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ABSTRACT 

 

Support Vector Machine (SVM) has been known for its potential to improve scalability and retrieval accuracy. However, SVM 

still have standing issues as regard accuracy and absence of simple rule to determine an appropriate kernel for a given dataset in a 

particular domain of knowledge. This can be traced to the fact that SVM kernels have varying properties, as such one good kernel 

that work effectively for a particular class of problems might perform poorly in other cases. Consequently, choosing and training 

with the right kernel becomes a very important challenge and a red-hot research problem in computer vision. In codicil, the quality 

of extracted image features has been found to have impact on the classification accuracy. As such, the histogram of oriented 

gradient (HOG) algorithm which has been widely reported in the literature to be effective for image extraction is used to extract 

both colour and grayscale features. The motivation for our study is to discover which SVM kernel is the best, considering their 

classification accuracy on e-commerce products, in both grey scale and oRGB colour models. E-commerce products datasets of 

2,000 images obtained from PI 100 Microsoft corpus were used as training set and 1,000 as testing datasets. The training dataset is 

divided into 100 classes representing the different classes of e-commerce products. Experimental results on four (4) SVM kernels 

classier (Cauchy, quadratic, hyperbolic and Laplacian) using HOG descriptor, shows that Cauchy kernel had the best average 

classification result of 81.5% in oRGB color space. These experiments indicate a good direction for implementing an intelligent- 

based product image classification in e-commerce domain. 
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1. INTRODUCTION 

 

Automatic product classification has found its place in e-commerce domain and it has been regarded as one of the most important 

key and precursors to growth in this domain Kannan et al, 2011; Nath et al, 2014). It involves associating classes to products from 

a large number of merchants to aid retrieval and for efficient customer usage. The performance of a classification model depends -- 
among other elements – on the type of descriptor and the classifier that is used (Jin, 2003). Thus far, most of the product 

classification approaches rely on the use of text tagging to describe product items. This method is plagued with several 

shortcomings such as overlapping text across classes (Kweon et al, 2008; Jang & Cho, 2014), intensive labour requirement (Lee & 

Cho, 2011), discrepancy in vocabulary usage (Witschel & Schmidt, 2006), spelling error (Chang et al, 2012) and undescriptive 

nature of text (Jang & Cho 2014). To address these issues, ideal about image-content based classification came to limelight and 
this later engendered the use of descriptors such as Speed-up Robust Feature Extractor (SURF)(Herbert et al, 2008 ), Scale 

Invariant Feature Transformation(SIFT)(Lowe, 1999), Linear Binary Patterns(LBP) (Ojala et al, 1996 ), and Histogram of 

Oriented Gradient (HOG)(Dalas and Trigg, 2005) . In this paper, we only consider the HOG, which it is the most commonly used. 

 
On the aspect of classifier, there exist several classifiers such as Artificial Neural Network (ANN), Support Vector Machine 
(SVM), K-NN, Naïve-Bayes. SVM is widely recognised as one of the most powerful classifier and it has been applied by several 
authors for product image classification in e-commerce domain (Bergamaschi et al, 2002; Witschel & Schmidt, 2006; Jia et al, 
2010; Banerji et al, 2011; Dharani & Aroquiara, 2013; Sandoval et al, 2014). The choice of SVM is guided by this wide 
acceptance as recoded in the literature and also its unique characteristics in handling image-based feature. Take for instance, to 
determine the category for an image; usually a large number of features are required. The SVM algorithm is able to take a large 
number of features for an image and combine them together to predict the category for that image. Unlike many other learning 
algorithms that tend to over-fit the training data when the number of features is large, SVM is able to alleviate the problem of 
overfitting by maximizing the classification margin (Jin, 2003). Secondly, SVM algorithm allows self-developed nonlinear multi-
kernel learning(MKL) functions to be used as its kernel functions as long as they satisfies the Mercer condition, which can be very 
helpful in terms of exploiting the correlation between diverse features, while many other machine learning algorithms simply 
assume each feature is independent from the others(Burges, 1998). As such SVM classifier is equipped with the potentials to 
improve network scalability and retrieval accuracy in e commence domain. 
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However, identifying an appropriate kernel for given dataset to ameliorate accuracy is one major standing issues. This problem is 

particularly more challenging in ecommerce domain, due to plethora of dataset that abound, couple with intra and inter-class 

variation problem. Researchers have relied on familiarity and prior knowledge in selecting correct kernel and thereafter trying to 

optimize the kernel parameter via machine learning or trial and error. This method often limits the usefulness of SVMs to expert 

users, since different functions and parameters can have widely varying performance. The quality of extracted features has also 

been found to have impact on the classification accuracy (Wang et al, 2014). Other research works that have been done in this 

direction include the work of Junhua & Jing(2012), this researcher used contourlet transform to extract the hue components of 

HSV and then uses SVM classifiers to classify images. With 240 images in four categories, the researcher got accuracy in just two 

categories with 98% against 95% and 94.4% against 83.3% in both color and grey scale classification respectively.  

 

In Akhloufil et al (2008) color texture classification framework was proposed for industrial products where they conducted a 

comparative study between grey level co-occurrence matrix in 3 color spaces – RGB, HSV and L*a*b* and local binary 

pattern(LBP) texture analysis approaches on four product categories. In the same vein, Banerji et al (2013), presented a new image 

descriptor called HaarHOG on both greyscale and color images. Using the descriptor a comparative assessment was done on four 

different color spaces — the RGB, the HSV, the YCbCr, and the oRGB — for image classification performance. Agrawal et al 

(2011) propose a content based color image classification using SVM and histogram of color component. The experiment was 

done on 500 images that are spread into four (4) different classes. In Paschos, 2001, the L*a*b* and HSV spaces have been found 

to outperform the RGB space using Gabor filters, with a maximum classification accuracy of about 82%.. Kumar et al (2013) 

propose extraction of image feature using color histogram in three color spaces – RGB, HSV and YCbCr for color classification. 

The number of classes considered in all the above mentioned works seems very small; a higher number of classes would have 

better positioned the applied methodologies. 

 

2. STATEMENT OF PROBLEM 

 

Classification has diverse application areas in our daily life. In order to realise effective result from any classification task, 
particularly kernel based SVM classification tasks; identifying an appropriate kernel for given dataset along with how to realise a 
discriminative feature are two challenging issues. This problem is particularly more challenging in e-commerce domain, due to 
plethora of dataset that abound, couple with intra and inter-class variation problem. 

 

3. OBJECTIVE 

 

This study is inspired by the critical need to improve classification accuracy of SVM based kernels classifier on 100 classes of e-
commerce products using extracted image features. The objectives are in two folds: to extract both colour and greyscale features 
from 2000 images using HOG. The second paramount objective of this study is to compare and evaluate the performance of four 
(4) SVM classifiers on e-commerce product datasets obtained from PI 100 Microsoft corpus. 
 

4. METHODOLOGY  
In this section a brief description of the material and methodology used are provided. Further detailed description on the theory of 
oRGB color model, HOG and SVM in dealing with classification problems can be found in (Bratkova, et al 2009, Dalas and Trigg, 
2005; Vapnik 1995). 

 

4. IMAGE BASED FEATURES IN ORGB COLOR MODEL AND GRAYSCALE MODEL 
 
Color image information is usually summarized in a three-dimensional color space. Examples of color models commonly 

employed for product image classification are RGB, LAB, oRGB, XYZ, CMYK, YIQ, YUV, YCBCR and HSV. Color image 

information is usually summarized in a three-dimensional color space. Examples of color models commonly employed for product 
image classification are RGB, LAB, oRGB, XYZ, CMYK, YIQ, YUV, YCBCR and HSV. The oRGB is one of the most recent 

color model used in the (Bratkova et al, 2009). This opponent color model is an invertible transform (Eqn.1) & (Eqn. 2) from RGB 

and very similar to HSV. However, it adds a non-linear perceptual brightness to HSV which made it work efficiently for computer 

graphics and also computational applications such as color transfer where HSV is weaken. Primarily the oRGB color space is 

based on the three fundamental psychological opponent axes: white-black, red-green, and yellow-blue. The LC1C2 color space has 
three axes: L channel which contains the luminance information and its values range between [0, 1], this is follow by C1 and C2 

which contained the color information. The value of C1 and C2 lies within [-1, 1] and [-0.8660, 0.8660] respectively. The 

transformation from the RGB color model to the oRGB color model is given by: 

 

 

(1) 

 
While it’s inverse is represented as 

 

 

(2) 
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This color model has been shown to give better performance in several image processing tasks (Sande & Snoek, 2008; Weijer & 
Gevers, 2005; Banerji et al, 2011; Wang et al, 2014). 

 

4.2 HOG for Image Feature Extraction 
 
The ideal of histogram of oriented gradient was first introduced by Dalal & Triggs,(2005). This descriptor is one of the local 
descriptors that have been applied efficiently in variety of problem of computer vision (Rybski et al, 2010; Satpathy, 2010). HOG 
is based on the principle that local object appearance and shape in an image can be represented by the distribution of intensity 
gradients or edge orientations. This descriptor was explored in this work to extract representative features from the product images. 
The image is decomposed into local regions and from each local region gradient orientation and its magnitude are calculated. In 
each bin of gradient orientation of histogram, corresponding magnitudes are accumulated for the local region. It is believed that 
HOG is robust to illumination variation for recognition problems. Here, we calculated HOG for each image colour channel is 
divided into smaller rectangular block of 9 x 9 pixels blocks. Each block is further divided into 9 cells of 3 x3 pixels. This 9ient 
orientation that ranges from 00 - 1800 was used. The gradient orientation histogram is computed for each cell as follows: 
 
 

(3) 

 
(4) 

 
(5) 

 
(6) 

 
 
 

(7) 
 

(8) 
 

where is the  pixel value of each sub-region,  is the gradient magnitude of the pixel ,  is 

the gradient direction at pixel , is the  dimension  of the gradient histogram represents  
the total intensity of the pixel gradient whose direction lies in the kth direction bin . The 
direction bins are defined by the relative angle to the dominant gradient direction D of the image region. 
Finally, combing all the Gradient orientation Histogram in the three channels together form feature vector of 
size 243-dimension (i.e. 9 x 3 x 3 x 3 channels) for one product image. Earlier before the extraction stage, 
the image feature must have been converted to oRGB colour space. 

 
4.3 Classification using Kernel-Based SVM Classifier 

 
The concept of Support Vector Machine was introduced by Vapnik(1995). SVM is based on Statistical 
Learning Theory (SLT) and class of hyperplanes. SVM can be expressed as thus: suppose there is a set of  
training data of   images data points  where is the input

vector and is the corresponding class label. The basic work of SVM is to find the

decision boundary that is able to separate the positive examples from the negative examples. More

precisely, we would like all the positive examples to be above the boundary, i.e. > 0 and all

negative examples to be underneath the boundary, i.e. <= 0. Since there may be many different
 
classification boundaries satisfying these conditions, the SVM algorithm always chooses the one with the 
maximum margin. When the samples are linear separable, the SVM can separate them with the largest 
margin between the two classes without any wrong separated points. The hyperplane could be 

represented as   . It can classify a sample point  according to the following decision  
function: 
 

(9) 
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This can be achieved by solving the following quadratic program: 

 

 
(10) 

 

 

Where w is weight vector and  is the threshold value. Thus, training of the SVM classifier is to find w 

and b that maximize the margin between the two classes. 
 
Furthermore, in a nonlinearly separable case (which is the case in this study), the searching of suitable 
hyperplane in an input space is too restrictive to be of practical use. SVM tactically handle this situation in  
two ways: by replacing the dot product between the classification boundary  and the instance  with a 

kernel function . This function maps the input space into a higher dimension feature space and 

search for the optimal hyperplane in this feature space by using a nonlinear function . 
Popular SVM kernel functions are cauchy, linear, laplacian, polynomial, radial basis function, quadratic 
and. A kernel function must satisfy the Mercer’s condition which is detailed in (Minh et al 2006). Table I 
show formula of kernel function used in this work. 
 
In codicil, SVM handles nonlinearly separable case by allowing some difficult training examples to be 
incorrectly classified. This is tracked by introducing a slack variable  to measure the 
amount of violation of the constraints. The modified optimization problem becomes as: 
 
Where w is weight vector and  is the threshold value. Thus, training of the SVM classifier is to find w and b that 

maximize the margin between the two classes. 

 
Furthermore, in a nonlinearly separable case (which is the case in this study), the searching of suitable hyperplane in an input space 
is too restrictive to be of practical use. SVM tactically handle this situation in  

two ways: by replacing the dot product between the classification boundary  and the instance  with a kernel function 

. This function maps the input space into a higher dimension feature space and 

search for the optimal hyperplane in this feature space by using a nonlinear function . Popular SVM kernel 

functions are cauchy, linear, laplacian, polynomial, radial basis function, quadratic and. A kernel function must satisfy the 

Mercer’s condition which is detailed in (Minh et al 2006). Table I show formula of kernel function used in this work. 

 

In codicil, SVM handles nonlinearly separable case by allowing some difficult training examples to be incorrectly classified. This 

is tracked by introducing a slack variable  to measure the amount of violation of the constraints. The 

modified optimization problem becomes as: 

 
 
 

 

(11) 

 
 

 

Where C is a parameter which must be determine beforehand to determine the cost of constraint violation, and the larger C means 
a higher penalty which is assigned to empirical errors. Tuning this parameter can make balance between margin maximization and 
classification violation. 

 

 

 

 

 

 

 

 



 

495 

 

Pr�ceedi�gs �f the iSTEA�S �u�tidiscip�i�ary Cr�ss�B�rder C��fere�ce  
U�iversity �f Pr�fessi��a� Studies�  Accra Gha�a 2016  

 

 

 

Table I: List of kernel function 
 

Kernel Formula 
 

Hyperbolic + c 
 

Laplacian 
 

Quadratic 
 

Cauchy 

 
 

 

 

 

 

3.4 PROPOSED FRAMEWORK 
 
Product images which are usually represented in RGB color model. Fig. 2 shows the proposed framework in this paper. Given that 
the input image is in RGB format, we used Eqn. 1 to convert the target product image into oRGB format. Thereafter, the HOG 
feature for each channel is obtained and then concatenated into one dimensional vector space. 
 
 

Input Product 

   

 oRGB Color Space Representation  

Image     

     

     

       

Product class  SVM Classifier  HOG descriptor   

       

      

 

Fig.2. Framework for HOG-SVM algorithm 

 

In the same manner HOG features of all product images in grey level are also extracted. The extracted features are then used to 
train each of the SVM kernel classifier and their classification accuracies were determined. 

 

5.0 DATASET 

 

The PI 100 dataset (Xie, et al 2008) holds 10,000 images divided into 100 classes. The images have high intra-class variability 
each classes contain 100 images. The images represent a diverse set of lighting conditions, poses, backgrounds, and sizes. Images 
are in color, and in JPEG format with only a small percentage in grayscale. 

 
 
 
 
 
 
 
 

 

 

 
 
 
 
 

Figure 2. Sample of e-commerce product images from PI 100 
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Each image size is of 100 X 100 pixels resolution. Figure 2 shows some sample images from this dataset. For each class, we make 
use of 20 images for training and 10 images for testing. 
 

 

6.0 EXPERIMENTAL RESULTS AND DISCUSSIONS 

 

In this section, the classification performance of each SVM kernel function in both color and grayscale are discussed and 
compared. In this paper, we use 4 kernel functions in classification process as shown in the experimental results in Table II. 
Cauchy Linear kernel function gives rather high accuracy when compared with other kernel functions. 

 

TABLE II: Results of SVM Kernels classification in oRGB Color Model  

SVM Kernel 1 2 3 4 5 Average 

       

Exponential 53.5% 51.5% 54.0% 52.5% 53.0% 52.9% 

       

Quadratic 77.0% 76.0% 75.0% 78.0% 79.5% 77.1% 

       

Laplacian 29.5% 31.0% 28.5% 33.0% 30.5% 30.5% 

       

Cauchy 79.0% 78.5% 80.5% 80.0% 82.5% 80.1% 

       

 
The cauchy kernel gave accuracy rates ranges between 80.00% - 82.50% with average of 80.1. This is shortly followed by 
quadratic kernel function which obtains medium accuracy between 70.00% - 79.05%. 
 

 

TABLE III: Results of SVM Kernels classification in Grayscale Color Model 
 

SVM Kernel 1 2 3 4 5 Average 

       

Exponential 49.0% 51.5% 54.0% 52.5% 53.0% 52.9% 

       

Quadratic 73.0% 74.0% 68.5% 74.0% 72.0% 72.3% 

       

Laplacian 25.0% 27.0% 26.0% 28.0% 30.5% 27.2% 

       

Cauchy 76.0% 77.5% 74.0% 72.5% 78.5% 75.7% 

       

 

In the same vein, grey scale image gives lower accuracy in the range of 72.50% – 78.50% in Cauchy. Laplacian and exponential 
kernel functions get low accuracy in all kernel functions. Average classification accuracy when using oRGB + HOG with cauchy 
kernel function is 80.10% and the accuracy of classification when with grey scale is 75.50%. The average class result of Laplacian 
and exponential function are rather low as shown in Table II and Table III. 
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Table IV: Histogram of Classification Accuracy of four SVM-Kernels 
 
 

7.  CONCLUSIONS 

 

Classification of product images in e-commerce using kernel based SVM and HOG in oRGB color model, using SVM Cauchy 

kernel function is quite efficient for classification. With the color feature we have been able to realise an increase of about 3.00% 
t0 5.00% classification accuracy. This increase is in agreement with the popular stand in the literature, that color feature is more 

discriminative than grayscale. Hence, with HOG feature when use with SVM cauchy kernel function already shows good accuracy 
in terms of classification. It can be inferred from these results that the Cauchy kernel maps the synchronized product dataset into a 
higher dimensional space that allows for the computation of a high-quality decision boundary that classified 2,000 images into 100 

categories. The outstanding performance of this SVM configuration makes it an intelligent choice in the development of a system 
for product classification in ecommerce domain. 
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