of the regions,
as well as their overlaps, have to increase with their distance from the center. As a consequence,
the accuracy of estimating feature locations is high only for the features that are close to the center.
In order to obtain good location estimates for the features that are further away from the center,

the recognition system would have to shift the center, to make a ”saccade”.

2.2.1 The model

Let us assume that we are given an array of feature detectors whose RFs form a grid and completely
cover an input image. One RF has a special role during the recognition process. We call it the
central RF and the region of the image over which this RF is positioned the fixation region.
Similarly, the center of the fixation region is the fixation point. Since the location of each feature is
measured with respect to the central RF, the uncertainty associated with feature’s position increases
with its distance from the fixation point. In order to capture variations in feature locations, the
sizes of the RF's of the feature detectors have to increase with their distance from the central RF.
Similarly, the overlap among the RFs increase with the distance from the central location.

Object Views. We will call a configuration consisting of the outputs of feature detectors associ-
ated with a specific fixation point a view. That means that there can be as many views for a given
object as there are points within the object and that number is very large. In order to reduce the
number of views, we will assume that some views are sufficiently similar to each other so that they
can be clustered into the same view. A region that consists of points that constitute the same view
we call a view region.

Notation. With symbol H we denote a random variable with values H = (n,i) = H]' where
n goes through all possible object classes and i goes through all possible views within the object.
Therefore, the symbol H denotes the i'" view of an object of the n'* (object) class. With the
symbol D we denote a random variable that takes values from a feature detector that is positioned
within the RF centered at fj, from the central location, and is selective to the feature of the rt*
(feature) class, D} = d(yk). The locations of the fixation points, the central locations, are indexed
with time variable, ©y. We denote the collection of the outputs of the feature detectors, given the

central location 7; at time ¢ with the symbol A{d, %} .

2.2.2 Combining information within a fixation

Let us now assume that for a given fixation point Zy, the feature of the r** class is detected with
confidence d" (gj) within the RF centered at ¢j. The influence of this information on our hypothesis,
H?, can be calculated using Bayesian rule as

. Lo pdi (k)| H], Zo)p(H|Zo)
H = H}\Dj, = d" (i), To) = p(H|d" (i), To) = e EvEme
p( | k (yk) 0) p( | (yk) 0) p(dT(yk”fEO)

: (1)



where the normalization term indicates how likely it is that the same output of the feature detector

can be obtained (or “generated”) under any other hypothesis,
pld" (i) | H]', 7o) =Y p(d" (gix) | HT', Zo)p(H]'| o). (2)
n,t

We will now assume that a feature detector with RF centered around g, and selective to the feature

of the p!" class outputs the value dP(). The influence of this new evidence on the hypothesis can

be written as

p(d?(F)]d" (). HY, To)p(HE|d" (), Fo)
p(dP(Gg)|d" (i), Zo)

The main question is how to calculate the likelihood term p(dP(¥,)|d"(yk), H!, ©o)? In principle, if

p(Hzn|dp(:'jq)v dr(gk)v f(]) = . (3)

the pattern does not represent any object, the outputs of the feature detectors dP(y,) and d"(yj) are
independent of each other. On the other hand, if the pattern represents a specific object, then the
local regions of the pattern within the detectors receptive fields are not independent from each other.
However, once we introduce a specific hypothesis, the outputs of feature detectors again become
independent of each other, but this time only conditionally independent, given the hypothesis. The
likelihood term can therefore be written as p(dP(y,)|d" (yx), H, Zo) = p(dP(y,)|H]*, Zo). Note that
the conditional independence is not an assumption (like a “naive Bayes”) but a consequence of the
model we use. This property is very important from the computational point of view and allows
for very fast training procedure. The dependence of the hypothesis on the collection of outputs of

feature detectors A{d, ¥y} can be written as

o TLue p( G HE Z0)p(HE)
Hn 714 d, , — T — (3 — (3 — 4
PUHE| Atd. To}, Fo) = 5 ST = o () HE Zo)p (HI o) )

where r, k goes over all possible feature detector outputs contained in the set A and n, j goes over

all possible hypotheses.

2.2.3 Combining information across fixations

We now calculate how the evidence about the locations of different fixations influence the confidence
about the specific hypothesis, H;»L, associated with fixation point 7;. We assume that at time ¢t — 1
a hypothesis has been made that the fixation at distance zj_; from the current fixation represented
the center of the i*" view of the object of the nt" class. Similarly, we will assume that at time t — 2
a hypothesis has been made that the fixation at distance z¥ , from the current fixation represented
the center of the k** view. We denote with the symbol A; the outputs of all the feature detectors
that are used to calculate the (new) hypothesis H7. The influence of the evidence about the

locations of the previous hypotheses on the current hypothesis can be written as
p(gf_ﬂH;L’ 2%_27 Ata ft)p(H;L|’2;€L—27 Ata ft)

p(gf—1|2;€i—2v Ay, Tt)

P(HP|Z |, 7y, Ay, ) =

: ()
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In order to make the model computationally tractable, we will assume that the view locations are
independent from one another given the hypothesis.

Since the location of the k*" view of the object does not depend on the configuration of feature
detectors that is associated with the current view, and assuming that view locations are inde-
pendent from one another, the likelihood term from Eq. (5) becomes p(Zf_ﬂH?,Ef_z,At,ft) =
p(Zf_1|H;L, #;). The probability that the input pattern represents the j** view of the object of the
nt" class, given the activations of the letter detectors A; and locations of other views B; can be

written as

L pGEC Y, Z)p(HT AL 7))
S [Laee (L OIHE, 2)p(HP| Ay, )
J J

p(H;L|Ataft7Bt7f(s)) (6)
where i goes through views of the nt" object, s goes through the locations of all the fixations and
the function f(s) maps a location s to a specific hypothesis. With symbol B; we denoted the set of
the locations of all the fixations (object views) with respect to the location of the current fixation,

Tt.

2.3 Implementation

Modeling Likelihoods. We model the likelihoods in Eq. (4) using Gaussian distributions. The
probability that the output of the feature detector representing the feature of the r** class and
positioned within the receptive field centered at g has a value d"(9i), given a specific hypothesis
and the location of the fixation point, is calculated as
Ll = )
0,2\/% 2(0})?

This notation for the mean and the variance assumes a particular hypothesis so we omitted some

p(d" (Gi) | H]', Tt) =

(7)

indices, o}, = o.(n, 7). The values for the mean and variance are calculated in the batch mode but,
as we will see in the next section, only a small number of instances are used for training so the
memory requirement is minimal.

Feature Extraction. We extract features using a collection of Gabor filters where a Gabor

function that we use is described with the following equation

1 — 8(%2(4(:2003«9—1—3/5@%9)2—|—(ycos€—msin9)2)

e
\V2ro

Vo002, y) = sin(27 fo(xcosd + ysind)). (8)

One way to relate the spatial frequency and the bandwidth is using the expression: 27w f,0c =
2v1n2(2% +1) /(22 —1) (see (Lee, 1996) for more detail). Since the spatial frequency bandwidths of
the simple and complex cells have been found to range from 0.5 to 2.5 octaves, clustering around
1.2 octaves, we set ¢ to 1.5 octaves. The orientations and bandwidths of the filters are set to:
0 ={0,7/4,7/2,31/4} and 0 = {2,4,6,8}.
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Designing Receptive Fields. We use two different methods for arranging RFs. In the first
method, which we call the directional distribution, we arrange the RFs along different directions
while in the second method, which we call the circular distribution, we place the RFs along con-
centric rings (Schwartz, 1977; Wilson, 1983; Smeraldi and Bigun, 2002; Gomes, 2002).

a) Directional distribution. In this implementation, we use four parameters to control the distri-
bution of the RFs: the rate of increase of the sizes of the RFs, the overlap between the adjacent
RFs, the size of the central RF, and the number of directions along which the centers of the RF's
are placed. Each RF has a square form and the RFs are arranged is such a way as to completely
cover the input image. Therefore, in order to satisfy a complete coverage requirement, not all the
values of the parameters can be used. The overlap between two RFs is defined as a percentage of
the area of the smaller of the two RFs that is being covered. For example, if the ovr = 50%, that
means that the larger RF covers 50% of the area of the smaller receptive field.

The main shortcoming of the directional distribution is that it does not provide a sufficiently
dense packing of the RF's, especially for regions that are further away from the central field. This
is shown in Figure 1 (left) where, for illustrative purpose, we use the circular RFs. In order to
prevent the gaps between the RFs, and completely cover the visual field, the rate of increase of the
sizes of the RF's has to be sufficiently high.

b) Circular distribution. Another solution is to arrange the centers of the RFs using a hexagonal
packing, as shown in Figure 1 (right). Within each ring we use a fixed number of RFs, which we set
to 10. The radius of a RF, r(n), whose center is on the n'? ring, is calculated as r(n) = B-r(n—1),
where B is the enlarge parameter. The angle between neighboring RFs from the same ring is called
the characteristic angle, 6,, and is calculated as 6, = 27w /F, where F' is the number of RFs per
ring. In this arrangement, the position of each RF is fully determined by the ring number and the
angle, 6, with respect to a chosen direction. For example, the angle of the m!* RF is calculated as
O, =m-0,.

A hexagonal packing is obtained by shifting the angles of all the RFs in all even rings by half
the characteristic angle. This disposition of the centers of the RFs is also known as triangular

th

tessellation. The radius of an n'" ring, R(n), is calculated using the following equation:

R(n)=R(n—1)4+r(n)+r(n—1)(1—2x*ovr).

In our implementation, each RF has a square form and the size of the smallest RF is 31x31 pixel.
The RFs are arranged along 8 directions and the sizes of the RFs are increased at the ratio of 1.4
(controlled by the enlarge parameter). For example, the sizes of the RFs that are nearest neighbors
to the central RF are (31x1.4)x(31x1.4). The overlap between two neighboring receptive fields is
50% meaning that for two neighboring RF's, the larger RF covers 50% of the area of the smaller
receptive field. The recognition results are not very sensitive to the small changes in the overlap,

enlarge parameter, and the sizes of the receptive fields.
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Figure 1: Comparison between the directional and circular arrangements of the RFs. Left: RFs are
arranged along 8 directions. Right: RF's are arranged along 4 concentric rings, each ring containing
8 RFs. The circular arrangement provides denser packing of the RFs, especially for the regions

that are further away from the center.

9=0.5

. Q O O 15

. Q O :
S ) 0 0p O 0s

! QQ;\W‘?@JO '
20 O g? oo (OO 2 0
—1 O 007{98%%@ Q 05
-2 0 0 O Q Q —
: N ’

Figure 2: Ensemble of Gabor filters in a frequency plane with ¢ = 0.5 (left) and ¢ = 1.5 (right).

The arrangement on right provides a better coverage.

Feature Detectors. With each RF we associate 16 feature detectors where each feature detector
signals the presence of a feature (i.e. an edge of specific orientation and size) to which it is selective
no matter where the feature is within its receptive field. One way to implement this functionality
is to use a max operator. The processing is done in the following way. On each region of the image,
covered by a specific RF, we first apply a collection of 16 Gabor filters (4 orientations and 4 sizes)
and obtain 16 maps. Each map is then supplied to 16 feature detectors where each feature detector
finds a maximum over all possible locations. As a result, a feature detector, associated with a
specific Gabor filter, finds the strongest feature within its RF but does not provide any information
about the location of that feature.

The Training Procedure The training is done in a supervised way. We constructed an inter-

active environment that allows the user to mark a section of an object and label it as a fixation
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region associated with a specific view. Every point within this region can serve as the view center.
Once the user marks a specific region, the system samples the points within it and calculates the
mean and variance for each feature detector. Since the number of training examples is small the
training is very fast.

Note that during the training procedure the input to the system is the whole image and the
system learns to discriminate between an object and the background. It is important to stress that

the system does not learn parts of the object, but the whole object from the perspective of the

specific fixation point.

2.4 Learning a single object category

We tested the performance of our system using the Caltech database (www.vision.caltech.edu). The
system was first trained on background images in order to learn the “background” hypothesis. We
used 20 random images and within each image the system made fixations at 100 random locations.
The system was then trained on specific views of specific objects. For example, in training the
system to learn the face from the perspective of the right eye, the user marks with the cursor
the region around the right eye and the system then makes fixations within this region in order
to learn it. The system was tested on random images and for each fixation point we calculated
the probability that the configuration of the outputs of feature detectors represents a face from
the perspective of the right eye. Since the system didn’t make a single mistake when fixating on
locations that belong to the background, in order to make the problem more difficult, we tested
the performance using only the face regions. Each new face was divided into the right eye region
and the rest of the face. The system made 40 random fixations within the region of the right
eye (positive examples) and 200 random fixations outside the region of the right eye (negative
examples). The number of training examples that we used varied from 1 to 10. The system was
tested on 5 new faces (of people that were not used for training). Therefore, we used 200 positive

examples and 1000 negative examples for testing. As a measure of performance we use the error
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Figure 3: Left: Performance as a function of the number of training examples and sampling points.

Right: Performance comparison for different views.
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rate at equilibrium point (as in (Serre et al., 2004)) which means that the threshold is set so that
the miss rate is equal to the false positive rate. The performance depends both on the number of
faces used for training and on the number of sampling points that the system used in order to learn
the view. The results are illustrated in Figure 3 (left). As we can see, using more sampling points
is not necessarily better especially if the number of training faces is small. This is to be expected
since the system becomes biased to the training face(s). On the other hand, using just a single
fixation per face is not sufficient if the number of faces is small since the system cannot estimate the
variances. For learning a view using one fixation and only one training face we set the variance by
hand and in Figure 3 (left) this number just happened to be a good guess. In order for the system
to learn the face (and “discard” information from the background) it has to be presented with
more than one face. As it turns out, two examples are not quite enough but with three examples
the system can learn the face (the specific view of the face) with high confidence. In all of the
experiments that follow, we set the number of saccades per view (the number of sampling points to
10). The performance of the system using different views of a face is illustrated in Figure 3 (right).
It is clear that the easiest views are the right and the left eye while the tip of the nose required

more training examples.

2.5 Learning multiple object categories

We also tested the performance of our system on four object categories (faces, cars, airplanes and

motorcycles) using the Caltech database, Figures 4 and 5.
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Figure 4: View regions as selected by the teacher.

Although the performance of the system is very good using only a single view, we tested whether
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Figure 5: Performance graphs for different object categories.

Table 1: Multiple Views

Faces Cars
1 2 3 4 1 2 3 4
r.eye [ 98.0% 99.0% 995% 100% | vl |838.2% 91.1% 94.2% 95.8%
Leye [945% 99.5% 100% 100% | v2|86.6% 91.5% 93.3% 94.0%
nose 90.5% 94.0% 96.5% 97.5% | v3 | 88.9% 90.4% 93.0% 94.9%
mouth | 92.0 % 97.56% 985 % 99.0% | v4 | 844 % 90.7%  92.5% 93.2%

and how much information from other fixations improves the performance, Table 1. The tests were
done on faces and cars and we used 4 very good views for faces and 4 below the average views
for cars. In both cases the information about the spatial location of other views improved the
performance. During the training phase, the user marks the fixation (view) regions and the system
then calculates the location likelihoods for each pair of regions separately by randomly selecting n
points from each region. During the testing phase, in order to estimate the location of the view
center, the system selects 10 points with the highest probabilities (as representing the view) and
takes the average over their locations.

The system was first trained on individual views and the results are illustrated in column 1. When
the system used information about the location of one more veiw, the performance improved, as
shown in column 2. Utilizing information about the location of two different views further improved
the performance as captured by the numbers in column 3. The best performance, as expected, was
obtained when the system used the information about centers of the three views as shown in column
4.

In order to verify whether high recognition rates can be achieved using a uniform distribution

of the RFs, we tested the system using the grid of the RFs of the same size, and repeated the
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Table 2: Performance Using Uniform Distribution of the RFs

RF Size 10 20 30 40 50 60 70 80 90 100 110

Performance (%) | 60.0 | 60.0 | 57.5 | 59.5 | 60.8 | 70 | 69 | 75.7 | 78.5 | 73.5 | 73.5

experiment choosing different RF sizes. In Table 2 we illustrate the performance of the system
when trained on a face using the tip of the nose as a fixation region - the "nose view”. The
performance is much worse compared to retina-like distribution and, as expected, the system has
difficulties learning the view using small RFs. Using large RFs recognition improves but only to

the point and then decreases again.

2.6 Detection of partially occluded targets

In this section, we present the results of our model (Neskovic et al., 2006a) when tested on three
types of occlusions: a) the bar covering both eyes (denoted as cover 1 in Figure 6, b) two large
disconnected regions covering the face (cover 2), and c) the rectangle covering the face below the
nose (cover 3). Tests were done on face images of people that were not used for training. As one can
see, system can recognize the face even when the fixating region is covered (Figure 7, top), which
means that it utilizes information from the whole face and not only local information around the
fixation point. We use yellow stars to display correctly detected positive fixations, green stars for
correctly detected negative fixations, red stars for missed fixations, and blue stars for false alarm
fixations, Figure 7. Incorrect fixations are bigger in size.

The training was done on different instances of one category and tested on partially occluded
examples that the system had never seen before. We demonstrate that the system is very robust
to occlusions and clutter and can recognize a target even if it fixates on the occluded part.

The system was first trained on background images in order to learn the “background” hypothesis.
We used 20 random images and within each image the system made fixations at 100 random
locations. The system was then trained on specific views of specific objects. For example, in
training the system to learn the face from the perspective of the right eye, the user marks with the
cursor the region around the right eye and the system then makes fixations within this region in
order to learn it.

Since our system uses information from over 1,000 feature detectors distributed over the whole
image, it is very robust to occlusions. This is demonstrated in Figure 6, bottom, that illustrates the
performance of the system when tested on occluded images as shown in Figure 6, top . The system

was trained to recognize a face category from the perspective of the right eye (righ-eye-view) using
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Figure 6: Top: Three different occlusions used for testing the system on the face it has never
seen before. The task is to detect a face and estimate the location of the right eye. Bottom:

Corresponding performances under different occlusions.

Figure 7: Performance of the system on different face occlusions. Yellow stars denote correctly
detected positive fixations, green stars denote correctly detected negative fixations, red stars denote

missed fixations, and blue stars denote false alarm fixations.
(non-occluded) examples from different people.

2.7 Dependence of the BIAS model on the sizes and location of the fixation
regions

In this section we describe the experimental setup and provide classification results of the recogni-
tion system when trained on different configurations of fixation regions (Neskovic et al., 2009).

In the first experiment, we used 9 different fixation regions selected by the teacher. The instruction
given to the teacher was: “segment a face into 9 regions that you think are perceptually important”.
For training, we used N images where N goes from 1 to 10. Each of the training images represented
a different person. For testing, we randomly selected 2 images from each subject (if possible) and in
total we used 40 images. Most of the faces in the testing set were from different persons compared
to the training set. We repeated the experiment 5 times.

In Figure 8, we show nine fixation regions as selected by the user. These regions serve as a
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Performance of the system.

numbered and those numbers appear in the performance graphs as “part numbers”.
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Figure 8: Top: Nine fixation regions used for training the recognition system. Each region is
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Figure 9: Performance of the system (bottom image) when using the configuration of the fixation
regions illustrated in the top image. The sizes of the fixation regions are reduced by the factor 0.2
compared to the sizes illustrated in Figure 8.
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Figure 10: Performance of the system (bottom image) when using the configuration of the fixation
regions illustrated in the top image. The sizes of the fixation regions are increased by the factor

2.4 compared to the sizes illustrated in Figure 8.

“baseline” against which we then contrast regions of different sizes and locations.

One can see that the highest performance is not achieved by focusing on the eye regions but rather
on the region between the eyes, part 3. One reason for this is that the region 3 is the smallest in
size and another reason is that it is close to the center of the face. The fact that the regions 4 and
5 also produce higher classification rates compared to other regions also confirms that the system
prefers locations that are close to the center of the face.

In the second set of experiments we investigated the importance of the sizes of the fixation regions.
We tested the performance using the scale factors ranging from 0.1 to 2.5. A scale factor of 0.1
means that the size of each RF was 10 times smaller than the size selected by the teacher. In
Figure 9 we illustrate the results when using the scale factor 0.2 and in Figure 10 we illustrate the
results using the scale factor 2.4. As expected, the performance is inversely proportional to the
sizes of the fixation regions. Furthermore, the performance of the system when using small fixation
regions, Figure 9, is even better than the performance when using regions selected by the human
teacher. It is interesting to note that the system is able to learn the face category even when the
fixation region includes a large number of points that are not on the face, as is clearly the case with
the region 8 in Figure 10. Another trend is that the error bars (the variances) decrease with the
number of the training examples, which is to be expected.

In the third set of experiments we investigated the importance of the locations of the fixation
regions using 10 different random configurations. In Figures 11-12 we show examples of two such
configurations. For each random configuration, it is important to be consistent in choosing the same
relative positions of the fixation regions from one image to another. This can be accomplished in

a number of different ways. For example, once a random configuration is generated, the location
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Figure 11: An example of a random configuration and corresponding performances.
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Figure 12: An example of a random configuration and corresponding performances.

of each region can be measured with respect to the location of a single fixed point within a face.
However, this approach is not very robust since it depends on the choice of the fixed point and it
also does not take into consideration variations of people’s faces.

To generate random configurations of fixation regions we used the following approach: we start
with the configuration selected by the teacher and then generate a random configuration by offset-
ting each fixation region by a random vector. The magnitude of each vector is bounded (so that
the new position is likely to be within a face) and is also normalized by the face size. For each new
face that is to be labeled, we start with the configuration that was already labeled by the teacher
and then offset the location of each region by the vector previously assigned to that region. In this
way the consistency of the configurations is mostly dependent on the human teacher.

By investigating the graphs in Figures 11-12 one can make the following observations: First, the
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fixation regions that are small in size, in general, perform better compared to the large fixation
regions. However, the size alone is not sufficient as illustrated in Figure-12, part 1. Ideally, the
region should also be close to the center of the face since in that case the largest number of small
RFs will cover the image and thus provide good estimates of the feature locations. Second, the
system is very robust to changes over a large range of scale/location values. Regardless of the
size and/or location of the fixation region, the system was able to learn the face category given a
sufficient number of training examples. It is clear that the location/size of the fixation region plays
a much more important role when the number of training images is small. Third, the structure of
the fixation region itself is not very important e.g. similar results are obtained for uniform regions

(part number 6) and for regions that contain high intensity gradients.

2.8 Biologically inspired hierarchical model for feature extraction and localiza-
tion

Among the most important problems of computer vision are feature extraction and subsequent
localization of those features in a new image. Since it is computationally prohibitive to search for
the features over all possible locations and scales, it is necessary to design an algorithm that can
selectively focus on and process information from only some regions within the image (Walther
et al., 2005). Although there are numerous feature detection algorithms, such as the entropy-based
feature detector (Kadir and Brady, 2001) and interest operators (C. Harris, 1988), matching is
still computationally expensive given that the number of key points is usually over 10,000. (Lowe,
2000). In our model (Wu et al., 2006b), we use an approach that places the emphasis on the
efficient matching procedure and utilizes top-down information. The model is inspired by human
perception and the fact that when we search for an object in an image, our attention shifts from
one region to another. In the process, we integrate information from different regions and the past
explorations guide our future attempts until we finally localize an object.

The main problem that we addressed can be formulated as follows: given a collection of (object)
features in one image (the reference image), find those feature in a new image where the new
image can be a result of non-linear transformations applied to the reference image. In (Wu et al.,
2006b) we presented a computationally efficient algorithm for solving this problem. We introduced
a hierarchical representation that captures an object over different scales and is invariant to slight
variations in feature locations. We demonstrated the robustness of the algorithm to non-linear
image transformations (such as changes in scale, rotation, skew, addition of noise, and changes in
brightness and contrast) as well as its computational efficiency on several real world images.

In our model (Wu et al., 2006b) we extract features using a collection of Gabor filters. The
inspiration for using these features comes from the fact that simple cells in the visual cortex can
be modeled by Gabor filters and the fact that they provide a sparse representation of images (Lee

and Mangasarian, 2001). We construct Gabor filters using only phase zero and different phases are
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crudely approximated by convolving the image with the kernel at all locations. In order to make
a system tolerant to spatial distortions, we use a max operator where the pooling range is limited
to the area covered by a receptive field. This range is much smaller than the range used in other
approaches (Riesenhuber and Poggio, 1999) so that little information is lost about the locations of
features. Similarly, we do not apply a max operator over different scales in order to minimize the
loss of information.

The receptive fields (RFs) are arranged within M different layers. In order to capture features at
different scales, the sizes of the RFs differ across the layers (and are the same with a given layer).
We set the ratio of the size of a RF in one layer to the size of a RF in the layer of the nearest
scale to /2. We use 19 feature detectors within each layer and call them elements. Each element
is composed of 19 overlapping RF's.

The algorithm for localizing features in a new image consists of the following steps:

a) pre-select some interesting sub regions in a new image with saliency based algorithm;
b)
¢) find the nearest neighbor of the largest layer from the template;

choose the central point from each sub region and obtain the feature vectors of the largest layer;

d) calculate the relative scale of two images and new initial location;
e) localize the target from the new location with the smallest layer;

The results of the experiment designed to test the performance of the system for localizing object
features are illustrated in Fig 13. We selected five features within the object in the reference image
and then placed an object within a completely different environment and changed its location and
scale with respect to the reference image. The algorithm was able to accurately localize the correct

locations of all the features.

Figure 13: The 5 selected points in the left image are correctly identified in the right image.
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3 Statistical pattern recognition-based classification algorithms

In this section we describe several new classification algorithms that use and further develop tech-
niques from statistical pattern recognition and machine learning. Specifically, we will present a
single sphere classification algorithm, a minimum bounding sphere algorithm for classifying object
categories, adaptive distance nearest neighbor rule, a classification algorithms that can utilize in-
formation from unlabeled data, a model for data selection for SVMs, and a computational model

for classifying both segmented and raw images

3.1 Pattern classification via single spheres

When objects are represented as d-dimensional vectors in some input space, classification amounts
to partitioning the input space into different regions and assigning unseen objects in those regions
into their corresponding classes. In the past, researchers have used a wide variety of shapes,
including rectangles, spheres, and convex hulls, to partition the input space.

Spherical classifiers were first introduced into pattern classification by Cooper in 1962 and sub-
sequently studied by many other researchers (Cooper, 1962; Batchelor, 1974). One well known
classification algorithm consisting of spheres is the Restricted Coulomb Energy (RCE) network.
The RCE network, first proposed by Reilly, Cooper, and Elbaum, is a supervised learning algo-
rithm that learns pattern categories by representing each class as a set of prototype regions - usually
spheres (Reilly et al., 1982; Scofield et al., 1987). The RCE network incrementally creates spheres
around training examples that are not covered, and it adaptively adjusts the sizes of spheres so
that they do not contain training examples from different classes. After the training process, only
the set of class-specific spheres is retained and a new pattern is classified based on which sphere it
falls into and the class affiliation of that sphere.

Another learning algorithm that is also based on spherical classifiers is the set covering machine
(SCM) proposed by Marchand and Shawe-Taylor (Marchand and Shawe-Taylor, 2002). In their
approach, the final classifier is a conjunction or disjunction of a set of spherical classifiers, where
every spherical classifier dichotomizes the whole input space into two different classes with a sphere.
The set covering machine aims to find a conjunction or disjunction of a minimum number of
spherical classifiers such that it classifies the training examples perfectly.

Regardless of whether the influence of a sphere is local (as in the RCE network) or global (as in
the SCM), classification algorithms that use spheres normally need a number of spheres in order
to achieve good classification performance, and therefore have to deal with difficult theoretical and
practical issues such as how many spheres are needed and how to determine the centers and radii
of the spheres.

In our work presented in (Wang et al., 2005b) we explored the possibility of using single spheres

for pattern classification. Inspired by the support vector machines and the support vector data
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description method, we presented an algorithm that constructs single spheres in the kernel feature
space that separate data with the maximum separation ratio. By incorporating the class informa-
tion of the training data, our approach provides a natural extension to the SVDD method of Tax
and Duin, which computes minimal bounding spheres for data description (also called One-class
classification).

By adopting the kernel trick, the new algorithm effectively constructs spherical boundaries in
the feature space induced by the kernel. As a consequence, the resulting classifier can separate
patterns that would otherwise be inseparable when using a single sphere in the input space. In
addition, by adjusting the ratio of the radius of the separating sphere to the separation margin, a
series of solutions ranging from spherical to linear decision boundaries can be obtained. Specifically,
when the ratio is set to be small, a sphere is constructed that gives a compact description of the
positive examples, coinciding with the result of the SVDD method; when the ratio is set to be
large, the solution effectively coincides with the maximum margin hyperplane solution. Therefore,
our method effectively encompasses both the support vector machines for classification and the
SVDD method for data description. This feature of the proposed algorithm may also be useful for
dealing with the class-imbalance problem. We tested the new algorithm and compared it to the
support vector machines using both artificial and real-world datasets. The experimental results
show that the new algorithm offers comparable performance on all the datasets tested. Therefore,

our algorithm provides an alternative to the maximum margin hyperplane classifier.

3.2 Training data selection for support vector machines

Support vector machines (SVMs), introduced by Vapnik and coworkers in the structural risk mini-
mization (SRM) framework (Boser et al., 1992; Cortes and Vapnik, 1995; Vapnik, 1998), have gained
wide acceptance due to their solid statistical foundation and good generalization performance that
has been demonstrated in a wide range of applications.

Training a SVM involves solving a constrained quadratic programming (QP) problem, which re-
quires large memory and takes enormous amounts of training time for large-scale applications (Joachims,
1999). On the other hand, the SVM decision function depends only on a small subset of the training
data, called support vectors. Therefore, if one knows in advance which patterns correspond to the
support vectors, the same solution can be obtained by solving a much smaller QP problem that
involves only the support vectors. The problem is then how to select training examples that are
likely to be support vectors. Recently, there has been considerable research on data selection for
SVM training. For example, Shin and Cho proposed a method that selects patterns near the deci-
sion boundary based on the neighborhood properties (Shin and Cho, 2003). In (Zheng et al., 2003),
k-means clustering is employed to select patterns from the training set. In (Zhang and King, 2002),
Zhang and King proposed a [-skeleton algorithm to identify support vectors. In (Abe and Inoue,

2001), Abe and Inoue used Mahalanobis distance to estimate boundary points. In the reduced

25



SVM (RSVM) setting, Lee and Mangasarian chose a subset of training examples using random
sampling (Lee and Mangasarian, 2001). In (Huang and Lee, 2004), it was shown that uniform
random sampling is the optimal robust selection scheme in terms of several statistical criteria.

In our work presented in (Wang et al., 2007c) we introduced two new data selection methods
for SVM training. The first method selects training data based on a statistical confidence measure
introduced in (Wang et al., 2003). The second method uses the minimal distance from a training ex-
ample to the training examples of a different class as a criterion to select patterns near the decision
boundary. This method is motivated by the geometrical interpretation of SVMs based on the (re-
duced) convex hulls. To analyze their effectiveness in terms of their ability to reduce the training
data while maintaining the generalization performance of the resulting SVM classifiers, we con-
ducted a comparative study using several real-world datasets. More specifically, we compared the
results obtained by these two new methods with the results of the simple random sampling scheme
and the results obtained by the selection method based on the desired SVM outputs. Through our
experiments, several important observations have been made: (1) In many applications, significant
data reduction can be achieved without degrading the performance of the SVM classifiers. For that
purpose, the performance of the confidence measure-based selection method is often comparable
to or better than the performance of the method based on the desired SVM outputs. (2) When
the reduction rate is high, some of training examples that are ‘extremely’ close to the decision
boundary have to be removed in order to maintain the generalization performance of the resulting
SVM classifiers. (3) In spite of its simplicity, random sampling performs consistently well, espe-
cially when the reduction rate is high. However, at low reduction rates, random sampling performs
noticeably worse compared to the confidence measure-based method. (4) When conducting training
data selection, sampling training data from each class separately according to the class distribution
often improves the performance of the resulting SVM classifiers.

By directly comparing various data selection schemes with the scheme based on the desired SVM
outputs, we are able to conclude that the confidence measure provides a criterion for training
data selection that is almost as good as the optimal criterion based on the desired SVM outputs.
At high reduction rates, by removing training data that are likely to be outliers, we boost the
performance of the resulting SVM classifiers. Random sampling performs consistently well in our
experiments, which is consistent with the results obtained by Syed et al. in (Syed et al., 1999) and
the theoretical analysis of Huang and Lee in (Huang and Lee, 2004). The robustness of random
sampling at high reduction rates suggests that, although an SVM classifier is fully determined
by the support vectors, the generalization performance of an SVM is less reliant on the choice of

training data than it appears to be.
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3.3 Pattern classification based on minimum bounding spheres

Given a set of training data, the minimum bounding sphere is defined as the smallest sphere that
encloses all the data. Similarly, the minimum bounding sphere of each class is the smallest sphere
enclosing all the training data from the corresponding class. The minimum bounding sphere can be
computed by solving a quadratic programming (QP) problem. In (Schélkopf et al., 1995), Scholkopf,
Burges, and Vapnik computed the radius of the minimum bounding sphere of all training data to
estimate the VC-dimension of a SVM classifier. In (Tax and Duin, 1999), Tax and Duin applied
the minimum bounding sphere to data domain description (also called one-class classification).

Given the fact that a minimum bounding sphere of each class is constructed without considering
the distribution of training examples of other classes, it is not immediately clear whether or not an
effective classifier can be built based on these class-specific minimum bounding spheres. However,
from a computational point of view, there is a great advantage to use the minimum bounding spheres
for pattern classification purposes. Most noticeably, a classifier based on the class-specific minimum
bounding spheres can deal with multi-class problems easily and efficiently. This is because one needs
to compute the minimum bounding sphere of each class only once, which is in direct contrast with
the support vector machines (SVMs) trained with the one-against-all or one-against-one methods,
where the optimal separating hyperplanes have to be computed many times. In addition, because
the minimum bounding sphere for each class can be computed separately, independent of training
examples of other classes, the size of the resulting quadratic programming problem is therefore
smaller than that of the support vector machine algorithm (Boser et al., 1992; Cortes and Vapnik,
1995). To explore this possibility, Zhu et al. proposed a multi-class classification algorithm that uses
the minimum bounding spheres to classify a new example and showed that the resulting classifier
performs comparable to the standard SVMs.

In our work presented in (Wang et al., 2005a), we conducted a comparative study using both
artificial and real-world datasets and showed that the decision rule proposed by Zhu et al. is
generally insufficient for achieving the state-of-the-art classification performance. Motivated by
the Bayes decision theory, we proposed a new decision rule for making classification decisions
based on the constructed minimum bounding spheres. Experimental results demonstrate that the
new decision rule significantly improves the performance of the resulting minimum sphere-based
classifier. Furthermore, on most of the datasets being tested, the sphere-based classifier achieves
comparable results as the standard SVMs. Since the minimum bounding sphere-based classifier
is computationally more efficient to train and it deals with the multi-class problem more easily
than the SVMs, the proposed method provides an alternative approach to large-scale multi-class

classification problems.
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3.4 Improving nearest neighbor rule with a simple adaptive distance measure

The nearest neighbor (NN) rule, first proposed by (Fix and Hodges, 1951), is one of the old-
est and simplest pattern classification algorithms. Given a set of n labeled examples D, =
{(X1,Y1),...,(X,,Y,)} with input vectors X; € R? and class labels Y; € {wi,...,wy}, the NN
rule classifies an unseen pattern X to the class of its nearest neighbor in the training data D,,. To
identify the nearest neighbor of a query pattern, a distance function has to be defined to measure
the similarity between two patterns. In the absence of prior knowledge, the Euclidean and Man-
hattan distance functions have conventionally been used as similarity measures for computational
convenience.

The basic rationale for the NN rule is both simple and intuitive: patterns close in the input
space R? are likely to belong to the same class. This intuition can be justified more rigorously in a
probabilistic framework in the large sample limit. Indeed, as one can easily show, as the number of
training examples n — 00, the nearest neighbor of a query pattern converges to the query pattern
with probability one, independently of the metric used. Therefore, the nearest neighbor and the
query pattern have the same a posteriori probability distribution asymptotically, which leads to

the asymptotic optimality of the NN rule:

L* < Lnny < LF(2— L, (9)

M—-1

where L* is the optimal Bayes probability of error, see (Cover and Hart, 1967). According to (9),
the NN rule is asymptotically optimal when L* = 0, i.e., when different pattern classes do not
overlap in the input space. When the classes do overlap, the sub-optimality of the NN rule can be
overcome by the k-nearest neighbor (k-NN) rule that classifies X to the class that appears most
frequently among its k nearest neighbors (Stone, 1977).

It should be noted that the above results are established in the asymptotic limit and essentially
rely on averaging over an infinite amount of training examples within an infinitesimal neighborhood
to achieve optimality. In reality, one most often only has access to a finite number of training
examples, and the performance of the k-NN rule depends crucially on how to choose a suitable
metric so that according to the chosen metric the majority of the k& nearest neighbors to a query
pattern is from the desired class. In the past, many methods have been developed to locally
adapt the metric so that a neighborhood of approximately constant a posteriori probability can be
produced. Examples of these methods include the flexible metric method by (Friedman, 1994), the
discriminant adaptive method developed by (Hastie and Tibshirani, 1996), and the adaptive metric
method by (Domeniconi et al., 2002). The common idea underlying these methods is that they
estimate feature relevance locally at each query pattern. The locally estimated feature relevance
leads to a weighted metric for computing the distance between a query pattern and the training
data. As a result, neighborhoods get constricted along the most relevant dimensions and elongated

along the less important ones. Although these methods improve the original k-NN rule due to their
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capability to produce local neighborhoods in which the a posteriori probabilities are approximately
constant, the computational complexity of such improvements is high. More recently, there has
been considerable research interest in directly learning distance metrics from training examples to
improve the k-NN rule. For example, (Goldberger et al., 2004) proposed a method for learning
a Mahalanobis distance measure by directly maximizing a stochastic variant of the leave-one-out
k-NN score on the training data. (Weinberger et al., 2005) developed a method for learning a
Mahalanobis distance metric by semidefinite programming. Many other methods along this line

can be found in the references therein.

3.4.1 Adaptive nearest neighbor rule

We briefly describe the k-NN rule to introduce notation. Let us assume that patterns to be classified
are represented as vectors in a d-dimensional Euclidean space R%. Given a set of training examples
{()21, Yi),..., (Xn, Y,)} and a query pattern )2, the £-NN rule first finds the k& nearest neighbors of
X, denoted by X(l), . .,X(k), and assigns X to the majority class among Y1), .- Yk, where Y,
are the corresponding class labels of X ;). Without prior knowledge, the Euclidean distance (L2)

d
A(X, Xi) = QX7 = X]|7)V2 (10)
j=1
and the Manhattan distance (L1)
d . .
d(X. Xi) =[x/ - X]| (11)
j=1

have conventionally been used for measuring the similarity between X and X;. For a binary

classification problem in which Y € {—1,1}, the k-NN rule amounts to the following decision rule:
K

F(X) =sen()_Yg) - (12)
i=1

To define the locally adaptive distance between a query pattern X and a training example Xi,
we first construct the largest sphere centered on X, that excludes all training examples from other

classes. This can be easily achieved by setting the radius of the sphere to

—

r; = min d()?i,Xl) —€ (13)
where € > 0 is an arbitrarily small number. Notice that depending on the metric d()zi, X’l) that

is actually used, the regions defined by points with distance to X; less than r; may not be a

sphere. However, for simplicity, we refer to such defined regions as spheres for convenience when no
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confusion arises. The locally adaptive distance between X and the training example X, is defined

as

l

i

dpew(X, X;) = (14)

Several important points are immediately clear from the above definition. First, although the
above distance measure (14) is only defined between a query pattern X and existing training
examples X;, the definition can be easily extended to measure the similarity between X and an
arbitrary point X' by first defining a radius 7’ associated with X' similarly to (13). Secondly, by

definition, the distance function (14) is not symmetric. For example,
dnow()?ia X)) 7£ dnow()?ja XZ) (15)

if the radii r; and r; associated with X; and X ;j respectively are not the same. Therefore, the new
distance measure is generally not a metric. Finally, according to the new distance measure, the
smallest distance between a training example and training examples of other classes is one, and
training examples with their distances less than one to a training example all have the same class
label.

After adopting the new distance measure (14), the adaptive nearest neighbor rule works exactly
the same as the original nearest neighbor rule except that we use the adaptive distance measure
to replace the original L2 or L1 distance measure for identifying the nearest neighbors. Formally,

given a query pattern X for a binary classification problem, the adaptive nearest neighbor rule first

identifies its k nearest neighbors, denoted again by X(l), .. .,X(k), according to the new distance
measure d()?, )_(’Z)/rZ for i =1,...,n, and classifies X to the class
k
F(X) =sen(>_Y) - (16)
i=1

3.4.2 Experimental results

We tested our Adaptive k-NN model on several real-world benchmark datasets from the UCI
Machine Learning Repository '. Throughout our experiments, we used 10-fold cross validation to
estimate the generalization error. Table 3 shows the error rates and the standard deviations of the
1-NN rule using the Euclidean metric (1-NN), the 1-NN rule using the adaptive distance measure
(A-1-NN), the k-NN rule using the Euclidean metric (k-NN), Support Vector Machines (SVMs)
with Gaussian kernels, and the k-NN rule using the adaptive distance measure (A-k-NN).

It is easy to see from the first two columns that the A-1-NN rule outperforms the 1-NN rule
on all the 5 datasets. On most datasets, the improvements of the A-1-NN rule over the 1-NN
rule is statistically significant. Because the only difference between these two rules is the distance

functions used to identify the nearest neighbors, these results show that the nearest neighbor

Yhttp: / /www.ics.uci.edu/~mlearn/MLRepository.html
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Table 3: Comparison of classification results

Dataset 1-NN A-1-NN k-NN SVM A-k-NN

Breast Cancer 04.85 (0.91) 03.09 (0.71) 02.79 (0.67) 03.68 (0.66) 02.79 (0.74)
Tonosphere 12.86 (1.96) 06.86 (1.36) 12.86 (1.96) 04.86 (1.05) 04.86 (1.28)
Pima 31.84 (1.05) 28.16 (1.57) 24.61 (1.36) 27.50 (1.68) 25.13 (1.46)
Liver 37.65 (2.80) 32.94 (2.23) 30.88 (3.32) 31.47 (2.63) 30.88 (1.77)
Sonar 17.00 (2.26) 13.00 (1.70) 17.00 (2.26) 11.00 (2.33) 13.00 (1.70)

identified according to the adaptive distance measure is more likely to have the same class label as
the query pattern than the nearest neighbor identified according to the Euclidean distance. Similar
results also hold for k£ nearest neighbors with k greater than 1. In the last three columns of Table
3, we report the lowest error rates of the k-NN rule and the A-k-NN rule and compare them to the
lowest error rates of the SVMs with Gaussian kernels. On each dataset, we run the k-NN rule using
both distance measures at various values of k from 1 to 50 and picked the lowest error rate. As
we can see from Table 3, the k-NN rule with the adaptive distance measure performs significantly
better than the k-NN rule with the Fuclidean distance measure on the Breast Cancer and Sonar
datasets, making the A-k-NN rule overall comparable to the state-of-the-art SVMs.

3.5 Bayesian learning from unlabeled data

Designing a classification system for the problem where the number of training examples is very
small and the dimensionality of the data very large is extremely challenging. Over the last few years,
this problem has been addressed by both the computer vision and machine learning researches
and several promising models have been proposed. A frequently used approach is to reduce the
dimensionality of the features space, using some of the unsupervised algorithms such as the PCA,
or to extract few very informative features for accurately representing the object class (Li et al.,
2006; Levi and Weiss, 2004). Unfortunately, automatically selecting such features is a very difficult
task for which an optimal solution still does not exist. Another possibility is to artificially enlarge
the small training set by adding copies of the training data to the original set (Wolf and Martin,
2005).

Within the machine learning community, a number of semi-supervised learning algorithms have
been introduced aiming to improve the performance of classifiers by using large amounts of unla-
beled samples together with the labeled ones (Zhu, 2005). Some popular semi-supervised methods
within the generative classification framework include co-training (Blum and Mitchell, 1998; Gold-
man and Zhou, 2000) and expectation maximization (EM) mixture models (Nigam and Ghani,
2000; Baluja, 1998). In co-training, one selects samples that have a high confidence of belonging

to a given class from a large reservoir of samples to improve the accuracy of a classifier. In some
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situations, although the number of training examples is small, the number of unlabeled data can be
quite large and the semi-supervised algorithms can be used. However, in many other cases, such as
the medical diagnosing that involves a biopsy, the number of training and testing examples can be
very small. Another example is the fMRI analysis where in addition to the small sample size (often
smaller than 20) the dimensionality of the feature space is extremely large (e.g. the number of
voxels can be over 100,000). In these situations, the algorithm that can learn from few examples in
high dimensional space and successfully classify an unlabeled example can be of great importance.

The topic of discriminant analysis using Bayesian estimation has been addressed by many re-
searchers and dates back to early work of Geisser (Geisser, 1964) and Keehn (Keehn, 1965) in
which the authors use non-informative and Wishart priors respectively. Recently, a distribution-
based Bayesian discriminant (DBBD) analysis has been proposed (Srivastava and Gupta, 2006) in
which the uncertainty is considered to be over the set of Gaussian pdfs and the Bayesian estimation
is done over the domain of the Gaussian pdfs. The authors demonstrated that the DBBD algorithm
improves classification in the high dimensional space where the estimation of the covariance matrix
is very difficult with limited number of training samples. However, in some situations the features
are assumed to be independent (like in the Naive Bayes approach used in this paper) and in those
cases the DBBD approach does not improve classification.

We have recently introduced a self-improving model (Wu and Neskovic, 2007) that utilizes infor-
mation from an unlabeled sample to improve the classification rate of the sample itself. The idea is
to include the unlabeled sample in each labeled training set and use it to modify the parameters of
the class-conditional density function (CCDF) for a Bayes classifier. Although there is no obvious
reason why the inclusion of a sample should improve classification (since it is added to training
data of all the classes), we show that when the number of training samples is small this proce-
dure significantly improves classification rates. From our analysis of two normal distributions, we
conclude that the gains are the consequence of moving one decision boundary toward its optimal
location.

We tested the self-improved procedure on both the artificial and real-world data and demonstrated
that it achieves classification rates that are significantly higher compared to the performance of the
classifiers that did not include the unlabeled example. Furthermore, we showed that the procedure
works extremely well when the dimensionality of the data is high, which is in contrast to most
current classifiers (Wu and Neskovic, 2007).

3.5.1 Experimental results

In the following, we present the results of our classification procedure when tested on artificial and
real data sets using normal distributions. We start from a one-dimensional normal distribution
and show that the modified rule improves the classification accuracy and that the improvement is

especially large when the number of training samples is small. Furthermore, when one class has
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Figure 14: Classification rates with different estimation approaches.

a dominating prior over other classes, we show that improvement can be very large. Generalizing
this model to the high-dimensional case, we show that small boosts from each component produce
combined improvements that far exceed the rates obtained with original classifiers Cpayes and Cyy;.
We also compare our algorithm to distribution-based Bayesian discriminant analysis (Srivastava
and Gupta, 2006) assuming the same noninformative priors.

In all the experiments that involve one-dimensional distributions, we generated examples through
the numerical integration with 5,000,000 random samples. We sample from distributions p(Z|w)
and p(D) for which we assume a Gaussian form.

1D Gaussians, same priors. In the first experiment, we consider two classes and assume
that the data are generated from Gaussian distributions with parameters: {u;,02} = {0,1} and
{2, 03} = {1,1}.

In Fig. 14 we show the classification rates with different methods of estimation as a function of
the number of training samples. Modified approaches improve the classification rate in both Bayes
and ML cases. In this example, the modified ML approach outperforms the ML approach and the
Bayes estimation with uninformative prior, and the best results are obtained with the modified
Bayes estimation.

1D Gaussians, different priors. In the second experiment, we test the importance of the
priors on the classification performance. We choose the prior for class 1 to be p(y = 1) = 0.9. The
parameters for Fig. 15(a) are {u1, 02} = {0, 1}, {uz2, 03} = {1, 1}, and the parameters for Fig. 15(b)
are {p1,02} = {0,1}, {u2, 05} = {2,4}. Compared to the results in Fig. 14 where p(y = 1) is 1/2,
these results are significantly better. The modified ML and modified Bayes approaches almost
reach the Bayes limit with only 2 or 3 training samples, while more than 20 samples are required
to do that for the regular ML and Bayes approaches. The reason for the striking difference is
likely the consequence of the fact that the decision boundary goes through the tails of the normal
distributions when one class has a dominating prior. It was also suggested that one should avoid

the densest region with many other semi-supervised classifiers (Zhu, 2005).
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Figure 15: Two examples of classification rates when the prior of one class dominates the other
class.

High-dimensional space. One possible application of the proposed estimators is to improve
the accuracy of a Gaussian Naive Bayes (GNB) classifier, especially in situations when the dimen-
sionality of the feature space is high. When one does not have many training samples but has many
good features, the boost from each feature can significanlty improve the accuracy.

Suppose, for instance, that we have 2 classes, and each component of these classes’ feature vector
are normally distributed according to N (7, 00) and N (-, 00) for class 1 and class 2, respectively.
When A is small, one can get a classification rate only slightly above the chance using one compo-
nent. However, one can expect to get reasonably high classification rate when one has many such
independent features and ideally 100% with infinite features. To achieve this, one can train one
Bayes classifier using one component and use a voting from all classifiers. Assume that classification
R; from one component has the probability p > 1/2 of being correct, and denote with d the number
of features. Then there exists a positive real number €, such that, p — € > 1/2. From the weak law

of large numbers,
1< 1
= Pr(= i > 1/2) > Pr(= i —
R r(diglR> /2) > r(d;:lR >p—e€) >

|—ZR —p|l <e) 4=

Although we do not use the voting procedure but stick to the GNB classifier similar behavior should
be expected when d tends to infinity.

Fig. 3 shows two examples when A = 0.5. The prior for Fig. 3(a) is p(y = 1) = 0.5 while the prior
for Fig. 3(b) is p(y = 1) = 0.1. There is little difference in performance between the two approaches

34



o
2 0.
©
o« - - —optimal
50 —o—ml I
8o. —s— mml
= bayes
0. —+— mbayes |
o _# dist

0.5

100 200 300 400 500 600 700 800 900 1000
# of training samples

—*— mbayes I

o

2 o —o—+F
© - ul
Dé - - —optimal
k] —o—ml

S —&— mml

‘B bayes

(%}

<

(&)

L L L L L L L dISt
100 200 300 400 500 600 700 800 900 1000
# of training samples

Figure 16: Two examples of classification rates for high-dimensional normal distributions.

when the number of features is at two extremes, very small or very large. In a very large region
in the middle, the difference can be big when one has few training samples. In our case when the
number of training examples is n = 5, the modified estimators outperform traditional estimators
significantly (sometimes more than 20%). If one uses many training samples, e.g. n = 20, for each
class, the difference is small. This is expected since the inclusion of one unlabeled sample will not
influence much the mean and variance for each component when one has many training samples.
Real-world examples. The following results are obtained on several real-world benchmark
datasets from the UCI machine learning repository. We choose only datasets whose attributes are
continuous real numbers so that we can apply a GNB classifier. Through our test, we use equivalent
priors for all classes. We choose a pool of random samples from each dataset, and use this pool for
training and the rest for testing. We repeat this for 1000 pools. For the Spambase dataset that has
too many samples, we only test on the first 100 samples for each class. The average classification
rates are shown in Fig. 17 for the modified ML and ML approaches. For almost each dataset,
the modified ML approach outperforms the ML approach in a similar way as we can observe with
the normally-distributed artificial examples. The difference in performance becomes smaller as
the number of training samples becomes larger. However, in the case of the Spambase, there is
still a 15% difference in the performance when we use 20 samples from each class for training.
This is because the attributes of Spambase are more likely to be exponentially distributed than
normally distributed. This result illustrates that our model can work well even when the suggested
model does not agree with the underlying distribution, which might be a problem with many other

semi-supervised algorithms (Cozman and Cohen, 2002).
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Figure 17: Classification rates obtained from real datasets.

3.6 Classifying raw and segmented images

Classification and segmentation are among the most commonly used methods for analyzing images.
They are especially used in medical applications, for analyzing and decoding fMRI images (Mitchell
et al., 2004), and for understanding the functional properties of the human brain (Pessoa and
Padmala, 2006). However, these two methods are usually used independently despite the fact that
they could potentially benefit each other. From the machine learning point of view, among the most
difficult challenges are: dealing with extremely noisy data, and learning in high dimensional feature
space. To address the first problem, researchers often use ”blocked” data in an attempt to average
out the noise. For example, Cox and Savoy (Cox and Savoy, 2003) employed 20s blocks containing 10
stimulus repetitions while Haynes and Rees (Haynes and Rees, 2005) used 30s blocks. To deal with
the second problem, a common approach is to employ various feature selection techniques (Guyon
et al., 2002), to reduce the number of voxels from over 10 to several hundred or less (Mitchell
et al., 2004; Pessoa and Padmala, 2006).

One way to alleviate the previous problems is to use segmentation (clustering) in combination
with a classification algorithm. The number of clusters is in general much smaller than the number
of voxels, and including spatial constraints in the clustering algorithm can help with noise. How-
ever, classifying segmented images presents its own challenges: how should one evaluate similarity
between two different segmentations? Which cluster from one segmentation corresponds to which
cluster from another segmentation, and how should one compare the shapes of different regions?

Probably the simplest solution is to consider only two cluster labels, e.g. a background label and
a region of interest (ROI) label, and then focus only on the ROIs and compare their shapes across

different images (Pokrajac et al., 2005). Although this approach can be useful in some clinical
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applications (Pokrajac et al., 2005), the analysis is limited to only ROIs and its associated binary
assignment (active versus non-active) is not sufficient. For example, in many situations the same
region of the brain might be involved in several functional activities at the same time and therefore
the same voxel should have multiple labels (belong to several clusters) and this assignment should
be probabilistic.

In our recent work (Wu et al., 2007), we proposed a non-parametric model that can classify not
only raw images but also segmented images. We also introduced a clustering algorithm which
can incorporate spatial information (to alleviate noise) and represent the assignment of voxels to
clusters using probabilistic representation. Instead of focusing only on specific ROIs, our model
can classify fMRI images of the whole brain using a single trial. We demonstrated our results on a
challenging fMRI dataset using single trials in which a stimulus is only 70ms long. The proposed
classifier is voxel-based (uses cluster assignment information from each voxel) as opposed to region-
based (e.g. representing clusters with density functions) and it can therefore easily deal with any
kind of region boundaries (e.g. sharp, fuzzy or irregular). The algorithm is very general in that it
can utilize both deterministic and probabilistic voxel to clusters assignments, and it can also deal
with clusters with multiple labels.

To segment images, we implemented a deterministic k-means algorithm and a probabilistic Hidden
Markov Random Field (HMRF) finite mixture model (Zhang et al., 2001). The advantage of the
HMRF model is that it imposes spatial constraints on the neighboring voxels which is biologically
realistic assumption since neighboring voxels tend to have similar activations. In this work, we
build a HMRF Dirichlet process mixture model and derive a collapsed Variational Bayesian (VB)
approach (Welling et al., 2007) to integrate out the mixture weights.

We tested our model on real fMRI images and demonstrate that our classifier significantly outper-
forms the parametric GNB and the Maximum Likelihood (ML) k-means classifiers. Furthermore,
we showed that higher classification rates are obtained when the images are segmented using a

probabilistic HMRF approach compared to deterministic k-means method.

3.6.1 The model

In this section, we provide a description of our model, a non-parametric classifier. We assume that
we are given an N-dimensional observation vector Z that belongs to one of Y classes and the task
is to find a class, y, for which p(y|2) is maximal. We take a Bayesian approach and further assume
that the likelihood is a non-parametric probability mass function. We discretize the observation
vector and divide the values of each vector element, z;, into K bins. The probability that the value
of the i element falls into the k** bin we denote as 7;;. This probability can be written in a
compact form by introducing the indicator matrix U as p(u;x = 1) = n;. Each element of the
indicator matrix, u;r, = 1,¢ = 1,..., N,k = 1, ..., K, takes only two values, 0 and 1, and provides

an assignment for the value of the i** element of the observation vector to the k" bin. Note that
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Zszl u;r, = 1,4 = 1,..., N since each element has one value and can only choose from 1 to K.
Using this notation, calculating the likelihood p(Z]nY) is equivalent to calculating p(U|nY), where
1Y denotes a class specific parameter vector. To simplify notation, in the following we will derive
the expression for one class only and therefore will omit the subscript y. Assuming that all the

elements of the observation vector are independent, the likelihood function is

N K
p(Ul7) = TTTTmi (17)
ik

In principle, the parameter 77 can be estimated from the training data and then used to calculate
the class conditional likelihood function (CCLF), Eq (17). However, the likelihood can also be
calculated without explicitly estimating the parameter 7. In this work we use Bayesian approach
and integrate over the parameter. If we denote the training examples of a given class y as VJ =
{(%1, ..., Tn)7}, then the class conditional likelihood can be written as p(U|V'!, ..., V™), where m is
the number of training examples. More specifically, the likelihood function p(U|V'!, ..., V™) is given
by,

UV, V™) = / Aiip (U7 p( Vs s Vi) (15)

The unknown parameters 7j; of the ith element can be estimated from the m training samples,

. p(ﬁilv o U7 (7:)
p(|T}, ooy ) = = R (19)
e [ i@ 5 )P (i)
where p(¥}, ..., T77;) = T2, p({)’fWZ) We choose for the prior p(7;) a Dirichlet distribution
K
TN

and therefore our posterior will also have the form of Dirichlet distribution which will allow the
exact calculation of the integral. Note that in calculating the integral over 7j;, one has to include

the constraint that 7;, > 0, ", n;x = 1. Knowing that,

K K
ai TT ot = = TOW)
fe L™ = om0 2y

Eq (18) can be integrated as,

N K
I'(s; i T K
p(UlVl,...,vm):HHk;l (it + wir, + A)L(m + KA)
21 k=1 Dsie + A)I(m + KA +1)

where s;;, = Z;nzl vgk. s;k represents the number of times the i-th component equals k across the

training samples.
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3.6.2 Classifying segmented fMRI images

Our model can be easily extended to the case when the input image is not a raw image (e.g. the one
represented with gray-scale or voxel activation values) but a segmented image. We now describe the
situation when the input to the classifier is a segmented fMRI image. This image can be obtained
using a number of clustering algorithms such as the k-means or the HMRF algorithm. Each voxel
of the segmented image is associated with a sequence of numbers that provide an assignment of
the voxel to each of the K clusters. We call this sequence of numbers a clustering distribution
vector (CDV). The assignment can be either fixed, in which case a voxel is assigned to only one
cluster, or probabilistic, in which case the sequence represents probabilities of assigning a given
voxel to each of the K clusters. For example, if the CDV is obtained after maximizing a posterior
or from other deterministic algorithms such as the expectation-maximization algorithm, then the
assignment matrix v is the indicator matrix and for some k*, v;p« = 1. However, if the CDV is
obtained using a probabilistic clustering approach, such as the HMRF finite mixture model, the
assignment for each voxel is 7; = {p(¢; = 1), ...,p(ci = K)}, D> vk = 1.

We will assume that there exists a true underlying distribution that assigns a voxel to each of the
K clusters and that this distribution is class specific. If as a result of the deterministic clustering
procedure the i-th voxel is assigned to k*th cluster, v;z« = 1, then the distribution of ¥ is given as
p(U;|7;) = p(vigx = 1|7;) = nix=, which can be viewed as a generalization of the Bernoulli distribution
to more than two outcomes (or the categorical distribution). When the cluster assignment consist of
probabilities instead integers, we generalize the distribution as p(¥;|7;) ~ Hszl ik, which reduces

to Mk« in a deterministic case v« = 1.

3.6.3 The correspondence problem

The result of a clustering algorithm is a segmented image where all the voxels from one region
(or cluster) have the same label. However, the labeling of each region is essentially random and
therefore even the clusters representing two exact segmentations can have different labels. We
assume that all the images from one class will have similar segmentations and we want to find
an assignment between clusters of any two images that reflects this property. The problem of
which cluster from one image should be assign to which cluster of another image is known as the
correspondence problem. It is a combinatorial optimization problem and it can be solved using
the Hungarian algorithm in polynomial time (Kuhn, 1955). The algorithm models an assignment
problem as a n X m cost matrix, where each element represents the cost of assigning the kth cluster
in one image to the jth cluster in a different image. The algorithm performs minimization on the
elements of the cost matrix.

We define the distance between the kth cluster from image 1 and the [th cluster from image 2 as

iy = |vjy — vil. (22)
7

39



The objective is to find a permutation of the clusters from the second image that produces the
highest overlapping among the clusters of the two images. This is equivalent to minimizing the
following objective function over the one to one cluster permutation mapping p : {1,..., K} —
{1,..K},

K
FO) = dipy = Y _ vl — v (23)
k ik

where k goes over all clusters, and 7 over all voxels.
To learn the parameter s;; for a given class, we solve the correspondence among all the training
images of that class. To calculate the CCLF given by Eq. (22), we then solve the correspondence

problem between the given test image and each class of training images.

3.6.4 Experimental results

In this section, we evaluate the performance of our non-parametric (NP) classifier on raw and
segmented fMRI images. To cluster fMRI images we used both the deterministic (k-means) and
probabilistic (HMRF) algorithms. We used K = 5 for k-means algorithm, and the parameters for
the HMRF were K =3 and A = 1.

The fMRI data used in this work were recorded while the subjects were looking at face images
and trying to detect their emotional expressions. Each face was shown for very brief amount of
time, 33ms, making the task very difficult. The images consisted of disgusted and fearful faces so
the number of classes was two. The number of fMRI images for each class was 31. For each subject,
we used 30 images from each class for training and 1 image from each class for testing. The data
were collected with a Siemens 1.5-T scanner, and the activation of each voxel was represented with
7 points. In order to reduce the dimensionality of the data, we modeled the voxel activation curve

by fitting it to a polynomial function of the second order.
Zi(t) = aitz + bit + ¢;. (24)

As a result, activation of each voxel was represented not with a scalar but with a 3D vector.

Subject 1 2 3 4 5
NP (%) 57.6 62.1 56.1 545 63.3
Gaussian (%) 50.0 50.0 56.1 50.0 39.4

Table 4: Classification rates for the non-parametric and Gaussian likelihood classifiers on the raw
fMRI images.

In the first experiment, we contrasted the classification rates of the NP classifier and the Gaussian

Naive Bayes (GNB) classifier using raw images. We chose the GNB classifier since it is a is a
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parametric model and was successfully used for classifying fMRI images (Mitchell et al., 2004).
The basic assumptions behind the GNB model are that the voxel activations are independent from
one another and that activation of each voxel, z;, can be modeled using a Gaussian distribution

1 (zi — wi)?
= eXPp (—7202

p(zilpi, 07) = )- (25)

2mo

Parameters p1; and o; are estimated from training samples as, pi; = & Y. 215,07 = iy 2.5 (2] —
;)% where zgj is the i-th component of j-th training sample. The results are illustrated in Table 4.
As one can see, the NP classifier outperforms the GNB classifier which suggests that the Gaussian
assumption for the voxel activations is not the most appropriate for this dataset.

In the following two experiments, we contrasted the classification rates of the NP and ML k-means
classifiers. We should note that while the NP classifier can be applied to images in which each voxel
has a multilabel assignment, the ML k-means classifier is applied to segmented images in which
each voxel has a binary assignment. This is because the ML k-means classifier basically compares
only the shapes of distributions among different class images. To obtain a binary representation of
segmented images, we assigned the zero label to voxels of the largest cluster (the ones with green
color in Figure 18), and the label one to all other voxels. As it turns out, the identification of
the largest cluster was always trivial since it contains the white matter and mostly inactive voxels
within the grey matter area. The ML k-means algorithm captures the shape of the cluster with

label 1 using a spatial distribution function, e.g., mixture of Gaussians
J
p(E:) ~ > i b (& i, 55), (26)
J

where &; is the spatial coordinate of the i-th voxel, J is the number of Gaussians, fi; and ) ;j are the
mean and variance matrix of the j-th Gaussian. It is a K —means clustering algorithm based on
the coordinates of voxels with label 1. To estimate the parameters of the ML k-means classifier, we
used an Expectation Maximization (EM) algorithm. In our implementation, we treat the mixture
density as the likelihood function and estimate the class label by maximizing the likelihood function

conditioned on all possible classes.

Subject 1 2 3 4 5
NP (%) 68.3 58.3 65.0 61.7 63.3
ML k-means 51.7 50.0 48.3 50.0 51.7

Table 5: Classification rates for the NP and ML k-means classifiers on images segmented with
HMRF method.

In the second experiment, we compared the classification rates of the NP and ML k-means clas-

sifiers on the fMRI images that were clustered using HMRF model and the collapsed VB inference
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Figure 18: Sagittal views of segmented fMRI image using k-means (top row), and Hidden Markov
Random Field (HMRF) methods. The number of clusters is the same, K=3, for both methods.

algorithm. This means that the inputs to the NP classifier was applied directly to HMRF seg-
mented images in which each voxel has multiple probabilistic assignments. As one can see from
Table 5, the classification rates when using the NP classifier are consistently higher than the rates

when the images were classified with ML k-means algorithm.

Subject 1 2 3 4 5
NP (%) 58.3 55.0 48.3 51.7 65.0
ML k-means(%) 53.3 50.0 51.7 50 48.3

Table 6: Classification rates for the NP and ML k-means classifiers on images segmented with

k-means method.

In the third experiment we used as a clustering method the k-means algorithm. As shown in
Table 6, the NP classifier outperforms the ML k-means classifier for most subjects. In addition, by
contrasting Tables 5 and 6, it is clear that the NP classifier was able to better utilize probabilistic
assignment of voxels and produced higher classification rates (compared to ML k-means classifier)
when using the images segmented with the HMRF method.

In Figure 18, we present several images that were segmented using k-means (top row) and HMRF
(bottom row) methods. In this example, we used the same number of clusters in both algorithms,
K=3. The largest cluster (green color) denotes mostly white matter and inactive grey matter
voxels (the "background”). As one can see, the k-means algorithm produces much sparser clusters
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with one dominating cluster (blue color), compared to the HMRF algorithm which produced much

tighter and more balanced cluster distributions.
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4 Summary of the most important results

In summary, within the period of September 1st 2005 and September 1st 2009, we successfully

completed the following projects:

e Developed a biologically inspired algorithm for learning new object categories and tested the
performance on a real-world database consisting of different object categories. Specifically we: 1)
developed a Bayesian model for integrating information from different regions of the visual field and
for integrating information across fixations (Neskovic et al., 2006a), 2) constructed an interactive
interface for training the system, 3) tested the dependence of the learning algorithms on the distri-
bution of the receptive fields and demonstrated advantages of the retina-like distribution over the
fixed size distribution of the receptive fields (Wu et al., 2006a), 4) demonstrated that the model is
robust to partial occlusions and clutter and can recognize a target even if it fixates on the occluded
part (Neskovic et al., 2006b), and 5) demonstrated that the recognition system (Neskovic et al.,
2006a) is robust to significant variations of the sizes and locations of the fixation regions (Neskovic
et al., 2007; Neskovic et al., 2009).

e Developed a new algorithm for localizing objects and object features in new images in which

objects appear at different locations, sizes and different lighting conditions (Wu et al., 2006a).

e Developed new classification algorithms: 1) a minimum bounding sphere algorithm for clas-
sifying object categories (Wang et al., 2007a), and 2) developed a new decision rule, based on
the Bayesian decision theory, that partitions the feature space using a small number of bound-
ing spheres (Wang et al., 2007a), 3) designed a new classification method that uses a single
sphere (Wang et al., 2005b), in the feature space, to separate object classes. In addition, we
designed a new procedure for selecting data for support vector machine (SVM) training (Wang
et al., 2007c).

e We introduced an adaptive distance measure (Wang et al., 2006; Wang et al., 2007b) that
significantly improved the performance of one of the most powerful classification algorithms in use
today, the k-NN algorithm, and tested the new classification algorithms on real-world examples

and achieved state-of-the-art recognition rates.

e Constructed a model that can improve learning by utilizing information from unlabeled training
samples (Wu and Neskovic, 2007). More specifically, we developed a new algorithm and tested it on
both artificial and real datasets. We concluded that the contribution from the unlabeled example
is very high in situations when the number of training examples is small resulting in classification

rates that are significantly larger compared to the performance of the classifiers that did not include
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the unlabeled example. We also showed that the procedure works extremely well in cases when
one class has a dominating prior. Most importantly, we demonstrated that the performance of the
self-improving classifier improves with the dimensionality of the feature space which is in contrast

to most existing classifiers.

e Developed a model for classifying segmented images (Wu et al., 2008). Specifically, we developed
a non-parametric (NP) model that can classify both raw and segmented images and tested it on
real fMRI images. We showed that our model can successfully classify whole brain images (without
a feature selection stage) using challenging single trial examples. We demonstrated that the NP
classifier is very general in the sense that it can deal not only with images that were segmented
with deterministic segmentation algorithms but also with probabilistic clustering approaches. Fur-
thermore, we showed that our classifier can be used not only on binary images, but also on images
that contain multiple clustering labels which can be of great importance when analyzing medical
data.
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