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Abstract

Automatic image categorization, which maps low-
level visual features to high-level semantics, is the
crucial basis for effective understanding, annotation,
retrieval, and management of digital visual
information. In this paper, we present a multi-
category SVMs-based (Support Vector Machines)
image categorization system by exclusively using
global low-level features. Images are represented by
the MPEG-7 SCD (Scalable Color Descriptor) and the
modified MPEG-7 EHD (Edge Histogram Descriptor),
which are verified by the K-Means algorithm to be
effective. The K-Means algorithm is also applied to
select training images. Multi-category SVMs using
the Gaussian RBF (Radial Basis Function) kernels are
further evaluated on the categorization of the image
database with general-purpose images from COREL.
The empirical results demonstrate that the proposed
categorization method outperforms the peer
approaches in the literature in terms of both efficiency
and accuracy. In addition, each test image is labeled
by a set of confidence values for each possible
category.

Keywords: Image categorization, support vector
machines, MPEG-7 color and texture descriptors.

1. Introduction

Image categorization is to label images into one or
several predefined categories. It is mainly used for
visual information management and can be applied in
a variety of domains such as entertainment, education,
biomedicine, web image classification and search, etc.
In particular, it can aid in retrieval since categorized
keywords greatly narrow the semantic gaps.
Automatic image categorization is a challenging
task due to various imaging conditions, complex and
hard-to-describe objects, highly textured background,
and occlusions. In general, most approaches use
learning-based  techniques to train manually
categorized training images and test the uncategorized
images based on the training results. The images are
represented by either global color histograms [1, 2], or
block-based local and spatial properties [3, 4], or
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region-based local features [5-9]. Several generic
image categorization systems are briefly reviewed.

Huang et al. [1] construct a color-correlogram-
based classification tree for image categorization.
Chapelle et al. [2] apply SVMs on the global
16x16x16-bin HSV color histograms to categorize
images. Li and Wang [3] propose an ALIP system
which uses the 2D multi-resolution hidden Markov
model on color and texture features of image blocks of
size 4x4 for image classification. Murphy et al. [4]
build four graphical models to relate features of image
blocks to objects and perform joint scene and object
recognition. Modestino and Zhang [5] use a Markov
random field model to capture spatial relationships
between regions and apply a maximum a posterior
rule to interpret images. Smith and Li [6] classify
images by applying a composite region template
descriptor matrix on the spatial orderings of regions,
whose attributes are represented by symbols in a finite
pattern library. Barnard and Forsyth [7] apply a
hierarchical statistic model to generate keywords for
classification based on a sequence of semantically
meaningful regions. Jeon et al. [8] use the cross
media relevance model to predict the probability of
generating a word given the regions in an image.
Andrews et al. [9] propose an MI-SVM (Multiple
Instance) approach to automatic image classification.

In spite of their successes, all these categorization
systems have their shortcomings. First, these systems
cannot accurately represent each object in an image by
features. For example, global color histograms cannot
precisely represent the objects which correspond to
the semantic contents of an image. Block-based
features often break an object into several blocks or
put different objects into a single block. Region-based
features have the same problems as the block-based
features due to inaccurate segmentation. Second, they
assign keyword(s) to each image without any weight.

In this paper, we propose a multi-category SVMs-
based categorization system to classify the generic
images by the likelihood of each predefined category.
The remainder of the paper is organized as follows.
Section 2 describes our proposed approach. Section 3
illustrates the experimental results. Section 4 draws
conclusions.



2. Proposed Approach

2.1. Low-level feature extraction

Since finding accurate representation of an image is an
unsolved open research area, we exclusively use
global features. In general, global features are easy to
extract and have been widely used in retrieval and
categorization. In our system, we combine MPEG-7
color and texture features to represent an image.

The SCD is one of the four MPEG-7 normative
color descriptors [10]. It uses the HSV color
histograms to represent an image since the HSV color
space provides an intuitive representation of color and
approximates human’s perception. We directly adopt
the SCD to extract color related information.

The EHD is one of the three normative texture
descriptors used in MPEG-7 [10]. It captures the
spatial distribution of edges in an image and has been
proven to be useful for image retrieval. Five types of
edges, namely, vertical, horizontal, 45° diagonal, 135°
diagonal, and non-directional, have been used to
represent the edge orientation in 16 non-overlapping
sub-images. The normative EHD is therefore a total
of 5x16 histogram bins. Based on the EHD, we
construct gEHD (global EHD) and sEHD (semi-global
EHD) to address any segmentation and rotation,
scaling, and translation related issues. The gEHD
represents the
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construct the EHD for each cluster. The sEHD and
gEHD are used as our final texture feature
representation. As a result, the problems associated
with inaccurate image segmentation or sub-blocking
are avoided.

2.2. Support vector machines

The SVMs-based approach is considered as a good
learning-based candidate due to its strong theoretical
foundations, its high generalization performance, and
its excellent empirical successes in many applications.
The SVMs are designed for the binary classification.
In the simplest form, they are hyperplanes that
separate training data by a maximal margin. That is,

given m training data {x,y,}’s, where x, e R",y, e {~11},
SVMs need to solve:
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where C is the penalty parameter of the error term and
K(x;, i) = ¢(xi)T¢(xj) is the kernel function. The SVMs
with the RBF kernel are used in our system since they
give excellent results compared to linear and
polynomial kernels trained with the SVMs and RBFs
trained with the non-SVMs [13]. The RBF kernels are:

2],7>0 @)

X. —X .
14

K(x;,y;)= eXP[V ]

As a result, two SVMs related parameters C and y

need to be predetermined for the image categorization.
We combine the 3-fold cross-validation and grid-
search algorithms to find the best C and y for our

image database by testing on exponentially growing
sequences of C=2727...2"% and y=27"127"3...23%.
Experimental results show that C=8 and y=0.125

achieve the best categorization accuracy.

Furthermore, an appropriate multi-class method is
needed when dealing with several classes as in image
classification. We use “one against one” approach
[11] (i.e., apply pairwise comparisons between
classes) in our system due to its better categorization
accuracy. In addition, we also map the SVM outputs
into probabilities by training the parameters of an
additional sigmoid function [12]. Consequently, our
system returns the likelihood of each category that an
image may belong to.

2.3. Training sample selection

To our knowledge, the training images are randomly
selected in other learning-based categorization
systems. However, we found that the categorization
accuracy can be improved by selectively choosing the
training images.

First, we apply the K-Means algorithm to group
the images in each predefined category into 3 clusters
as shown in Fig. 2. The 3 clusters roughly
accommodate all the possible variations in each

category in our
database, @
Cluster 1 @ Cluster 2

especially in the
Cluster 3

textured objects
or backgrounds.

Second, we
choose the
training images
based on the clustering results of each predefined
image category. Several selection strategies have

image category
with highly
Fig. 2: Training image
selection for each category



been compared to determine the one with the best
categorization accuracy. These selection strategies are:
1. S1: Randomly choose images with small
distances to the cluster centers (i.e., region 1
in each cluster in Fig. 2);
2. S2: Randomly choose images with large
distances to the cluster centers (i.e., region 3
in each cluster in Fig. 2);
3. S3: Randomly choose images with median
distances to the cluster centers (i.e., region 2
in each cluster in Fig. 2);
4. S4: Randomly choose images with small and
large distances to the cluster centers (i.e.,
regions 1 and 3 in each cluster in Fig. 2).

3. Experimental Results

The proposed image categorization approach has been
validated by testing with a general-purpose image
database including about 60,000 images. To provide
numerical results on the performance, we evaluate the
system based on a controlled subset of the COREL
database.  This subset contains 10 semantically
distinct categories with 100 images in each category.

3.1. Feature selection

To verify the effectiveness of the extracted low-level
features, the K-means algorithm is used to cluster the
feature vectors
of training
images into 10
image
categories
(clusters). The
effectiveness of
the  low-level
features is
measured by the
number of images that are correctly clustered.
Obviously, the most effective low-level features
should group all the training images in the same
category into one cluster.

Several SCD and EHD based features have been
tested on several sets of training images which are
randomly chosen from each category. The clustering-
based effectiveness of the tested low-level features is
shown as the average clustering accuracy in Fig. 3,
where the low-level features are: (1) 16-bin SCD, (2)
32-bin SCD, (3) 64-bin SCD, (4) sEHD, (5) gsEHD
(¢EHD+sEHD), (6) 16-bin SCD+sEHD, (7) 16-bin
SCD+gsEHD, (8) 32-bin SCD+ sEHD, (9) 32-bin SCD+
gsEHD, (10) 64-bin SCD +sEHD, and (11) 64-bin
SCD+gsEHD. It is clearly observed that the last feature
is the most effective one since it yields the highest
clustering accuracy. The length of this feature is 134
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Fig. 3: Clustering results
of different features
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(64 for SCD; 5x13 for sEHD; and 5 for gEHD), which
is very compact compared to features used in other
systems (i.e., 4096 in [2] and 6144 in [3]).

3.2. Training image selection and
categorization

To measure the effectiveness of each proposed
training image selection scheme, we choose training
images from each category by using the random
selection scheme (R1) and four selection strategies
introduced in section 2.3. In our experiment, 40
images from each category are chosen as the training
images and the remaining 600 images are used as the
testing images. The overall categorization accuracy
for each selection scheme is shown in Table 1. It
clearly shows that the strategy S4 outperforms other
strategies, and therefore is implemented in our system.
The categorization accuracy improvement is: S4 vs.
R1: 3.8%, S4 vs. S1: 18.8%, S4 vs. S2: 5.1%, S4 vs.
S3:10.8%.

Table 1: Overall accuracy of different schemes

Methods
Ave. Accuracy

R1
0.79

S1
0.69

S2
0.78

S3
0.74

sS4
0.82

The proposed system is compared with ALIP [3]
and our implemented HistSVM [2]. The overall
categorization accuracy of ALIP, HistSVM, and our
systems on the same controlled subset is 63.6%,
75.3%, and 82.2%, respectively. Our system performs
better than the ALIP system with an 18.6% difference
in the overall accuracy without using any complicated
segmentation and statistical approaches as in [3]. Our
system also improves the accuracy by 9.2% over the
HistSVM system by using efficient features whose
length is roughly 1/30 of theirs.

Fig. 4 plots the average categorization accuracy
for each predefined image category by applying the
proposed multi-category SVMs-based method (Prop.
1), a variant of the proposed method where random
training image selection is involved (Prop. 2), the
HistSVM system [2], and the ALIP system [3]. It
clearly illustrates that the proposed system achieves
the best average accuracy in most categories. In
particular, the variant of our proposed approach also
yields better average accuracy in most categories than
the ALIP and HistSVM systems, where the same
random selection scheme is used for choosing the
training images. The confusion matrices of ALIP and
our systems, which list the detailed classification
errors, are also shown in Table 2 in the form of X/Y,
where X’s are the ALIP’s results and Y’s are ours.

A few categorization examples are shown in Fig.
5, where the automatically labeled keywords with the
top two confidence values are listed below each
image.



Table 2: Confusion matrix of the proposed system and the ALIP system, where each row T
lists the average percentage of the images in one category classified into each of the 10 L1 ® Prop.2
categories. Numbers on the diagonal show the categorization accuracy for each category. M P I e
Africa| beach | Build. | buses |dinosaur|elephant|flower| horse | Mount. | food g0 = ’
Africa |52/82| 2/0 | 4/3 | 0/3 8/0 16/7 | 10/0 | 0/0 6/0 2/5 0% : . X
beach | 0/0 [32/72] 6/3 | 02 [ 00 | 03 [ 2/0 | 2/0 [ 5820 | 0/0 ‘;ZZ X % . xo "
building | 8/20 | 4/2 |64/55| 0/3 8/0 6/2 0/0 | 02 6/0 4/5 50'5 R .
buses 0/0 | 182 | 6/2 [46/95| 2/0 8/2 0/0 | 0/0 | 16/0 | 4/0 b o A . X
dinosaur | 0/0 | 0/0 | 0/0 | 0/0 |100/98 | 0/0 0/0 | 0/0 0/2 0/0 o o
elephant | 8/13 | 0/0 | 2/2 | 0/0 8/0 40/63 | 0/0 | 8/5 34/5 | 0/12 0 1 2 3 4 5 6 8 9 10
flower | 0/7 [ 00 [ 20 [ 00 | 00 | 00 [90/93] 0/0 | 2/0 | 6/0 Cuteery b
horse | 0/0 | 2/0 | 0/0 | 0/0 | 0/0 | 422 [24/0[60/97] 4/0 | 612 Fig. 4: Comparisons of the average
mountain| 0/2 [ 6/13] 6/0 [ 0/0 [ 2/0 | 2/7 [ 0/0 | 0/0 | 84/78 | 0/0 categorization accuracy by
food | 6/3 | 43 | 0/0 | 2/0 | 6/0 | _0/5 | 80 | 0/0 | 6/0 |68/88 using four different methods

e
Building: 92%
Beach: 3%

Beach: 47%
Mountain: 40%

Fig. 5: Categorization examples

Food: 1%

Building: 25%

4. Conclusions

In this paper, we present an efficient and effective
image categorization system. The main contributions
are: 1) Represent an image by efficient MPEG-7
based color and texture features. 2) Randomly choose
the training images from each category by the K-
Means algorithm so more varieties of the images are
accommodated. 3) Apply multi-category SVMs to
classify images by a set of confidence values for each
possible category.

The proposed system has been validated by
testing with 60,000 general-purpose images. The
controlled experiment has been performed on 10
semantically distinct categories. The experimental
results indicate that our system achieves the best
overall categorization accuracy compared to two peer
systems.

The proposed system can be easily integrated into
the retrieval system, where categorized keywords and
the query image(s) can be combined as the query.
Furthermore, user’s relevance feedback can be added
to dynamically update the categorized images so the
categorization accuracy can be improved.

In the future, we will investigate other low-level
features and machine learning algorithms for image
categorization. In addition, we will incorporate this
promising image categorization system into our image
retrieval system to improve the retrieval accuracy.
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