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 This paper deals with content based image retrieval using multi sort indexing, This 

system aims to retrieve the images efficiently in easy and quick way. This paper 

presents a novel framework for combining all the three i.e. color, texture and shape 
information, and achieve higher retrieval efficiency. The combination of the color, 

texture and shape features provide a robust feature set for image retrieval. The query 

image is converted into the internal representation of feature vector using the same 
feature extraction routine that was used for building the feature database. The similarity 

measure is employed to calculate the distance between the feature vectors of query 

image and those of the target images in the feature database. To be more profitable the 
retrieval is performed using an indexing scheme which facilitates the efficient searching 

of the image database. 
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INTRODUCTION 
 

 In recent years, Content-Based Image Retrieval System is mostly used in all sort of domains. CBIR is a 

method of retrieving the image based on the input image. In this CBIR system, the content of the image is being 

analyzed the attributes such as color, texture and shape of an image. This technique is done with various 

algorithms and methods for matching the images from database. In a typical CBIR system, image low level 

features like color, texture, shape and spatial locations are represented in the form of a multidimensional feature 

vector. The feature vectors of images in the database form a feature database. The retrieval process is initiated 

when a user query the system using an example image or sketch of the object. In the last two decades, CBIR 

systems have been improved a lot. However, there still remain some problems which have not been answered 

satisfactorily. First and foremost problem is of semantic gap, which exist between low level feature 

representation of images and the actual visual perception of the image. Researchers all over the globe are 

working in the direction of narrowing down this semantic gap. Semantic gap is a big problem which can be seen 

as a collection of many small problems. In this work, we have identified such problems and tried to provide an 

effective solution to these problems.  

 

1. Related works: 

 Eleftherios et al, proposed an efficient content-based image search and retrieval, it analyzes high 

dimensional image descriptor vectors (different quantization and normalization techniques used in the extraction 

process)and a multiple sort algorithm was used to reorder the descriptors dimensions according to their value 

cardinalities, in order to increase the probability of two similar images to lie within a close constant range.  

 Chen et al, proposed an image-to-image similarity combining all the regions between the images. In this 

approach, every region was assigned significance worth its size in the image. A region was allowed to 

participate more than once in the matching process till its significance is met with. The significance of a region 

plays an important role in the image matching process. In either type of systems, segmentation close to human 

perception of objects was far from reality because the segmentation is based on color and texture. The problems 

of over segmentation or under segmentation will hamper the shape analysis process. The object shape was 
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handled in an integral way in order to be close to human perception. Shape feature has been extensively used for 

retrieval systems.  

 Li et al, proposed a technique which captures local color and texture descriptors in a coarse segmentation 

framework of grids, and  a shape descriptor in terms of invariant moments computed on the edge image. The 

image is partitioned into equal sized non-overlapping tiles. The features computed on these tiles serve as local 

descriptors of color and texture.  

 Mezaris et al, described that features drawn from conditional co-occurrence histograms uses image and its 

complement in RGB color space perform significantly better. These features serve as local descriptor of color 

and texture in the proposed method. The grid framework was extended across resolutions so as to capture 

different image details within the same sized tiles. An integrated matching procedure based on adjacency matrix 

of a bipartite graph between the image tiles is provided, similar to the one discussed in, yielding image 

similarity. A two level grid framework was used for color and texture analysis 

 

2.  Methodology: 

 The proposed system is divided into three parts. 1) Feature extraction, 2) similarity measures and 3) multi-

sort indexing. The proposed block diagram is shown in fig 1. In this paper, the HOG and LBP are used to denote 

the local features of an image. For each image, the Histogram of Gradience and Local Binary Pattern features 

are extracted and form as the feature vector of the image. The similarity between a pair of images is determined 

by the number of matches found between their feature vectors. In this work, KD-Tree is used to index and match 

the similarity between the feature vectors of images and adopting algorithm is used to count the number of 

matches of feature vectors of query image with the database images. Finally the images having the maximum 

voting are ranked and extracted from the database. 

 
Fig. 1: Proposed system of the CBIR. 

 

3. Collection of Image Database: 

 In this paper, experimental data set contains number of images from COREL dataset. Some sample query 

images are shown, which are stored in JPEG format with size 384x256. They are divided into 4 groups each 

containing 300 images.  

 

4. Preprocessing: 

 Preprocessing commonly involves removing low-frequency background noise, normalizing the intensity of 

the individual particles images, removing reflections and masking portions of enhancing data images prior to 

computational processing. The median filter is used in images that shown in fig 4.2 to remove the noise. 

 

5. Feature extraction: 

 The features of an image largely represent color, texture, shape and spatial relationships of different objects 

in the image. In CBIR, each image that is stored in the database has its features extracted and compared to the 

features of the query image.   Some widely used features are discussed in the following.  

 

6. Texture features: 

 The texture feature of LBP values is used in image database that their value is 38. Texture features do not 

exist at a single pixel but are rather a description of a neighbor-hood of pixels. It is a complement of color 

features to improve retrieval accuracy in CBIR. 
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7. Local binary patterns (LBP): 

 Local binary patterns (LBP) are collected yet texture analysis technique. It assigns, on a pixel basis, 

descriptors that describe the neighbor-hood of that pixel and then forms a histogram of those descriptors. Let 

 
describes the 3× 3 grayscale block of a pixel at location (0,0) and its 8-neighbourhood.The first step is to 

subtract the value of the central pixel and consider only the resulting values at the neighbouring. 

 
Next an operator 

 
is assigned at each location resulting in 

 
each pixel of the 8-neighbourhood is encoded as either 0 or 1 and an LBP histogram with 256 bins can be built 

as an image descriptor. 

 

8. Histogram of gradients: 

 Histogram of Oriented Gradients (HOG) which is a feature descriptor used in computer vision and image 

processing for the purpose of object detection. The technique counts occurrences of gradient orientation in 

localized portions of an image. This method is similar to that of edge orientation histograms, scale-invariant 

feature transform descriptors, and shape contexts, to get 81 values of feature extraction but differs in that it is 

computed on a dense grid of uniformly spaced cells and uses overlapping local contrast normalization for 

improved accuracy.  

 

9. Histogram Statistical Features: 

 The statistical texture features of mean, standard deviation, skewness and kurtosis are calculated by using 

the probability distribution of the intensity levels in the histogram bins of the histograms. The mean is the 

texture feature that represents something about the brightness of the image. The mean measures the average 

value of the intensity values. The mean can be defined as  

 
 The standard deviation is the second order moment and it shows the contrast of gray level intensities. This 

can be computed as 

 
 The third order moment is skewness and it shows the skewness of the intensity values. It is the 

measurement of the inequality of the intensity level distribution about the mean. The skewness can be defined as  

 
 The fourth order moment is kurtosis; it is used to measure the peak of the distribution of the intensity values 

around the mean. Kurtosis can be defined as 
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10. Dimensionality reduction: 

 Principal Component Analysis (PCA) is applied to reduce the dimensionality of the feature vectors. PCA is 

a multi-variate statistical analysis method used for feature reduction. The new features are linear transformations 

of the original variables and obtained such that they are uncorrelated or orthogonal to each other. The HOG 

feature vector is reduced from 128 to 64dimensions. The color feature is added after the feature vector 

dimension is reduced. So the final feature vector gets a size of smaller dimensions. Principal components 

analysis (PCA) is a classical method that provides a sequence of best linear approximations to a given high-

dimensional observation. It is one of the most popular techniques for dimensionality reduction. However, its 

effectiveness is limited by its global linearity. In order to resolve the problem of dimensionality reduction in 

nonlinear cases, many recent techniques, including kernel PCA, locally linear embedding (LLE), Laplacian 

eigenmaps (LEM) , Isomap and semi definite embedding(SDE)  have been proposed. 

 

11. Indexing and matching: 

 In our CBIR system the KD-tree algorithm is used to match the features of the query image with those of 

the database images. The KD-tree with the Best Bin First (BBF) search algorithm is used for indexing and 

matching the HOG features. The KD-tree is a kind of binary tree in which each node chooses a dimension from 

the space of the features being classified: all features with values less or equal to the node in that particular 

dimension will be put in the left sub-tree; the other nodes will be put in the right sub-tree and thus recursively. 

The BBF algorithm uses a priority search order to traverse the KD-tree so that bins in feature space are searched 

in the order of their closest distance from the query.  

 

12. Mahalanobis distance: 

 The Mahalanobis distance is a measure of the distance between a point P and a distribution D. It is a multi-

dimensional generalization of the idea of measuring how many standard deviations away P is from the mean of 

D. This distance is zero if P is at the mean of D, and grows as P moves away from the mean: Along each 

principal component axis, it measures the number of standard deviations from P to the mean of D. If each of 

these axes is rescaled to have unit variance, then Mahalanobis distance corresponds to standard Euclidean 

distance in the transformed space. Similarity measures of Mahalanobis distance is shown in fig 4 and fig 6 and it 

is thus unit less and scale-invariant, and takes into account the correlations of the data set. 

 

13. Results: 

 For experiments and analysis the COREL dataset is considered and 1350 images are taken and they are 

categorized in to six groups. The Corel Photo Gallery is used because 1) many images with similar concepts 

were not in the same group and 2) some images with different semantic contents were in the same group in the 

original database. In the re-organized database, each group includes more than 100 images and the images in the 

group are category-homogeneous. These concept groups were used in the evaluation of the results of the 

proposed algorithms. 

 
Fig. 2: A query image. 

 

 
 

Fig. 3: Pre-processing the images using median filter. 
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14. Precision& Recall: 

 The definition of Precision is the ratio of the number of relevant images you have retrieved to the total 

number of irrelevant and relevant images retrieved. In other words, supposing that A was the number of relevant 

images retrieved and B was the total number of irrelevant images retrieved. When calculating precision, you 

take a look at the first several images, and this amount is A + B, as the total number of relevant and irrelevant 

images is how many images you are considering at this point. As such, another definition Precision is defined as 

the ratio of how many relevant images you have retrieved so far out of the bunch that you have grabbed: 

Precision = A / (A + B) 

 

 The definition of Recall is slightly different. This evaluates how many of the relevant images you have 

retrieved so far out of a known total, which is the the total number of relevant images that exist. As such, let's 

say you again take a look at the first several images. Then we determine how many relevant images there are, 

then we calculate how many relevant images that have been retrieved so far out of all of the relevant images in 

the database. This is defined as the ratio of how many relevant images we have retrieved overall. Supposing that 

A was again the total number of relevant images you have retrieved out of a bunch you have grabbed from the 

database, and C represents the total number of relevant images in your database. Recall is thus defined as: 

Recall = A / C 

 
Fig. 4: Result of Image retrieval process (query image = „bus category ‟). 

 

 The above figure shows the result of the image retrieval using the reduced feature set when a query image 

of  „BUS‟ category is submitted to the system. All the retrieved result images belong to BUS category.  

Total no. of images retrieved C= 20 

No. of relevant images retrieved A         = 20 

No. of non-relavant images retrieved B = 0 

Precision = A/(A+B) = 1 

 
Fig. 5: Result of Image retrieval process (query image = „cat category‟). 

(where „C‟ is the total no. of image in that category) 

 

 
Fig. 6: Result of Image retrieval process (query image = „train category ‟). 
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Total no. of images retrieved C= 20 

No. of relevant images retrieved A = 4 

No. of non-relavant images retrieved B = 10 

Precision = A/(A+B) = 4/14   = 0.2, Recall = A/C  = 4/20 = 0.2 

 

 
 

Fig.7: PR Graph. 

  

 The above results show that the proposed system for image retrieval works well for most of the categories 

in the COREL dataset. The graph shows the result of the image retrieval process for BUS category image when 

the number of images to be retrieved is varied between 20 and 100. When the number of images to be retrieved 

is less the system performed well in both aspect that the precision and recall is high which means that the 

number of irrelevant images retrieved is very less. When the number of images to be retrieved is increased the 

recall starts decreasing which indicates that the system is able to eliminate the effect of the variations in the 

similar group itself. To eliminate this effect further redundancy in the dataset to be reduced in future we have 

tested our system by using the PCA based dimensionality reduction process. 

 

15. Conclusion: 

 The objective of this paper is to create a framework for content based retrieval of images using the texture 

and gradient features. The problem due to high dimensional space is reduced by using a PCA based feature 

extraction process. The similarity between the feature vectors of query image and the database images are 

calculated by using Mahlanobis distance measure. Experimental results show the proposed image retrieval 

system performance is acceptable by acquiring the proposed combination of the feature vectors. One of the main 

problems arises when the number of images in the database is increased as the time required doing the 

exhaustive searching increases linearly.  
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