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Abstract—The classification image into one of several 

categories is a problem arisen naturally under a wide 

range of circumstances. In this paper, we present a novel 

unsupervised model for the image classification based on 

feature’s distribution of particular patches of images. Our 

method firstly divides an image into grids and then 

constructs a hierarchical tree in order to mine the feature 

information of the image details. According to our 

definition, the root of the tree contains the global 

information of the image, and the child nodes contain 

detail information of image. We observe the distribution of 

features on the tree to find out which patches are 

important in term of a particular class. The experiment 

results show that our performances are competitive with 

the state of art in image classification in term of 

recognition rate. 
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I. INTRODUCTION 

Advance in multimedia technologies such as image 
digitization, storage and transmission along with the growth of 
the World Wide Web, mobile device, cameras have lead to the 
proliferation of online digital images. Content-based image 
classification has been an interesting subject of many 
researchers in recent years. There are many great efforts in 
developing the classification approaches and techniques to 
improve the classification accuracy. 

Recently, many advanced classification approaches, such as 
artificial neural networks, fuzzy-sets, and expert systems, have 
been widely applied for the problem of image classification. In 
general, image classification can be classified into two major 
approaches: supervised and unsupervised. In this paper, we 
introduce an unsupervised learning method for this problem. 

There are some classification methods [1, 2, 3, 16, 17, 18, 
19] based on segmentation of image into regions which are 
considered as objects of image. They then extract the features 
from the objects such as size, shape, texture, etc to do 
classification. This kind of method is based on objects and the 
features extracted from them. However, these methods depend 
mainly on the quality of segmentation and obviously, the 
segmentation issue is a difficult and a complex problem in 
computer vision. In fact, a general universal algorithm for 

segmenting images certainly does not exist [4]. Our method 
does not rely on segmentation so that it could reduce 
inefficiency caused by wrong-segmented regions. 

Images in the same classes usually have similar features at 
some locations. For example, images of a beach usually have 
the blue color in the top part of it or the image of the building 
usually has line structure in the middle. We divide images into 
a number of child-images and construct a hierarchical tree to 
store the information. The tree root is the original global image 
and other nodes are the child-images of parent image. The root 
and the child-nodes of tree express the global view of the 
whole image and the detail views respectively. Features of 
nodes are extracted to construct the feature tree. Each node of 
feature tree stores features at a particular location in the image. 
The hierarchical feature tree structure takes advantages in 
storing the global and local information of images as well as 
the spatial relation between patches of images. 

At a particular location on the image, there are many sub-
images of training images looks alike. This means that the 
distribution of feature at that location is dense, the deviation is 
small, and that location is important in classifying. Therefore, 
we observe the distribution of the features at each node through 
the deviation of features to compute the weight factor tree. This 
tree expresses the importance of nodes in tree. Weight factor 
tree expresses the importance of patches or locations within an 
image. This tree is the determinant in classifying an image to a 
class or a category. 

II. PROPOSED ALGORITHMS 

A. Image Representation 

Some methods represent image as a collection of objects. 
Objects are considered as segmented regions. Links can be 
added between objects. Image representation becomes graph of 
objects. This image representation is close to the way presented 
by human but it is still a challenge in computer vision. The 
main difficulty is that the efficiency of the application depends 
too much on the segmentation quality, which is not very good 
so far. The second difficulty is complexity of graph algorithms. 

We use a frame to split image into sub-images, which is a 
child-images of original image. If we use a frame of 2x2, we 
have a quad-tree representation [20]. An original image is split 
into child-images, and then these child-images are recursively 
split with the same way. This process repeats until the tree’s 



height reaches a specific threshold or the size of leaf image 
reaches a specific threshold. As the result, we can construct a 
tree structure of the sub-images. The root is the original image; 
the child-nodes are the sub-images. Therefore, the root is the 
global view of image and the child-nodes are the detail views 
of image. At each node, features are extracted to construct a 
feature-tree. Feature-tree contains the features of the global 
view of image and the detail views of image. It is the important 
data tree which takes part into the learning process and the 
classification process. 

 

 

 

Figure 1: Image representation of sub-image tree 
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B. Learning process 

The target of the classification is to classify the input image 
into a class and the target of the learning is to compute the 
specific characteristics of classes. Therefore, we have to define 
what the class representative is or what can characterize for the 
class. According to the class representative, we can define an 
appropriate method to match the input image and the class 
representatives.  

Our idea is to emphasize the important nodes of tree 
structure when classifying image into classes. The node is 
important when there are many similar sub-images at that node 
location in the training set of a particular class. The similarity 
between sub-images is computed based on the distances 
between feature values. The more similar between sub-images 
is, the less distance between their features is. Therefore, the 
more important a node is, the denser the feature distribution is. 

The notion “distribution of feature” is mentioned in [7] and has 
good performances. Thus, we compute mean features and a 
standard deviation to characterize the density of the distribution 
at each node of the tree. 

1) Mean feature tree (MFT) 
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If type of feature is vector or histogram in the other word, 
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It means that we compute the average on each bin value to 

construct the mean histogram. 

 

2) Standard deviation tree (SDT) 
The standard deviation of a distribution is the value to 

measure the spread of distribution. We have to compute the 

standard deviation at each node on the tree structure to 

characterize the spread of feature distributions. Each node 

contains a set of features. We can consider the distributions of 

each separate feature or the distribution of the whole set of 

features.  

If we consider the distributions of separate features, we call 

it partial distribution. At each node of SDT, there are K 
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standard deviation C is  SDf
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Equation (1) means that the distance between two sets of 

features is just the average the distances between individual 

features. If the kind of feature is scalar, the distance will be the 

absolute subtraction of two features. If the kind of feature is 

vector or histogram, we can use the histogram distance 

3) Weight factor tree (WT) 
     In this approach, we construct two kinds of tree: mean 

feature tree and weight tree. Mean feature tree has the same 

structure of the feature tree of all training images. We compute 

the average feature values of all the training images at the 

same location of the tree. Mean feature tree is considered as 

the class representative. Each input image will be compute 

distance to mean feature tree. The smaller the distance is, the 

higher the probability that input image belongs to the class is. 

Beside the mean feature value at each node, we also have the 

standard deviation of the feature distribution. The denser 

distribution is, the more important node is. The node is 

important in tree structure when the training sub-images at 

that node are similar. That means the distances between 

feature values at that node are small, and the distribution of 

features at that node is dense. Therefore, the standard 

deviation of that node is small in that case. 

         The smaller standard deviation value is, the larger 

weight factor is. Therefore, the weight is the reverse 

proportional to the standard deviation. The class 

representatives are mean feature tree and the weight tree. We 

can notice which part of the images is important by the weight 

factor. The important parts will attach much attention in 

matching new input image to class. 
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deviation  
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Therefore, the formulation to compute the weight is 
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where K is the number of features, L is the number of 

children, k

S
w is the weight of the k-th feature at the node 

location S. 

        If we consider the distribution of the whole feature set, at 

node of WT we will have only one weight value. The global 
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C. Classification 

The input image I is split into sub-images. A tree of sub-

images is constructed and extracted features to build a feature-
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Equation (6) means that we summarize the distance of nodes 

in feature tree of input image to nodes in the mean feature tree 

of class with the weight values in weight factor tree. If the 

weight in a node is large, it will make distance value larger. 

The distance at that node does not effect too much on the 

distance value. In the other word, if the weight is large, it will 

decrease the possibility an image belongs to class. 

With the partial weight tree, distance between image I and 

class C is ),( CID
p
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Likewise with the global distance but we compute the distance 

on each separate kind of features and then get the average 

value. The idea is the same with the previous formulation but 

we just observe each kind of features and because we have the 

separate weight values, therefore we have to compute the 

separate distance and get the average for the final distance 

between image I and class C. The smaller distance between 

image and class, the higher probability the image belongs to 

that class. 



To classify an image I to one of M classes
i

C , i = 1..M. We 

compute the distance ),(
i

CID between image I and class
i

C . 

The class whose the distance ),(
i

CID is smallest is the 

rightful class of image I.  

III. EXPERIMENTS 

We use the color histogram HSL and Edge orientation 
histogram [9] for the color and shape feature. HSV histogram 
is extracted with 64 bins for each channel Hue, Saturation, 
Value. Edge is detected using Canny operator, quantized into 

80 bins of 05.4 . HSL and Edge Orientation Histogram are 

naturally invariant to translations and rotations in the image.  

We test on color databases which are STOIC90[10], 
WANG[15], and ZuBuD[8]. ZuBuD is the database of 201 
buildings at Zurich. Each building is trained by 5 images at 5 
arbitrary viewpoints. The test set contains 115 images. The 
performances measured in [12, 13, 14] are respectively 93%, 
89.6%, and 59.13% of classification recognition rate. STOIC90 
is the Singapore Tourist Object Identification Collection for 
scenes in Singapore. All the images are resized 320x240. 
Training set is 90 class and 5 training images for each class. 
Test set is 110 images. The STOIC is much more varied in 
content in comparing with ZuBuD, which only contains close-
up of buildings. The object in the STOIC database can be 
smaller due to their physical sizes (e.g. sculptures) or 
acquisition distance (e.g. far view), or different viewing angles. 
The performance in [10] is ranging from 76% to 92%. WANG 
is the subset of the Corel database. It contains 10 classes of 100 
images. This is a major advantage of this database because due 
to the given classification it is possible to evaluate retrieval 
performances. The images are of size 384×256 or 256×384 
pixels. This database was created by the group of professor 
Wang from the Pennsylvania State University and is available 
for download [15] 

TABLE I.  CLASSIFICATION RATE ON STOIC 

 Histogram distance Eq. (2) Eq. (4) 

Global 

distribution 

2  66.36% 60.90% 

Fidelity 81.81% 80.90% 

Minkowski 73.63% 74.54% 

Relative Deviation 80.90% 83.63% 

Partial 

distribution 

2  64.54% 66.36% 

Fidelity 66.36% 65.54% 

Minkowski 59.09% 59.09% 

Relative Deviation 74.45% 74.54% 

Our performances use 4 types of histogram distance: 
2 Distance[7], Fidelity Based Distance[6], Minkowski 

Distances[7] with p=2, Relative Deviation Distance[7]. We 

choose these because they are symmetric. 
Table I shows that the Fidelity distance always gives the 

good performances comparing with the three others. The global 
distribution has larger recognition rate than the partial 
distribution. It is similar to the way human being looking 
image. People usually consider image similarity based on set of 
features rather than the separate features such as color and 
shape. 

TABLE II.  CLASSIFICATION RATE ON ZUBUD,STOIC, WANG USING 

FIDELITY HISTOGRAM DISTANCE 

 Databas
e 

Eq. (2) Eq. (4) 

Global 
distribution 

ZuBuD 93.91% 93.04% 

STOIC 81.81% 80.90% 

WANG 89.5% 88.50% 

Partial 
distribution 

ZuBuD 94.78% 94.78% 

STOIC 66.36% 65.54% 

WANG 83.5% 81.50% 

Our approach uses the hierarchical tree to store the 
characterized features of image from global view to local 
views. The learning method takes advantages of feature 
distribution on hierarchical tree to evaluate key patches of 
images. Table II shows that our method is efficient comparing 
with three databases above. 

IV. CONCLUSION AND FUTURE WORK 

Our proposed algorithm focuses on solving the problem in 
image representation by using unsupervised learning for image 
classification phase. Though this method is still limited as the 
matching feature-tree node by node, it has efficient 
performances for the data in the experiments. The algorithm 
guarantees the order in matching feature-tree or in other words, 
it guarantees the order in matching between parts in image. In 
the future, we will construct the algorithm for non-order 
matching of feature-tree. Our method is not very complex but it 
has efficient performances for the data in the experiments. It is 
potential to continue especially in apply non-order matching 
algorithm. Finally, this method is suitable for large database 
not only in image classification but in image annotation and 
image retrieval also. 
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