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Abstract

A binary hierarchical classifier is proposed to solve
the multi-class classification problem. We also require
rejection of non-target inputs, which thus producing a
very difficult problem. The SVRDM (support vector
representation and discrimination machine) classifier is
considered at each node in the hierarchy, since it offers
good generalization and rejection ability. Using this
hierarchical SVRDM classifier with magnitude Fourier
transform features, initial recognition and rejection test
results on simulated infra-red data are excellent.

1. Introduction

Many pattern recognition applications, e.g. face
recognition, automatic target recognition (ATR), etc., deal
with a multi-class (C class) classification problem. Some
well-known techniques, such as k-nearest neighbors
(kNN) and neural networks (NNs), can be directly
applied to these problems and they consider all classes at
once. However, many classification problems are
characterized not only by a large number of inputs, but
also a large number of class labels. To solve this
complicated and computationally expensive problem, a
multi-class classifier is typically constructed by combing
several binary classifiers [1], since it has been observed
that designing a classifier which separates two classes (or
two sets of classes) is easier than one which distinguishes
among all classes simultaneously [2].

Two binary classification approaches, the one-vs-rest
[1] and one-vs-one [3] strategies, are conventionally used
to solve the multi-class classification problem, as we
discuss in Sec. 2. Both methods can be considered as a
two-level approach. A set of binary classifiers are formed
in the first level, and some relatively simple mechanism is
used in the second level to fuse the results from the first
level. However, the one-vs-rest method does not consider
the similarities between the classes, so there is no
guarantee that good discrimination exists between one
class and the remaining classes; the one-vs-one method
requires O(C?) pairwise classifiers, and it is thus very
computationally expensive when C is large [4].

Inspired by the divide-and-conquer strategy,
hierarchical classifiers [1] are attractive for the multi-class
classification problem, where better results and fewer
computations can be expected [4, 5]. If a binary classifier

is used at each node in the hierarchy, then this is called a
binary hierarchical classifier; it involves a tree structure
of C-1 classifiers (see Sec. 3).

In this paper, a hierarchical classifier using the
SVRDM classifier is proposed. The SVRDM algorithm is
introduced in Sec. 4. The proposed method is illustrated
on ATR problems. In Sec. 5, the design procedures of our
hierarchical classifier are detailed. The proposed method
is illustrated on an ATR problem. Recognition and
rejection test results are shown in Sec. 6.

2. Background

2.1. One-vs-rest Method

The one-vs-rest method [1] is also known as the one-
against-all or class-modular method. It decomposes the C-
class problem into C binary sub-problems. C different
classifiers (decision functions) are constructed; each of
them separates a class from the remaining C-1 classes. To
accomplish this, each classifier needs to be trained on the
whole training set. The class label of the test input is
decided by combining the C classifier outputs using
winner-take-all etc methods [6]. However, the one-vs-rest
method results in imbalanced data problems, where the
difference number of training set samples in the two
classes is very different. Therefore, we cannot expect
good classification results using this method.

2.2. One-vs-one Method

In the one-vs-one method (a.k.a. one-against-one or
class-pairwise method) [3], a classifier is constructed for
each class pair. In a C-class classification problem, there
are thus C(C-1)/2 = C%2 classifiers and each of them is
trained on the data from only the two classes. The
decision is made by combining these C%2 classifier
outputs using some voting strategy (e.g. majority vote or
“Max Wins”). Since a C-class classification problem is
exhaustively decomposed into a set of C%/2 classifiers, the
number of classifiers and computations are prohibitive [4]
when C is very large. In Sec. 3, a binary hierarchical
classifier is thus proposed to solve the problems which
exist in the one-vs-rest and one-vs-one methods.

3. Binary Hierarchical Classifier
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A hierarchical classifier is inspired by the divide-and-
conquer strategy, which makes a coarse discrimination
between classes first (at upper levels in the hierarchy) and
a finer classification later (at lower levels) [1, 4]. The root
(top) node is a collection of all C classes. We first divide
them into two disjoint subsets of classes (which is also
called macro-classes). The macro-classes are further
partitioned recursively in the subsequent levels until the
partition reaches the leaf node at the bottom level in the
hierarchy, which contains only one of the original C
classes. Since a binary classifier is used at each node, a
binary decision tree structure is constructed after all the
macro-class pairs to be separated at each node are
selected.

This method decomposes the C-class problem into C-1
binary sub-problems. This is less than the C*/2 classifiers
required in the one-vs-one method. Among these C-1
classifiers, only log,C classifiers are used when traversing
a path from the top to a bottom node in the hierarchy. As
a result, less computation time is expected in the use of
the binary hierarchical classifier.

The macro-class partitioning in a hierarchical classifier,
which is also known as hierarchical clustering [1], cannot
be decided arbitrarily or by intuition. There are two types
of hierarchical clustering in the hierarchy design (Sec. 3.1)
to select the macro-classes used at each node (Sec. 3.2).

3.1. Hierarchical Clustering

Clustering is an important unsupervised learning
technique; it finds the most suitable set in a collection of
unlabeled data. The unlabeled data in the same set (cluster
or macro-class) are “similar” or “close” to each other, and
they are dissimilar to the data belonging to other clusters.
For a binary hierarchical classifier, we divide the classes
into two macro-classes at each node, i.e. there are two
clusters to be selected at each node in the hierarchy.

The hierarchy can be formed by agglomerative or
divisive clustering [1]. The former -constructs the
hierarchy in a bottom-up way by merging the two
“closest” classes (macro-classes) into a new group at each
level; the latter divides a group of classes into two smaller
groups of classes (macro-classes), where the separation
between these two groups is the “best” among all the
macro-class pair combinations. The divisive clustering is
the ftop-down design for the hierarchical classifier.
Although comparable classification results have also been
found using the bottom-up design, it is not practical to
implement this design when C (the total number of
classes) is large [4]. Therefore, we chose to use the top-
down hierarchy design. Sec. 3.2 details two methods
which are used to solve the top-down design problem.

3.2. Automated Macro-class Partitioning

In the binary hierarchical classifier with a top-down
design, each node separates the classes into two macro-

classes. Typically, there are two methods to automatically
decompose this multi-class problem into binary sub-
problems:

(1) Exhaustive searching

Each possible macro-class pair is generated and is
evaluated by the amount of the training errors. For a node
with N classes, there will be 2~/2—1 = 2N'—1 macro-class
combinations. This can be prohibitiveNeven the design is
off-line, since the complexity is OQ2"™") for selecting a
macro-class pair for one node, and it grows exponentially
(not polynomially!) with N. The forward-selection
method (a.k.a. sequential searching) [7] is not preferable,
since it is similar to an exhaustive search and cause other
problems (e.g. the nesting problem).

(2) K-means clustering

K-means clustering is one of the most commonly used
unsupervised clustering algorithms. The goal is to divide
the data into k clusters such that the distance between
each sample in each cluster to its centroid is minimized.
The squared error function is the criterion function:

=35 omf <

Jj xeC;

For a given cluster C;, its mean vector m; is the best
representative of the samples collected in that class. In the
binary hierarchical classifier, there are only two clusters
(macro-classes) to be determined at each node, thus k = 2.

Inspired by one-class SVM (SVRM) [8, 10] (Sec. 4.2)
and the SVRDM [8] (see Sec. 4.3), we propose two
different automated macro-class partitioning algorithms,
which are extended from the exhaustive searching and k-
means clustering, respectively. Our automated macro-
class partitioning algorithms are detailed in Sec. 5.

4. SVRDM

The SVRDM [8], which provides good generalization
ability and can reject non-object inputs well, is extended
from the SVM (support vector machine). We discuss the
SVM in Sec. 4.1. The details of the SVRM (support
vector representation machine) and the SVRDM are
covered in Secs.4.2 and 4.3.

4.1. Support Vector Machines

The support vector machine (SVM) [9] has been
extensively used to solve many classification problems. It
was originally designed for binary classification problems.
The main idea is to separate the two classes with a
decision boundary which maximizes the margin between
them. For the linearly separable case, a set of M samples
(x;, ;) can be divided into two classes by a decision
hyperplane, where x; € R" and its corresponding class
label ye {+1, -1}, Such a hyperplane is determined by a
weighting vector & € R"and a bias b € R, which satisfy:

Min i’ /2 } (2)

subject to yi(th,. +b)21, i=1,2,..M
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This problem is solved by quadratic programming
optimization techniques. The training set samples
satisfying the equality in (2) are called support vectors.
The distance between this separating hyperplane and the
closest data point of the training samples is called the
margin. A larger margin means a better separation
between the two classes, and it also provides higher
generalization ability of this classifier. See Fig. 1 for
examples of separating hyperplanes with different
margins for a 2D data case.

S/
S w L )

Figure 1. Linearly separating hyplane for 2D separable
cases (a) optimal separation with the largest margin (b)
separation with a smaller margin.

For the linearly non-separable case, a set of slack
variables & is introduced. The summation of the slack
variables indicates the amount of training errors. Paying a
penalty proportional to this amount, separation margin
maximized for this non-linearly separable case satisfies:

k
Min{HhH2/2+C[i§iJ } (3)
subject to y,(th,. +b)2ll—l§i, i=1,2,...M
and & >0
where k is usually assumed to be 1, and the parameter C
is the penalty which defines the cost of constraint
violation.

Most realistic classification problems will not be
solved by a linear separating plane. In the SVM, we thus
extend the separating plane to a higher dimensional space,
and we solve a linear separation problem in that space.
The input x is first mapped from the input space R to a
higher dimensional space F by a transform ®. Since we
only need to compute the inner product, ®(x;)" D(x;), the
explicit form of ® and the computation of ®(x) are not
necessary. A kernel function K(x;,x;) is thus considered in
this nonlinear decision case, and the Gaussian kernel
(K(x.p) = exp(-|x-y||*/26%) is used in this paper.

For multi-class classification problems, several
extensions to the SVM classifiers have been considered
(e.g. the one-vs-rest and the one-vs-one method). The
SVM has also been extended to the data domain
description problem [10] (a.k.a. 1-class classification, see
Sec. 4.2), which is important in one of our automated
macro-class partitioning methods (see Sec. 5.2).

4.2. One-class SVM and the SVRM

In the one class classification problem, there is an
object class C; and a non-object class Cy. We are only
interested in detecting the object class C;, and the data
from the non-object class Cy, need to be rejected.
Therefore, the task is to find an evaluation function fix) =

h'®(x)+b, which gives the confidence of the input x
being in the object class C;. We assume that no non-
object class samples are available during training. This is
realistic for many applications, since we cannot expect
data from all possible non-object classes. The one-class
SVM [10] was proposed to solve this problem. The
objective function to be optimized is the same as (2),
except only one class samples (v = +1) are used in
training.

The SVRM (support vector representation machine)
[8, 10] is an one-class SVM; it recognizes the object class
inputs in a higher dimensional transformed space and
rejects non-object inputs. The Gaussian kernel is
considered, since the transformed data are automatically
normalized (they lie on the unit sphere centered at the
origin in the transformed space, and no bias term b in f{x)
is needed). Therefore, the evaluation function of the
SVRM is fix) = h'®(x), which is the inner product
between a vector & and the transformed input ®(x). The A
satisfies f(x) > 1 for all ®(x) of the object class C;. By
minimizing ||A||, we minimize the decision region for the
object class and thus achieve good rejection of non-object
class C, inputs. The use of the Gaussian kernel also
simplifies calculation of the minimization of the volume
of the decision region of the object class [12]. In this
paper, the o in the Gaussian kernel is selected
automatically using the searching technique in [8].

4.3. SVRDM Algorithm

The SVRDM [8] is a binary classifier which is an
extension of the SVRM to the multi-class problem. A pair
of discriminant vectors A; and h, is formed, and we
calculate the inner product between the input and each
discriminant vector. Similar to the SVM, the discriminant
vector h; satisfies the following equations and constraints:

Minpw [ 12+ €Y, + ¥ ) )
B ox,)>1-¢&;, i=12,..N,
B D(x,;) S p+E&yj. j=12,.N,

£;20,8,; 20,

and h, is similar. In (4), N; and N, are the number of
training samples in classes (macro-classes) 1 and 2, and
slack variables &, and &, are the classification errors of the
training samples in the two classes. The parameter p in (4)
controls the evaluation function for the other class and
thus affects the size of the decision volume. If p = -1, the
SVRDM is the standard SVM. As p increases, the
decision region for both classes decreases. When training
an SVRDM, one vector (e.g. hy) gives an output > 1 for
class (macro-class) 1 inputs (e.g. a macro-class at the ith
node in the hierarchy) and for the samples in class 2 it
gives an output < p. The other vector h, gives outputs > 1
for class 2 training set inputs and outputs < p for class 1.
For the test input, the vector k& (h; or h,) with the largest

YF]',F.

COMPUTER
SOCIETY

Proceedings of the 2005 Eight International Conference on Document Analysis and Recognition (ICDAR’05)
1520-5263/05 $20.00 © 2005 IEEE



output > threshold T determines the class of the input.
Test inputs with inner products < T for both &; and k, are
rejected as non-objects (false alarms). The SVRDM thus
provides good discrimination between the two classes. It
also provides more suitable decision regions than the
SVM does to reject non-object class inputs.

5. Hierarchical Classifier Design

We propose two types of automated macro-class
partitioning methods for the top-down hierarchical
classifier design. We now detail them.

5.1. Balanced Binary Hierarchy Design

To alleviate the computational complexity in the
exhaustive search, the balanced binary hierarchy [11] is
used to select the macro-class pairs at each node. In a
balanced binary hierarchy, a set of N classes are divided
into two smaller groups of classes (macro-classes) at each
node in the hierarchy, each with the same number of
classes (N/2). If N is odd, the difference between the class
numbers in the two macro-classes is one.

We assume that N is even for simplicity, each macro-
class contains N/2 classes and there are thus 0.5xCY,

SVRDM classifiers formed at each node. To select the
macro-class pair at one node, an SVRDM is formed for
each macro-class pair, using the training set samples. The
performance of these SVRDMs is evaluated using the
validation set data. We form the inner products between
the wvalidation set inputs and the two SVRDM
discriminant vectors, as detailed in Sec. 4.3. For a given
fixed p and threshold T, the macro-class pair with the
highest classification rate Pc and the largest margin
denotes the macro-class choice at that node [11].

5.2. K-means SVRM Clustering Design

The second method which we propose is k-means
SVRM clustering. Traditionally in k-means clustering, the
data and their corresponding cluster centers are analyzed
in the original space. However, if the data distributions
are complex, the centroid of each cluster cannot be
determined appropriately.

Inspired by the SVRM, we transform the data to a
high dimensional feature space and find the discriminant
vector h; for each class. The vector h; is a linear
combination of all the support vectors from the class i,
and it can be considered as a best representative of each
class in the transformed space (Sec. 4.2). In k-means
SVRM clustering, we solve a k-means (k = 2) clustering
problem with only N data points (one vector k; for each
of the N classes at that node) at each node in the
transformed space. Each x; in (1) is now substituted by A;.
The two clusters (macro-classes) are determined at each
node, when (1) is optimized for each of them. We note

that, unlike the balanced binary hierarchy, the numbers of
classes in each macro-class are not necessary equal in this
case.

Once the macro-class pairs are selected for each node
in the hierarchy, the design procedure of our binary
hierarchical classifier is complete. We form an SVRDM
classifier for each macro-class pair using training set
samples, and we use them as the binary classifiers at each
node in the hierarchy to classify the test inputs.

6. Experimental Results

The proposed hierarchical SVRDM classifier is
applied to a simulated infra-red database. This database
contains 12 military objects (8 vehicles and 4 aircraft).
Each is present at 21 aspect views (over +£90°). We chose
to recognize 8 vehicles and used the 4 aircraft and
background clutter as non-objects to be rejected. Fig.2
shows the target chips (50 x 150 pixels) of the 8 vehicles
to be classified. The 21 aspect view images for each
object were divided in to: a training set of 9 aspect views
(0°, +10°, +20°, +45°, +90°, -90°, -45°, -20°, and -10°)
used for synthesis of the SVRDM classifiers. A validation
set of 5 other aspect views (+5°, +25°, +75°, -30°, and -
15°) was used to evaluate the SVRDMs and select the
macro-classes to be separated at each node in our
hierarchy. A ftest set of 7 aspect views (+15°, +30°, +60°,
-75°, -60°, -25°, and -5°) was used to obtain final Pc
scores. The training set of aspect views was chosen to
cover the £90° and thus to represent the data.

- - 5 e ]
- | = + |

Figure 2. The eight classes to be recognized

Preprocessing and segmentation were performed prior
to classification. We first morphologically opened the
original image (Fig. 3a) to remove the target in the
grayscale image. Opening is an erosion followed by a
dilation. The 2D structuring element (SE) used is slightly
larger than the largest target in the database. After
opening, the result (Fig. 3b) is an estimate of the
background. We thus subtracted the estimated
background from the original image to greatly reduce the
background noise (Fig. 3c). We thresholded the output
and remove structured background (Fig. 3d). We set the
background to a constant value so as not to overly
emphasize object edges.

(2 (b)
EN TN
Figure 3. (a) original target, (b) estimated background, (c)
background reduction by (a)-(b), and (d) thresholded
output from (c)
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We chose to use magnitude Fourier transform (|FT|)
features for training and testing, since they provide shift-
invariance and thus the target does not need to be
centered in each image. Since there is negligible energy in
the higher spatial frequency components, the lower 25 x
25 |FT| components in the first quadrant were used
initially. Using the balanced binary hierarchy design,
Table 1 lists the performance (P and error types) for the
hierarchical SVRDM classifier with and without using
preprocessed data. Without preprocessing, more errors
were found than the one using preprocessing data. The
rejection ability for both cases is perfect, i.e. Ppa = 0. Fig.
4a shows the class divisions chosen at the different nodes
and levels in the hierarchy (by the balanced binary
hierarchy design) using 25 x 25 |FT| features and
preprocessed images.

Table 1. Performance comparison of balanced binary
hierarchical SVRDM classifiers with/without preprocessing

Feature used Without preprocessing With preprocessing
25 x 25 pixel |Pc=53/56=94.65% (2 Pc=55/56=98.21%
[FT| features misclassification + 1 miss) (1 miss)

We also chose to use 25 x 50 |FT| features (the lower
25 x 25 |FT| components in the first and the second
quadrants), since they contain more information. Using
the preprocessed data, Table 2 lists the performance for
the hierarchical SVRDM classifiers designed by the two
different automated macro-class partitioning methods
(using preprocessed images). Both results were excellent
(Pc =98.21% and Pgs = 0).

Table 2. Performance comparison for hierarchical
classifiers with balanced binary hierarchy and k-means
clustering designs

Features Balanced binary hierarchy K-means SVRM
searching clustering
25x 50 Pc=55/56=98.21% Pc=55/56=98.21%
|[FT| pixels (1 miss) (1 misclassification)

Fig. 4b shows the hierarchical structure using 25 x 50
|[FT| features with the k-means SVRM clustering design.
Although the numbers of classes in each macro-class are
not necessary to be equal using the k-means SVRM
clustering design, they turn out to be the same in our test
result (Fig. 4b is a balanced binary hierarchical structure).
This macro-class selection method does not evaluate all
possible macro-class pairs; thus, no validation set is
needed to be used. Therefore, k-means SVRM clustering
design saves much training and evaluation time. We note
that in the balanced binary hierarchy method, the margins
of several possible macro-class pairs, which gave the
same highest Pc on the validation set, were actually very
close [11], and the specific macro-class pair chosen is
thus not critical. Since k-means clustering results in a
balanced binary hierarchy (like Fig. 4b), we do not expect

that it to perform much better than the one using the
balanced binary search design.

In both hierarchical structures in Fig. 4, we note that
the tanks (classes 1 & 2) are not in the same macro-class.
Compared to the design of a hierarchy by intuition,
automated methods for selecting macro-classes (as we
have) are important.

[@15vs4.6 | [23vs7.8 | [@16vs37 | [@25vs4.3]
) 1ws 5 (S 4ws6| [(6)2vs3 (7)7vs 8| [@) 1vs6 (5 3vs?| [(E)2ws 5 (7) 4 ws 8

Figure 4. Hierarchical classifier structures using (a) 25x25
pixel |FT| features with balanced binary hierarchy search
design and (b) 25x50 pixel |FT| features with k-means
clustering design

7. Conclusions

A novel hierarchical SVRDM classifier with
automated macro-class selection is proposed to solve the
multi-class problem. Our method shows remarkable
classification and rejection test results on a simulated IR
database.
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