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Abstract-

S

cene classification, the classification of images into semantic categories is a challenging and important
problem now a days. Categorization of scenes is a fundamental process of human vision that allows us to
efficiently and rapidly analyzes our surroundings. This paper is classifying the images as ‘images with horses’
and ‘images without horses’ using support vector machine with radial basis kernel with p1=5. This work is double
folded as to categorizing the images using support vector machine and to find better feature extraction method among
the ones which have been used by the research community often i.e., wavelet features, invariant moments, singular
value decomposition and co-occurrences matrix. Also, this paper shows the usages of blocking method and shows that
it is having high impact on the performances of classifier. The sample images are taken from the real world dataset.
Keywords: Gray level co-occurrence matrix, Invariant Moments, Scene Categorization, Support Vector Machine and
Wavelet features.
I. INTRODUCTION
In computer vision, the examples are representations of photographic images and the task of the classifier is to indicate
whether or not a specific object or phenomena of interest is present in the image [13][10][17][11][24]. Simple texture
analysis [26] of the image can provide useful cue towards rapid scene identification. In order to successfully accomplish
this, the classifier must have sufficient prior knowledge about the appearance of the object[6]. Scene classification
system is trained to recognize a type of example or differentiate between examples that fall in a separate category in
changing viewpoints, photo category classification and indoor-outdoor photo classification [12][21][8][2]. Since
performance of classification of scenes should be robust to real world circumstances, preprocessing techniques such as
noise removal, enhancements, smoothening is not used. Feature extraction techniques are applied directly to the raw
images without missing any information from the images. Various feature extraction methods are tested and compared in
scene categorization. Regular moment invariant, one of the most popular and widely used contour-based shape
descriptors, is a set derived by Hu [15]. In [3][19], authors present a scene description and segmentation system capable
of recognizing natural objects (e.g., sky, trees, grass) under different outdoor conditions.
Paper [1] investigates
whether and how visual representations of individual objects are bound in memory to scene context.
This paper is trying to recognize the scenes of two different categories called „With Horses‟ and „Without Horses‟. Haar
Wavelet features, Singular Value Decomposition, Co-occurrence Features and Invariant Moments are the various
methods used to extract features from the scenes. Radial Basis kernel function is used for classification of scenes in
support vector machine.
This paper is organized as follows: Section 2 describes feature extraction methods; Section 3 explains Support Vector
Machine Classifier; Section 4 gives details of database preparation; Section 5 deals with proposed work; Section 6
describes implementation and discussion; Section 7 concludes with a conclusion.
II. FEATURE EXTRACTION METHODS
2.1 Wavelet Features
There are many motivations for using features rather than the pixels directly [20]. The most common reason is that
feature extraction is used to reduce the dimension of the input data and in turn helps to minimize the training time taken
for the classifier. Haar wavelet [11] is widely used technique for the feature extraction, which is single-level onedimensional wavelet decomposition and gives both an approximation and detailed coefficients. Approximation
coefficients which are of size 128x1 are considered for the training of classifier.
2.2. Texture Features
We base our texture feature extraction [16][4][5] on the spatial gray-level cooccurrence-matrix (SGLCM). More
specifically, a SGLCM gives a joint histogram of the quantized gray-level value pairs of two image pixels bearing a
certain spatial relationship. Eight texture features are calculated i.e., energy; inertia; entropy; homogeneity; maxprob;
contrast; inverse; correlation by averaging over four uniformly distributed angular directions, 0 0, 450, 900 and 1350
degrees. Total of 32 features are computed for each image as eight features for each angle is considered.
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2.3 Singular Value Decomposition
SVD is a powerful linear algebra technique for solving linear equations in the least-square sense, and works even for
singular matrices or matrices numerically close to being singular. The basic information needed to use SVD can be found
in [22] and a rigorous mathematical treatment is given in [14]. Singular value decomposition (SVD) can be looked at
from three mutually compatible points of view. On the one hand, we can see it as a method for transforming correlated
variables into a set of uncorrelated ones that better explain the various relationships among the original data items. At the
same time, SVD [18] is a method for identifying and ordering the dimensions along which data points exhibit the most
variation. This tie in with the third way of viewing, namely, the best approximation of the original data points using
fewer dimensions. Hence, SVD can be seen as a method for data reduction.
2.4. Invariant Moments Features
Invariant Moment feature descriptors were derived from the theory of algebraic invariants and are used to evaluate seven
distributed parameters of an image. This technique is chosen to extract image features since the features generated are
Rotation Scale Translation (RST) invariant. In any process, the images are processed to extract features that uniquely
represent properties of a given category. Invariant moment was successfully applied in texture classification [23]. The set
of seven invariant moments ( 1   7 ) was first proposed by Hu [15] for 2D images. Two-dimensional moments of a
digitally sampled M x M image that has gray function f(x,y) ( x, y = 0,…,M-1) is given as,
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In particular, Hu [15] defines seven values, computed by normalizing central moments through order three, that are
invariant to object scale, position and orientation. In terms of the normalized central moments, the seven moments are
given (5).
III.
SUPPORT VECTOR MACHINE
Support vector machine is a relatively new pattern classifier introduced by Vapnik [25]. A SVM classifies an input vector
into one of two classes, with a decision boundary developed based on the concept of structural risk minimization (of
classification error) using the statistical learning theory. The SVM learning algorithm directly seeks a separating
hyperplane that is optimal by being a maximal margin classifier with respect to training data. On the basis of its learning
approach, the SVM is believed to have good classification rate for high-dimensional data. Consider the problem of image
classification where X is an input vector with „n‟ dimensions. The SVM performs the following operation involving a
vector W  ( w1 ,..., wn ) and scalar b:

f ( X )  sgn(W  X  b)

(6)
Positive sign of f(X) may be taken as „With Horses‟ images and negative value of f(X) may be regarded as „Without
Horses‟ images. Consequently, the optimal
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Fig. 1 Positive Test Samples of Inria-Horses-v103 Data Se

Fig. 2 Negative Test Samples of Inria-Horses-v103 Data Set
hyperplane is only determined by the support vectors in the training data. Burges [7] recommends that the average value
of b be used in the classification. With this solution, the SVM classifier becomes
f ( X )  sgn(W  X  b)  sgn(  yi i ( X i  X )  b) (7) Note that, in (6 and 7), only needs to make use of X i, yi and  i of
i , i  0

the support vectors, while X is the input vector to be classified.
Some commonly used kernel functions are: Polynomial function: K ( X i , X j )  X i . X j  1 d



Radial basis function:

K(Xi , X j )  e

Sigmoid function K ( X i , X j ) 
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Radial basis kernel function with p1=5 is used for this non-linear classification.

Fig. 3 Classification using a) Singular Value Decomposition b) Co-occurrence Matrix c) Haar Wavelet Features d)
Invariant Moments without blocking e) Invariant Moments with blocking factor of 2.
IV. DATA PREPARATION
The sample data [9] used in this work has been taken from CALVIN - INRIA Horse Dataset, University of Edinburg,
Calvin. The database consists of images positive samples - having horses and negative samples - not having horses. The
sample images of the dataset ar
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Table 1. Detailed Experiment results using various Feature Extraction Methods
True
True
False
False
Duration
Average
Feature
No. of
Pos
Neg
Pos
Neg
(CPU
Classification
Extraction
features
%
%
%
%
Time)
Rate
Singular value
256
71.42
28.57
57.14
42.86
71.18
64.28
Decomposition
invariant moments
7
54.29
45.71
41.42
58.57
39.09
47.855
invariant moments
28
100
0
96
04
43.56
98
with blocking
Gray level co32
65.72
34.28
65.72
34.28
180.38
65.72
occurrence matrix
wavelet feature
128
71.43
28.57
67.14
32.86
60.54
69.285
(haar)
300
250
200
150
100
50
0

180.38
71.18
64.28

43.56
39.09 98
47.855

65.72

60.54
69.285
CPU Time
Rate of Classification

Fig. 4 Performance of a) Singular Value Decomposition b) Invariant Moments without blocking c) Invariant Moments
with blocking factor of 2 d) GLCM e) Haar Wavelet Features
Given in Fig 1 and Fig 2. In each classification, 170 samples in total, which consists of 100 samples for the training
phase and another set of 70 samples for the testing phase separately without overlapping, are considered for our work.
V.
PROPOSED WORK
This paper aims to find the better feature extraction method which suits well for the scene classification problem.
Wavelet features, Singular Value Decomposition, invariant moments and Gray level cooccurrence matrix are used to
extract features from the images. Support Vector Machine is used for the classification. Support Vector Machine is
trained to recognize the scene categories. The sample images of scenes are taken from the Calvin Group [9] which
contains 170 samples in each category of with horses and without horses. Kernel Radial basis kernel function is used in
SVM for scene classification with p1=5. Results are shown in the Table 1. Each feature extraction method is analyzed
with their performances along with their CPU time taken for its execution. The details are clearly depicted in the Table 1
above. The performance too shown diagrammatically to make us understand the efficiency of feature extraction method
selected for comparing with blocking factor and without blocking factor along with their reduced CPU time.
VI.
IMPLEMENTATION AND DISCUSSION

Fig. 6. Performance of FE methods using Unit Matrix
Support Vector Machine is taken as the Classifier, which is used to check the feature extraction methods. In line, SVD
gives 64.28% of classification rate with the execution time of 71.18 CPU time having 256 no. of features extracted from
(256x256) sized image. Invariant moments, had 7 features, without blocking, gives 47.86 % of classification rate, with
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39.09 CPU time. GLCM gives 65.72 % with 180.38 CPU time. Wavelet (haar) features gives 69.28 % of classification
rate with 60.54 CPU time. In all the cases, True Positive and False Positive are considered to calculate the Average
Classification Rate as
True Pos + False Pos
= ---------------------------2
The Fig. 4 shows the details of classification and performance. Finally, the invariant method with blocking factor 2,
fetches 28 features, improves the classification rate drastically, i.e., it gives 98 % with the CPU time of 43.56. Ultimate
goal is the feature selection, done with, calculating the Unit Matrix Percentage whose percentage is represented in Fig. 6.
VII.
CONCLUSION
This paper concentrates on the selection of suitable feature extraction methods among the one which are often used by
the research community for the scene categorization problems. The overall classification rate of SVD, invariant
moments, invariant moments with blocking, GLCM and Haar Wavelet Features is 64.28, 47.85, 98.0, 65.72 and 69.28
respectively. It shows that invariant moment feature with blocking is very suitable than other features for the image
categorization problems. This is clearly understood from the Fig. 6 showing the performance of feature methods whose
efficiency is calculated via unit matrix considering the CPU time with the classification rate. Blocking proves better in
the Moment Features with SVM for the image categorization problem. This work can be further extended to classify
other categories of scenes using many other feature extraction methods. Support vector Machine classifier is used for
scene categorization with Radial basis kernel function. Support vector Machine is implemented using SVM Toolbox in
Matlab 6.5. Work has been done in the Windows 2000 platform with AMD Athlon 64 3000+ CPU Processor with 512
MB RAM using Matlab 6.5. Normalization is programmed using Image Processing Toolbox. Neural classification is
done in Neural Network Toolbox. Support Vector Machine with various kernel functions are trained and tested using
SVM toolbox for Matlab 6.5.
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