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Abstract: Content-Based Image Retrieval (CBIR) with relevance feedback is the most emerging research 
field now. The power of dynamic learning ability can be used by subsequent incidents concerning 
adaptive knowledge. The proposed methodology can be applied to medical as well as non-medical 
images for retrieval. The similarity between the images is based on the visual content descriptors such as 
color shape and texture. The system proposed has three phases of the process; first, the native or 
primitive features are calculated. Second the indexing process is done with the desired class or group. 
Finally the retrieval and adaptive learning process takes place.  When compared to the state of art 
methods, the proposed method in the field of CBIR gives prominent relevance results. The system has 
experimented with different images of the available datasets. 
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Introduction: Content-Based Image Retrieval (CBIR) is a technique which uses visual contents to search 
images from large scale image databases according to users' interest. It has been an active and fast 
advancing research area since the 1990s. During the past decade, remarkable progress has been made in 
both theoretical research and system development. 

 
Visual Content-Based Image Retrieval: Researchers from various communities of computer vision, 
database management, human-computer interface, and information retrieval were attracted to visual 
information management field. To overcome the difficulties faced in the text-based retrieval the new 
approach CBIR was introduced. The visual contents of the image such as color, shape, texture, and spatial 
layout are extracted from the images to represent and index the image. The visual contents of the images 
in the database are extracted and described by multi-dimensional feature vectors. These extracted feature 
vectors of the images in the database form a feature database. To retrieve images, users provide the 
retrieval system with a query image [1]. The similarity distance between the query image feature vectors 
and those of the images in the database are calculated, and the retrieval is performed using an indexing 
scheme.  The indexing scheme provides an efficient way to search in the image database. To support 
efficient indexing, the dimensionality reduction techniques are applied to feature vectors [2]. The 
following sections cover the detailed process of CBIR. 

 
Image Visual Content Descriptors: The content of images may include both visual and semantic 
content. General visual content includes color, texture, shape, spatial relationship, etc. An efficient visual 
content descriptor should be invariant on the random variance introduced by the imaging process [3]. 
These visual content descriptors can be either global or local. A global descriptor takes into account the 
visual features of the entire image, whereas a local descriptor uses the visual features of particular regions 
or objects to describe the image content. A better method is to divide the image into homogenous 
regions according to some criterion using segmentation algorithms. In the following section, will see 
some widely used techniques for extracting color, texture, shape and spatial relationship from images. 

 
Color: Color feature is extensively utilized for the efficient extraction of the visual content of images. 
Before selecting an appropriate color description, color space must be determined. Each pixel of the given 
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image can be represented as a point in a 3D color space. RGB, Munsell, CIE L*a*b*, CIE L*u*v*, HSV (or 
HSL, HSB), and opponent color space are some of the commonly used color spaces. 
 
Color moments have been used successfully in many retrieval systems.  Color distributions in an image 
can be efficiently and effectively represented by the first order (mean), the second order (variance) and 
the third order (skewness) color moments. If the color pattern is unique compared with the rest of the 
data set, then the color histogram can be effectively used to represent the color content of the image. In 
[4] a different way of incorporating spatial information into the color histogram, color coherence vectors 
(CCV), due to its additional spatial information, it has been shown that CCV provides better retrieval 
results than the color histogram. 
 
The color correlogram [5] has been not only used to characterize the color distributions of pixels, but it is 
also used to represent the spatial correlation of pairs of colors that are present.  In a three-dimensional 
histogram, the first and the second dimension are the colors of any pixel pair, and the third dimension is 
used to depict their spatial distance. 
 
Invariant color representation has been introduced to content-based image retrieval recently. In [6], a set 
of color invariants for object retrieval was derived based on the Schafer model of object reflection. Color 
Edge [7], Color Texture [8], are the color feature descriptors with various representation scheme. In [9], 
specular reflection, shape, and illumination invariant represented based on blue ratio vector (r/b, g/b, l) is 
given. In [10], surface geometry invariant color features are used.  These invariant color features, when 
applied to image retrieval, may yield illumination, scene geometry and view geometry independent 
representation of color contents of images. 
 
Texture: The texture is another important property of an image that is used for retrieval. Investigations 
in the field of pattern recognition and computer vision have resulted in various texture representations. 
Texture representation can fall into these two categories: structural and statistical. Structural methods, 
includes morphological operator and adjacency graph. Statistical methods, includes the Tamura feature, 
Markov random field, Fourier power spectra, co-occurrence matrices, shift-invariant principal component 
analysis (SPCA),  Wold decomposition,  fractal model, and multi-resolution E-filtering techniques such as 
Gabor and wavelet transform. 
 
Grey Level Co-occurrence Matrices (GLCM) is one of the earliest methods for texture feature extraction 
[11]. The features such as Contrast, Correlation, Entropy, Homogeneity and Energy can be calculated from 
the co-occurrence values derived from the image with distance and direction. 
 
The Tamura features [12], includes Coarseness, Contrast, Regularity, and Roughness, Directionality, Line 
likeness that is designed in agreement with psychological studies on the human perception of texture. 
Tamura features have been used in some early well-known image retrieval systems, such as QBIC [13, 14] 
and Photo book [15].  
 
Wold decomposition [16, 17] provides another approach to describing textures regarding perceptual 
properties. The three Wold components, harmonic, evanescent, and in deterministic, correspond to 
periodicity, directionality, and randomness of texture respectively. Periodic textures have a strong 
harmonic component, highly directional textures have a strong evanescent component, and less 
structured textures tend to have more substantial in deterministic component. 
 
The SAR model is an instance of Markov random field (MRF) models, which have been very successful in 
texture modeling in the past decades. Compared with other MRF models, SAR uses fewer parameters. 
The SAR model is not rotation invariant. To describe textures of different granularities, the multi-
resolution simultaneous autoregressive model (MRSAR) [18] has been proposed to enable multi-scale 
texture analysis. An image is represented by a multi-resolution Gaussian pyramid with low-pass filtering 
and sub-sampling applied at several successive levels. 
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Another method used extensively for extracting texture features is the Gabor filter [19, 20]. Gabor filter 
proves to be optimal regarding minimizing the joint uncertainty in space. And the frequency is often used 
as an orientation and scale tunable edge and line detector.  
 
Shape: Extraction of shape features of objects or regions in images has been used in many content-based 
image retrieval systems [11-24]. Compared with color and texture features, shape features are usually 
described after images have been segmented into regions or objects. Since robust and accurate image 
segmentation is difficult to achieve, the use of shape features for image retrieval has been limited to 
specialized applications where objects or regions are readily available. Classical shape representation uses 
a set of moment invariants. This central moment can be normalized to be scale invariant. Based on these 
moments, a set of moment invariants to translation, rotation, and scale can be derived [25]. 
 
The contour of a 2D object can be represented as a closed sequence of successive boundary pixels. The 
turning function or turning angle measures the angle of the counterclockwise tangents as a function of 
the arc-length according to a reference point on the object's contour. One major problem with this 
representation is variant to the rotation of object and the choice of the reference point. The minimum 
distance needs to be calculated over all possible shifts and rotations. 
 
Fourier descriptors describe the shape of an object with the Fourier transform of its boundary. Three 
types of contour representations, i.e., curvature, centroid distance, and complex coordinate function, can 
be defined. The curvature at a point along the contour is defined as the rate of change in tangential 
direction of the contour. 
 
The centroid distance is defined as the distance function between boundary pixels and the centroid of the 
object. The complex coordinate is obtained by merely representing the coordinates of the boundary pixels 
as complex numbers. 
 
Circularity is computed with size and perimeter of an object. This value ranges between 0 (corresponding 
to a perfect line segment) and 1 (corresponding to a perfect circle). The major axis orientation can be 
defined as the direction of the largest Eigen vector of the second-order covariance matrix of a region or an 
object. The eccentricity can be defined as the ratio of the smallest Eigen value to the largest Eigen value. 
 
Spatial Information: Objects or regions having similar texture or color properties can be distinguished 
easily by applying spatial constraints. For instance, parts of the clear blue sky and regions of ocean may 
have similar color histograms, but their spatial locations in images will be different. Therefore, the spatial 
location of regions (or objects) or the spatial relationship between multiple regions (or objects) in an 
image is very useful for searching images. The most widely used representation of spatial relationship is 
the 2D strings proposed by Chang et al [26]. 
 
The 2D G-string [27] cuts all the objects along their minimum bounding box and extends the spatial 
relationships into two sets of spatial operators. One defines local spatial relationships. 
 
The other defines the global spatial relationships, indicating that the projection of two objects is disjoint, 
adjoin or located at the same position. Besides, 2D C-string [28] is proposed to minimize the number of 
cutting objects. 2D-B string [29] represents an object by two symbols, standing for the beginning and 
ending boundary of the object. In addition to the 2D string, spatial quad tree [30], and the symbolic 
image is also used for spatial information representation. 
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System Architecture: 
 

 
Figure 1: Proposed System Architecture 

 
Data Set Description: The public WANG database is used for the experiment. The database comprises 
of 1000 images and which form 10 classes of 100 images each. Figure. 1 describes the proposed system 
architecture. All the 10 classes are used for relevance estimation by the given query image.  It is assumed 
that the user is searching for images from the same class, and thus the remaining 99 images that belong 
to the same class are considered relevant and the images from all other classes are considered irrelevant. 
Sample images are shown below. 
 
Query Image: The data set contains 1000 different images from public WANG Database. The query 
image is the essential and initial part of the CBIR system. The image which is taken for querying the 
database, is considered as the query image. Some examples of sample query images as shown in Figure. 2 
a, b & c. 
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(c) 

Figure 2: a, b & c: Sample Images 
 
Image Feature Vector Specification: The given input image I is termed as the input vector to the 
clustering process. If the image consists of rows and columns then the generated feature vector to be in 
size where size l where l=m*n.    
 
Weight Estimation &WK-Means clustering: K-means is one of the simplest 
unsupervised learning algorithms. The main idea is to classify a given data set into the number of K 
clusters. The goal is to define k centers, one for each cluster. These centers should be placed in a 
cunning way because different location causes a different result. So, it is better to separate and put them 
as far as possible away from each other. Each point that belongs to a given data set is associated with its 
nearest center in the next step.  We need to re-calculate k new centroid. A new binding has to be done 
between the same data set points and the nearest center after finding the K new centroid. The resulting 
iteration, we may notice that the K centers change their location step by step until no more changes are 
done. 
This algorithm primarily aims at minimizing an objective function known as squared error function with 

the weights given by [31]:  
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The weight wv should be non-negative and add to the unity. ß is the user defined variable. 
WK-Means updates the feature weights according to: 
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The final updated centroid C is to be used for classifying the new query sample. Feature vector by 
identifying the minimum distance centroid is supposed to be that particular class. 
 
Classification Or Indexing (Similarity Measure): The similarity between the cluster centroid and the 
input feature vector is based on L1 and L2 similarity measures. 
The L1 similarity also known as L1 norm is calculated between the centroid and feature vector based on 
the formula given below. 

 
 

 
The L2 similarity also known as Rular Distance is calculated between the centroid and feature vector 
based on the formula given below. 

 

 The minimum distanced cluster is activated as a classified class, and also it will be used for further 
retrieval process. 
 
Relevance Feedback: With the process of clustering the image, each iteration has to refer the previous 
step knowledge in terms of the target class derived by the user. Certainly, this is a supervised learning 
mechanism, but the effectiveness of the system has been tremendously improved when combining with 
the unsupervised clustering process. 
 
Consider, we have a user query and partial knowledge of known relevant and non-relevant documents 
based on the previous step clustering process. The algorithm proposes using the modified query   

 

 

Where q0 is the original query image vector, Dr and Dnr are the set of known relevant and non-relevant 
image vectors respectively, and α, β, and γ are weights attached to each term. If we would like to higher β 

and γ starting from q0, the new query moves you some distance towards the centroid of the relevant 
image and some distance away from the centroid of the non-relevant image. This new query can be used 
for retrieval in the further step of iterations and classification. 
 
EXPERIMENT AND ANALYSIS: A potentially useful method for retrieval should yield good accuracy with 
relatively fewer feature vectors. In this connection are listed here the accuracy, sensitivity, specificity and 
F-Measure which are listed in Table 1. The conclusion drawn is as follows. First, the proposed retrieval 
method's classification accuracy is higher when compared with existing work [32]. Second, the proposed 
approach has better retrieval accuracy in comparison to the existing work [32] as per performance 
measures given in Table1. The proposed approach yields a specificity of 84.2 % and a sensitivity of 88.2 %. 
 

Table 1: Performance Analysis 
 

WK-Means 

Class Accuracy Sensitivity Specificity F-Measure 

1 0.895 0.900 0.843 0.851 

2 0.968 0.840 0.834 0.946 

3 0.845 0.850 0.861 0.810 

4 0.962 0.950 0.872 0.953 

5 0.916 0.801 0.84s2 0.865 

6 0.951 0.905 0.925 0.947 
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However, our proposed approach is still able to retrieve all cases and has least false positive.  Thirdly, the 
proposed approach has a better robustness in terms of illumination and camera characteristics. Finally, 
the proposed relevance feedback mechanism is useful in many image retrieval methods to make the 
retrieval efficient. Figure. 2 shows the sample query image class bus from WANG database. The proposed 
work has a better discrimination power than typical retrieval methods such as the existing work [32]. The 
Figure. 3 shows the curve (Receiver Operating Characteristic (ROC)) analysis of the proposed work with 
the existing method [32] which specifies the sensitivity and specificity of the proposed work. The value of 
specificity and sensitivity are given in table 1. The Figure. 4 shows the Precision and Recall analysis of 
proposed method with work [32]. The Table 1 contains specificity, sensitivity, accuracy and F-Measure 
with different class set. Figure. 5 a, b, c & d  shows the sample screen shots of the proposed relevance 
feedback based content based image retrieval system. 
 

 
Figure 2: Sample Query Image Class Bus from WANG Database 

 
 

 
Figure 3: ROC Analysis of Proposed Method With Work [32] 

7 0.824 0.690 0.878 0.891 

8 0.890 0.934 0.820 0.912 

9 0.932 0.979 0.820 0.923 

10 0.971 0.973 0.765 0.943 

Overall 0.915 0.882 0.842 0.904 
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Figure 4: Precision Recall Analysis of Proposed Method With Work [32] 

 

 
(a) 

 

 
(b) 
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(c)          

 

 
(d) 

Figure 5 a, b, c & d: Sample screen shots of the proposed system 
 

Conclusion: The method provided herein is a relevance feedback based CBIR which is a novel approach. 
Though CBIR is an emerging research, we cannot expect the entire upheaval of existing techniques with 
CBIR. But instead, can propose a complement that provides better results. The clustering information 
while grouping leads to adaptive knowledge for training the retrieval system in further effectiveness. The 
main aim of this work was to improve relevancy of a CBIR application by allowing the system to retrieve 
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images with earlier learned knowledge. The proposed CBIR method presented delivers the equivalent 
results. This mechanism has improved the results in terms of performance measures that are stated. 
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