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Abstract— We present an approach for image retrieval using 

a very large number of highly selective features. Our 

approach is predicated on the assumption that each image is 

generated by a sparse set of visual “causes” and that images 

which are visually similar share causes. We propose a 

mechanism for computing a very large number of highly 

selective features which capture some aspects of this causal 

structure. At query time a user selects a few test images, and 

a technique known as “boosting” is used to learn a 

classification function in this feature space. By construction, 

the boosting procedure learns a simple classifier which only 

relies on 15 of the features. As a result a very large database 

of images can be scanned rapidly. Finally we will describe a 

set of experiments performed using our retrieval system on a 

Caltech database. 
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I. INTRODUCTION 

Content- based means that the search will analyze the actual 

contents of the image. The term 'content' in this context 

might refer colors, shapes, textures, or any other information 

that can be derived from the image itself. Without the ability 

to examine image content, searches must rely on metadata 

such as captions or keywords. Such metadata must be 

generated by a human and stored alongside each image in 

the database. 

Content-based image retrieval (CBIR) has been 

more and more important in the last decade. Visual 

information systems are radically different from 

conventional information systems. Many novel issues need 

to be addressed. A visual information system should be 

capable of providing access to the content of image. Where 

symbolic and numerical information are identical in content 

and form, images require a delicate treatment to approach 

their content. To search and retrieve items on the basis of 

their content requires a new visual way of specifying the 

query, new indices to order the data and new ways to 

establish similarity between the query and the target. A 

major problem stems from the fact that an interpretation of 

an image has no unique meaning. The gap between high-

level semantic concepts and low-level visual features 

hinders further performance improvement. The problem of 

online feature selection is critical to really bridge this gap. 

Wei et al. proposed a similarity based online feature 

selection in Content-based image Retrieval system. An 

investigation is based on online feature selection in the 

relevance feedback learning process to improve the retrieval 

performance of the region-based image retrieval system. 

The contributions are mainly in three areas.  

1) A novel feature selection criterion is proposed, 

which is based on the psychological similarity 

between the positive and negative training sets.  

2) An effective online feature selection algorithm is 

implemented in a boosting manner to select the 

most representative features for the current query 

concept and combine classifiers constructed over 

the selected features to retrieve images. 

3) To apply the proposed feature selection method in 

region-based image retrieval systems, Wei Jiang 

and Q. Da propose a novel region-based 

representation to describe images in a uniform 

feature space with real-valued fuzzy features. The 

system is suitable for online relevance feedback 

learning in CBIR by meeting the three 

requirements: learning with small size training set, 

the intrinsic asymmetry property of training 

samples, and the fast response requirement. 

Extensive experiments, including comparisons with 

many state-of-the-arts, show the effectiveness of 

algorithm in improving the retrieval performance 

and saving the processing time. 

Local image descriptors are employed in many real 

world applications like object detection and view matching 

using local invariant features, texture classification using 

micro textons , face detection and recognizing using local 

features, etc. Every image descriptors attempt to describe 

the image robustly in adverse imaging condition like 

lighting variation, changed view point, alteration due to 

rotation, zooming etc. Descriptors found in literature can be 

classified into two groups: sparse descriptor and dense 

descriptor The sparse first detects the interest points from a 

given image for sampling local image patch around detected 

interest points then it generates a feature vector capable to 

describe the patch. On the other hand, the dense descriptors 

extract local image features pixel by pixel over the whole 

input image without identify the interest points. 

In various computer vision applications widely 

used is the process of retrieving desired images from a large 

collection on the basis of features that can be automatically 

extracted from the images themselves. These systems called 

CBIR (Content- Based Image Retrieval) have received 

intensive attention in the literature of image information 

retrieval since this area was started years ago, and 

consequently a broad range of techniques has been 

proposed. The algorithms used in these systems are 

commonly divided into three tasks: 

 Extraction 

 Selection 

 Classification. 

The extraction task transforms rich content of 

images into various content features. Feature extraction is 

the process of generating features to be used in the selection 

and classification tasks. Feature selection reduces the 

number of features provided to the classification task. Those 

features which are likely to assist in discrimination are 

selected and used in the classification task. Features which 

are not selected are discarded. Of these three activities, 

feature extraction is most critical because the particular 

features made available for discrimination directly influence 

the efficiency of the classification task. For each image in 

the image database, its features are extracted and the 
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obtained feature space (or vector) is stored in the feature 

database. When a query image comes in, its feature space 

will be compared with those in the feature database one by 

one and the similar images with the smallest feature distance 

will be retrieved. 

Furthermore, it has been shown that, despite more 

than 30 years in research on texture descriptors, still none of 

the texture features presented can convey a complete 

description of the texture properties of an image. Therefore 

a combination of different texture features will usually lead 

to best results. 

In the image retrieval task a user must search a 

database of many thousands, or millions, of images. User 

goals vary, in some cases the task is to find a particular 

image, in other cases any image from a class will do. The 

optimal interface would provide a very flexible query 

mechanism, perhaps through a natural language interface. In 

fact, many “stock photo houses” currently provide such an 

interface to their collections. Advertisers and publishers 

present a descrip-tion of their requirements: “an image of 

the beach with ath-letic people playing volleyball”. Human 

clerks then scan many images by hand using keywords. 

Recently a large number of automated image 

retrieval systems have appeared Rather than describe an 

image using text, in these systems an image query is 

described using a set of test images. In some of these 

systems a user‟s only interaction with the retrieval engine is 

through test images, in others the user is also asked to 

weight a set of “intuitive” features, such as color, texture 

and shape. 

Image retrieval differs from the more common task 

of classification which includes tasks such as face detection 

and character recognition. In retrieval the number of 

potential image classes is extremely large and the number of 

test  images  is very small. 

In contrast we will define a very large set of highly 

selective visual features. A highly selective feature will 

respond to only a small percentage of images in the database 

– such a feature might return a large numerical value for 

only 5% of images. One could not hope to define such a 

large set of features by hand, instead an algorithm for 

automatically generating plausible features is given. 

Because these features are so rare, they are also very 

unlikely to occur at random in the background of an  image. 

Given a set of highly selective features query learning can 

be greatly simplified. Only a few features will respond to the 

set of test images. A learning algorithm which can rapidly 

select a set of 15–30 features which distinguishes these 

images is presented. The algorithm is an adaptation of 

“AdaBoost”. After query learning, each image in the 

database can be evaluated rapidly by examining only 15–30 

features.  

II. CREATING HIGHLY SELECTIVE FEATURES 

Highly selective features are a natural extension of the 

simple features used in other image database systems. Given 

a set of “first order” features such as oriented edges or 

color,highly selective features measure how these first order 

features are geometrically related. By finding arrangements 

of first order features, a set of second order features can be 

defined. Arrangements of second order features form third 

order features.  

The process starts out by extracting a feature map 

for each type of simple feature .Each features map is then 

rectified and down sampled by two. The 25 feature maps are 

then used as the input to another round of feature extraction 

(yielding 25 x 25 = 625 feature maps). The process is 

repeated again to yield 15,625 feature maps (over the red, 

green, and blue color channels, this yields 46,875 feature 

maps). Three levels of filtering were possible for the 

resolution of our images. Finally each feature map is 

summed to yield a single feature value. 

Each level of processing discovers arrangements of 

features in the previous level. Thus a second order feature 

might be sensitive to diagonal arrangements of horizontal 

features – a feature visible as a staircase pattern.The first 

low-pass filter smoothes the image and removes high-

frequency noise. The second order feature finds vertical 

edges. The third order feature detects a horizontal 

arrangement of these vertical edges. The feature map 

demonstrates the selectivity of a particular feature on the 

image.  

III. QUERY LEARNING WITH BOOSTING 

At first it might seem that the introduction of tens of 

thousands of features could only make the query learning 

process infeasible.Two recent results in machine learning 

argue that this is not necessarily a terrible mistake: kNN and 

boosting. Both approaches have been shown to generalize 

well in very high dimensional spaces because they 

maximize the margin between positive and negative 

examples. Boosting provides the closer fit to our problem 

because we can use it to greedily select a small number of 

features from a very large number of potential features. 
In its original form, the AdaBoost learning 

algorithm is used to boost the classification performance of 

a simple learning algorithm. It does this by combining a 

collection of weak classification functions to form a stronger 

classifier. In the language of boosting the simple learning 

algorithm is called a weak learner. So, for example the 

perceptron learning algorithm searches over the set of 

possible perceptrons and returns the perceptron with the 

lowest classification error. The learner is called weak 

because we do not expect any single perceptron to classify 

the training data well.In order for the weak learner to be 

boosted, it is called upon to solve a sequence of learning 

problems. In each subsequent problem examples are 

reweighted in order to emphasize those which were 

incorrectly classified by the previous weak classifier. The 

final strong classifier is a weighted combination of weak 

classifiers. 
One important goal for image database query 

learning is that the final classifier depend only on a small 

number of features. A classifier which depends on few 

features will be more efficient to evaluate on a very large 

database. In addition, a simple classifier which depends on 

few features will be more likely to generalize well. 
In support of this goal, we design our weak 

learning algorithm to select the single highly selective 

feature along which the positive examples are most distinct 

from the negative examples. For each feature, the weak 

learner computes a Gaussian model for the positives and 

negatives, and returns the feature for which the two class 

Gaussian model is most effective. In practice no single 
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feature can perform the classification task with 100% 

accuracy. Subsquent weak learners are forced to focus on 

the remaining errors through example reweighting. In the 

experiments below, the algorithm is typically run for 25 

iterations, yielding a strong classifier which depends upon 

15 features. 

A. ADABOOST Algorithm 

1) Determine a supervised set of feature {xi, c i}, 

where c i ={-1,1} is the class associated to each of 

the feature classes.  

2) Initialize weights w1, i = 
 

  
, 
 

  
 for ci = { -1,1 } 

respectively, where m and l are the number of 

features points for each class. 

3) For t =1….T: 

 Normalize weights                         

     =
      

 ∑      
   
   
 

 

           So that wt is a probability distribution. 

 For each feature, j train a classifier, h j. The error is 

evaluated with respect to 

             ∑    
⟨ |   (  )    | ⟩(1)                                                                             

Choose the classifier, ht with the lowest error ε t . 

 Update the weights:   

               
                              (2) 

Where ei =1for each well-classified feature and eI =  

0 otherwise, 

   =
  

    
 .Calculate parameter    =      (  ) 

4) The final “strong ” classifier is:   

 ( )  {
     ∑     ( )   

 
   

                           
           (3) 

The Adaboost consist of two parts, a weak 

classifier and a boosting part. The weak classifier tries to 

find the best threshold in one of the data dimensions to 

separate the data into two classes -1 and 1. The boosting part 

calls the classifier iteratively, after every classification step 

it changes the weights of miss-classified examples. This 

creates a cascade of "weak classifiers", which behaves like a 

"strong classifier". First of all train the Adaboost model and 

set the data class then weight of training samples, calculate 

max min of the data. Do all model training iterations and 

find the best threshold to separate the data in to two classes. 

Weak classifier influence on total result is based on the 

current classification error. Store the model parameters and 

calculate the current error of the cascade of weak classifiers. 

Apply Model on the test data limit data features to original 

boundaries. Add all results of the single weak classifiers. 

This is "Weak Classifier", it calculates the optimal threshold 

for all data feature dimensions. It then selects the dimension 

and threshold which divides the data into two classes with 

the smallest error. 

B. k-NEAREST NEIGHBOR(kNN) 

To make the classification-Nearest Neighbor (kNN) 

transforms the target images into representational feature 

vectors which have same formation with training samples. 

Then it calculates Euclidean distance between the target 

images and the selected k-neighbors. Finally the category of 

target image is determined according to their neighbors 

„class. 

The Euclidean distance between two images a and 

b, is calculated by equation (4) 

D (a, b) = √∑ (      )
  

                   (4) 

Where a= (         ) and b= (          ) are 

two points in Euclidean n-space. 

Choose nearest k neighbors as the reference ,then 

the category    which includes most neighbors, calculated 

by equation (5). 

p( ̅,  ) = ∑     ̅̅ ̅̅    
   (  ̅    ̅̅ ̅)  (   ̅̅ ̅   )            (5) 

Where    ̅̅ ̅ is the     training image, Sim(a,b) is the 

similarity of image a and image b, and y(α, β) represent the 

probability of image α belong to class β. 

IV. CALTECH DATASET 

Caltech database is collection of 9150 objects belonging to 

101 categories about 40 to 800 images per category. Most 

categories have about 50 images collected in September 

2003 by Fei-Fei Li, Marco Andreetto, and Marc 'Aurelio 

Ranzato. The dataset is freely available. 

V. EXPERIMENTAL SETUP 

In the following section Feature extraction is performed on 

the three datasets and these results have been stored in the 

feature database made in MS Office Excel. This database 

includes mainly image features extracted from images. After 

the features have been stored in the databases, image 

classification has been performed by the means of the 

proposed Adaboost based kNN algorithm. 

VI. QUERY SPECIFICATION 

The user interface of our query engine has two phases: an 

initial browsing phase, and a relevance feedback stage. The 

user begins a new query by browsing the database to select 

a few positive test image. Users found that it was somewhat 

tedious to hand pick negative examples. Instead we 

randomly choose 100 images from the database to form a 

set of generic negative examples. This is a reasonable 

policy because the the number of images which satisfy any 

particular query is very small. Nevertheless, this policy for 

selecting negatives is somewhat risky because it is possible 

that the negative set may contain true positives. Typically 

we run AdaBoost for 25 iterations which is usually 

sufficient to achieve zero training error. Since the number 

of positive training examples is typically smaller than the 

number of negative examples, we initially weight them 

higher so that the sum of the weights of the positives and 

negatives are equal. This encourages correct classification 

of the positive examples at the outset. 

Each image in the database can then be classified 

by the strong classifier. Alternatively, since the strong 

classifier is itself a perception, the images can be ranked by 

their margin. The first goal of an image retrieval program is 

to present the user with useful images which are related to 

the query. Since the learning algorithm is most certain 

about images with a large positive margin, a set of these 

images are presented. Without further refinement this set of 

images often contains many false positives.  
Retrieval results can be improved greatly if the 

user is given the opportunity to select new training images. 
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Recall that images are classified as positive if the final 

hypothesis (i.e., weighted combination of the weak 

learners) exceeds the AdaBoost threshold. 

In every case the final query is produced by 

running AdaBoost for 25 iterations. This yields a strong 

classifier which is a simple function of `15 discriminating 

features. Since image databases are very large, the 

computational complexity of the final classifier is a critical 

aspect of retrieval performance. 

VII. RESULTS 

In this section, some of the screenshots are given from the 

software implementation used for displaying the result, after 

puts test image. The proposed algorithm has been used for 

classification of images for the results of each test image. To 

prove this proposed algorithm we mainly take the test 

image, and then retrieval is performed and classifying 

images according to algorithm.  

 
Fig. 1: Result after 25

th
 iteration of Adaboost for Caltech 

Database 

VIII. PERFORMANCE ANALYSIS 

Let the database {  ,….   ,…….,  } be a set of images 

represented by features. To retrieve images similar to a 

query image q, each database image    is compared with the 

query image using an appropriate distancefunction d(q,   ). 

Then, the database images are sorted according to the 

distances such that d(q,     )   d(q ,     ) holds for each 

pair of images     and       in the sequence (   ….,    . . 

.    ). If a combination of different features is used, the 

distances are normalized to be in the same value range and 

then a linear combination of the distances is used to create 

the ranking. To evaluate CBIR, several performance 

evaluation measures as F-measure has been proposed based 

on the precision P and the recall R: 

                P = 
                               

                               
                                                                           

                R=   
                                 

                               
                                                                         

                 F-Measure =   
     

   
                                                                                                   

No. of 

Iteration

s 

Average 

Precision 

Average 

Recall 

F-

Measure 

10 90.2 89.1 89.6466 

15 93.1 90.1 91.5754 

20 98.1 95.2 96.6282 

25 98.2 98.8 98.4990 

Table 1: Performance analysis using Precision, Recall and 

F-Measure for Caltech Database 
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