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Abstract 
For an efficient image data mining accurately finding and classification of various images are required. Therefore 
there is a need for an image classification method which can be wild applicable to image data mining tasks. In 
this paper we propose a Bayesian method for classifying the sports images. The proposed method is based on 
the Bayesian framework and employees four color features to exploit the properties of images. 
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1. Introduction 

Efficiently finding and retrieving various kinds of 
images from the raw images in a large image 
database is essential for the domain of image data 
mining. The first problem is the inadequacy of 
flexibility. It is possible to achieve high classification 
performance for only limited domains. But it is quite 
difficult to accurately classify a wide variety of 
objects. A troublesome preprocessing is often 
required depending on the classification tasks. The 
second problem is the lack of diversity of the features 
used to classify the objects. Since an object has 
various features such as contour, color and texture, 
integrating multiple features is required to fully 
describe and discriminate the real world objects. The 
third problem is the difficulty in finding the 
appropriate features to precisely discriminate the 
objects. However, it is difficult to determine the 
appropriate features because it determined be 
should depending on the object. To solve this 
problem, the following two viewpoints are important. 
The first is collaborated: each visual learner should be 
trained taking the learning process of the other 
learners into consideration. The second is selectivity. 
Because of the complementary nature of the 
collaborative learning framework, each visual nature 
of the collaborative learning framework, each visual 
learner is specialized in discriminating a kind of 
objects.  

The fourth problem is the mining efficiency. Since an 
image consists of a large number of pixels, the 
amount of information (or the number of 
dimensions) or an image is quite large.  Moreover, in 
the image data mining tasks, the images should be 
found and retrieved from large image databases. 
Hence, the computational complexity should be 
reduced. For the efficient image classification, we 
propose two types of image classification methods as 
the visual learners. The first is the appearance-based 
classification method. It utilizes the contours 
represented by a set of fragmented lines. They are 
combined into a meaningful structure. The second is 
the region-based classification method. It utilizes the 
local distribution of pixel intensity values. A feature 
vector is generated by transforming the distribution 
using polar Fourier transform. These visual learning 
methods provide simpler but more informative 
features than raw image data and thus the 
classification process becomes more efficient. Fayyad 
et al. [1996] describes advances in knowledge 
discovery data mining. Greg pass ET al. [1996] have 
comprising the images using color coherence vectors. 
Vasconcelos et al.[1997] describes reorientation for 
efficiently video compression and retrieval. Alejandro 
et al.[1999] have used the model basic classification 
of visual information for content based retrieval. 
Theogevers et at. [2000] describe the classification of 
image on internet by visual and textual information. 
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Xuzaho et al. [2008] describes automatic resource 
management in visualized data centers using fuzzy 
logic based approaches. Brain et al. [2009] have 
approached   the integrated resource management 
for visualized data centers.  In this paper we propose 
a Bayesian method for classifying the sports images. 
The proposed method is based on the Bayesian 
framework and employees four color features to 
exploit the properties of images. 

2. METHODOLOGY 

Sports images can be distinguished exclusively since 
the differences between same sports images are 

noticeable. For instance, images of water sports such 
as swimming and windsurfing have a large blue 
region by water, while image classifier uses four low-
level features to classify the sports images. Each 
feature represents color or shape characteristic of 
images. These classifiers assume that each framing 
image belongs to one of the classes. The four low-
Level features used to depict an image are color 
Histogram, Color Coherence Vector, Edge Direction 
Histogram and Edge Direction Coherence Vector. We 
describe their features briefly from the viewpoint of 
sports image classifier as illustrated in Fig 1.

 
 

 
 

Figure 1:  Viewpoint of Sports Image Classifier 
 
3. BAYESIAN FRAMEWORK  

The Naïve Bayesian classification or simple Bayesian classifier, it works as follows: 

• Let ‘D’ be the training set of tuples and their associated labels. Let each tuple is represented by an 

n-dimensional attribute Vector ‘X’=[x1,x2,……….xn] showing ‘n’ measurements mode on the 

tuples from ‘n’ attributes respectively A1, A2,………An. 

• Let us assume that there are ‘m’ classes. C1, C2,…….Cm. Given that ‘X’ the classifier will predict 

that X belongs to the class having the highest posterior probability, condition mx. i.e, the Naïve 

Bayesian classifier predicts that tuple X € Ci, iff 

P(Ci |X) > P(Ci | X) for i<=j<=m, j≠i 

Now, P(Ci | X) we maximize, so the class for which  P(Ci | X) is maximized is called maximum 

posterior hypothesis. 
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                       Fore there By Bayesin theorem P(Ci | X) = P(X | Ci) P(Ci) 

               P(X)  

• P(Ci |X) . P(Ci) need to be maximized because P(X) is constant. If we do not know the value of 

class prior probabilities, we assume that classes are equally likely 

P(C1)=P(C2)=……….=P(Cm). 

Fore there we would maximize P(X | Ci). Otherwise we maximize. 

P(X | Ci).P(Ci) Where P(Ci)=| Ci.D |  | D | 

Here, |Ci.D| is the number of training tuples of class Ci in D. 

• Given data sets with many attributes, it is very extremely computationally expensive to calculate 

P(X | Ci). In order to avoid this, the Naïve assumption class conditional independence is made 

i.e. the values of the attributes is independent of one another; give the class label of the tuples. 

              P(x | Ci) = n Πk=1
 P(xk | Ci)  

              = P(xi | Ci), P(x2 | Ci),………….P(xn | Ci) 

Now, we can easily estimate the probability P|Ci), P(x2| Ci, ………….P(xn | Ci) from the training 

tuples. 

For tuple x, here xk  refers to the value of attribute Ak. We observe that for each value of the 

attribute whether it is a categorical or continuous valued. 

For example, we compute P(x | Ci), the following steps are involved. 

I.If Ak  is categorical, then P(xk | Ci)/|Ci | P| 

Where P(xk | Ci) is the number of tuples of class Ci, in having the value Xk for Ak. 

Where, |Ci, D| is the number of tuples of class Ci, in D. 

II.If Ak , is continuous valued, then  

Ak is continuous valued, a continuous value is assumed by Gaussian distribution with a 

mean in and standard deviation σ, defined by  

g(x,μ1) =      1            e    -   (x- μ)2   

                  √2II6                     262 

 Where P(xk | Ci) = g(xk, μci,σci)  

We have to compute μc and σc. Where μc is the mean and standard deviation is σc 

P(Ci |X).  P(Ci) is evaluated for each class Ci, In order to predict the class label of 
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X. The classifier predicts that the class label of tuple X is the class Ci if and only if 

P(Ci |X) . P(Ci) > P(X | Ci)P(Ci) for <= j<=m, j≠i, PCX | Ci ). PC Ci) is maximum  

Color histogram is a compact summary of an image in color dimension. In the Bayesian sports image 

classification, a value of color histogram identifies the characteristic of each sports image in color dimension. 

Color histograms are frequently used to compare images. Their use in multimedia applications includes scene 

break detection and objects identification. For a given image I, its color histogram is HI. An image database can 

be queried to find the most similar image to I, and can return the image I' with the most similar color histogram 

HI. Typically, color histograms are compared using the sum of squared differences, called as L2-distance, or the 

sum of absolute value of differences, called as L1- distance. So the most similar image to I would be the image I' 

minimizing the L2-distance or L1-distance. Equation of L1-distance and L2-distance are as follows. 

                      ||H1 – H1|| = £n2 (H1| I ] – H01 – [ I ]  )2 

                      | HI - HI | =  £n2 | HI I ] – HI (I) | 

Where M is the number of pixels that an image has. We assumed that all images have the same number of pixels 

for the ease of explanation. H(h1, h2, ..., hn) is a vector, in which each component hj is the number of pixels of 

color j in the image, n is the number of distinct (discredited) colors. Color coherence vector is the degree to which 

pixels of that color are members of large similar colored regions. We refer to these regions as coherent regions. 

Our coherence measure classifies pixels as either coherent or incoherent. Coherent pixels are a part of some 

sizable contiguous region, while incoherent pixels are not. A color; coherence vector (CCV) represents this 

classification for each color in the image. CCVs prevent coherent pixels in one image from matching incoherent 

pixels in another. This allows distinctions that cannot be made with color histograms. In the Bayesian sports 

image classification, CCVs help to find a sports image class having similar characteristic with input images in 

color dimension. At first, we blur the image slightly by replacing pixel values with the average value in a small 

local neighborhood [currently including the 8 adjacent pixels]. This eliminates small variations between 

neighboring pixels. Then we discrete the color space, such that there are only n distinct colors in the image. The 

next step is to classify the pixels within a given color bucket as either coherent or incoherent. A coherent pixel is a 

part of a large group of pixels of the same color, while an incoherent pixel is not. We determine The pixel groups 

by computing connected components. We classify pixels as either coherent or incoherent depending on the size in 

pixels of its connected component(C). A pixel is coherent if the size of its connected component exceeds a fixed 

value T [e.g. 1% of number of pixels], otherwise, the pixel is incoherent. Color coherent vector and equation for 

distance measure  of image Ia and Ib using the weighted Euclidean distance are as follows. 

      [ (a1 , b1) ----------- (an , b n ) ] 

   £n2               (aj- aI j )2  (bj- bI j )2 
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                                       j=I                    2n 

where aj is [number of coherent pixels of the j's discretized color) / (total number of pixels in the image]. bj is 

[number of incoherent pixels of the j's discretized color) / (total number of pixels in the image]. 

Edge direction histogram (EDH) represents the global information of shape in an image. The edge direction 

information can be obtained by using the canny edge detector. In the Bayesian sports image classification, the 

EDH identifies the characteristic of each sports image in shape dimension. At first, we calculate Gaussian filter 

Si,j then compute the gradient along x-direction, Pij, and compute the gradient along y-direction, Qi,j. Next, we 

compute the magnitude of the gradient to obtain an edge image, Mi,j, using Si,j and Pi,j.  

Finally, we compute edge direction histogram as follow:                                      

                                                     

                                                                                                                                                                                                                                                                                                                              

Qi, j 

            Ø = Tan-1          Pi, j                         
                      

An edge direction coherence vector (EDCV) stores the number of coherent versus non-coherent edge pixels with 

the same directions (within a quantization of 5o). A threshold on the size of every connected component of edges 

in a given direction is used to decide whether the region is coherent or not. Thus this feature is geared towards 

discriminating structured edges from arbitrary edge distributions when the edge direction histograms are matched. 

The EDCV helps the classifier to find sports image class having similar characteristic with input images in shape 

domain. The shape characteristic of images in the same sports  

class is similar by its background [i.e. ring or form of ground] or pose of player (i.e. shooting pose or almost fixed 

camera angle). There are several differences between Bayesian classifier of textual data and that of image data. 

Images usually have various and complex attributes, which means image data, may be represented in high-

dimension space. In addition, most of these attributes have continuous values. Accordingly, the Bayesian sports 

image classifier should reflect such characteristics of image data. 

4. EXPERIMENTAL RESULTS 

For experiments, we used a sports image database composed of several sports classes such as Snooker, Boxing, 
Table Tennis, Cricket, Kabadi, Hockey, baseball, Snooker, Swimming. We gather such sports images from 
Internet. Each sports class contains about 60 images. The total number of sports images in the database is 532. 
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First, we classified images using the proposed sports image classifier employing each single image 

feature. Image sets is classified into indoor/outdoor categories. Then images, belonging to the indoor 

category, are further divided into three categories, which are Snooker, boxing and Table tennis. Images 

of water sports are classified into swimming images and windsurfing images. Images of snow sports are 

classified into ski images and snowboard images. Finally, images of ground sports are classified into 

Cricket, Kabadi and Hockey categories. Secondly, the proposed sports image classifier uses the 

combinations of image features and performs classification. Accuracy of each classification is shown in 

Table 1 and Table 2. 
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Table 1: Accuracy of classification using each single image feature 

              

                      

 

 

 

 

 

 
 

Table 2: Accuracy of classification using combinations of image features. 
 

 

 

 

 

 

 

The classification using combinations of features is 
more accurate than the classification using a single 
feature. In the classification employing a single 
feature, the most effective feature is dependent on 
characteristic of the image. For example, 
classifications of sports images, which is dependent 
on color features such as water/ snow/ground 
classification, has the best accuracy when it uses 
color features such as CH or CCV. By the contrast, 
sports image classification that is not based on color 
features such as swimming/windsurfing classification 
shows better accuracy when it uses edge features 
such as EDH or EDCV instead of color features. 

5. Conclusion: 

In this paper we have presented collectively a set of 
comprehensive sports images using Bayesian 
estimating method in this paper by image data set 
has been collected from sports images are more 
suitable for all types of analysis because of its high 
quality and less noise. The informing is more for 
these images. These images are less smooth noise 

characteristic was identified while measuring the 
textual future. In future statistical movements based 
on common descriptive of future are measured and 
based spastically movement quality measuring also 
analyzed. 
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