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Chapter 1 

Introduction 

1.1 Motivation 

In order to facilitate in cherishing the sweet memories of world tour with a large 

collection of photos available, the practical problem which appears is how to locate the exact 

photo of Tajmahal or Eiffel tower? Two ways are there; either search the entire album 

manually or have some logical idea. Manual searching through a large collection is not 

infeasible, but certainly time consuming task. Intellectual logical idea is nothing but content 

based image retrieval (CBIR). In the last few years, with the advancement in various 

multimedia technologies, such as high speed network, compression and new digital image 

sensor technologies, large image database are being created by scientific, educational, 

medical, industrial and other applications. Due to the existence of large volumes of the 

images, it is a daunting task for a user to browse through the entire database. Therefore, there 

exists a need for an efficient and automatic procedure for indexing and retrieving images 

from database [1]. 

In general, two approaches are used for the purpose of image retrieval i. e. text and 

content based. Text based approaches involve either manual or machine based annotation of 

images and are retrieved using traditional text retrieval techniques such as those used by 

Google  and Yahoo image search engines. Such keyword-based image retrievals are neither 

efficient nor effective because of the following reasons. Manual annotation is a cumbersome 

and expensive task for large image databases and is often subjective in nature. Further, proper 

segmentation of image is itself, an open problem in computer vision which acts as a barrier 

for machine annotation. Regardless to mention, the keyword system increases linguistic 

barrier to share image data globally thereby making traditional text-based methods a 

problematic task to retrieve variety of images from database. CBIR is a technique which uses 

visual contents of an image such as color, shape and texture to search images from large scale 

image database according to users’ interests. It has been an active and fast advancing research 

area since the 1990s. During the past decades, remarkable progress has been made in both the 

fields of theoretical research as well as system development. A comprehensive survey on 
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system design and technical achievements of current image retrieval systems such as 

Alexandria Digital Library (ADL), Advanced Multimedia Oriented Retrieval Engine 

(AMORE), Blobworld, Image Finder, Finding Regions in the Pictures (FRIP), Multimedia 

Analysis and Retrieval System (MARS), Netra , Query By Image Content (QBIC) , Visual 

Information Processing for Enhanced Retrieval (VIPER) etc. are given in Veltkamp and 

Tanase [2] and Kherfi et al. [3]. 

Image includes both visual and semantic content. Visual content includes color, texture, 

shape and spatial relationship. Semantic content is obtained either by textual annotation or by 

complex inference procedures based on visual content. A visual content descriptor can be 

either global or local. A global descriptor uses the visual features of the whole image, 

whereas a local descriptor uses the visual features of regions or objects to describe the image 

content. A comprehensive and extensive literature survey on CBIR has been reported in [4], 

[5], [6], [7]. 

1.2 System Architecture 

 
Figure 1.1: General scheme for content based image retrieval 
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The general architecture of a content-based image retrieval system is shown in figure 1.1. 

The basic building blocks of CBIR system are given below: 

 Image database 

 Feature extraction 

 Feature database 

 Image matching and indexing 

 Retrieval result 

 Relevance feedback 

1.2.1 Image Database 

In order to compare the performance of different image features for retrieval systems, 

following natural as well as texture image database have used in the proposed research work.  

 Corel database 

 Caltech database 

 Brodatz database 

 USC database 

 MIT Vision Texture database 

Brief information about these databases is given as follows: 

 Natural Image Database 
This database contains the Corel 1000, Corel 2500 and combination of Corel and Caltech 

3000 image database. Corel 1000 database is a subset of Corel database [8] that contains 

1000 natural images of ten categories ranging from animals and outdoor sports to natural 

images i.e. Africa, Beach, Building, Buses, Dinosaurs, Elephants, Horses, Flowers, 

Mountains, and Food, with the size of either 256 384 or 384 256 . Each category contains 

100 images. The sample image of each category is shown in Figure 1.2. Corel 2500 natural 

image database is also a subset of Corel database which consist of 2500 images with two 

different sizes (either 384 256 or 256 384 ) and are categorized into 20 groups. Each 

category contains 50 to 600 images. Similarly, combination of Corel and Caltech database is 

formed using seven groups of Caltech database [9] (Airplane, Car, Leopard, Waterfall, 

Motorbikes, School Bus and Ketch) and twenty three groups of Corel database. This 

database contains the different sizes of images ranges from 80 120  to 896 592 . 
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Figure 1.2: Sample images of Corel 1000 database 

 Texture database 

Two types of texture database are used i.e. Brodatz and University of Southern California 

(USC) texture image database and MIT Vision Texture database. Brodatz and USC texture 

image database consists of 116 different texture images with size of 512 512 . Actually this 

database is the collection of 109 images of Brodatz texture photographic album [10] and 7 

textures of USC database [11]. Further each image in the database is divided into sixteen 

128 128  non-overlapping sub-images results into 1856 (116 16 ) texture images. The 

sample image of this database is shown in figure 1.3.  

 

Figure 1.3: Sample images of Brodatz database 

Similarly, MIT Vision Texture database consists of forty colored textures images from 

MIT Vision Texture [12] database with size of 512 512 . Further, each texture image is 
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divided into 16 nonoverlapping subimages of size 128 128 , thus creating a 640 ( 40 16 ) 

texture database. Samples images are shown in figure 1.4. 

 

Figure 1.4: Sample images of MIT Vision Texture database 

1.2.2 Feature Extraction and Feature Database 

This is a vital step in any image retrieval system. The retrieval performance of system is 

heavily depends on how well these features can represent an image. Feature is defined as a 

set of variable believed to carry discriminating and characterizing information about an object 

or image to be identified. These features are typically related to color, texture and shape. 

There are two types of features i.e. low level and high level. Color, texture, and shape are 

called as low level feature and human tend to use high level futures like keywords, text 

descriptors to interpret images and measuring their similarity. Following features are 

proposed in the present research work. 

Texture Features 

 Discrete wavelet transform with the combination of spatial orientation tree and 

vocabulary tree (DWT-VT) 

 Rotated wavelet filter with the combination of spatial orientation tree and vocabulary 

tree (RWF-VT) 

 Dual tree complex wavelet transform with the combination of spatial orientation tree 

and vocabulary tree (DT-CWT-VT). 

 Dual tree rotated complex wavelet transform with the combination of spatial 

orientation tree and vocabulary tree (DT-RCWT-VT). 

 Combination of DWT-VT+ RWF-VT. 
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 Combination of DT-CWT-VT+ DT-RCWT-VT. 

 Combination of a` trous wavelet transform and textons elements. 

 Combination of a` trous wavelet transform and local binary pattern (ALBP). 

Color Features 

 Local color histogram with vocabulary tree (LCH-VT). 

 Interspaces correlation method for color feature. 

Combination of color and texture features 

 Combination of color feature and color bit planes. 

 Combination of LCH-VT and DWT-VT+ RWF-VT. 

 Interspaces correlation and local binary pattern in a`trous domain. 

The feature vectors of the images form a feature database which further used in retrieval 

process. Actually, the collection of feature database is an offline process in CBIR application.  

1.2.3 Query Image 

In image retrieval system, user can give the query in one of following formats [7]. 

 Keywords: Users used the keywords for searching the particular image/object i.e. car, 

rose etc. The most popular search engines are Google and Yahoo which use this 

scheme for searching the images. 

 Images: Users wish to search an image similar to a query image using an example 

image. Recently, this query scheme is embedded in Google search engine. 

 Graphics: In this search method, query image is generated by a hand-drawn or 

computer generated picture, or graphics. 

 Composite: Query is formed using the combination of one or more of the aforesaid 

schemes. This also covers interactive querying as used in relevance feedback systems. 

In this research work, query is presented using an example image. 

1.2.4 Image Matching and Indexing 

To retrieve images, user provides the retrieval system with query image. The system 

then changes this query image into its internal representation in form of feature vectors. The 

similarities between the feature vectors of the query and those of the images in the database 
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are then calculated and images are ranked by similarity measure. In this way retrieval is 

performed. Recent retrieval systems have incorporated users' relevance feedback to modify 

the retrieval process in order to generate perceptually and semantically more meaningful 

retrieval results. 

In CBIR, different similarity measures are used to get a list of images close to query 

from the database. In recent years, many similarity measures have been developed for image 

retrieval application such as Euclidian distance, Histogram intersection, Mahalanobis 

distance etc. In this research work, different similarity and performance measures are used. 

These are explained as follows: 

1.2.4.1 Similarity Measures 

Similarity measure is significant step in content based image retrieval. Feature vector of 

query image is compared with the feature vector of images in database. Accordingly, the 

retrieval result is a list of images displayed as per their rank obtained by its similarity with 

query image. A distance function or metric is by definition nonnegative, symmetric, satisfies 

the triangular inequality, and has the property that   0D I ,J   if and only if I J . Not only 

the selection of suitable feature vectors but the selection of suitable distance metric also 

influences the performance of content based image retrieval system. In this research work, 

following different similarity measures are used.  

 Minkowski-Form Distance 
This is a family of distance functions parameterized by p. For Manhattan and Euclidean 

distance metrics the value of p is 1 and 2 respectively [13] and this distance function is given 

as:  

     
1

pp

i j
i

D Q,I f Q f I   
 
       (1.1) 

where  

 D Q,I  is the distance measure between the query image Q and the image I in the 

database. 

 if Q is the ith feature of query image Q. 

 jf I  is the jth feature of image I in database. 

Less distance is considered as more relevant image to query one. 
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 Score Measure 
Score between queryQ  and database image I  is given by the following equation 

1

P

Q I
i

Score F F


           (1.2) 

where   

QF - Feature vector of query image;  

P -Number of leaf nodes; 

IF - Feature vector of image in the database. 

The highest scoring database image is considered as more relevant image to query one. 

 Distance d1 

The distance d1 [14] is a normalized distance and is represented as: 

, ,

1 , ,

( , )
1

N
I i Q i

i I i Q i

f f
D Q I

f f




         (1.3) 

where  Q - Query image 

N - Feature vector length 

I - Image in database 

,I if - thi  feature of image I in the database 

,Q if  - thi feature of query image Q 

Images are retrieved by arranging distances of all the images present in database in ascending 

order. 

1.2.4.2 Performance Measures 

Evaluation of retrieval performance is a crucial problem in content based image retrieval. 

Many methods have been created and used by researchers. Mostly the measures used in 

CBIR such as precision, recall and PR graphical representation, have long been used in 

information retrieval (IR). The current statues of performance evaluation in CBIR are far 

from that in IR. There is neither a common image collection, nor a common way to get 

relevance judgments, nor a common evaluation scheme [15]. Some performance evaluation 

methods which are used in the research work are discussed in the following section. 
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Precision of query image qI  is given as: 

 q
Number of relevant images retrievedP I =

Total number of images retrieved
    (1.4) 

The weighted precision is computed using 

 
1

1 N
k

q
k

nWP I
N k

          (1.5) 

where  

kn -The number of matches between the first k retrieved images. 

N - Number of images retrieved. 

The rank of every query image qI  is computed using the following equation: 

1

1( ) ( )
AN

q i i
iA

C I rank I I A
N 

         (1.6) 

where A represents a query category and AN  represents the number of images in the same 

category.  

Recall of image qI  is defined as 

 q
Number of relevant images retrievedR I

Total number of relevant images in the database 
    (1.7) 

Similarly, the average of the precision, weighted precision, rank and recall are defined as  

 
1

1 qN
avg

k
kq

P P I
N 

          (1.8) 

 
1

1 qN
avg

k
kq

WP WP I
N 

         (1.9) 

 
1

1 qN
avg

k
kq

C C I
N 

          (1.10) 

 
1

1 Nq
avg

k
kq

R R I
N 

          (1.11) 

where qN  represents the number of queries and kI denotes the thk  image in the database. For 

global averaging, qN =1000 (Corel 1000 database) and for averaging in a specified category, 

qN =100. An ideal CBIR system has precision value 100% and average rank is 2qN , where 

qN  is the number of images in a specified category [16]. 
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Standard deviation of recall, precision and rank are defined as: 

2

1

1
1

qN
avg

k
kq

STD( R ) ( R( I ) R )
N 

 
       (1.12) 

  2

1

1
1

qN
avg

K
kq

STD( P ) P I P
N 

 
        (1.13) 

  2

1

1
1

qN
avg

a K
kq

STD( C ) C I C
N 

 
        (1.14) 

1.2.5 Relevance Feedback 

Relevance feedback is a supervised active learning technique used to improve the 

performance of retrieval systems. In CBIR, low level features such as color, texture, shape 

and spatial layout are extracted from images. While, human tend to use high level concepts 

like keywords, text descriptors to interpret images and measure their similarity. The 

discrepancy between the limited descriptive power of low-level image features and the 

richness of user semantics is described as semantic gap. Relevance feedback is one of the 

alternatives used to reduce this semantic gap. For a given query, CBIR system first retrieves a 

list of ranked images according to a predefined similarity metrics. Then, the user marks the 

retrieved images as relevant (positive examples) or irrelevant (negative examples) to the 

query image. The system will refine the retrieval results based on the feedback and present a 

new list of images to the user. Hence, the key issue in relevance feedback is how to 

incorporate positive and negative examples in order to refine the query and adjust the 

similarity measure. 

1.3 Problem Formulation 

In content based image retrieval, most important task is to collect features and once we 

have these features, next task is to combine these features for achieving good retrieval 

efficiency. With this view, the following two objectives are set in this research work. 

 To design a content based image retrieval system using different low level features 

(color and texture features) at local and global level. 

 To design a content based image retrieval system using integration of different low 

level features (color and texture features). 

Content based image retrieval uses the visual contents of an image such as color, shape, 

texture and spatial layout as a feature for representing and indexing the image. Since from 
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childhood, we know the well known story of power of unity and same concept motivated us 

to use the combination of different features in image retrieval applications. As we know that 

color alone cannot distinguish between tigers and cheetahs, indeed texture plays a very 

important role to distinguish them.  

Discrete wavelet transform (DWT) has achieved good reputation as a tool in signal 

processing for signal analysis and reconstruction but suffers with two main disadvantages 

[17] i.e. lack of shift invariance and poor directional selectivity. 2-D discrete wavelet 

transform decomposes the image into four sub-bands (LL, LH, HL and HH). HH sub band 

gives the diagonal information of the image but it is difficult to distinguish whether it has the 

direction of 45 or 135 . Similarly, a small shift in the input signal can cause major variations 

in the distribution of energy between DWT coefficients at different scales. First problem of 

standard wavelet transform is overcome using two-dimensional rotated wavelet filters (RWF) 

[13] which captures diagonal information more accurately when compared to discrete 

wavelet transforms (DWT). In most of the CBIR systems, mean, standard deviation and 

histogram of the transform coefficients are used as the global feature vectors [18-21]. 

However in the proposed method, combinations of spatial orientation tree (SOT) [22] and 

vocabulary tree (VT) [23] are used for feature collection which is useful to collect the local 

feature of image in transform domain. To conquer second problem of DWT with additional 

directional information, a new approach using dual tree complex wavelet transform (DT-

CWT) and dual tree rotated complex wavelet transform (DT-RCWT) in combination with 

spatial orientation tree (SOT) and vocabulary tree (VT) is suggested.  

In addition to retrieval efficiency, speed is equally important in case of CBIR. In this 

direction, à trous wavelet transform (AWT) with texton concept has been utilized to achieve 

the goals. AWT gives shift invariant wavelet features and texton elements give spatial 

relation in horizontal, vertical, diagonal and minor diagonal directions. Final feature vector is 

generated by performing co-occurrence operations on texton image in horizontal and zigzag 

direction. 

As already discussed, retrieval efficiency of CBIR can be strengthened using different 

features in combination. Hence combinations of global and local features are suggested and 

similarly the problem of assigning the weights to individual features is solved by particle 

swarm optimization technique.  

In most of the CBIR literature papers, color histogram is used as prime feature but it has 

two main limitations i.e. it gives only global information and spatial information is 
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completely ignored. First problem is solved using the local color histogram in combination 

with vocabulary tree. Further, this color feature is integrated with texture feature which 

obtained from the combination of DWT, RWF, SOT and VT.  

For conquering the second problem of color histogram, interspaces correlogram scheme is 

suggested which collects the color features at spatial level using interspaces correlogram 

technique. Similarly the texture features are collected at local level using the combination of 

à trous wavelet transform (AWT) with local binary pattern (LBP) [24]. Further, the 

combination of these color and texture features are utilized for achieving better performance 

in image retrieval application. 3 

1.4 Related Works 

This literature survey covers different low level as well as the combination of different 

low level features i.e. color, texture and shape. 

1.4.1 Color Features 

With the advancement of technology, a drastic change in lifestyle has taken place. In 

correlation to the present work, a noticeable example is watching color movies where the 

degree of enjoyment one can perceive is far more than viewing the black and white movies. 

Color does not only add beauty to images/video but gives more information about the scene. 

This information is used as the feature for retrieving the images. Various color-based image 

search schemes have been proposed, some of these are discussed in this section. 

Swain et al. [25] proposed the concept of color histogram in 1991 and introduced the 

histogram intersection distance metric to measure the distance between the histograms of the 

images. The global color histogram (GCH) is extensively utilized for the purpose of retrieval 

which gives probability of occurrences of each unique color in the image on a global 

platform. It is a fast method and has translation, rotational and scale invariant property, but it 

suffers from lack of spatial information which results in false retrieval results. Stricker et al. 

[26] proposed two new color indexing schemes. In the first approach they have used the 

cumulative color histogram. In the second method instead of storing the complete color 

distributions, first three moments of each color space of image are used. Even though color 

moments were able to avoid the quantization effects unlike the color histograms, they lacked 

in spatial information. In this aspect, Idris and Panchanathan [27] used vector quantization 

technique to compress the image and from codeword of each image, they obtained the 
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histogram of codeword’s which used as the feature vector. In the same manner, Lu et al. [28] 

proposed a feature for color image retrieval by employing the combination of discrete cosine 

transform (DCT) and vector quantization technique. A well known image compression 

method i.e. block truncation coding (BTC) method is used in [29] for extracting two features 

i.e. block color co-occurrence matrix (BCCM) and block pattern histogram (BPH). Image 

descriptors are generated with the help of vector quantization technique. Further, Teng and 

Lu [30] suggested the use of compressed image data for image retrieval which capture the 

spatial relationships of pixels while indexing the image. Another way to collect the color 

feature by using the modified version of the k-means algorithm with a distance based on 

cluster symmetry is given in Su and Chou et al. [31].  

Global histogram also suffers from spatial information. In order to overcome this problem 

Hauang et al. [32] proposed a color correlogram method which includes the local spatial 

color distribution of color information and gives three dimensional matrices that represents 

the probability of finding pixels of any two given colors apart at a distance d. However, from 

the computational eye it is unworthy thereby giving edge to autocorrelogram in order to 

represent the color distribution of image. Pass and Zabih [33] proposed the color coherence 

vectors (CCV) where a histogram based approach incorporates some spatial information. In 

this method, image is initially blurred to remove small differences between pixels which 

further split the pixels within histogram into two parts: a coherent vector and a non-coherent 

vector. A pixel is called coherent if its connected component is large. Aibing Rao et al. [34] 

proposed the modification in color histogram for achieving the spatial information and for 

this purpose they proposed three spatial color histogram : annular, angular and hybrid color 

histograms. Experiments reveal, these histograms outperforms the traditional color histogram 

and color coherent vector. Chang et al. [35] proposed a method which takes care of change in 

color due to change of illumination, the orientation of the surface, and the viewing geometry 

of the camera with less feature vector length as compared to color correlogram. Another 

approach for achieving the spatial information is suggested in [36], where image is first 

segmented using JSEG technique which captures the color properties of the image and 

perceptual color of segmented region is then converted to semantic color name. This method 

outperforms the traditional histogram technique. Problem of proper segmentation is tackled in 

[37] using salient point technique. Salient points are selected by using multi-scale Harris- 

Laplace detector and around these points color histogram of local feature regions is 

constructed as features for the purpose of retrieval.  
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Park et al. [38] proposed a modified local edge histogram descriptor for MPEG-7 by 

generating the global and semi-local edge histograms directly from the local histogram bins. 

Cinque et al. [39] suggested a spatial chromatic histogram which gives the spatial information 

of pixels having the same color and their proper location within the image. Xuelong Li [40] 

added spatial information by running sub-blocks with different similarity weights and color 

features are extracted from each sub-block. Further, the similarity between corresponding 

sub-blocks is calculated. Hun-Woo Yoo et al. [41] used two sets of features to filter out the 

irrelevant images i.e. major color set (MCS) signature related with color information and 

distribution block signature (DBS) related with spatial information. Further, these filters out 

images are compared with query image using global color set (GCS) and proposed a new 

feedback mechanism based on quad modeling (QM). Jianmin Jiang et al. [42] provided an 

efficient dominant color extraction algorithm directly in DCT compressed domain so the 

proposed technique will directly work with compressed format without full decompression. 

Therefore, it has the advantage of being a fast processing technique for content description of 

compressed videos and images. Problem of fixed bin in global histogram is solved by Yu 

Maa et al. [43] using a new variable bin size distance for histogram features which includes 

the correlations across bins and achieves the effects of cross bin distances using the 

calculations based on the distances of each bin in steps. Chuen Horng Lin et al. [44] proposed 

the new scheme for image retrieval with spatial information by employing the three types of 

color spatial distribution features (CSD). At initial stage all images are quantized using k-

means algorithm and from this quantized image, three CSD features are extracted. Also the 

genetic algorithm is used to tune the parameters of CSD features. At query time, filtering is 

achieved using cluster based technique. Conci and Castrol [45] studied the influence of the 

different distance metrics (city-block, Euclidean, histogram intersection, average color 

distance and the quadratic distance form) on image mining using color feature. Bhoyar and 

Kakade [46-47] proposed two approaches for CBIR application using color features i.e. first 

approach is based on a neural network color classifier which is trained using error back 

prorogation training algorithm and the second approach is based on heuristically designed 

fuzzy classifier using fuzzy if then rules for classifying color pixels. 

1.4.2 Texture Features 

Texture is one of the important features used in image retrieval. With the help of texture 

feature, we can discriminate the leopards and tigers images because leopard has black spots 
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but tiger has strips i.e. different texture pattern exists. Due to variations of intensity and color 

a certain repeated patterns called visual textures are formed. Four approaches used for 

analyzing textures of a region are statistical, structural, stochastic texture modeling and signal 

processing methods. Statistical methods analyze the spatial distribution of gray values, by 

computing local features at each point in an image, and deriving a set of statistics from the 

distributions of the local features. Statistical methods can be further classified into first-order 

(one pixel), second-order (two pixels) and higher-order (three or more pixels) statistics 

depending upon the spatial correlation between numbers of pixels. The most widely used 

statistical methods are Haralick’s gray level co-occurrence matrices[48], gray level 

differences [49] and autocorrelation feature [50]. Structural methods comprise of set of 

primitives in accordance with certain placement rules and can be found in various forms such 

as circle, hexagons or even dot patterns. Some of the structural methods are blobs method 

[51], Voronoi polygons [52], and local binary pattern [24] which incorporate occurrence 

statistics of simple local microstructures, thus combining statistical and structural approaches 

to texture analysis. Another way to describe the texture features is through modeling, where a 

model is constructed with parameters so that it can be used to generate the kind of texture 

required to be described. Markov random field model (MRF) [53] and fractal analysis [54] 

have been used for this purpose. Signal processing methods analyze the frequency content of 

an image. The most widely used signal processing methods are Fourier transform, Gabor 

transform and wavelet transform etc. 

Some of the relevant literature related to textures features are given below. 

Tamura et al. [55] proposed the six basic textural features, namely, coarseness, contrast, 

directionality, line likeness, regularity, and roughness well known as Tamura features. 

Haralick et al. [48] suggested the use of gray level co-occurrence matrices (GLCM) which 

emerged as one of the popular and extensively used texture features. Similarly, various 

statistical and structural texture analysis methods are discussed in Haralick [51]. Keeping in 

mind the same approach, Moghaddam et al. [14, 56] proposed wavelet correlogram (WC) 

method where they used pyramidal three scale decomposition algorithm on each image. Next, 

they applied four levels quantization on LH and HL sub-bands of DWT coefficients. Further, 

these quantized sub-bands are passed through autocorrelogram operation that results into 

feature vectors of respective image. Saadatmand et al. [16] optimized the quantization 

thresholds of wavelet sub-bands in WC by using genetic algorithm. Rest of the feature 

collection procedure is same as WC. The final feature length for a given image is 96. 

Moghaddam et al. [57] used Gabor transform in place of wavelet transform which shows a 
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noticeable improvement in rank, precision and recall compared to the wavelet correlogram 

(WC) and optimal quantized wavelet correlogram (OQWC). 

Mandal et al. [58] used Daubechies wavelet in three scales to obtain transformed data. 

Further, histograms of wavelet coefficients in each sub-band were computed and used as 

feature vectors for indexing the images. The proposed algorithm in [59] extracts texture 

regions from image spatial-frequency data which are represented by binary texture feature 

vectors that gives excellent performance in image query response time while providing highly 

effective texture discriminate ability, accuracy in spatial localization and capability for 

extraction from compressed data representations. Do and Vetterli [60] proposed the wavelet 

transform (DWT) based texture feature for image retrieval using generalized Gaussian 

density (GCD) and Kullback-Leibler distance (KLD). This method is experimented on 

VisTex database and shows an improvement in performance as compared to traditional 

approaches i.e. pyramid transform and wavelet frames. Manjunath and Ma [61] proposed 

Gabor wavelet features for texture image retrieval and shows the improved result as 

compared to the conventional pyramid structured wavelet transform (PWT) features, tree-

structured wavelet transform (TWT) features, and the multiresolution simultaneous 

autoregressive model (MR-SAR) features on the Brodatz texture database. Ahmadian et al. 

[62] used Gabor wavelet transform for texture classification and further shows its superiority 

over dyadic wavelets since later one loses some middle-band information, while the Gabor 

wavelet retains it. Ursani et al. [63] performed the comparison between discrete Fourier 

transform (DFT) and Gabor transform for texture retrieval and they have justified that Gabor 

transform enormously outperforms the DFT features, for images having Gaussian and salt & 

pepper noise. Challa et al. [64] proposed the modified Gabor transform to tackle the 

directional sensitive problem of Gabor transform and experimental simulation results 

demonstrate that the modified Gabor based method is useful for CBIR and thus shows better 

retrieval performance. Han and Ma [65] proposed the rotational invariant and scale invariant 

Gabor transform for CBIR with degraded performance on Brodatz database as compared to 

standard Gabor transform technique. Vo et al. [66] proposed complex directional filter bank 

(CDFB) which is further combined with Laplacian pyramid for feature vector generation. 

Experimental results gives good overall performance in texture retrieval rate over the existing 

directional transforms including Gabor wavelet, contourlet and steerable pyramid. Rallabandi 

and Rallabandi [67] proposed the multistate wavelet-based hidden Markov trees (MWHMT) 

for rotation invariant texture retrieval with Kullback–Leibler (KL) distance measure to find 

the similarity between textures. Experimental work was performed on Brodatz texture 
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database which shows the improved result in terms of precision and recall as compared with 

other wavelet algorithms like wavelet packet signature (WPS), polar wavelet energy signature 

(PWS), rotated complex wavelet filters and DWT wavelet pyramids. P. Rajavel [68] 

proposed the directional Hartley transform for content based image retrieval using two 

different approaches, wrapping based directional Hartley transform (WDirHT) and 

overlapping based directional Hartley transform (ODirHT). WDirHT employs the concept of 

Fourier integral operator (FIO) tiling scheme and ODirHT utilizes the concept of ridgelet 

tiling scheme. 

Wavelet transform finds a good position in texture analysis but suffers with directional 

problem. In texture classification specific directional information of an image is necessary. 2-

D discrete wavelet transform decomposes the image into four sub-bands (LL, LH, HL and 

HH). HH sub band gives the diagonal information of the image but it is difficult to 

distinguish the direction of 45  or 135 . Kim and Udpa [69] suggested a new methodology to 

overcome the problem of diagonal information by rotating standard 2-D DWF filters by 45  

and called it as rotated wavelet filter (RWF). Experimental results shows the combination of 

discrete wavelet filters and RWF provides significantly better classification accuracy on 

Brodatz texture images than individual. Kokare et al. [13] used the same concept for texture 

retrieval purpose and obtained the improved performance over discrete wavelet transform 

(DWT) and Gabor transform. Kokare et al. [70] proposed cosine-modulated wavelet 

transform based technique for extraction of texture feature which has less complexity and is 

fast as compared to Gabor transform method and also fetch good result on texture database. 

Wavelet transform is widely used in image processing but fails to efficiently represent object 

with highly anisotropic element such as lines or curvilinear structures since, wavelets are 

non-geometrical and do not exploit the regularity of edge curve. Curvelet transform preserves 

image edge information more accurately than conventional spectral methods such as wavelet 

and Gabor filters. Recent researches on multi-scale analysis, especially the curvelet research, 

provide a good opportunity to extract more accurate texture feature for image retrieval. The 

related material and applications of curvelet transform can be found in [71-77].  

Rivaz and Kingsbury [78] proposed the scheme of dual tree complex wavelet transform 

with approximate shift invariant and six directional information  15 , 45 , 75    

properties. In most of the applications of texture retrieval, Gabor transform is used but it has 

the disadvantage of slow computation. Also as and when compared with DWT, the complex 

wavelets are approximately shift invariant. Therefore, it is suggested to use the complex 
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wavelet transform for texture image retrieval. Experimental results show that the complex 

wavelet transform manages to achieve a similar performance to the Gabor wavelet transform 

with higher speed and shows superiority in performance to a normal wavelet transform. 

Kokare et al. [21] used dual tree rotated complex wavelet filters (DT-RCWF) with dual tree 

complex wavelet transform (DT-CWT) for texture image retrieval. This combination gives 

directional information in 15 , 45 , 75      and 30 0 30 60 90 120, , , , ,      

 directions i.e. 12 

directions with added approximately shift invariant property which is absent in DWT. The 

combined effect shows the improvement in retrieval results on texture database over wavelet 

and Gabor transform technique. Further, rotational invariance is proposed in Kokare et al. 

[79]. Fauzi and Lewis [80] used the multi-scale sub-image matching method together with the 

discrete wavelet frames for retrieving the texture images without segmentation. In [81], an 

image hashing scheme based on the combination of discrete wavelet transform and the Radon 

transform is proposed. Two distinct images have distinct hashes therefore the proposed 

method could also be used in image searching and retrieval. Zuo and Cui [82] proposed an 

image hashing algorithm based on fractional Fourier transform (FRFT) for content-based 

image retrieval (CBIR) application. The fractional Fourier transform literature is available in 

Almeida [83] and Shinde and Gadre [84].  

N. Jhanwar et al. [85] proposed motif co-occurrence matrix (MCM) which was derived 

from the motif transformed image obtained from six different motifs. MCM combined the 

color and texture information and retrieval results on VisTex database show better results 

over color co-occurrence matrix (CCM). This improvement in result is only because of MCM 

which captures the third order neighborhood statistics of the image, unlike the CCM where 

only the first order statistics is encoded. Wang and He [86] proposed new approach for 

texture classification using texture units and texture spectrum. Texture units mean small units 

such as 3 3  windows of texture image which is represented by eight elements, each of 

which has one of three possible values (0, 1, 2) obtained from a neighborhood of centre pixel 

of 3 3  window. Therefore, the total numbers of texture units are 83 6561 . Texture unit 

represents the local texture aspect and the occurrence distribution of texture units is known as 

the texture spectrum, with the abscissa indicating the type of texture unit and the ordinate 

represents its occurrence. Further improvement is given by Ojala et al. [24] with a name local 

binary pattern (LBP) where they proposed a two-level version of the method given by Wang 

and He [86]. With this two-level version, there are only 28=256 possible texture units instead 

of 6561. Further, they used the histogram of LBP for classification of Brodatz textures. Ojala 
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et al. [87] proposed the multi-resolution approach to gray scale and rotation invariant texture 

classification based on local binary patterns and nonparametric discrimination of sample and 

prototype distributions. Valtteri Takala et al. [88] suggested the combination of LBP texture 

features with block-based image division methods for image retrieval and further proved that 

this method is superior to color correlogram. Murala Subrahmanyam et al. [89] proposed a 

method for texture image retrieval using sign and magnitude of the local pattern (LP) 

operator. The sign LP operator (S_LP) is a generalized LBP operator and magnitude LP 

operator (M_LP) is the mean and variances of the magnitudes of local difference operator. 

Further, these descriptors in combination with Gabor transform are used as features for 

texture image retrieval. The experimental results after investigation show a significant 

improvement in terms of average recall as compared to S_LP (LBP) and some previously 

reported transform domain methods such as dual tree complex wavelet transform (DT-CWT), 

dual tree rotated complex wavelet transform and its combination (DT-CWT + DT-RCWT). 

Murala Subrahmanyam et al. [90] proposed the approach for texture image retrieval using 

multiresolution images with the help of Gaussian filter and then LBPs are collected from each 

multiresolution texture. Finally, feature vectors are constructed using autocorrelation between 

binary patterns. The retrieval results of the proposed method shows a major improvement in 

terms of average recall as compared with LBP histogram, Gabor transform and dual tree 

complex wavelet transform. 

Scale invariant feature transform (SIFT) is proposed by Lowe et al.[91] in 2004 which is 

invariant to scale, orientation and partially invariant to affine distortion and illumination 

changes. Zhuozheng Wang et al. [92] proposed a novel content based image retrieval 

algorithm based on region of interest using SIFT feature matching. Histograms of oriented 

gradients (HOG) feature descriptor is introduced by Dalal et al. [93] in 2005 for solving the 

problem of pedestrian detection in static images. They have also expanded their tests to 

include human detection in film and video. Actually, HOG is the part of SIFT where 

histogram of gradient orientation in a certain local region is used as the feature. In [94], 

attempted the problem of pedestrian detection in night-time environment using brightness and 

shape information. 

1.4.3 Shape Features 

Shape features of objects or regions have been used in many content based image 

retrieval systems. Shape features are usually described after images have been segmented into 
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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 special applications where 

objects or regions are readily available. The shape representations can be divided into two 

categories, boundary based and region based. The former uses only the outer boundary of the 

shape while the latter uses the entire shape region. The different descriptor used for shape 

representation are Fourier descriptor, statistical moments etc.  

Babu M. Mehtre et al. [95] discussed the effectiveness of several shape measures for 

content based similarity retrieval of images. The different shape measures implemented 

include outline based features (chain code based string features, Fourier descriptors, UNL 

Fourier features), region based features (invariant moments, Zernike moments), and 

combined features (invariant moments and Fourier descriptors, invariant moments and UNL 

Fourier features). Zhang and Lu [96] proposed generic Fourier descriptor which was derived 

by applying two-dimensional Fourier transform on polar-raster sampled shape image. Zhang 

and Lu [97] studied and compared the Fourier descriptors (FDs) and curvature scale space 

descriptors (CSSDs) which are widely used as counter shape descriptors for image retrieval. 

The skeleton is a useful shape abstraction that captures the essential topology of an object in 

both 2-D and 3-D. Saraf et al. [98-99] developed an algorithms for thinning of an object from 

its binary image. 

1.4.4 Combination of Features 

From childhood everyone knows that the combination of two or more good things give 

better result. The same philosophy is equally applicable to image retrieval applications. In 

retrieval, single feature has its own limitations. For example, color features cannot 

differentiate between the black buffalo and black car if both images have the same size. Here 

if we add shape feature in addition to color, definitely one can expect correct result. The same 

story will repeat in case of leopards and tigers. Both animals have same color but can be 

differentiated on the basis of texture features because leopards have black spots but tigers 

have black strips. In CBIR literature, numbers of methods are available with the 

combinations of color, texture and shape. Some of relevant methods are discussed in the 

following course. 

Manjunath et al. [100] proposed three colors (dominant color descriptor, color layout 

descriptor, scalable color descriptor) and three texture features (texture browsing descriptor, 

homogeneous texture descriptor and local edge histogram descriptor) that have been 
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approved for the final draft committee of the MPEG-7 standard. All these descriptors have 

been rigorously tested and evaluated following the MPEG-7 core experiment procedures to 

ensure their effectiveness and efficiency in a wide variety of applications based on 

multimedia content description. In the similar fashion, L. Zhu et al. [101] [102] used 

keyblock based approach which provides a practical solution for content based image 

retrieval analogous to text-based information retrieval. Keyblock codebooks are generated 

using vector quantization techniques from large volumes of image segments, including 

blocks, regions, and objects and then features are extracted on the basis of the frequency and 

appearance of keyblocks within images. Further, with same approach Liu and Zhang [103] 

proposed an efficient method based on the composition of interest points and keyblocks to 

solve the feature representation problem, which has more comprehensive consideration to 

object border and local region of image. 

Babu M. Mehtre et al. [104] used the combination of the shape and color features of an 

image based on a clustering technique on synthetic and trademarks images. Similarly spatial 

information with color is given in Kankanhalli et al. [105]. B.G. Prasad et al. [106] combined 

color and shape features at local level by dividing the image into nine equal blocks. Color 

features are collected from the dominant color clustering approach and shape is described 

using a region-based shape descriptor invariant to translation, rotation, and scaling. Further, 

they used the hashing technique to store the combined index of the image region-wise so at 

retrieval time includes only those images that are in the same hash bucket as those of the 

queried image are compared for similarity, thus reducing the search space and time. A new 

method namely SNL (Sridhar, Nascimento, Li) where each image is segmented and features 

including the color (color histogram of segmented region), shape (ratio between the height 

and the width of the minimum bounding rectangle of each region.), size and spatial position 

of the region are extracted is proposed in Sridhar [107]. Regions are matched by comparing 

the region content, shape and spatial position using Integrated Region Matching (IRM) 

distance measure. Further, they show that SNL outperforms the global color histograms 

(GCH) and color based clustering (CBC) in terms of precision and recall. 

In [108], Pour and Kabir proposed a new indexing technique that employs local chromatic 

distribution and local directional distribution of intensity gradient. Initially, an image is 

divided into 4 4  blocks and each image block, based on its intensity gradient, is classified to 

uniform or non-uniform. For uniform block, the average of each color component is found to 

assign a representative color to that block. Then, the histogram of uni-color uniform blocks of 

the image (HUCUB) is constructed. For each non-uniform block, two colors representatives 
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and histogram of bi-color non-uniform blocks of the image is used as a feature. Similarly, for 

representing the shape content of an image, the inter-block directional changes of the 

intensity gradient are counted and the histogram of directional changes in intensity gradient is 

generated. Qi and Han [109] proposed a novel fusion approach on regional color and texture 

features and the global and semi-global edge histogram descriptors (EHDs). Each region-

based feature is individually fuzzified to incorporate the segmentation-related uncertainties 

into the retrieval algorithm. 

Liu and Yang [110] proposed the new method of cooccurrence matrix i.e. texton co-

occurrence matrix (TCM) using Julesz textons theory and correlogram approach which shows 

the better results as compared to gray level co-occurrence matrix and color correlogram. 

Further, improvement in TCM is achieved by proposing the multi-texton histogram (MTH) 

technique.[111]. It integrates the advantage of co-occurrence matrix and histogram by 

representing the attribute of co-occurrence matrix using histogram, and can represent the 

spatial correlation of color and texture orientation. Further, they proposed the new feature 

namely micro-structure descriptor (MSD) [112] which is based on an edge orientation 

similarity and the MSD is built on the underlying colors in micro-structures with similar edge 

orientation. 

Lu and Chang [113] used the combination of global and local features for retrieval 

application. They used the mean value and the standard deviation of color component as the 

global feature and image bitmap as the local feature to describe the local characteristics of an 

image. Lin et al. [114] makes the use of three image features i.e. color co-occurrence matrix, 

difference between pixels in motif scan pattern and color histogram for k-means for retrieving 

natural and texture images. Dongcheng et al. [115] proposed combination of color (color 

histogram in HSV space) and texture information (edge histogram and edge direction 

histogram) for image retrieval with different distances including Euclidean distance, cosine 

distance and histogram intersection. In the three similarity measure methods, the retrieval 

performance of cosine distance is superior to Euclidean distance; histogram intersection 

distance is superior to the former two, but fails in speed. Young Deok Chun et al. [116] 

proposed a CBIR method which uses the combination of color autocorrelogram of hue and 

saturation component of images and BDIP (block difference inverse probability) and BVLC 

(block variation of local correlation coefficients) moments of value component of image in 

the wavelet transform domain. BVLC represents the variation of block-based local 

correlation coefficients according to four orientations which measure the texture smoothness. 

BDIP is a texture feature that effectively extracts edges and valleys. Experimental result 
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shows that the proposed method yielded higher retrieval accuracy than MPEG-7 and 

BVLC+BDIP methods with no greater feature vector dimension. 

The fixed partitioning cluster correlogram representation is described in Abdullah et al. 

[117]. In this scheme, each image is divided into partitions of equal size using fixed 

partitioning and salient point schemes. After partitioning, low level visual features (MPEG-7) 

are computed for each region. These features are quantized and clustered using k-means 

clustering. Each region is represented by a cluster index, and a data structure similar to the 

color correlogram is used to capture the spatial relation between regions. Further, they used k-

nearest neighbors (k-NN) and support vector machine (SVM) algorithm for classification 

purpose. The results show that the cluster correlogram outperforms the cluster histogram, a 

color correlogram and MPEG-7 features alone, and SVM significantly outperforms the k-NN 

classifier. 

Sebe et al. [118] proposed the local level features using salient point which are detected in 

multi-resolution images obtained from wavelet transform. From these salient points, color 

moments, Gabor and wavelet moments are extracted as the features. Wang Xing Yuan et al. 

[119] proposed a method where they first find out color connectivity region of color image 

and then extracts the co-occurrence matrix of red and green components of RGB color model, 

H components of HSV color model and gray component. Due to the color information, the 

feature obtained not only reflects the texture correlation but also represents the color 

information. Proposed method is superior to the gray level co-occurrence matrix method and 

color histogram method. Xiang Yang Wang et al. [120] proposed the combination of color, 

texture and shape information for retrieval purpose using dynamic dominant color, steerable 

filter texture feature, and pseudo-Zernike moments shape descriptor respectively. 

Experimental results show performance gain in average normal precision, average normal 

recall, and average retrieval time over traditional color histogram and color histogram of sub-

blocks method. 

Jun Yue et al. [121] used the combination of color feature (global color histogram and 

block color histogram) and texture feature (Gray level co-occurrence matrix) for image 

retrieval. One of the problems in combining the different features is proper assignment of 

weights to different features. This problem is solved in [122] where they proposed an 

integrated approach for capturing spatial variation of both color and intensity levels in the 

neighborhood of each pixel using the HSV color space which are represented in a single 

composite feature known as integrated color and intensity co-occurrence matrix. 
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Yao and Chen [123] proposed a new method for retrieving the colored texture as well as 

natural images using the combination of color and local edge pattern. Color features are 

collected from 64 bin color histogram in RGB space and local edge pattern is used to collect 

the local spatial feature on edge image which is obtained by using Sobel operation on 

intensity image. Experimental result demonstrates the superiority of proposed method on 

color moment and LBP+VAR method on natural and color texture images. 

1.4 Organization of the Thesis 

This thesis is organized into eight chapters. Chapter 2 suggests how to overcome the 

directional problem of wavelet transform. 2-D discrete wavelet transform decomposes the 

image into four sub-bands (LL, LH, HL and HH) where HH sub band gives the diagonal 

information of the image but it is difficult to distinguish whether it has the direction of 45  or 

135 . This problem is solved by combinations of spatial orientation tree (SOT) [22], two-

dimensional rotated wavelet filters (RWF) [13] and vocabulary tree (VT) [23]. SOT 

represents the parent-offspring relationship among the wavelet coefficients in multi-

resolution wavelet sub-bands. Similarly, RWF captures diagonal information more accurately 

when compared to discrete wavelet transforms (DWT). SOT gives the set of descriptor 

vectors for each image which are further indexed using vocabulary tree [23]. The proposed 

method (DWT-VT+RWF-VT) is tested on Corel 1000 [8], Corel 2500 and texture image 

database (Brodatz [10] and University of Southern California (USC) [11]). On Corel 1000 

database, proposed method shows improved average precision and average recall over 

optimal quantized wavelet correlogram (OQWC) [16] and Gabor wavelet correlogram 

(GWC) [57]. Also, the average rank of proposed method is less as compared to OQWC and 

GWC. Same is true for Brodatz texture database where average precision of proposed method 

(PM) is found to be better than RWF, DWT, and RWF+DWT [13]. This indicates that the 

PM proves its validity for natural as well as texture database. Similarly, in CBIR, one should 

emphasis on another aspect i. e. retrieval time and in this regard, proposed method is fast in 

comparison with GWC. The DWT-VT+RWF-VT method collects the local feature of an 

image in transform domain which is an additional feature. This is possible because of the 

combination of SOT and VT. 

In chapter 3, we suggest directional information with shift invariance property in the 

feature generation. Wavelet transform has achieved good reputation as a tool in signal 

processing for signal analysis and reconstruction but it suffer from two problems i.e. lack of 
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shift invariance and poor directional selectivity [17]. 2-D discrete wavelet transform 

decomposed the image into four sub-bands (LL, LH, HL and HH) where HH sub band gives 

the diagonal information of the image but it is difficult to distinguish whether it has the 

direction of 45  or 135 . Similarly, a small shift in the input signal can cause major 

variations in the distribution of energy between DWT coefficients at different scales. To 

conquer these problems, a new approach using dual tree complex wavelet transform with 

vocabulary tree (DT-CWT-VT) is suggested. DT-CWT provides directional information in 

15 , 45 , 75     directions. Next, descriptor vectors are generated from different sub-bands 

by using spatial orientation tree (SOT) technique. Finally, the feature vectors are formed by 

mapping the set of descriptor vectors of image using vocabulary tree. The proposed method is 

tested on Corel 1000 and texture image database (Brodatz and USC). On Corel 1000 and 

Corel 2500 database, improvement in performance of DT-CWT-VT technique over OQWC, 

GWC is observed. Similarly on texture database, DT-CWT-VT gives good performance over 

DWT, GWT, DT-CWT, and DT-RCWT [21]. This work is further extended for incorporating 

more directional information by combining the DT-CWT and dual tree rotated complex 

wavelet filters (DT-RCWF) with spatial orientation tree (SOT) and vocabulary tree (VT). 

DT-RCWT gives the directional information into six directions i.e. 30 0 30 60 90 120, , , , ,       . 

The proposed method is well established on texture database where average recall of 

proposed combination i.e. DT-CWT-VT+DT-RCWT-VT is far better than DWT, GWT and 

DT-CWT+DT-RCWT. 

Chapter 4 presents a new method for feature extraction using combination of à trous 

wavelet transform (AWT) and Julesz’s texton theory [124]. AWT gives shift invariant 

wavelet features and texton elements give spatial relation in horizontal, vertical, diagonal 

and minor diagonal directions. Final feature vector is generated by performing co-

occurrence operations on texton image in horizontal and zigzag direction. Texton co-

occurrence matrix gives second order statistics related to texton image. Experimental 

outcome on Corel 1000 database shows that with only one pixel width (d=1) and horizontal 

and zigzag scanning direction, average precision and average recall of proposed method is 

better than OQWC [16] and GWC [57] which uses the combination of four pixel distances 

(i.e.  1 2 3 4d , , , ) for feature vector generation. Therefore, computational complexity in the 

proposed method is less so it is faster than the OQWC and GWC. Similarly, this method 

shows its importance on Corel 2500 and texture database. Further improvement in same 

scheme is achieved by adding the orientated image in the feature generation. Orientation of 
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texture elements plays an important role in the texture discrimination process and is helpful 

to estimate the shape of textured image. Small change in texture elements orientation results 

in strong influence on human perception of texture image. For orientation detention, Sobel 

gradient operator is used on gray scale image along horizontal and vertical direction. Final 

feature vector is generated from texton and orientated image using the combination of first 

and second order statistics. Additional advantage of proposed method is the length of feature 

vector is less as compared to OQWC [16] and GWC [57] and during texton image 

formation, only one pixel width (d=1) is considered rather than four different combination (

 1 2 3 4d , , , ) as used in OQWC and GWC. The proposed method shows an improved 

average precision, average recall over OQWC and GWC in addition to the average rank 

which is less as compared to OQWC and GWC. The proposed method has proved itself 

worthy on Corel 1000 and 2500 image database. Similarly in CBIR, one should emphasis on 

feature extraction and retrieval time and in this regard the proposed method is faster than 

OQWC and GWC.  

Next, author concentrates to observe the effect of integration of two different features i.e. 

color and texture features. The effect of integration is verified on three different approaches. 

Details are given below: 

In Chapter 5, color histogram (global information) and block bit-plane (local information) 

are used as the features for retrieval of images. From the experimental result, it is obvious 

that the individual performance of color histogram (CH) and block bit-plane (BPP) is not up 

to the mark but it shots up once used in combination. For similarity measurement, distance d1 

is used for CH features and BBPs are compared bit by bit using Hamming distance. Finally, 

the overall similarity is computed as a weighted combination of global and local features. 

Particle swarm optimization is used for optimization of these weights. The proposed method 

is tested on 1000 and 3000 image database that demonstrates significant improvement in 

average precision and recall as compared to their individual performance and the Chuen Lu 

and Chin Chen Chang (TL) [113] method. The same improvement is observed on 3000 image 

database which generated from Corel and Caltech database [9]. 

Chapter 6 suggests a new method for retrieving the natural as well as texture (colored as 

well as gray) images using color and texture features. Color features are collected at local 

level using local color histogram and vocabulary tree (LCH-VT) technique. Similarly, texture 

information is generated by the combination of discrete wavelet transform (DWT) and rotated 

wavelet filters (RWF) that adds to the exact distinction in 45  and 135  directions which is 
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absent in the DWT. Another feather in a cap is suggestion of a new direction for collection of 

the features from transform domain coefficients using the spatial orientation tree (SOT) 

technique in combination with vocabulary tree. Experimental results show the superiority of 

proposed technique on all three databases i.e. two texture database (Brodatz database [10] 

and MIT Vision Texture [12]) and a natural database (Corel 1000) over Lin et al. [114] 

method. Additional feature of PM is that it collects the local features of image in transform 

domain because of the combination of SOT and VT.  

Chapter 7 suggests third approach in the similar way for retrieving the natural images 

using the combination of color and texture features. Color features are collected at spatial 

level using interspaces correlogram technique and texture information is generated by the 

combination of à trous wavelet transform with local binary pattern (ALBP). à trous wavelet 

transform, is used because of its shift invariant property and less computation time when 

compared with Gabor transform. Another advantage is less feature vector length as compared 

to Gabor local binary pattern (GLBP). ALBP method proves its superiority over local binary 

pattern (LBP) [24] and Gabor local binary pattern (GLBP). On Coral 1000 database, average 

precision and average recall is achieved by ALBP which is more than LBP and GLBP 

method. Similarly, for color feature, interspaces correlogram method is proposed which gives 

the spatial information which is absent in GCH as well as in k-means. Also, the feature vector 

length is less as compared to color correlogram [117]. This interspaces correlogram method 

(color feature) fetch similar improvement over global color histogram, k-means, color 

correlogram, fixed partitioning and MPEG-7 [117] method. Experimentally, it has been 

proved that the combination of texture and color feature (ALBP + interspaces correlogram) 

gives good average recall and average precision over an integrated color and intensity co-

occurrence matrix (ICICM) [122] and Lin et al. [114] methods on Corel 1000 database. The 

same improvement is observed on Corel 2500 image database.  

Chapter 8 concludes with the summary of the main contributions and addresses the 

directions for future research. 
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Chapter 2 

Image Retrieval using Rotated Wavelet Transform with 
Vocabulary Tree 

2.1 Introduction 

Wavelet transform is well-known concept in image processing applications, particularly 

in texture classification and retrieval applications. However one of the limitations in wavelet 

transform is directional selectivity. 2-D discrete wavelet transform decomposed the image 

into four sub-bands (LL, LH, HL and HH) where HH sub band gives the diagonal information 

of the image but it is difficult to distinguish whether it has the direction of 45  or 135 . Most 

of the natural images contain number of smooth regions and edges with random orientations; 

hence in such cases, 2-D DWT cannot give the optimal representation of natural images and 

same is true for texture images also. To overcome this problem, Kim et al. [69] proposed the 

rotated wavelet filter (RWF) which obtained by rotating standard 2-D discreet wavelet filters 

by 45 . Experimental results show the combination of discrete wavelet transform (DWT) and 

RWF provide significantly better classification accuracy on Brodatz texture images than 

individual. Kokare et al. [13] used the same concept for texture retrieval purpose with 

Daubechies wavelet. In this chapter, a new method using rotated wavelet filters with spatial 

orientation tree (SOT) and vocabulary tree (VT) is presented. Experimental work is 

performed on natural (Corel database) as well as texture database (Brodatz and University of 

Southern California texture database) and the retrieval results have demonstrated significant 

improvement in average recall, average rank, standard deviation of rank as well as standard 

deviation of precision. 

2.2 Proposed Method 

Flowchart of proposed method is as shown in figure 2.1; it contains two paths with three 

components in each path. In the first path, first component RWF is obtained by rotating 

Daubechies eight tap mother wavelet coefficients through 45  for providing directional 

information. Second component is the spatial orientation tree (SOT) which is used for the 

generation of descriptor vectors from different sub-bands. Finally, the feature vectors are 

formed by indexing the set of descriptor vectors of image using vocabulary tree. In most of 

the CBIR systems, mean, standard deviation and histogram of the transform coefficients are 
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used as the features vectors [18-21]. In proposed algorithm, vocabulary tree is used for 

indexing the image features [23]. The same justification is equally applicable for second path 

where only discrete wavelet transform (DWT) replaces the RWF. 

 

Figure 2.1: Flowchart of proposed method (DWT-VT+RWF-VT) 

The details of each component are given below: 

2.2.1 Wavelet Transform 

Wavelt transform shows its importance in signal processing area since last 25 years. 

Wavelet transform replaces the infinetly oscilating sinusodial basis functions of Fouirer 

Transform with the set of locally oscilating basis functions called wavelet. The wavelet 

transform provides a multiresolution approach to texture analysis and classification. Studies 

of human visual system support a multiscale texture analysis approach, since researchers 

have found that the visual cortex can be modeled as set of independent channels, each tuned 

to a particular orientation and spatial frequency band. This is the reason where wavelet 

transforms are found to be useful for texture feature extraction. 

The 1-D discrete wavelet transform (DWT) decomposes a signal    2f t L in terms 

of shifted and dilated mother wavelet  t  and scaling function  t  
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Since 
0j ,l  and j ,l  are orthogonal to each other, the scaling coefficients 

0j ,lc and wavelet 

coefficients j ,ld  are computed via the inner products 
0 0j ,l j ,lc f ,  and 

0j ,l j ,ld f , . 

2.2.2 Two- Dimensional (2-D) Wavelet Decomposition 

2-D wavelet decomposition is achieved by using either separable or non-separable 

wavelet transform. In separable case, 2-D wavelet transform is obtained by performing one-

dimensional wavelet transform along the rows of ( , )f x y , followed by the one-dimensional 

wavelet transform along the columns. The non-separable wavelet transform can be computed 

by filtering the ( , )f x y  with 2-D wavelet filters followed by 2-D down sampling operations 

as shown in figure 2.2.  

 

Figure 2.2: 2-D DWT decomposition 

Two dimensional scaling function,  x, y  and three two dimensional wavelets 

 0 x, y ,  90 x, y  and  45 

x, y  are obtained from the products of one dimensional 

wavelet and scaling functions as given below: 

     x, y x y    

     0 


x, y x y    (HL wavelet) 

     90 


x, y x y    (LH wavelet) 

     45 


x, y x y    (HH wavelet)    (2.2) 

The 2-D filters ,,ll hl lhH H H  and hhH  as shown in Figure 2.2 are obtained from equation 

(2.2) and they correspond to 90, ,
 o   and 45 

 respectively. These wavelets are called 
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directionally sensitive because it measures the variations in the intensity along the horizontal, 

vertical and diagonal directions.  

The discrete wavelet transform of function    2 2f x, y L  is given by 

     
0 0

2 2
0

i i
j ,l j ,l j ,l j ,l

i j jl Z l Z

f x, y c x, y d x, y


 
  

       (2.3) 

where     
0

0

22 2 o

j
j

j ,l x, y x, y k     

      22 2 0 90 45     
j

i j
j ,l x, y x, y k , i , ,   

Figure 2.3 shows the frequency domain partition resulting from one level DWT 

decomposition. 

 

Figure 2.3: Frequency domain partition of one level DWT decomposition 
 

2.2.3 Rotated Wavelet Filter 

One of the problems in discrete wavelet decomposition is its poor directionality. 2-D 

DWT can resolve only three spatial-domain feature orientations: horizontal (HL), vertical 

(LH) and diagonal (HH) and that to diagonal band gives the mixed information about 45  

and 135 . Most of the natural images contain number of smooth regions and edges with 

random orientations; hence in such cases 2-D DWT cannot give the optimal representation 

of natural images. Thereby the performance of system in retrieval application is affected. 

This problem is resolved by using non-separable oriented wavelet transform with the rotated 

wavelet filters. Rotated wavelet filter sets are obtained by rotating the standard 2-D discrete 

wavelet by 45  so that the decomposition is performed along the new directions ' ( )f x  and 

' ( )f y as shown in figure 2.4.  



34 

 

Figure 2.4: Frequency domain partition of one level RWF decomposition 

Let h and g represent the one dimensional db4 wavelet low pass and high pass filter 

coefficients respectively, then 2-D low-low, low-high, high-low and high-high filter 

coefficients are derived as : 
T

llH h h  
T

lhH h g  
T

hlH g h  
T

hhH g g      (2.4) 

2-D rotated wavelet filter coefficients R
jH are obtained by rotating the corresponding 2-D 

wavelet filter coefficients jH by 45  (where j denotes ll, lh, hl, hh). The size of above 2-D 

filter is (2 1) (2 1)M M   , where M is the length of the 1-D filter. Figure 2.5 (a) and (b) 

show the one level decomposition of image using 2-D DWT and 2-D RWF respectively. The 

two different characteristics ( 45  and 135 ) of image are clearly seen in rLH  and rHL  band 

of figure 2.5 (b) which is absent in LH and HL  band of figure 2.5 (a). 

 

Figure 2.5: (a) and (b) shows the one level decomposition of image using 2-D DWT and 2-D 
RWF respectively 
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2.2.4 Spatial Orientation Tree for DWT and RWF 

Wavelet transform decomposes an image into approximate and detailed sub-bands where 

normally, most of the energy is concentrated in the low frequency components. Similarly 

detailed coefficient values decrease as we move from the highest to the lowest levels of the 

sub-band pyramid. It has been observed that there is a spatial self-similarity between sub-

bands and the coefficients are expected to be of better magnitude order, if one moves 

downward in the pyramid following the same spatial orientation [22]. A tree structure, called 

spatial orientation tree, defines the spatial relationship on the hierarchical pyramid. The tree 

is defined in such a manner that each directional sub-bands node has four offspring, which 

always form a group of 2 2 adjacent pixels which has been shown very clearly in figure 2.6.  

 

Figure 2.6: Parent-offspring relation among sub-bands 

The set of immediate descendants (offspring) of directional sub-bands are denoted by

 ( , ) (2 , 2 ), (2 1,2 ), (2 , 2 1), (2 1,2 1)O i j i j i j i j i j     . The formation of descriptor vectors 

for three levels decomposition is shown in figure 2.7. For instance, descriptor vector 1,1d is 

given as: 

.1,1 1 1 1 1 1 1, , , , , , ,......., , ,
lh hl hh lh hl hhlh hl hhd A B B B C C C G G G     (2.5) 

Same procedure is repeated on rest of the descriptors vectors. For the image of size X X  

and L  level of decomposition, numbers of descriptor vectors (ND) and the vector length of 

each descriptor vector  LF  are given as: 
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D L LN X Y   

( 2)

2

4 3 4
L

i
L

i
F 



           (2.6) 

where XL and YL are the dimensions of Lth level decomposition matrix. 

These SOT descriptor vectors are further mapped on vocabulary tree (explained in section 

2.2.5.2) for the generation of feature vectors of respective image. 

 

Figure 2.7: Descriptor vectors construction 

2.2.5 Vocabulary Tree 

SOT gives descriptor vectors whose volume and vector length depend on the size of 

image and number of decomposition levels are used (equation 2.6). The problem of handling 

such large descriptor vectors is sorted out using the vocabulary tree technique. This tree gives 

a hierarchical quantization threshold (cluster centers) that is built by hierarchical k-means 

clustering. Its algorithm comprises of three major steps: 

 Unsupervised training of the tree using k-means clustering. 

 Mapping of image descriptor vectors on this tree. 

 Normalization of features. 

2.2.5.1 Unsupervised Training of the Tree using k-means Clustering 

Descriptor vectors of the different images are selected as the training vectors. These 

training vectors are partitioned into different groups using k-means clustering technique. The 

algorithm for the same is given below: 
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 Let T numbers of the descriptor vectors are selected as training vectors. 

 At level 1 clustering, T numbers of training vectors are grouped into k clusters using 

k-means clustering techniques. 

 Store the respective cluster centres and cluster members. 

 The same process is then recursively applied to descriptor vectors of each clusters so 

that the cluster members of respective group are further partitioned into k-clusters. 

This process continues up-to a maximum L levels.  

Figure 2.8 shows the flow chart of above algorithm.  

 

Figure 2.8: Vocabulary tree 

2.2.5.2 Mapping 

In this process, the descriptor vectors of each image are mapped on the vocabulary tree 

using cluster centers of each cluster at different levels. The algorithm for the same is given 

below 

 Let an image has P numbers of descriptor vectors. 

 Propagate each descriptor vectors down the tree, simultaneously at each level 

compared it to the k cluster centres and choosing the closest one using L2 distance. At 

the same time, set a counter at every leaf nodes that counts the number of the 

descriptor vectors which passes through it. This process is set at all levels so that we 

can collect the image feature at different levels. After exhausting all descriptor 
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vectors, the counter value at different leaf nodes are further processed in section 

2.2.5.3. 

 The above two steps are repeated for entire images of database. 

2.2.5.3 Feature Vector Generation and Normalization 

The feature vector of each image is defined at different levels. At Lth level and ith leaf 

node, feature vector LiF  is given as 

Li i iF m w         (2.7) 

lni
i

Nw
N

         (2.8) 

where   mi –number of descriptor vectors of database image pass through the leaf node i 

  wi – weight of leaf node i, 

  N – Total number of images in the database 

 Ni – Number of images in the database with at least one descriptor vector 

passes through node i 

Similarly normalization is used to achieve the fairness between database images with 

different descriptor vectors. Therefore the normalized feature vectors at level L and node i is  

Li
Nor

Li

FF
F

         (2.9) 

This normalized feature vector is used as the final feature of each image.  

2.3 Feature Extraction and Similarity Measure 

The performance of proposed method is compared with some existing methods. The brief 

review of these methods and feature collection procedure is explained below: 

2.3.1 Optimal Quantized Wavelet Correlogram (OQWC) 

Moghaddam et al. [14, 56] proposed wavelet correlogram (WC) method where they used 

pyramidal three scale decomposition algorithm on each image. Next, they applied four levels 

of quantization on LH and HL sub bands of DWT coefficients. Further these quantized sub- 

bands are passed through autocorrelogram operation that results into feature vectors of 

respective image. The detailed information is available in [14, 56]. Saadatmand et al [16] 

optimized the quantization thresholds of wavelet sub-bands in WC by using genetic 
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algorithm. Rest of the feature collection procedure is same as WC. The final feature length 

for a given image is 96. Detailed information is available in Saadatmand et al. [16]. 

2.3.2 Gabor Wavelet Correlogram (GWC) 

Moghaddam et al. [57] proposed Gabor wavelet correlogram, where they used three 

scales and four orientations Gabor transform on each image which results into twelve sub-

bands. These sub-bands are quantized using four different levels. Further, autocorellogram 

operation with four distances is performed on quantized sub-bands which results into feature 

vector length of 192 for each image. 

2.3.3 Proposed Method (DWT-VT+RWF-VT) 

In the proposed method (PM), each image is decomposed either into three levels (texture 

database) or four levels (Corel database) and features are extracted as per the procedure 

mentioned in section 2.2. Following three sets of features are computed:  

 Feature Set 1: Discrete wavelet transform with vocabulary tree (DWT-VT) 

First step is to apply the 2-D discrete wavelet transform using the db-4 mother wavelet to 

each image and decompose it up to four levels. Second step is to perform the SOT 

operation on these different sub-bands as per procedure given in section 2.2.4. Output of 

SOT is the descriptor vectors which are further mapped on the vocabulary tree. The 

values at the leaf nodes of vocabulary trees are used as the features vectors for respective 

image. For practical implementation, vocabulary tree is trained using ten cluster centres 

(k=10) and four levels (L=4). Numbers of leaf nodes are 10,100, 1000 and 10000 are 

generated at level 1, 2, 3 and 4 respectively. A feature vector for DWT-VT is given as 

DWT VT LF f           (2.10) 

where Lf -Values available at Lth level leaf nodes of vocabulary tree. 

 Feature Set 2: Rotated wavelet filters with vocabulary tree (RWF-VT) 

Perform the same procedure as used in Feature Set 1 for feature vector generation with 

change in transform only. A feature vector for RWF-VT is given as 

RWF VT LF f          (2.11) 

where Lf -Values available at Lth level leaf nodes of vocabulary tree. 
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 Feature Set 3: Combination of DWT-VT and RWF-VT. 

Feature vector for each image is computed by combination of DWT VTF   and RWF VTF   with 

proper weights. A feature vector TotalF  is given as 

1 2Total DWT VT RWF VTF w F w F            (2.12) 

where 1 0.7w   and 2 0.3w   are the weights of DWT VTF   and RWF VTF  respectively. 

2.3.4 Similarity Measure 

In the proposed method, a scoring is used as a similarity measure which calculate the 

score between query iQ  and database image iI  as given in equation (2.13) 

1
i i

P

Q I
i

Score F F


           (2.13) 

where  
iQF - Feature vector of query image;  

P -Number of leaf nodes; 

iIF - Feature vector of image in the database. 

Highest scoring database image is considered as more relevant image to query one. 

2.4 Experimental Analysis 

This section discusses the effectiveness of combination of RWF and DWT for CBIR. 

During the offline feature extraction stage, feature vectors are computed for all images in the 

database using the procedure as explained in section 2.3.3. In online stage, the query image 

feature is compared with the feature vectors of images in the given database using the scheme 

as mentioned in section 2.3.4. After all the database images have been compared, the images 

are then retrieved with decreasing similarity scores. Experiments are carried on three separate 

databases. The first consists of Corel 1000 database which includes 1000 natural images. The 

second database is Corel 2500 which consists of 2500 natural images. Finally, we used the 

texture image database which includes the Brodatz and University of Southern California 

(USC) texture image database. The evaluation takes into account of several important factors, 

including precision, weighted precision, average recall, average rank, standard deviation of 

rank and standard deviation of precision. 
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2.4.1 Corel 1000 Database 

Corel 1000 [8] is the subset of Corel database contains 1000 natural images of various 

categories ranging from animals and outdoor sports to natural images. These images are pre- 

classified into ten different categories where each category contains 100 images with the size 

of either 256 384  or 384 256 . These categories are listed in Table 2.1.  

In this experiment, each image in the database is used as the query image. For each query, 

the system retrieves the n database images i.e. 1 2( , ,........., )nX x x x  which are displayed in 

descending order according to the scores between indexing vectors of the query and retrieved 

images. In particular, a retrieved image is considered as a match if and only if it is in the 

same category as the query. Following different parameters are used to quantify the 

performance of proposed method: 

Precision of query image qI  is given as 

 q
Number of relevant images retrievedP I =

Total number of images retrieved
    (2.14) 

The weighted precision is computed using 

 
1

1 N
k

q
k

nWP I
N k

           (2.15) 

where  

kn -The number of matches between the first k retrieved images. 

N - Number of images retrieved. 

The rank of every query image qI  is computed over all matches using the following equation: 

1

1( ) ( )
AN

q i i
iA

C I rank I I A
N 

         (2.16) 

where A represents a query category and AN  represents the number of images in the category 

A.  

Recall of query image qI  is computed as: 

 q
Number of relevant images retrievedR I

Total number of relevant images in the database
    (2.17) 

Similarly, the average of the precision, weighted precision, rank and recall are defined as: 

 
1

1 qN
avg

k
kq

P P I
N 

          (2.18) 
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          (2.20) 
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          (2.21) 

where qN  represents the number of queries and kI represents the thk  image in the database. 

For global averaging, qN =1000 (Corel 1000 database) and for averaging in a specified 

category, qN =100. 

The standard deviation of the precision, weighted precision, rank and recall are defined as 

  2
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1
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        (2.22) 
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  2
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        (2.25) 

Table 2.1 shows the experimental result of paper [16] and Table 2.2 gives the 

experimental outcomes of developed method on the same database (Coral 1000).  

Table 2.1: Results of the OQWC [16] 

Sr. 
No 

Category Pavg 
(%) 

STD(P) 
(%) 

WPavg 
(%) 

STD(WP) 
(%) 

Ravg 

(%) 
STD(R) 

(%) 
Cavg 

 
STD(Ca) 

 

1 Africans 57.7 29.2 68.2 25.0 31.1 12.7 282 78 
2 Beaches 49.3 28.2 61.9 23.4 28.6 16.5 335 131 
3 Buildings 50.9 23.7 63.2 20.6 30.5 12.1 308 141 
4 Buses 87.1 20.5 91.2 15.3 64.0 16.4 108 79 
5 Dinosaurs 74.6 28.5 82.8 22.0 28.8 10.6 410 91 
6 Elephants 55.7 20.9 70.7 17.5 30.7 8.4 235 44 
7 Flowers 84.3 24.3 88.3 19.4 65.3 19.9 125 82 
8 Horses 78.9 23.1 85.9 19.5 39.9 13.9 264 99 
9 Mountains 47.2 23.7 60.0 21.2 25.1 9.7 324 79 

10 Food 57.1 31.8 67.5 26.0 36.4 14.3 236 57 
Average 64.3 29.4 74.0 23.9 38.0 19.6 263 127 
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Following points are observed from these Table 2.1 and Table 2.2: 

 Average precision and average weighted precision of proposed method (65.20%, 

74.05%) is marginally more than OQWC (64.30%, 74.0) method. 

 Average recall of proposed method (44.89%) is far better than OQWC (38.0%) 

method. 

 Average rank of proposed method (216.65) is less than OQWC (263) method. 

 Standard deviation of precision (20.31%), weighted precision (16.89%), recall 

(11.35%) and rank (64.04) is also very less than respective parameters of OQWC 

(29.4%, 23.9%, 19.6% and 127) method.  

The less values of standard deviation of precision, weighted precision, recall and rank is 

preferable and same is achieved in the proposed scheme.  

Table 2.2: Results of Proposed method (DWT-VT+RWF-VT) 

Sr. 
No 

Category Pavg 
(%) 

STD(P) 
(%) 

WPavg 
(%) 

STD(WP) 
(%) 

Ravg 

(%) 
STD(R) 

(%) 
Cavg 

 
STD(Ca) 

 

1 Africans 59.70 31.89 68.44 25.44 37.54 17.25 239.90 88.87 
2 Beaches 43.30 22.25 57.27 20.37 27.52 11.35 304.96 100.74 
3 Buildings 45.10 19.77 58.09 18.30 27.45 10.32 292.46 91.00 
4 Buses 76.70 22.43 82.92 18.43 60.44 12.79 105.03 32.11 
5 Dinosaurs 100.00 00.00 100.00 0.00 96.03 4.15 51.75 2.69 
6 Elephants 64.20 24.79 74.40 20.74 36.92 12.24 224.51 65.14 
7 Flowers 91.30 17.15 94.67 11.40 67.59 12.50 95.84 51.86 
8 Horses 84.80 20.17 90.22 15.06 40.28 10.28 257.96 73.03 
9 Mountains 32.80 17.41 48.57 16.35 21.18 7.50 354.29 63.25 

10 Food 54.10 27.27 64.90 22.86 33.97 15.16 239.82 71.75 
Average 65.20 20.31 74.05 16.89 44.89 11.35 216.65 64.04 

Figure 2.9 shows the comparative study between the proposed method and GWC [57]. 

Figure 2.9 (a) indicates the group rank of proposed method is less in nine categories 

compared to GWC method. This less value is desirable property of any retrieval system 

because from every good retrieval system, it is expected to retrieve the relevant images in top 

ranking. Figure 2.9 (b) shows that the group recalls of proposed method is more for seven 

groups and marginally less in two groups as compared to GWC method. Similarly, Figure 2.9 

(c) shows for most of the categories, precision of proposed method is more than GWC 

method. 

Also during experimental works, following points are observed in the comparison of 

proposed method and GWC [57]: 
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 Average precision of proposed method (65.20%) is marginally more than GWC 

method (64.10%). 

 Average recall of proposed method (44.89%) is more than GWC method (40.6%)  

 Average rank of proposed method (217.59) is less than the GWC method (247.3).This 

less value is favourable property of proposed method. 
 

 

Figure 2.9: Comparative plots between the proposed method and GWC  
(a) Group rank versus category; (b) Group recall versus category;  
(c) Group precision versus category  

Figure 2.10 presents the comparative results of proposed method with OQWC and GWC 

on the basis of average recall versus number of images retrieved which further shows that the 

proposed method is superior to OQWC and GWC. For top 10 images, average recall of 

proposed method is 6.52 % which further increases to 44.89% for top 100 images that is more 

than OQWC (6.41%, 38%) and GWC (6.41%, 40.60%).  

Figure 2.11 gives the sample retrieved result for query image number 55. This image is 

selected among Corel 1000 database as the query image. For query image number 55, 

proposed method retrieved 9 images, OQWC retrieved 6 images and GWC retrieved 6 

images of same category among the top 10 retrieved images.  
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Figure 2.10: Average recall versus number of images retrieved  

 

Figure 2.11: Retrieval results of query number 55 (a) OQWC, (b) GWC, (c) PM 
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This experiment is performed on Xeon ® processor with 2.5 GHz speed and programs are 

implemented in MATLAB. Proposed method (RWF-VT + DWT-VT) needs 5.74 seconds for 

feature extraction and retrieval task as compared to OQWC (3.52 seconds) and GWC (95.11 

seconds) methods. 

2.4.2 Corel 2500 Database 

Corel 2500 natural image database is also a subset of Corel database which contained 

2500 images with two different sizes (either 384 256 or 256 384 ) and are categorized into 

20 groups. Each category contains 50 to 600 images. The performance of the proposed 

method is measured in terms of average precision as given by equation (2.18). 

Figure 2.12 shows the comparative results of OQWC and PM on the basis of average 

precision. This figure shows that the performance of PM (56.33%) is better than OQWC 

(54.91%) for top 10 retrieved images. This trend is further continued for top 100 retrieved 

images also. 

 

Figure 2.12 Average precision versus number of images retrieved 

2.4.3 Texture Database 

Texture database used in this experiment consists of 116 different texture images with 

size of 512 512 . Actually this database is nothing but collection of 109 images of Brodatz 

texture Photographic album [10] and 7 textures of USC database [11]. Further each image in 

the database is divided into sixteen 128 128  non-overlapping sub-images result into 1856 
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 116 16  texture images. The performance of PM is measured in terms of average recall 

(equation 2.21) and is compared with DWT, Gabor wavelet transform (GWT), RWF and 

RWF+DWT [13]. Manjunath and Ma [18] used Gabor wavelet transform (GWT) on same 

texture database using four scale and six directions. They used mean and standard deviation 

of the magnitude of Gabor transform coefficients as feature vector of image. Kokare et al. 

[13] used the same database for their experimental work and used energy as well as standard 

deviation of the magnitude of transform coefficient for feature vector construction. Proposed 

work used three scale decompositions of an image and utilized only energy of the transform 

coefficients for feature vector generation.  

Table 2.3 shows the comparative results of PM with RWF+DWT [13] on the basis of 

average precision. Average precision of PM is 87.48% for top ten retrieved images which is 

better than RWF (80.36%), DWT (82.91%) and RWF+DWT (86.31%) and further these 

increases to 80.04% for top sixteen images. 

Table 2.3: Average precision for Brodatz database with three levels of wavelet decomposition 

Methods Number of images retrieved (NRT) 
10 11 12 13 14 15 16 

RWF 80.36 78.76 77.04 75.23 73.42 71.44 69.38 
DWT 82.91 81.36 79.67 77.90 76.01 74.23 72.27 
RWF+DWT 86.31 84.89 83.33 81.69 79.93 78.02 76.03 
PM 87.48 86.45 85.36 84.10 82.84 81.53 80.04 
All evaluation values are in (%) 

 

Figure 2.13: Average recall versus number of images retrieved  
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Figure 2.13 shows the comparative results between average recall versus number of 

images retrieved for different methods discussed in previous paragraph. Also it is clear that 

the proposed method is superior to DWT, RWF and RWF+DWT. For top 16 retrieved 

images, average recall of DWT, RWF and RWF+DWT is 72.27%, 69.38% and 76.03% 

respectively. On the other hand, PM’s average recall is 80.04% for top 16 images and these 

further increases to 96.57% for 112 retrieved images. 

2.4 Summary 
In this chapter, a new method using rotated wavelet filters with SOT and vocabulary tree 

is presented. Two dimensional (2-D) non-separable RWF captured both diagonally orientated 

information separately and SOT gives a new direction to arrange the descriptor vectors for 

CBIR application. Further, the size and dimension problem of descriptor vectors are easily 

solved by using vocabulary tree method otherwise in such case; low order statistics (mean 

and standard deviation) from the transformed images could not handle large numbers of 

descriptor vectors. On Corel 1000 database, proposed method shows improved average recall 

(44.89%) over OQWC (38.0%) and GWC (40.60%). Also the average rank (216.65) of 

proposed method is less as compared to OQWC (263) and GWC (247.30). Same is true for 

Brodatz and USC texture database where proposed method’s average precision as well as 

average recall is edge over the RWF+DWT method. This indicates that the PM proved its 

validity for natural as well as texture database. 
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Chapter 3 

Complex Wavelet Transform and Rotated Complex 
Wavelet Transform with Vocabulary Tree for Image 

Retrieval 

3.1 Introduction 

In this chapter, a new approach is suggested for CBIR by collecting directional feature 

using complex wavelet and rotated complex wavelet transform with spatial orientation tree 

and vocabulary tree. Wavelet transform has achieved good reputation as a tool in signal 

processing for signal analysis and reconstruction but results has not been so promising 

because of two main disadvantages of discrete wavelet transform (DWT) [17] summarized as 

follows: 

 Lack of shift invariance means small shifts in the input signal can cause major 

variations in the distribution of energy between DWT coefficients at different scales. 

 Poor directional selectivity for diagonal information. 

In chapter 2, features of CBIR system are collected using discrete wavelet transform 

(DWT) and rotated wavelet filter (RWF) jointly which gives correct differentiation between 

45  and 135 . This approach solves the problem of diagonal direction somehow but shift 

variance is still present. This problem of DWT and RWF can be resolved by complex wavelet 

transform [17]. Complex wavelet transform collects feature information strongly oriented in 

six different directions  15 , 45 , 75     . Gabor transform is an alternative to grab the 

directional information but at the cost of computation speed. For collecting more directional 

information, Kokare et al. [21] suggested the new set of 2-D dual tree rotated complex 

wavelet filter (2-D DT-RCWF) using complex wavelet filter coefficients. 2-D RCWF are 

non-separable and designed in such a manner that it gives texture information strongly 

oriented in six different directions ( 45  apart from 2-D dual tree complex wavelet transform 

i.e. 30 0 30 60 90 120      , , , , , ). Therefore, the combination of dual tree complex wavelet 

transform (DT-CWT) and dual tree rotated complex wavelet filter (DT-RCWT) enrich with 

twelve directions and is very good for collecting the directional information.  

In this chapter, two new methods are proposed. These methods are: 

 DT-CWT with spatial orientation tree (SOT) and vocabulary tree (VT) for natural as 

well as texture image retrieval. 
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 DT-CWT and DT-RCWT used jointly with spatial orientation tree (SOT) and 

vocabulary tree (VT) for texture image retrieval. 

In both the cases, experimental work demonstrates significant improvement in average recall, 

average rank, standard deviation of rank as well as standard deviation of precision. 

3.2 Dual Tree Complex Wavelet Transform 

As already mententioned that the real DWT suffers from two problems i.e. poor  

directional seletivity and shift varient. The shift dependence problem is caused by aliasing 

due to down sampaling at each level of decomposition. This problem is resolved in a` trous 

wavelet transform using undecimated form of dyadic filter tree but still the directional 

problem remains unsolved. Complex wavelet transform (CWT) is an another alternative 

which is used to tackle these problems. CWT concept is actualy inspried from the Fouier 

transform with complex value of scaling and wavelet function. In CWT, filters have complex 

coefficients and generate complex output samples. However, another problem arises here as 

perfect reconstruction becomes a tedious task to achieve for complex wavelet decomposition 

beyond level 1, when the input to each level becomes complex [21]. Kingsbury [17] in his 

distinguished work introduced dual tree complex wavelet transform which overcomes the 

problems of DWT. Approximate shift invariance, good directional selectivity in m-

dimensions, perfect reconstruction using short linear phase filters, limited redundancy and 

efficient order N-computation ( 2m times for m dimensions) are the prominent properties of 

DT-CWT. 

1-D DT-CWT is implemented using two real DWTs which operate in parallel on the same 

data as shown in figure 3.1. The first DWT gives the real part of the transform while the 

second gives the imaginary part of complex wavelet transform. Let  0h n  and  1h n  denote 

the low pass/high pass filter pair on Tree A and  0g n  and  1g n  denote the low pass/high 

pass filter pair for the Tree B. Similarly, two real wavelets associated with each of two real 

wavelet transforms are denoted as  h t  and  g t , then the complex wavelet  c t  is 

given as      c h gt t j t    ; where  g t is approximately the Hilbert transform of 

 h t i.e.     g ht H t  . 
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Figure 3.1: 1-D dual tree complex wavelet transform 

1-D DT-CWT decomposes a signal  f x  in terms of complex shifted and dilated mother 

wavelet  x  and scaling function  x  [21, 125] as: 

     
0 0

0

j ,l j ,l j ,l j ,l
l Z j j l Z

f x c x d x 
  

        (3.1) 

where 
0j ,lc  and j ,ld  are the scaling and wavelet coefficient with 

0 0 0
 r i

j j ,l j ,li    and 

0 0 0
 r i

j j ,l j ,li   .  

Similarly, 2-D decomposition of function  f x, y  in DT-CWT using dilation and 

translations of a complex scaling function and six complex wavelet functions is given as: 

     
0 0

2 2
0

j ,l j ,l j ,i j ,l
b j jl Z l Z

f x, y c x, y d x, y 



 
  

       (3.2) 

where  15 45 75     , , . 

The frequency domain partition at second level decomposition of DWT and DT-CWT are 

shown in figure 3.2. Figure 3.2(a) shows the three sub-bands of real DWT which captures the 

directional information in 0 45 90  , ,  directions and figure 3.3(b) shows the six sub-bands 

directed in 15 45 75    , , thereby capturing the feature information in six directions. 
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Figure 3.2 Frequency domain partition in (a) DWT (b) CWT resulting from two levels of 

decomposition 

3.3 2-D Rotated Complex Wavelet Filters 

M-directional dual-tree wavelets are oriented which makes it suitable for analyzing and 

processing oriented singularities like edges in images and surfaces in 3-D objects. The 

separable 2-D wavelet transform fails to capture the line and curve singularities (edges) as it 

efficiently represents point-singularities only. In image retrieval application more directional 

information is always welcomed with less computation time and in this direction Kokare et 

al. [21] designed the 2-D rotated complex wavelet filter (2-D RCWF). This 2-D RCWF is 

non-separable and designed by rotating the 2-D complex wavelet filter by 45 . 

Basic requirement for rotated complex wavelet transform is the orientated 2-D dual tree 

complex wavelet transform. In [126], Selesnick explained about the implementation of 

directional 2-D (overcomplete) wavelet transforms using the Hilbert pairs of wavelet bases. 

Let  0h n  and  1h n represent a conjugate quadrature filter (CQF) pair of first tree and  0g n

,  1g n for second tree are real filters then real value scaling and wavelet function associated 

with  0h n ,  1h n  pair are defined as: 

     02 2h h
n

t h n t n    

     12 2h h
n

t h n t n         (3.3) 

The same relationships are defined for  0g n  and  1g n  pair. 
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The structure of dual tree complex wavelet transform is shown in figure 3.1. In [125], 

discussed the property of two low pass filters  0h n and  0g n  so that the corresponding 

wavelets can form an approximate Hilbert transform pair i.e.     g ht H t  . For getting 

the Hilbert transform pair, two low pass filters should be approximately a half-sample shift of 

the other. This condition is helpful for the of shift-invariance property. 

        0 0 0 5 g hg n h n . t H t          (3.4) 

From implementation point of view delay condition given in above equation will be 

approximately satisfied, therefore the wavelets  h t  and  g t  will form an approximate 

Hilbert pair. Selesnick has developed an algorithm for the construction of Hilbert pairs of 

short orthonormal and biorthogonal wavelet bases which can be used for implementation of 

directional 2-D wavelet transforms. An oriented non-separable 2-D wavelet transform is 

obtained by combining the sub-bands of two separable 2-D discrete wavelet transforms. The 

scaling and directional complex wavelets are obtained by first defining a 2-D separable 

wavelet basis [21] via, 

     1 h hx, y x y    

     2 g gx, y x y          (3.5) 

       15
1 1

 


, h hx, y x, y x y     

       15
2 1

 


, g gx, y x, y x y         (3.6) 

       75
1 2

 


, h hx, y x, y x y     

       75
2 2

 


, g gx, y x, y x y         (3.7) 

       45
1 3

 


, h hx, y x, y x y     

       45
2 3

 


, g gx, y x, y x y         (3.8) 

Then the six wavelets defined by 

      1 2
1
2i ,i ,ix, y x, y x, y         (3.9) 

      3 1 2
1
2i ,i ,ix, y x, y x, y          (3.10) 

for  1 2 3i , ,  are directional. A wavelet transform based on these six wavelets can be 

implemented by taking the sum and difference of two separable 2-D DWTs. The resulting 
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directional wavelet transform is two times redundant. In the same fashion, inverse can be 

obtained by taking the sum and difference, dividing it by 2 and separable inverse DWTs.  

Kokare et al. [21] implemented RCWFs with orthogonality property by rotating the non-

separable wavelet filters (equation (3.6) – (3.8)) through 45  so that the decomposition is 

performed along the new direction, which is 45  apart from the decomposition of CWT. 

Figure 3.3 shows the two levels decompositions of 2-D rotated complex wavelet filter where 

2-D filters              11 1 2 1 3 11 1 2s s , , , , ,h n ,g n ,h n ,h n ,h n ,g n ,g n  and  1 3,g n  are 45  rotated 

versions of the filters given by equations (3.5) – (3.8) respectively. The size of the RCWF is 

   2 1 2 1N N   , where N is the length of 1-D filter. These filters capture the directional 

information of image in  30 0 30 60 90 120      , , , , , directions. Thus the combination of 2-D 

DT-CWT with 2-D DT-RCWF gives directional information in 12 directions i.e. 

 
 
15 45 75 15 45 75

0 30 60 90 120 30

      
 

      

     

     

, , , , , ,

, , , , ,
.      (3.11) 

 
Figure 3.3: Two levels decomposition of 2-D DT-RCWT 
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The different sub-bands generated in Tree A and Tree B are further processed by spatial 

orientation tree technique (SOT) and further feature vectors are generated using vocabulary 

tree (VT). The detailed study about SOT and VT has already covered in chapter 2, in section 

2.2.4 and 2.2.5 respectively. 

3.4 Feature Extraction and Similarity Measure 

In this chapter, author proposes two methods  

 DT-CWT with spatial orientation tree (SOT) and vocabulary tree (VT) for natural as 

well as texture image retrieval. 

 DT-CWT and DT-RCWT used jointly with spatial orientation tree (SOT) and 

vocabulary tree (VT) for texture image retrieval. 

3.4.1 Feature Extraction for DT-CWT-VT Method 

Flowchart of proposed method is shown in figure 3.4. In the flowchart, DT-CWT 

provides directional information  15 , 45 , 75     in six directions. Next, descriptor vectors 

are generated from different sub-bands by using spatial orientation tree (SOT). Finally, the 

feature vectors are formed by mapping the set of descriptor vectors of image by using 

vocabulary tree. Most of the CBIR systems used mean, standard deviation and histogram of 

the transform coefficients as the features vectors [13, 18-21, 127] but in the proposed 

algorithm, vocabulary tree is used for indexing the image features. The DT-CWT-VT is 

tested on Corel and texture image database and the retrieval results show a significant 

improvement in average precision, average recall, average rank compared to DT-CWT, 

optimal quantized wavelet correlogram (OQWC) [16] and Gabor wavelet correlogram 

(GWC) [57].  

 
Figure 3.4: Flowchart of proposed method (DT-CWT-VT) 
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In the proposed method, each image is decomposed in either three levels (texture 

database) or four levels (Corel database) and features are extracted using the combination of 

spatial orientation tree (SOT) and vocabulary tree (VT). Following three sets of features are 

computed: 

 Feature Set I: Dual tree Complex wavelet transform with vocabulary tree (DT-CWT-VT) 

using mean operation at SOT. 

First step is to apply the 2-D dual tree complex wavelet transform on each image and 

decomposes it up to four levels. Second step is to perform the SOT operation on these 

different sub-bands of Tree A and Tree B as per procedure given in the section 2.2.4 

(chapter 2). Output of SOT is the descriptor vectors which are further mapped on the 

vocabulary tree. The leaf nodes of vocabulary trees are used as the feature vectors for 

respective image. For practical implementation, vocabulary tree is trained using ten 

cluster (k=10) and four levels (L=4). Number of leaf nodes are 10,100, 1000 and 10000 

are generated at level 1, 2, 3 and 4 respectively. In experimental work, leaf nodes at 

fourth level are used as a feature vector.  

meanDT CWT VT meanF f            (3.12) 

where meanf  is the values available at leaf nodes of the fourth level of respective 

vocabulary trees. 

 Feature Set II: Dual tree Complex wavelet transform with vocabulary tree (DT-CWT-

VT) using standard deviation operation at SOT. 

The procedure of generation of feature vector is same as used in Feature Set I only 

standard deviation operation is performed among the coefficients of sub-bands at SOT.  

stdDT CWT VT stdF f           (3.13) 

where stdf  is the values available at leaf nodes of the fourth level of respective 

vocabulary trees. 

 Feature Set III: Combination of Feature Set I and Feature Set II 

This feature is obtained by combining equations (3.12) and (3.13). The final feature 

vector is given as 

mean stdDT CWT VT DT CWT VT DT CWT VTF F F            (3.14) 

In the experimental work, DT CWT VTF    is used as the feature vector of image. 
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3.4.1.1 Similarity Measure 
In the proposed method, scoring is used as a similarity measure which calculates the score 

between query iQ  and database image iI  as given in following equation:  

1
i i

z

Q I
i

Score F F


           (3.15) 

where  
iQF - Feature vector of query image 

Z -Number of leaf nodes 

iI
F - Feature vector of image in the database 

Highest scoring database image is considered as more relevant image to query one. 

The performance of proposed method is compared with some existing methods. A brief 

review of these methods and feature collection procedure is explained below: 

3.4.1.2 Dual Tree Complex Wavelet Transforms (DT-CWT)  
A 2-D DT-CWT operation is performed on each image of texture database and feature 

vector is formed by mean and standard deviation of each sub-band [21]. Manjunath and Ma 

[18] proposed Gabor transform for CBIR on Brodatz and USC texture database and feature 

vectors were generated using the mean and standard deviation of four scale and six directions 

of Gabor transform coefficients. For Corel database, same procedure as given in [21] is used 

on detailed coefficients with Euclidean metrics.  

3.4.1.3 Optimal Quantized Wavelet Correlogram (OQWC) 
Moghaddam et al. [14, 56] proposed wavelet correlogram (WC) method where pyramidal 

three scale decomposition algorithm is used on each image. Next, they applied four levels 

quantization on LH and HL sub-bands of DWT coefficients. Further, these quantized sub-

bands are passed through autocorrelogram operation that results into feature vectors of 

respective image. The more detailed information is available in Moghaddam et al. [14]. 

Saadatmand et al. [16] optimized the quantization coefficients of wavelet sub-bands in WC 

by using genetic algorithm. Rest of the feature collection procedure is same as WC. Detailed 

information is available in Saadatmand et al. [16]. 

3.4.1.4 Gabor Wavelet Correlogram (GWC) 
Moghaddam et al. [57] proposed Gabor wavelet correlogram, where they used three 

scales and four orientations Gabor transform on each image that results into twelve sub-

bands. These sub-bands are quantized using four different levels. Further, autocorellogram 
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operation with four distances is performed on quantized sub-bands which results into feature 

vector for each image. 

3.4.4.5 Experimental Analysis  

In this section, the effectiveness of DT-CWT-VT for CBIR is presented. During the 

offline feature extraction stage, feature vectors are computed for all the images in the 

database using the procedure as explained in section 3.4.1. In online stage, the query image 

feature is compared with the feature vectors of images in the given database using the scheme 

mentioned in section 3.4.1.1. After all the database images have been compared, the images 

are retrieved with decreasing similarity scores. Experiment is carried on two separate 

databases. The first consists of Corel 1000 database which includes 1000 natural images [8]. 

The second database is the texture image database which comprises the Brodatz [10] and 

University of Southern California (USC) [11] texture image database. The evaluation takes 

into account several important factors, including average precision, average recall and 

average rank. 

 Corel 1000 Database 

Corel 1000 is the subset of Corel database that contains 1000 natural images of various 

categories ranging from animals, outdoor sports to natural images. Corel 1000 database 

contains 1000 images of 10 different categories and each category has 100 images of sizes 

either 256 384  or 384 256 . These categories are listed in Table 3.1.  

In this experiment, each image in the database is used as the query image. For each query, 

the system retrieves the n database images i.e. 1 2( , ,........., )nX x x x  which are displayed in 

descending order according to the scores between indexing vectors of the query and retrieved 

images. In particular, a retrieved image is considered as a match if and only if it is in the 

same category as the query. Following different parameters are used to quantify the 

performance of proposed method: 

Precision of query image qI  is defined as: 

 q
Number of relevant images retrievedP I =

Total number of images retrieved
    (3.16) 

The rank of every query image qI  is computed using the following equation 

1

1( ) ( )
AN

q i i
iA

C I rank I I A
N 

         (3.17) 
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where A represents a query category and  AN  represents the number of images in the same 

category.  

Recall of query image qI  is defined as: 

 q
Number of relevant images retrievedR I

Total number of relevant images in the database 
    (3.18) 

Similarly, the average of the precision, rank and recall are defined as  
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           (3.19) 
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           (3.20) 
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          (3.21) 

where qN  represents the number of queries and kI denotes the thk  image in the database. For 

global averaging, qN =1000 (Corel 1000 database) and for averaging in a specified category, 

qN =100. 

Table 3.1 gives the comparative results of DT-CWT, OQWC and GWC with the proposed 

method (DT-CWT-VT).  

Table 3.1: Comparative results of DT-CWT-VT with existing methods 

Sr. 
No. Category 

DT-CWT OQWC GWC DT-CWT-VT 
Pavg 

(N=10)% 
Ravg

 

(%) 
Pavg 

(N=10)% 
Ravg

 

(%) 
Pavg 

(N=10)% 
Ravg

 

(%) 
Pavg 

(N=10)% 
Ravg

 

(%) 

1 Africans 47.00 28.45 57.7 31.1 52.9 33.2 63.50 42.69 
2 Beaches 45.00 27.78 49.3 28.6 42.0 26.2 50.00 31.70 
3 Buildings 42.40 21.45 50.9 30.5 47.8 26.5 47.30 27.46 
4 Buses 82.20 51.61 87.1 64.0 88.3 65.1 73.10 57.55 
5 Dinosaurs 96.60 67.78 74.6 28.8 96.2 65.0 99.90 94.99 
6 Elephants 49.20 25.89 55.7 30.7 65.9 37.0 58.10 35.52 
7 Flowers 87.20 53.25 84.3 65.3 75.5 50.4 90.60 63.35 
8 Horses 61.50 29.32 78.9 39.9 73.0 39.5 88.90 43.36 
9 Mountains 32.60 19.93 47.2 25.1 35.2 20.1 33.40 23.54 

10 Food 50.90 28.12 57.1 36.4 63.2 43.1 55.00 38.01 
Average 59.46 35.36 64.30 38.0 64.1 40.6 65.98 45.82 

 



61 

Following conclusions are drawn from the results given in Table 3.1 

 Average precision of proposed method (65.98%) is more than DT-CWT (59.46%), 

OQWC (64.30%) and GWC (64.10%). 

 Average recall of proposed method (45.82%) is far better than DT-CWT (35.36%), 

OQWC (38.0%) and GWC (40.60 %) method. 

Figure 3.5 shows the comparative study between DT-CWT-VT and existing methods on the 

basis of group rank. It shows that out of ten categories selected, proposed method’s group 

rank is less in seven categories, equal in two categories and marginally more in one category. 

Also, the average rank of DT-CWT-VT (206) is less than DT-CWT (275), OQWC (263) and 

GWC (247) and this less value is desirable property of any retrieval system. Since a good 

retrieval system is expected to retrieve relevant images in top ranking.  

 

Figure 3.5: Comparative demonstration: Group rank versus categories 

 

Figure 3.6: Average recall versus number of images retrieved  
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Figure 3.6 presents the comparative results of proposed method (DT-CWT-VT) with DT-

CWT and GWC on the basis of average recall versus number of images retrieved which 

further shows that the proposed method is superior to DT-CWT and GWC. For top 10 

images, average recall of proposed method is 6.60 % which further increases to 45.82% for 

top 100 images that is better than DT-CWT (5.96%, 35.36%) and GWC (6.41%, 40.60%) 

respectively.  

Figure 3.7 gives the sample retrieved result for query images of number 55. This image is 

selected among Corel database as the query image. For query image number 55, DT-CWT-

VT retrieved 10 images, GWC retrieved 6 images and DT-CWT retrieved 4 images of same 

category among the first 10 retrieved images.  

 

Figure 3.7: Retrieval results for query image 55 (a) DT-CWT (b) GWC; (c) DT-CWT-VT 

 Texture Database  

Texture database used in this experiment consists of 116 different texture images with 

size of 512 512 . Actually, this database is the collection of 109 images of Brodatz texture 
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Photographic album and 7 textures of USC database. Further, each image in the database is 

divided into sixteen 128 128  non-overlapping sub-images that results into 1856 (116 16 ) 

texture mages. The performance of DT-CWT-VT is measured in terms of average recall 

(equation 3.21) and is compared with DWT, GWT, and dual tree complex wavelet (DT-

CWT) [21]. Manjunath and Ma [18] used Gabor wavelet transform (GWT) on same texture 

database with four scale and six directions. Mean and standard deviation of the magnitude of 

Gabor transform coefficients were used as feature vector of image. Kokare et al. [21] used the 

same database for their experimental work and used energy and standard deviation of the 

magnitude of transform coefficients for feature vector construction. In proposed work, each 

image is decomposed up to three scale and further SOT and VT are employed for feature 

vector generation. 

Table 3.2 shows the comparative results of DT-CWT-VT with existing methods. Average 

recall of PM (76.60%) is far better than DWT (69.17%), GWT (74.19%), DT-CWT 

(74.73%), and DT-RCWT (71.17 %).  

Table 3.2: Comparative results of DT-CWT-VT with existing methods on the basis of 

average recall 

Level of 
decomposition 

DWT 
(%) 

GWT 
(%) 

DT-CWT 
 (%) 

DT-RCWT 
 (%) 

DT-CWT-VT 
(%) 

3 69.17 74.19 74.73 71.17 76.60 

 

Figure 3.8: Average recall versus number of images retrieved  
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The comparative analysis of DT-CWT-VT with DWT, GWT, DT-CWT and DT-RCWT 

is shown in figure 3.8. This comparison is based on average recall versus number of images 

retrieved that proves proposed technique has an edge over existing methods. For top 16 

images, average recall of proposed method is 76.60% which further enhanced to 95.66% for 

top 112 images and is more than DWT (69.61%, 91.12%), GWT (74.19%,91.47%), DT-CWT 

(74.16%, 92.30%) and DT-RCWT(72.33%, 89.92%) respectively. 

3.4.2 Feature Extraction for RCWT-VT Method 

Flowchart of proposed algorithm is shown in figure 3.9 which has two paths: First path is 

already discussed in section 3.4.1. In the second path, DT-CWT is replaced by DT-RCWT 

and rest of the procedure is similar as discussed in the first path. Final feature vector is the 

combination of DT-CWT-VT and DT-RCWT-VT. This technique is successfully examined 

on texture image database and the retrieval results fetch a promising improvement in average 

recall when compared with dual tree complex wavelet transform (DT-CWT), dual tree rotated 

complex wavelet filter (DT-RCWT) and their combination (DT-CWT + DT-RCWT) [21]. 

 

Figure 3.9: Flowchart of proposed method (DT-CWT-VT + DT-RCWT-VT) 

In this technique, each image is decomposed into three levels and features are extracted 

using the combination of SOT and VT. Following three sets of features are computed:  

 Feature Set 1: Dual tree complex wavelet transform with vocabulary tree (DT-CWT-VT) 

using mean operation at SOT. 

First step is to apply the 2-D dual tree complex wavelet transform on each image and 

decompose it up to three levels. Second step performs the SOT operation on these 
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different sub-bands of Tree A and Tree B. Output of SOT is the descriptor vectors which 

are further mapped on the vocabulary tree. The values available at the leaf nodes of 

vocabulary trees are used as the feature vectors for respective image. Practical 

implementation is achieved by making the use of vocabulary tree which is trained with 

ten cluster centres (k=10) and three levels (L=3). Numbers of leaf nodes are 10, 100 and 

1000 generated at level 1, 2 and 3 respectively. A feature vector for DT-CWT-VT is 

given as:  
meanDT CWT VT LF f            (3.22) 

where Lf -values available at Lth level leaf nodes of vocabulary tree. 

 Feature Set 2: Dual tree rotated complex wavelet transform with vocabulary tree (DT-

RCWT-VT) using mean operation at SOT 

The generation of feature vector is similar as the Feature Set 1 but involves the change in 

transform. A feature vector for DT-RCWT-VT is given as: 

meanDT RCWT VT LF f           (3.23) 

where Lf -values available at Lth level leaf nodes of vocabulary tree. 

 Feature Set 3: Combination of all above features 

This feature is obtained by combining equation (3.22) and (3.23). The final feature vector 

is given as: 

mean meanFinal DT CWT VT DT RCWT VTF F F           (3.24) 

In experimental work, FinalF  is used as a feature vector for each image and number of 

levels L=3. 

Same approach of section 3.4.1.1 is used for similarity measurement. 

3.4.2.1 Experimental Analysis  

The effectiveness of combination of DT-CWT-VT and DT-RCWT-VT for CBIR is 

presented here. During the offline feature extraction stage, feature vectors are computed for 

all the images in the database using the procedure as explained in section 3.4.2. In online 

stage, the query image feature is compared with the feature vectors of images in the given 

database using the scheme mentioned in section 3.4.1.1. The images are then retrieved with 

decreasing similarity scores once all the images present in database have been compared. 

Experimental analysis is efficiently compared with Manjunath and Ma [18] and Kokare et al. 

[21]. Manjunath and Ma has used the Gabor transform for CBIR on Brodatz [10] and 
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University of Southern California (USC) [11] texture database and feature vectors that are 

generated using the mean and standard deviation of four scale and six directions of Gabor 

transform coefficients. Kokare et al. [21] used the combination of 2-D DT-CWT and 2-D DT-

RCWT on same texture database for retrieval purpose. Experimental analysis is efficiently 

demonstrated on the same texture database and average recall is used to quantify the 

performance of proposed method (equation 3.21). 

Table 3.3 represents the comparative results of DT-CWT-VT+DT-RCWT-VT with DWT, 

GWT [18], DT-CWT, DT-RCWT and DT-CWT+DT-RCWT [21]. Average recall has been 

made the base, for comparison of result of the proposed method. 

Table 3.3: Comparative results of DT-CWT-VT + DT-RCWT-VT with existing methods 

All evaluation values are in (%) 

Following points are observed from Table 3.1 

 Average recall of DT-CWT-VT (76.60%) and DT-RCWT-VT (75.01%) is better than 

DT-CWT (74.73%), DT-RCWT (71.17%), DWT (69.61%) and GWT (74.32). 

 Average recall of proposed combination i.e. DT-CWT-VT+DT-RCWT-VT is 80.56% 

which is far better than DWT (69.61%), GWT (74.32%), and DT-CWT+DT-RCWT 

(77.11%). 

The comparative analysis of proposed method (DT-CWT-VT+ DT-RCWT-VT) with 

DWT, GWT and DT-CWT+DT-RCWT can be seen in figure 3.10. This comparison is based 

on average recall versus the number of images retrieved and further proving the worthiness of 

our technique has an edge over existing methods. For top 16 images, average recall of 

proposed method is 80.56% which has further enhanced to 95.68% for top 112 images and is 

more than DWT (69.61%, 91.12%), GWT (74.19%,91.47%) and DT-CWT+DT-

RCWT(77.75%, 93.19%) respectively. 

Image number 1713 is selected as query and the sample retrieved result is shown in figure 

3.11. DT-CWT-VT+DT-RCWT-VT retrieved 16 images and DT-CWT+DT-RCWT retrieved 

11 images respectively of same category among the first 16 retrieved images. 
 
 

Level of 

decomposition 

DWT GWT  DT-

CWT  

DT-

RCWT  

DT-CWT+ 

DT-RCWT 

DT-CWT-

VT 

DT-RCWT-

VT 

DT-CWT-VT+ 

DT-RCWT-VT 

3 69.61 74.32 74.73 71.17 77.75 76..60 75.01 80.56 
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Figure 3.10: Average recall versus number of images retrieved 

 

Figure 3.11: (a) and (b) are the query results of image 1723 using DT-CWT+DT-RCWT and 

DT-CWT-VT+DT-RCWT-VT respectively 



68 

3.5 Summary 

In this chapter, author proposes a new method using complex wavelet transform and 

rotated complex wavelet transform with SOT and vocabulary tree. Two dimensional (2-D) 

DT-CWT captured six orientations information  15 , 45 , 75      separately and SOT gives 

a new direction to arrange the descriptor vectors for CBIR application. Also the size and 

dimension problem of descriptor vectors are easily solved by using vocabulary tree method 

otherwise in such case low order statistics (mean and standard deviation) of the transformed 

images could not handle large numbers of descriptor vectors. On Corel 1000 database, DT-

CWT-VT shows improved average recall (45.82%) over DT-CWT (35.36%), OQWC 

(38.0%) and GWC (40.60%). Also, the average rank (216) of proposed method is less as 

compared to DT-CWT (275), OQWC (263) and GWC (247). Similarly, DT-CWT-VT proves 

its superiority on texture images.  

For capturing addition directional information, a combination of complex wavelet 

transform and rotated complex wavelet transform with SOT and vocabulary tree is presented. 

Combination of 2-D DT-CWT and 2-D DT-RCWT captures twelve orientations information 

and SOT gives a new direction to arrange the descriptor vectors for CBIR application. The 

proposed technique shows improved average recall (80.56%) over DWT (69.61%), GWT 

(74.32%), and DT-CWT+ DT-RCWT (77.75%). Collection of the local feature of image in 

transform domain is a feather in cap achieved by this technique. This is possible due to the 

combination of SOT and VT. 
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Chapter 4 

A New Feature for Image Retrieval using a` trous  
Wavelet Transform and Textons 

 

4.1 Introduction 

In this chapter, a new approach for texture feature collection is discussed using a` trous 

wavelet transform (AWT) in combination with textons theory. As compare to Chapter 2 and 

3, in this chapter, texture features are collected using the spatial correlation among the 

transform coefficients in horizontal, vertical, diagonal and minor diagonal directions which 

results into texton image which further used for collecting the texture features.  

Two different methods for feature collections are proposed: 

 Texture feature using texton co-occurrence matrix: AWT is used to decompose the 

image into different scales and different texton elements are used to detect the spatial 

correlation among the transform coefficients in horizontal, vertical, diagonal and 

minor diagonal directions which results into texton image. Further co-occurrence 

operations are performed on texton image in horizontal and zigzag direction. Texton 

co-occurrence matrix gives second order statistics related to texton image. 

 Texture feature using the combination of texton and orientation image: AWT is 

used to decompose the image and different texton elements are used to detect the 

spatial correlation among the transform coefficients in horizontal, vertical, diagonal 

and minor diagonal directions. Further this information is combined with orientation 

image for generation of image feature vector. 

In both the cases, experimental work performed on natural images and results show the 

significant improvement in average precision, weighted average precision, average recall, as 

well as feature extraction and retrieval time compared to optimal quantized wavelet 

correlogram (OQWC) and Gabor wavelet correlogram (GWC). 

4.2 Texture Feature using Texton Co-Occurrence Matrix (PM-1) 

The block diagrammatic representation of this method is shown in figure 4.1. It has 

basically three steps: preprocessing, processing and feature construction. In preprocessing 

step, RGB image is converted into gray one for further analysis of intensity variation in the 



71 

image. This gray image is processed by a` trous wavelet transform followed by quantization 

and texton detection operation which results into texton image. At last, feature vector is 

constructed by performing co-occurrence operation on texton image. The detailed process is 

given in following section. 

 
Figure 4.1: Block diagram of PM-1 

4.2.1. a` trous Wavelet Transform (AWT) 

Discrete wavelet transform is implemented either using pyramid structure or a’ trous 

algorithm [128-130]. In pyramid algorithm, at every level, output of low pass and high pass 

filter is down-sampled by 2 i.e. image will constantly shrink because of interval sampling. 

Therefore this algorithm fails to analyze the character of every pixel on different scales as the 

wavelet coefficients between different scales cannot match respectively. This problem is 

solved by avoiding the down-sampling operation as what is executed in a` trous algorithm. 

Further, it gives the size of image is same at every level. AWT gives all directional 

information in one image (wavelet plane). Let image I at resolution 2 j  with X Y  size be at 

the base of decomposition level. At every successive level, we get the approximation of 

original image I with coarser spatial resolution but size will be same as the original base 

image. In dyadic decomposition case the resolution of the approximation image at the thN  

level is 2 j N . 

The scaling function used for approximation has a B3 cubic spline profile which is 

effectively a low pass filter. 

61 4 4 1
16 164 24 41

6 36 624 24256
16 164 24 4

61 4 4 1

h         (4.1) 
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For getting the coarser approximation of the original image, the above filter must be filled 

with zeros, in order to match the resolution of desired level. The scaling detailed lost between 

conjugative levels at 12 j  and 2 j  is represented by a single wavelet coefficient image or 

wavelet plane as: 

1 12 2 2j j jw I I           (4.2) 

This wavelet plane contained horizontal, vertical and diagonal spatial detailed between 

two consecutive approximations at levels 2 j  and 12 j . If 
2 j NI   is the approximation at thN  

level then the original image 
2 jI  can be reconstructed using equation (4.3) 

1

2 2 2
1

j j N j i

N

i

I I w 





          (4.3) 

 

Figure 4.2: Quantization for three scales  

Decomposition process is followed by the quantization of wavelet plane coefficients. 

Values of wavelet plane coefficients of AWT are real number with large dynamic range. If 

same values are used in texton matching purpose, size of feature vector length as well as 

computation time would have been more. To avoid this problem, wavelet coefficients are 

quantized into different levels by considering the dynamic range of its coefficients at each 

scale. Figure 4.2 shows the quantization levels used for three consecutive scales of wavelet 

transform. At each scale different quantization levels are used and the coefficients values near 

the zero are considered as noise margin. 

4.2.2 Texton Detection 

Texture identification plays a significant role in CBIR. Nearly three decades before Julesz 

had studied texture perception extensively in the context of texture discrimination [131] and 
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defined the new term i.e. texton as the fundamental micro structures in natural images and are 

considered as the atoms of pre-attentive visual perception. As per his finding, two textures are 

discriminated on the basis of first and second order statistics. The first order statistics is 

nothing but the histogram of pixel intensity in the image and co-occurrence matrix gives the 

second order statistics. 

Julesz gave some axioms of texton theory where stated that human vision operates in two 

distant modes i.e. preattentive mode and attentive mode [124]. Preattentive mode is basically 

a preconscious system that knows where texton gradient occurs, but is unaware of what these 

textons are. This answer is given in the attentive vision mode. Preattentive vision first 

determines the scale from an aggregate of similar texture elements and then computes the 

texton gradients at the boundary of textures. He also mentioned that the texture elements 

must fall within a critical distance in order for the preattentive system to count the number of 

textons in the corresponding critical area and this determines the texton gradients. We used 

the seven textons with grid of size 2 2  as shown in figure 4.3 to cover adjacency in 

horizontal, vertical, diagonal and minor diagonal direction. 

The texton detection task on wavelet planes is illustrated in figure 4.4. Wavelet plane is 

scanned from left-right and top-bottom with 2 2  grid (as given in figure 4.3) in non-

overlapping mode and whenever the texton is detected, the original values of wavelet plane in 

2 2  grid are replaced by an index number of particular texton element otherwise put zero. 

Finally we get the texton image  mT x, y . 

 

Figure 4.3: Texton elements: (I) T1;(II)T2;(III) T3;(IV)T4;(V)T5;(VI) T6; (VII) T7 
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Figure 4.4: Example for generation of texton image  

4.2.3 Texton Co-Occurrence Matrix  

Texton co-occurrence matrix stores the number of pixel neighborhoods in the texton 

image those having predefined grayscale combination. Let  mT x,y be a texton image with 

N N  size and  1 1 1P x , y  and  2 2 2P x , y  respectively denote any arbitrary pixel and its 

neighbor at distance  x yd d ,d  from P1. Similarly, L denotes the number of texton elements 

have been used in the generation of texton image. The texton co-occurrence matrix dT  for 

displacement vector  x yd d ,d is defined as follows: 

 
       

     
1 1 2 2 2 2 1 1

d m m
1 1 2 2

x , y , x , y : x , y x dx, y dy ,
T i, j

T x , y i;T x , y j;i, j 1,2,..L

      
    

   (4.4) 

Where    1 1 2 2x ,y , x , y N N   and   is the cardinality of a set. Pixel neighborhoods 

are selected as per scheme shown in figure 4.5 i.e., horizontal, vertical, minor diagonal, 

diagonal and zigzag direction are used to find the co-occurrence between the neighborhoods. 
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(a)         (b) 

Figure 4.5: Pixel neighborhoods scanning direction. (a) H-horizontal, MD-minor diagonal, V-
vertical, D-diagonal; (b) Zigzag direction 

The pseudo code for the texton co-occurrence matrix is as follows: 

J
d ,ZT - Texton co-occurrence matrix. 

d -Distance between the pixels (texton elements) in texton image  d 1,2,..,D  

 
Z Scaning direction;

Z horizontal ,vertical,diagonal ,minor diagonal,Zigzag



 

J- Number of decomposition levels,  J 1,2,..S  

FOR J=1: S 

 FOR d=1: D 

  FOR  Z horizontal,vertical,diagonal,minor diagonal,Zigzag  

     Calculate Texton co-occurrence matrix J
d ,ZT  using equation 4.4 

 END FOR 

ENDFOR 

ENDFOR 

FEATURE VECTOR= J
d ,ZT . 
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In experimental work, only d=1; Z= Horizontal and zigzag direction and J=1, 2 and 3 

scales are considered for feature extraction purpose. The final feature vector is given as: 
   1 2 3 1 2 3

1 1 2 1
J , , J , ,

Final ,Horizontal ,ZigzagFeatureVector w T w T         (4.5) 

1 0 9w .  and 2 0 1w .  are denoted the weights of  1 2 3
1

J , ,
,HorizontalT   and  1 2 3

1
J , ,
,ZigzagT   respectively. After 

feature extraction, Gaussian normalization is applied over entire feature vector database. 

4.2.4 Experimental Analysis 

In this section, author discusses the effectiveness of combination of AWT and texton for 

CBIR. During the offline feature extraction stage, feature vectors are computed for all the 

images in the database using the procedure as explained in section 4.2.3. In online stage, the 

query image feature is compared with the feature vectors of images in the given database 

using the distance d1 (equation 4.6). After all the database images have been compared, the 

images are then retrieved with increasing distance. Experiments are carried on two databases 

(Corel 1000 and Corel 2500) and compare with Optimal quantized wavelet correlogram 

(OQWC) [16] and Gabor wavelet correlogram (GWC) [57]. The evaluation takes into 

account several important factors, including precision, weighted precision, average recall and 

standard deviation of precision. 

The distance d1 measure is given as: 

, ,

1 , ,

( , )
1

N
I i Q i

i I i Q i

f f
D Q I

f f




         (4.6) 

where  Q - Query image;    

N - Feature vector length; 

I - Image in database;    

,I if - thi  feature of Image I in the database; 

,Q if  - thi feature of query image Q. 

4.2.4.1 Corel 1000 Database 

Corel 1000 [8] is the subset of Corel database contains 1000 natural images of various 

categories ranging from animals and outdoor sports to natural images of sizes either 
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256 384  or 384 256 . These images are pre classified into different categories of size 100 

by domain professionals. These categories are listed in Table 4.1.  

For evaluation of the proposed method, query images are selected from a 1000 image 

subset of the Corel database. In advance, we know whether any two images are of the same 

category. In particular, a retrieved image is considered as a match if and only if it is in the 

same category as the query. Each query results are displayed in ascending order according to 

the distance between indexing vectors of the query and retrieved images. Following different 

parameters are used to quantify the performance of proposed method: 

• Average precision, 

• Weighted average precision,  

• Average recall,  

• Standard deviation of precision, weighted precision and recall. 

Precision of query image qI  is given as: 

 q
Number of relevant images retrievedP I =

Total number of images retrieved
    (4.7) 

The weighted precision is computed using 

 
1

1 N
k

q
k

nWP I
N k

          (4.8) 

where  

kn -The number of matches between the first k retrieved images. 

N - Number of images retrieved. 

Similarly, the recall of query image qI  is given as:  

 q
Number of relevant images retrievedR I

Total number of relevant images in the database 
    (4.9) 

The average of the precision, weighted precision and recall are defined as:  

 
1

1 qN
avg

k
kq

P P I
N 

           (4.10) 

 
1

1 qN
avg

k
kq

WP WP I
N 

          (4.11) 

 
1

1 Nq
avg

k
kq

R R I
N 

          (4.12) 
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1

1 qN
avg

k
kq

C C I
N 

          (4.13) 

where qN  represents the number of queries and kI represents the thk  image in the 

database. For global averaging, qN =1000 (Corel 1000 database) and for averaging in a 

specified category, qN =100. 

Standard deviation of recall weighted precision and rank are defined as: 

2

1

1
1

qN
avg

k
kq

STD( R ) ( R( I ) R )
N 

 
       (4.14) 
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qN
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K
kq
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       (4.15) 

  2

1

1
1

qN
avg

a K
kq

STD( C ) C I C
N 

 
        (4.16) 

Table 4.1 represents the comparative results of OQWC and GWC with the PM-1.  

Table 4.1: Comparative results of Proposed Method 1 (PM-1) with existing methods 

Sr. 
No. 

Category 
OQWC GWC PM-1 

Pavg 
(N=10)% 

Ravg
 

(%) 
Pavg 

(N=10)% 
Ravg

 

(%) 
Pavg 

(N=10)% 
Ravg

 

(%) 
1 Africans 57.7 31.1 52.9 33.2 69.80 35.58 
2 Beaches 49.3 28.6 42.0 26.2 53.30 28.45 
3 Buildings 50.9 30.5 47.8 26.5 53.90 25.72 
4 Buses 87.1 64.0 88.3 65.1 92.70 58.77 
5 Dinosaurs 74.6 28.8 96.2 65.0 97.20 80.74 
6 Elephants 55.7 30.7 65.9 37.0 55.70 27.76 
7 Flowers 84.3 65.3 75.5 50.4 88.10 62.51 
8 Horses 78.9 39.9 73.0 39.5 79.60 43.67 
9 Mountains 47.2 25.1 35.2 20.1 38.40 22.08 
10 Food 57.1 36.4 63.2 43.1 80.70 45.26 
 Average 64.30 38.0 64.1 40.6 70.90 43.05 

Following points are observed from Table 4.1 

 Average precision of PM-1 (70.90%) is more than OQWC (64.30%) and GWC 

(64.10%). 
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 Average recall of PM-1 (43.05%) is also more than OQWC (38.0%) and GWC (40.60 

%) method. 

 Out of ten categories selected, proposed method’s group precision is superior in eight 

categories and less in remaining two. 

Similarly, from experimental works it is noted that standard deviation of precision 

(20.31%), weighted precision (16.89%) and recall (11.35%) of proposed method is also very 

less than respective parameters of OQWC (29.4%, 23.9% and 19.6%) method and this less 

values are favorable for the same. 

Figure 4.6 (a) shows the comparative study between the PM-1 and OQWC which further 

states that out of ten categories selected, PM-1’s weighted precision is superior in eight 

categories and marginally less in remaining two. Similarly, Figure 4.6 (b) shows that standard 

deviation of weighted precision of proposed method is less in eight categories as compared 

with OQWC method. This indicates that the weighted precision of individual query image is 

close to respective category’s group weighted precision which is very desirable property. 

 
Figure 4.6: Comparative demonstration: (a) Weighted precision versus categories; 

(b) Standard deviation of weighted precision versus categories 

Figure 4.7 presents the comparative results of PM-1 with GWC and OQWC on the basis 

average recall versus number of images retrieved which further shows that the PM-1 is 

superior to GWC and OQWC. For top 10 images, average recall of proposed method is 

7.09% which further increases to 43.05% for top 100 images that is more than OQWC 

(38.00%) and GWC (40.60%).  

Table 4.2 represents the feature extraction as well as searching and sorting time for a 

given query image. The experiment is performed on Xeon ® processor with 2.5 GHz speed 

and programs are implemented in MATLAB. Proposed method required only 0.85 seconds 

for feature extraction and retrieval task and for same purpose OQWC and GWC takes 3.52 

seconds and 95.11 seconds respectively.  
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Figure 4.7: Average recall versus number of images retrieved  

Table 4.2: Feature extraction and retrieval time of query image 

 OQWC GWC PM-1 
Feature extraction time (sec) 3.30 95.09 0.77 
Searching and sorting time(sec) 0.02 00.02 0.08 
Total(sec) 3.52 95.11 0.85 

4.2.4.2 Corel 2500 Database 

Corel 2500 natural image database is also a subset of Corel database which consists of 

2500 images with two different sizes (either 384 256  or 256 384 ) and are categorized into 

20 groups. Each category contains minimum 50 to maximum 600 images. The performance 

of the PM-1 is measured in terms of average precision as given by equation (4.10). 

Figure 4.8 shows the comparative results of OQWC and PM-1 on the basis of average 

precision. This figure shows the performance of PM-1 (59.75%) is better than OQWC 

(54.91%) for top 10 retrieved images. This trend is further continued for top 100 retrieved 

images where respective values of PM-1 and OQWC are 40.06% and 35.32%. 
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Figure 4.8: Comparative results of PM-1 with OQWC on a parameter of average precision  

4.3 Texture Feature using the Combination of Texton and Orientation 
Image (PM-2) 

Figure 4.9 shows the pictorial representation of proposed method. It has basically three 

steps: preprocessing, processing and feature construction. Preprocessing step converts the 

RGB image into gray one. In processing steps, texton and orientation images are generated. 

Further, feature vector is constructed using these two images. The detailed process is given in 

following sections.  

4.3.1 a` trous Wavelet Transform (AWT) 

a` trous wavelet transform (AWT) is already discussed in section 4.2.1 used for 

decomposition of gray image into successive scales. After decomposition of image, next step 

is the quantization of wavelet plane coefficients. The same strategy is used as discussed in the 

section 4.2.1 and depicted in figure 4.2.  

4.3.2 Texton Detection 

The detailed theoretical discussion is given in section 4.2.2. Only change is that author 

used six textons with grid of size 2 2  as shown in figure 4.10 (a) to cover adjacency in 

horizontal, vertical, diagonal and minor diagonal direction. 
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Figure 4.9: Flowchart of PM-2 

The texton detection task on wavelet planes is illustrated in figure 4.10 (b) Wavelet plane 

is scanned from left-right and top-bottom with 2 2  grid in non-overlapping mode and 

whenever the texton is detected, the original value of wavelet plane in 2 2  grid are kept 

unchanged otherwise they will have zero values. Finally we obtain the texton image as 

 TD x,y  shown in figure 4.10 (b).  

 

      (a) 

Figure 4.10: (a) Texton elements: (i) T1;(ii) T2;(iii) T3;(iv) T4;(v) T5;(vi) T6; 
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 (b) 

Figure 4.10: (b) Illustration of texton image generation 

4.3.3 Texture Orientation Calculation 

Orientation of texture elements play important role in the texture discrimination process 

and are helpful to estimate the shape of textured image. Small change in texture elements 

orientation results in strong influence on human perception of texture image. The orientation 

map in an image represents the object boundaries and texture structure and it provides most 

of the semantic information about the image. For orientation detention, Sobel gradient 

operator is used on gray image along horizontal and vertical direction which gives magnitude 

and orientation as: 

2 2
x ymag( x, y ) S S         (4.17) 

  y

x

S
( x, y ) arctan( )

S
        (4.18) 

Where xS  and yS  gives variation in horizontal and vertical direction respectively. 

Equation (4.18) gives the orientation image which further quantized uniformly into eighteen 

orientations with ten degree as the step size. 

4.3.4 Feature Vector Representation 

Figure 4.11 gives the pictorial representation of feature vector generation. Two different 

images are used for feature generation i.e. texton image and orientation image. 
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Figure 4.11: Feature vector generation. (a) Texton image, (b) Orientation image, (c) Texton 

histogram, (d) Angle histogram 

 Texton image: Section 4.3.2 gives details about the texton image TD( x, y ) with each 

pixel value  1 2 3 Maxl , , ,....,L where maxL  is the number of quantization levels used i.e., 

pixel value at  1 1 1P x , y  and  2 2 2P x , y  are given as  1 1TD P l  and  2 2TD P l . 

Texton image contained the spatial information of pixels in transform domain as per the 

rule laid down in figure 4.10 (a).  

 Orientation image: Section 4.3.3 gives the detailed about the angle calculation and 

generation of orientation image  x, y . This image gives the gray image pixel 

orientation i.e. the angle at pixel P1 and P2 are denoted by  1 1P    and  2 2P     

In the PM-2, feature vector is generated using the combination of information available 

from texton image and orientation image. The detailed is given in following algorithm: 
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Algorithm 

  TD x, y -Texton image 

  x, y  - Orientation image 

 d – Distance between the pixels. i.e.  1 2d , ,...  

 Z- Scanning direction;  Z horizontal,vertical ,diagonal ,minor diagonal  

 J  - Decomposition scales;  1 2 3J , ,  

 Initially set the angle counter and gray value counter to zero. i.e. 0P  and 0GT   

1. For J=1 and Z=horizontal direction 

2. If    TD i, j TD i d , j   then the respective angle counter is incremented by 1 (as 

shown in figure 4.11) i.e. 1p P   ;  1 2 MaxP , ,... , where Max  is the maximum angle 

quantization levels. 

3. Similarly if    i, j i d , j    then the respective gray value counter is increased 

by 1 i.e. 1G GT T  ; where  1 2 3 MaxG , , ,....,L  and MaxL is the maximum gray level 

quantization level. 

4. Combined histogram in Z direction is 

 horizontal G PH T ,  

5. Repeat steps 2-4 for rest of direction i.e. vertical, diagonal and minor diagonal. 

6. Feature vector for Jth scale is given as 

7. 1
4J horizontal vertical diagonal minor diagonalH H H H H       

8. Repeat steps 1-7 for rest of the two scales. 

9. Final feature vector is given as  

 1 2 3Final J J JH H ,H ,H    

In practical implementation, quantization levels for GT  and P  are selected nine and 

eighteen respectively. Therefore feature vector length at step 4 in the above algorithm is 27 

and the final feature vector length at step 9 is 81. 
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4.3.5 Experimental Analysis 

Author used the same framework which outlined in section 4.2.4 on natural databases 

(Corel 1000 and Corel 2500) with same performance criteria. 

4.3.5.1 Corel 1000 Database 

Table 4.3-4.6 represent the comparative results of OQWC [16] and GWC [57] with the 

PM-2.  

Table 4.3: Results of the OQWC [16] 

Sr. 
No 

Category Pavg 
  

STD(P) 
 

WPavg
 

 
STD 
(WP)  

Ravg  
 

STD 
(R) 

Cavg STD 
(Ca) 

1 Africans 57.7 29.2 68.2 25.0 31.1 12.7 282 78 
2 Beaches 49.3 28.2 61.9 23.4 28.6 16.5 335 131 
3 Buildings 50.9 23.7 63.2 20.6 30.5 12.1 308 141 
4 Buses 87.1 20.5 91.2 15.3 64.0 16.4 108 79 
5 Dinosaurs 74.6 28.5 82.8 22.0 28.8 10.6 410 91 
6 Elephants 55.7 20.9 70.7 17.5 30.7 8.4 235 44 
7 Flowers 84.3 24.3 88.3 19.4 65.3 19.9 125 82 
8 Horses 78.9 23.1 85.9 19.5 39.9 13.9 264 99 
9 Mountains 47.2 23.7 60.0 21.2 25.1 9.7 324 79 
10 Food 57.1 31.8 67.5 26.0 36.4 14.3 236 57 

Average 64.30 29.4 74.0 23.9 38.0 19.6 263 127 
   All evaluation values excluding Cavg and STD (Ca) are in (%) 

Table 4.4: Results of PM-2 

Sr. 
No 

Category Pavg 
  

STD(P) 
 

WPavg
 

 
STD 
(WP)  

Ravg  
 

STD 
(R) 

Cavg STD 
(Ca) 

1 Africans 66.60 29.86 76.49 24.17 39.33 17.69 234.54 109.89 
2 Beaches 53.00 26.19 63.37 22.05 31.80 17.32 307.96 142.17 
3 Buildings 58.30 29.06 71.11 24.39 28.95 14.78 334.69 103.10 
4 Buses 94.90 12.19 96.62 9.63 71.35 13.35 89.14 37.46 
5 Dinosaurs 98.00 10.82 98.74 8.01 87.13 16.06 75.25 77.78 
6 Elephants 56.80 17.97 72.25 16.91 27.04 5.73 318.05 50.39 
7 Flowers 92.50 16.72 94.98 11.68 56.14 15.52 194.05 91.22 
8 Horses 80.40 25.58 87.67 18.22 50.22 16.44 165.48 96.39 
9 Mountains 43.50 18.11 56.51 17.06 24.27 8.29 337.42 82.91 

10 Food 62.40 26.02 72.82 22.79 33.65 13.53 278.15 87.33 
Average 70.64 21.25 79.06 17.49 44.98 13.87 233.48 87.87 

All evaluation values excluding Cavg and STD (Ca) are in (%) 
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Table 4.3 shows the experimental result of OQWC [16] and Table 4.4 gives the 

experimental outcomes of PM-2 on the same database (Corel 1000). Following points are 

observed from these Table 4.3 and Table 4.4: 

 Average precision and average weighted precision of PM-2 (70.64%, 79.06%) is more 

than OQWC (64.30%, 74.0%) method. 

 Average recall of PM-2 (44.98%) is far better than OQWC (38.0%) method. 

 Average rank of PM-2 (233.48) is less than OQWC (263) method. 

 Standard deviation of precision (21.25%), weighted precision (17.49%), recall 

(13.87%) and rank (87.87) is also less than respective parameters of OQWC (29.4%, 

23.9%, 19.6% and 127) method.  

Table 4.5 represents the comparative results of Gabor wavelet correlogram (GWC) [57] 

and PM-2. Following points are observed from Table 4.5: 

 Average precision of PM-2 (70.64%) is more than GWC method (64.10%). 

 Average recall of PM-2 (44.98%) is more than GWC method (40.6%). 

 Average rank of PM-2 (233.48) is less than the GWC method (247.3). 

Table 4.5: Comparative results of Gabor wavelet correlogram (GWC) [57] and PM-2 

Sr. 
No. Category 

GWC PM-2 
Cavg Pavg(%) Ravg

 (%) Cavg Pavg(%) Ravg
 (%) 

1 Africans 263.9 52.9 33.2 234.54 66.60 39.33 
2 Beaches 357.7 42.0 26.2 307.96 53.00 31.80 
3 Buildings 332.8 47.8 26.5 334.69 58.30 28.95 
4 Buses 111.6 88.3 65.1 89.14 94.90 71.35 
5 Dinosaurs 135.3 96.2 65.0 75.25 98.00 87.13 
6 Elephants 242.6 65.9 37.0 318.05 56.80 27.04 
7 Flowers 194.4 75.5 50.4 194.05 92.50 56.14 
8 Horses 269.3 73.0 39.5 165.48 80.40 50.22 
9 Mountains 372.4 35.2 20.1 337.42 43.50 24.27 

10 Food 192.7 63.2 43.1 278.15 62.40 33.65 
 Average 247.3 64.1 40.6 233.48 70.64 44.98 

Figure 4.12 (a) shows the comparative study between the PM-2 and GWC which further 

states that out of ten categories selected, average precision of PM-2 is superior in nine 

categories and marginally less in remaining one. Similarly figure 4.12 (b) shows that average 

recall of PM-2 has an edge in eight categories out of ten selected for comparison. The same 

justification of figure 4.12 (a) and figure 4.12 (b) is equally applicable to figure 4.12 (c) for 

group rank of PM-2. 
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Figure 4.12: Comparative plots between the PM-2 and GWC 

Figure 4.12 (d) shows the comparative results of PM-2 with GWC on the basis of average 

recall versus number of images retrieved. For top 10 images, average recall of PM-2 is 7.06% 

which further increases to 44.98% for top 100 images that is more than GWC (6.41%, 

40.6%). 

Table 4.6 represents the feature extraction as well as searching and sorting time for a 

given query image. The experiment is performed on Xeon ® processor with 2.5 GHz speed 

and programs are implemented in MATLAB. PM-2 required only 1.033 seconds for feature 

extraction as well as retrieval task which is 3.40 and 92.07 times faster than OQWC and 

GWC respectively.  

Table 4.6: Feature extraction and retrieval time of query image 

 OQWC GWC PM-2 
Feature extraction time (sec) 3.30 95.09 0.958 
Searching and sorting time(sec) 0.02 00.02 0.075 
Total(seconds) 3.52 95.11 1.033 

4.3.5.2 Corel 2500 Database 

Corel 2500 natural image database is also a subset of Corel database which consist 2500 

images with two different sizes (either 384 256 or 256 384 ) and are categorized into 20 

groups. Each category contains 50 to 600 images. The performance of the PM-2 is measured 

in terms of average precision as given by equation (4.10). 
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Figure 4.13 shows the comparative results of OQWC and PM-2 on the basis of average 

precision. This figure shows that the performance of PM-2 (61.98%) is better than OQWC 

(54.91%) for top 10 retrieved images. This trend is further continued for top 100 retrieved 

images also. 

 

Figure 4.13: Comparative results of PM-2 with OQWC on a parameter of average precision 

4.4 Summary 

In this chapter, author proposes new method for feature extraction using AWT and 

Julesz’s texton theory. AWT gives shift invariant wavelet features and texton elements give 

spatial relation in horizontal, vertical, diagonal and minor diagonal directions. Final feature 

vector is generated by using two techniques i.e. texture feature using texton co-occurrence 

matrix and texture feature using the combination of texton and orientation image. In the first 

approach, author used the second order statistics for the generation of feature vectors. 

Experimental outcome on Corel 1000 database shows that with only one pixel width (d=1) 

and horizontal and zigzag scanning direction, average precision (70.90%) and average recall 

(43.05%) of PM-1 is better than OQWC (64.30%, 38.00%) and GWC (64.10%, 40.60%) 

respectively which used the combination of four pixel distances (  1 2 3 4d , , , ) for feature 

vector generation. Therefore a PM-1 is faster than the OQWC and GWC. Similarly, PM-1 

shows its importance on Corel 2500 database. 

In second approach, final feature vector is generated from texton and orientation image 

using the combination of first order and second order statistics. Additional advantage of PM-
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2 is the length of feature vector which is less as compared to OQWC and GWC and during 

texton image formation, only one pixel width (d=1) is considered rather than four different 

combination (  1 2 3 4d , , , ) as used in OQWC and GWC. The PM-2 shows an improved 

average precision (70.64%) over OQWC (64.30%) and GWC (64.10%). Further, average 

recall of PM-2 (44.98%) is better than OQWC (38.0%) and GWC (40.60%) in addition to the 

average rank (233.48) of PM-2 which is less as compared to OQWC (263) and GWC 

(247.30). The PM-2 has proved itself worthy on Corel 1000 and 2500 image database. 

Similarly, in CBIR, one should emphasis on feature extraction and retrieval time and in this 

regard PM-2 is 3.40 and 92.07 times faster than OQWC and GWC respectively.  
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Chapter 5 

Content Based Image Retrieval using Color Feature and 
Color Bit Planes 

5.1 Introduction 
Image retrieval results can be enhanced by combining two or more features rather than 

considering only one feature. In this chapter, a novel approach is proposed for content based 

image retrieval using two different types of features i.e. color histogram as a global feature 

and block bit plane as a local feature. Local information in the image is collected by 

segmentation of image and further features are collected from each region. However, good 

segmentation of image is itself an open problem in pattern recognition hence an alternative to 

overcome this problem is to divide the image into number of square blocks. Keeping this 

approach in mind, bit planes have been used to give the local information of images thereby 

conquering the problem of inaccurate segmentation which is our proposed consequence of the 

work. Finally, the overall similarity is computed as a weighted combination of global and 

local features. Particle swarm optimization is used for optimization of these weights. The 

experimental result of the proposed method on a natural image database demonstrates 

significant improvement in average precision and average recall as compared to color 

moments and works in Tzu Chuen Lu and Chin Chen Chang (TL) [113]. 

5.2. Proposed Method (PM) 

The proposed method used two features, color histogram and bit plane for collecting the 

information from image. These features are described in the following section. 

5.2.1 Color Histogram (CH) 

In image retrieval, the color histogram is the most commonly used as global color feature. 

It denotes the probability of the intensities of the three color channels. Typical 

characterization of color composition is done by color histograms. Swain and Ballard [25] 

proposed a method, called color indexing, which identifies the object using color histogram 

indexing. The color histogram is obtained by counting the number of times each color occurs 

in the image. This histogram is invariant to translation and rotation of the image plane, and 

changes slowly with the change in view angle. In the proposed method, HSV color space is 
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used. The HSV color space is used more intuitively in manipulating color and it is quite 

similar to the way in which human perceive color. HSV stands for hue, saturation and value 

where hue represents color, saturation measures the purity of a color and value stands for the 

brightness of the color and it varies with color saturation. 

In HSV color space, each pixel is represented by a vector 

 i i i iP H ,S ,V         (5.1) 

where iP  is the ith color pixel of the image having i i iH ,S ,V components and size of image is 

Z Z  

A color histogram (CH) for a given image I is defined as a vector  

       0 1iCH CH ,CH ,....CH j ,....CH N        (5.2) 

where  i H ,S,V ,  CH j  represents the number of pixels of thi  channel in thj  bin and N 

is the number of bins used in color histogram.  

Equation (5.2) represents the feature vector of color histogram. In the proposed method, 

equation (5.2) is further normalized using Gaussian normalization as per the scheme 

suggested in section 5.3. 

5.2.2 Block Bit Plane (BPP) 

Block bit plane (BPP) is used to represent the local property of an image. These are 

generated by dividing an image I into non-overlapping blocks. The algorithm for the same is 

as follows: 

1. Divide an image into non-overlapping blocks of size m m  . 

1 2J j , j , lj , Kj ,BLOCK _ I BLK _ I BLK _ I .....,BLK _ I ......,BLK _ I     (5.3) 

where   j H,S,V  and. 1 l K   

 K - Number of blocks.  

The thl  block in the image is given as:  

 1 2lj LBLK _ I b ,b ,....,b        (5.4) 

  where, L m m  , i.e. number of pixels in each block. 

2. Compute the mean of each non-overlapping block     

 
1

1 L

lj u
u

mean _ BLK _ I b
L 

              (5.5) 
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3. Compute the median of the mean of the non-overlapping block of image I and use it as the 

threshold for construction of bit-plane, 

 1j j lj KjMedian _ I median mean _ BLK _ I ,......,mean _ BLK _ I ,......,mean _ BLK _ I
 
(5.6) 

4. Compare the mean of each non-overlapping block of image I with median of non-

overlapping blocks for the construction of bit-plane. 

If lj jmean _ BLK _ I Median _ I  

    1jBP _ I   

else 

   
0jBP _ I   

where jBP _ I  represents the bit plane of image I and,  j H,S,V  i.e. construct the bit 

plane for three color channels. 

Local feature vector is formed using the bit plane generated in step 4 for each color 

channel. In the proposed method, CH is used as the global feature and BPP as a local feature 

for retrieval of images. 

5.2.3 Particle Swarm Optimization (PSO) 

In the proposed algorithm, feature vector is obtained by using CH and BPP. The problem 

of weights of these two features components is solved by using particle swarm optimization 

(PSO). The basic PSO algorithm was proposed by Kennedy and Eberhart [132] in 1995 and 

has proved to be very effective in solving global optimization for multidimensional problems. 

The original algorithm was based on the sociological behavior associated with bird flocking. 

The PSO system consists of a population (swarm) of potential solutions called particles. 

These particles move through the search domain with a specified velocity in search of 

optimal solution. PSO belongs to an evolutionary algorithm family which includes genetic 

algorithms (GA), genetic programming (GP), evolutionary strategies (ES), and evolutionary 

programming (EP) [133]. It is a stochastic algorithm that does not require the gradient 

information derived from the error function. This is an additional feature of PSO that allows 

to be used on functions where the gradient is either unavailable or computationally expensive 

to obtain. Two different PSO algorithms are available i.e. gbest and lbest PSO. When the 
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neighborhood of a particle is the entire swarm, the best position in the neighborhood is 

referred to as the global best particle, and the resulting algorithm is referred to as the gbest 

PSO. According to the global variant, each particle moves towards its best previous position 

and towards the best particle in the whole swarm. On the other hand, when neighborhood of 

the particle is restricted to some local area, each particle moves towards its best previous 

position and towards the best particle in its restricted neighborhood and the resulting 

algorithm is referred to as the lbest PSO  

PSO has some advantages over the other optimization technique which summarized as 

follows: 

Compared to other optimization techniques, PSO is easy to implement and there are few 

parameters to be adjusted. Moreover, it does not require gradient information of the objective 

function under consideration, but only requires its values. The significant difference between 

PSO and other evolutionary algorithm like genetic algorithm is that PSO uses the concept of 

cooperation rather than competition for achieving the optimal solution. Therefore one can say 

that PSO is actually the only evolutionary algorithm that does not use the ‘survival of the 

fittest’ concept. Also, compared to GA, the information sharing mechanism in PSO is 

significantly different. In GA, chromosomes share information with each other. Hence the 

whole population moves like a one group towards an optimal area. In PSO, only global best 

(or personal best) gives out the information to others. In PSO, all the particles tend to 

converge to the best solution quickly, comparing with GA. 

(http://www.swarmintelligence.org/tutorials.php). 

Hence by considering all these points, we used the PSO for optimizing the weights of the 

feature vectors in the proposed work. Algorithm of the same is explained in the next section. 

Algorithm 

In the proposed work, author tried to get the average recall as maximum as possible by 

optimizing the weights of color and block bit plane feature vectors (equation 5.19). For 

practical implementation, a fitness function is derived from average recall (equation 5.23) and 

is given as equation (5.7).  

  100f x Averagerecall         (5.7) 

The algorithm of the given scheme is as follows: 

1. Initialize the swarm particles x with dimension d and size of swarm M;  1 2d , ,....n  

and  1 2 3i , , ,....M . 
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where   

d – dimension of particles is nothing but the weights of features vectors 

2. Initialize the velocity of particles 0iv  . 

3. Set the personal best position of particles 1 2i iy x i , ,...M   . 

4. For each particle  1 2 3i , , ,....M  get the fitness values  if x  as per equation (5.7); 

then the personal best position and global best position of particle are selected on the 

basis of following conditions 

    i Piif f x f y  

then Pi iy x  

    Pi Gif f y f y  

then G Piy y  

5. Velocity of particle is updated using  

               1 1 2 21
i ,did i id d P i ,d ,d G,d i ,dv t w v t c r t y t x t c r t y t x t                  (5.8) 

where, 1c  and 2c -acceleration coefficients; 1 20 2c ,c  . 

r1 and r2 random number sequences;  1 0 1r U ,  and  2 0 1r U ,  

iw -inertia weight; 0 4 1 2i. w .  . 

6. The position of each particle is updated using the new velocity vector for that particle 

     1 1i i ix t x t v t          (5.9) 

7. If      0if f x || iteration Maxiteration   then go to step 4 

8. End. 

A brief description of the algorithm is as follows: 

Initially the particles of the swarm are initialized with d dimensions and swarm size of M. 

At the same time, velocity of particles is set to zero. On the basis of fitness value (maximum 

in the case of maximization and minimum in the case of minimization), the best previously 

visited position of the ith particle Piy  is selected. This selection procedure is given in step 4 of 

the algorithm. Similarly, selection criteria for the global best position of particle ( Gy ) is 

given in step 4. Gy  is defined as the best position discovered by any of the particles so far. 

Step 5 gives the velocity update information separately for each dimension i.e.  1 2d , ,....n  
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so that idv  denotes the dth dimension of the velocity vector associated with ith particle. In 

velocity equation (5.8), 1c  and 2c  are the acceleration constants used to control maximum 

step size that particle can take in a single iteration. Similarly the inertia weight  iw  is a 

scaling factor associated with the velocity during the previous time step. For iw >1, it 

accelerates the velocity of the particle and vice versa. 

For practical implementation, we used the weights of color and block bit plane features 

i.e. 1w  and 2w  of equation (5.19) as the dimension of particle. Also the size of swarm is 

selected as M=20. The global best position of particle  Gy  gives the optimized value of 

weights 1w  and 2\w  for achieving the maximum value of average recall.  

The Pseudo code of PSO is as follows: 

Maxiteration - maximum iteration  

Iteration=0; 

ix -current position of the particle 

vi- current velocity of the particle 

Py - personal best position of the particle 

Gy - global best position of the particle 

Initialize the particle of swarm with n dimensions and M size 

Repeat 

 For each particle  1 2 3i , , ,....M  

    i Piif f x f y  

then Pi iy x  

     Pi Gif f y f y  

then G Piy y  

end for 

Update the velocity and position of particles using equation (5.8) and (5.9) 

respectively. 

Ireration=Iteration+1 

Until  iteration Maxiteration or get the required value of fitness minima. 
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The flow chart of the PSO is given in figure 5.1 

 
Figure 5.1: Flowchart of PSO 
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5.3. Similarity Measure and Normalization 

In the proposed method, different similarity measures are used for global and local 

features. For CH, the distance d1 [19] measure (equation (5.10)) is used. 

 
1 1

N
I ,i Q,i

i I ,i Q ,i

f f
D Q,I

f f




         (5.10) 

Similarity is given as: 

   
1

1colorS Q,I
D Q,I




        (5.11) 

where Q - Query image;     

N - Feature vector length of color histogram; 

  I - Image in database;     

I ,if - thi  feature of image I in the database;   

Q,if - thi  feature of query image Q. 

Similarly for BPP with given two images Q and I, Hamming distance is used to evaluate the 

similarity which is defined by: 

If ( jBP _ I && 1jBP _Q  )   

1 1 1j jNum _ bits _ Num _ bits _       (5.12) 

If (( jBP _ I && 0jBP _Q  )) 

0 0 1j jNum _ bits _ Num _ bits _       (5.13) 

where,  j H,S,V ; jBP _ I – Bit plane of image jI ; jBP _Q  – Bit plane of query image jQ . 

Similarity between image Q and I is  

 
 

1 0Bitplane j j
j H ,S ,V

S Q,I Num _ bits _ Num _ bits _


     (5.14) 

Finally, these two similarity distance as given in equation (5.11) and (5.14) are combined for 

overall similarity. In the present work, two different features having different similarity 

distances are being used therefore, before the linear combination of two similarities, 
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normalization of feature is must. Gaussian normalization technique [134] is used for color 

histogram features and given as: 

Suppose there are M numbers of images in the database. For each image, color histogram 

has N features; therefore the feature matrix ܨ for these M images is of size M N . 

11 12 1

21 21 2

1 2

j

N

N
C

M M MN

f f .... f
f f .... f

F
. . ... .

f f ... f

 
 
 
 
 
 

       (5.15) 

where,  j H,S,V  

Normalization is performed column wise. For achieving this, compute the mean I j  and 

standard deviation I j  for each column of matrix Fc. Then normalize each column as 

follows: 

 I j I j
I , j

I j

f
f






         (5.16) 

In the above process, the probability of values being in the range of [-1, 1] is 68.27%. If 

3 I j  is used in the denominator of equation (5.16), then probability of entry value being in 

the range [-1, 1] is 99.73%. Then equation (5.16) gets modified as:  

 
1

3

2

I j I j

I j'
I j

f

f





 
 
          (5.17) 

In equation (5.17) an additional shift is given in order to get the '
I jf  within [0, 1]. 

Normalize the color feature used in  colorS Q,I (equation (5.11)) as per equation (5.17).  

Similarly Hamming distance normalization is achieved as follows: 

   
  Bitplane

S Q,I
Normalized _ S Q,I

max S Q,I
      (5.18) 

Finally, overall similarity measure is formed by linear combination of normalized color 

feature and normalized Hamming distance of bit plane features. 

     1 2color BitplanesD Q,I w S Q,I w Normalized _ S Q,I      (5.19) 

where 1 0 7983w .  and 2 0 2017w .  are weights for color and bit plane features respectively 

and these optimized values are obtained from PSO. 
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5.4. Experiments Analysis 

In the present work, to establish the performance of the proposed method the developed 

algorithm was tested on two sets of image collection. The first Image collection contained 

1000 images of Corel database [8]. This database contains ten groups of different category 

and each group contains hundred similar images. The second image collection contained 

3000 images. This database is formed using Corel and Caltech image database [9]. This 

database contained thirty groups of different categories and each group contains hundred 

images. 

Precision and recall is used for quantifying the performance of proposed method and is 

given by: 

Precision of query image Q  is given as: 

  Number of relevant images retrievedP Q =
Total number of images retrieved

    (5.20) 

Recall of query image Q  is given as: 

  Number of relevant images retrievedR Q
Total number of relevant images in the database 

    (5.21) 

Similarly, the average of the precision and recall are defined as:  

 
1

1 qN
avg

k
kQ

P P I
N 

          (5.22) 

 
1

1 Nq
avg

k
kQ

R R I
N 

          (5.23). 

where QN  represents the number of queries and kI represents the thk  image in the database. 

For global averaging, QN =1000 (Corel 1000 database) and for averaging in a specified 

category, QN =100. 

Two existing methods, color moments (CM) [26] with the Gaussian normalization 

scheme as per section 5.3 and Tzu Chuen Lu and Chin Chen Chang (TL) [113] are used as 

benchmark for the proposed scheme. 

Sixty four bins per channel are used for the preparation of color histogram. In bit plane 

generation, a prominent step is the selection of block size. For this selection, experimentation 

was done and the outcome of this is given in Table 5.1. On the merit of average precision, 
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average recall (AR) and feature vector size, 10 10  block size is suitable over the block size 

5 5  and 15 15 . Hence in the present study 10 10  block is considered for bit plane 

generation. 

Table 5.1: Average precision and average recall of the proposed method with different block 

sizes on Corel 1000 database 

NRT 
5 5  10 10  15 15  

Pavg 
(%) 

Ravg 
(%) 

Pavg 
(%) 

Ravg 
(%) 

Pavg 
(%) 

Ravg 
(%) 

10 73.3800 7.3380 73.2900 7.3290 73.1300 7.3130 
20 67.0050 13.4010 66.9000 13.3800 66.4850 13.2970 
30 63.1433 18.9430 62.8567 18.857 62.3967 18.7190 
40 59.9950 23.9980 59.5000 23.8000 59.0550 23.6220 
50 57.1960 28.5980 56.6900 28.3450 56.1240 28.0620 
60 54.8217 32.8930 54.2133 32.5280 53.7183 32.2310 
70 52.6071 36.8250 51.9671 36.3770 51.5414 36.0790 
80 50.5687 40.4550 49.9675 39.9740 49.5887 39.6710 
90 48.7567 43.8810 48.2233 43.4010 47.7178 42.9460 

100 46.9580 46.9580 46.4330 46.4330 45.9420 45.9420 
NRT - Number of images retrieved 

5.4.1. Corel 1000 Image Database 

As already mentioned, the database contains ten categories and each category contains 

hundred images. The experiential result of average precision for this database is given in 

Table 5.2. Comparative result of AR is also given in Table 5.3. From the experimental result, 

the average precision (NRT=10) and average recall of color moment (CM), TL, CH, BPP and 

combination of CH and BPP are 59.58%, 60.31%,68.27%,49.95%, 73.29% and is 37.69%, 

39.56%, 42.30%, 31.08% and 46.43% respectively. From this, it is obvious that the proposed 

method (PM) possess good average precision as well as better average recall as compared to 

CM and TL method. 

Table 5.2: Average precision versus number of image retrieved (NRT), computed over 1000 

images 

Method 
Number of retrieved  Images (NRT) 

10 20 30 40 50 60 70 80 90 100 
CM 59.58 53.01 49.42 46.92 44.90 43.08 41.62 40.26 39.02 37.69 
TL 60.31 54.28 51.18 48.77 46.87 45.00 43.36 42.06 40.79 39.56 
CH 68.27 61.27 57.08 53.97 51.33 49.12 47.20 45.47 43.87 42.29 
BPP 49.95 44.29 41.59 39.39 37.74 36.27 34.93 33.57 32.31 31.08 
PM 73.29 66.90 62.85 59.50 56.69 54.21 51.97 49.97 48.22 46.43 
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All evaluation values are in (%) 

Table 5.3: Average recall versus number of images retrieved (NRT), computed over Corel 

1000 images 

Method 
Number of retrieved  Images (NRT) 

10 20 30 40 50 60 70 80 90 100 
CM 5.96 10.60 14.83 18.77 22.45 25.85 29.13 32.21 35.12 37.69 
TL 6.03 10.86 15.35 19.51 23.43 27.00 30.35 33.65 36.71 39.56 
CH 6.83 12.25 17.12 21.59 25.67 29.47 33.04 36.38 39.49 42.29 
BPP 4.99 8.86 12.48 15.76 18.87 21.76 24.45 26.86 29.08 31.08 
PM 7.33 13.38 18.85 23.80 28.34 32.53 36.38 39.97 43.40 46.43 

All evaluation values are in (%) 

Table 5.4 gives average precision (NRT =10) and average recall (NRT =100) for each 

category in the database. The PM outperforms in almost all categories of images. Only for 

group number 2 (Beaches) and group number 9 (Mountains), the PM has less precision 

performance compared to TL and this happened only because generally beaches are 

surrounded by mountains and is difficult to differentiate snow covered mountain and sea 

water on the basis of color histogram feature. 

Table 5.4: Comparative results of Proposed Method (PM) with existing methods 

Sr. 
No. Group CM TL CH BPP PM 

Pavg Ravg Pavg Ravg Pavg Ravg Pavg Ravg Pavg Ravg 
1 Africans 49.20 29.50 31.11 22.19 75.80 48.27 17.90 10.31 75.70 44.38 
2 Beaches 52.10 28.48 53.80 31.39 35.70 17.73 49.90 31.60 49.00 29.16 
3 Building 33.35 19.93 34.20 19.66 58.00 30.06 32.00 18.52 58.70 30.02 
4 Buses 50.50 33.98 50.00 32.96 71.40 45.31 41.10 21.01 76.10 44.79 
5 Dinosaurs 98.60 91.46 99.70 95.98 100.0 97.78 95.30 74.90 100.0 98.43 
6 Elephants 54.10 34.29 58.00 35.18 62.40 32.16 51.90 25.46 72.20 35.59 
7 Flowers 71.6 42.34 88.20 52.44 78.20 35.75 83.50 57.09 89.90 57.62 
8 Horses 86.70 45.08 88.30 49.55 92.90 51.92 61.70 33.47 92.90 54.34 
9 Mountains 39.40 25.16 55.80 32.69 33.00 15.86 41.00 24.91 46.80 26.72 

10 Food 60.10 26.66 44.00 23.54 75.30 48.14 25.20 13.54 71.60 43.28 
 Average 59.58 37.69 60.31 39.56 68.27 42.30 49.95 31.08 73.60 46.43 

All evaluation measures are in % 

Figure 5.2 gives the sample retrieved result for query image number 23 for top ten 

retrieved images. One of the images among Corel 1000 database is selected as the Query 

image. The retrieved result for CM, TL, and PM is shown in figure 5.2 (a), (b) and (c) 

respectively. CM method retrieved 5 images of same category among the first 10 retrieved 

images and is increased to 7 for first 20 retrieved images. Similarly TL method retrieved 4 
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and 6 images for NRT = 10 and NRT = 20 respectively. The PM retrieved 9 and 16 images for 

NRT = 10 and NRT = 20.  

 

Figure 5.2: Query results of image number 23 (a) color moment (CM) method; (b) T.C. Lu et 

al. (TL) method; (c) proposed method (PM) 

The performance of the CM, TL, CH, BPP and PM on the basis of average precision and 

average recall is shown in figure 5.3 (a) and (b) respectively. According to the experimental 

result and also from graphical representation, it is clear that out of ten categories selected, the 

PM’s average precision (figure 5.3 (a)) is superior in eight categories and less in two 

categories as well as average recall (7.329%, 46.43%) (figure 5.3 (b)) is more than TL (6.031, 

39.56%) and CM scheme (5.958%, 37.69%). 
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(a) 

 
(b) 

Figure 5.3: (a) Average precision versus categories 

(b) Average recall versus number of image retrieved (NRT) 

5.4.2. 3000 Image Database 

This database contains thirty categories and each category contains hundred images. This 

database is formed by collecting the images from Corel database and Caltech database. 

Mixed database is used to verify the toughness of the proposed scheme. The experimental 

results of average precision for this database are given in Table 5.5. A comparative result of 
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average recall is also given in Table 5.6. The average precision (NRT = 10) of CM, TL, CH, 

BPP and PM is 50.50%, 52.26%, 58.93%, 43.89% and 65.77% respectively. Similarly, the 

average recall of CM, TL, CH, BPP and PM for top 100 retrieved images is 25.33%, 27.53%, 

29.42%, 21.60% and 34.36% respectively. From this it is clear that PM possess good average 

precision as well as better average recall as compared to CM and TL method. 

Table 5.5: Average precision versus number of image retrieved (NRT), computed over 3000 

images 

Method 
Number of retrieved Images (NRT) 

10 20 30 40 50 60 70 80 90 100 

CM 50.50 42.86 38.70 35.62 33.18 31.05 29.32 27.84 26.54 25.33 
TCL 52.26 45.35 41.19 38.26 35.76 33.57 31.76 30.19 28.80 27.53 
CH 58.93 50.23 45.44 41.74 38.91 36.34 34.17 32.35 30.81 29.43 
BPP 43.89 36.87 33.39 31.03 28.94 27.00 25.34 23.94 22.71 21.59 
PM 65.77 57.73 52.81 48.89 45.66 42.70 40.08 37.94 36.09 34.36 

All evaluation values are in (%) 

Table 5.6: Average recall versus number of image retrieved (NRT), computed over 3000 

images 

Method 
Number of retrieved Images (NRT) 

10 20 30 40 50 60 70 80 90 100 

CM 5.05 8.57 11.61 14.25 16.59 18.63 20.52 22.27 23.89 25.33 
TCL 5.23 9.07 12.36 15.30 17.88 20.14 22.23 24.15 25.92 27.53 
CH 5.89 10.05 13.63 16.69 19.45 21.80 23.92 25.88 27.72 29.43 
BPP 4.39 7.37 10.02 12.41 14.47 16.20 17.74 19.15 20.44 21.59 
PM 6.58 11.54 15.84 19.55 22.83 25.62 28.05 30.35 32.48 34.36 

All evaluation values are in (%) 

Table 5.7 gives the average precision (NRT =10) and average recall (NRT =100) for each 

category in the database. The PM outperforms in almost all categories that indicates that the 

proposed method is suitable for different category of images. Precision performance of PM 

for group number 2 (Beaches), 9 (Mountains) and 18 (ketch) is slightly less than TL method 

and it is because these groups are closely related i.e. CH feature cannot clearly differentiate 

between image of ketch, beaches and snow covered mountains. On the other hand for group 

number 4 (Buses), 13 (cars) and 17 (School bus), PM fetches good result and is only due to 

CH features. Most of the images in group number 4 are having red color buses and group 

number 17 contains only yellow color school buses i.e. color feature plays very important 

role to differentiate the images. 
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Table 5.7: Comparative retrieval results of different categories of images 

Sr. 
No 

Group CM TL PM Sr. 
No. 

Group CM TL PM 
Pavg Ravg Pavg Ravg Pavg Ravg Pavg Ravg Pavg Ravg Pavg Ravg 

1 Africans 37.30 16.42 16.30 8.00 68.2 32.14 16 Motorbikes* 55.70 28.23 75.90 40.35 82.00 52.91 
2 Beaches 38.60 18.81 41.20 20.64 39.7 20.04 17 School Bus* 23.20 11.74 28.50 13.13 42.20 18.65 
3 Building 26.80 12.35 24.50 11.45 51.00 21.09 18 Ketch* 36.50 19.57 63.60 31.45 51.30 22.50 
4 Buses 40.90 20.64 36.60 20.16 68.60 35.48 19 Trees 41.20 13.77 25.60 11.15 60.40 25.04 
5 Dinosaurs 95.80 74.40 98.40 88.19 100.0 96.47 20 Fishes 42.00 15.16 37.00 17.52 58.20 22.70 
6 Elephants 38.50 18.13 41.40 22.78 64.80 27.30 21 Animation 93.50 64.12 87.90 67.68 98.10 73.50 
7 Flowers 53.70 23.59 69.10 31.31 79.60 37.64 22 Text. Images 72.80 26.93 58.40 22.00 50.30 14.40 
8 Horses 65.30 26.46 65.20 27.11 83.80 38.25 23 Flags 63.10 29.76 61.60 28.00 72.6 30.41 
9 Mountains 28.50 16.26 42.70 22.72 36.60 17.15 24 Faces 94.10 63.01 98.2 65.37 99.7 76.22 
10 Food 42.10 16.71 21.30 9.40 62.50 31.77 25 Sunrise 94.30 44.06 96.30 41.42 92.70 29.75 
11 Airplane* 50.70 29.37 73.90 39.90 80.10 46.95 26 Painting 57.20 24.11 77.90 41.52 88.70 45.84 
12 Butterfly 30.60 15.33 29.20 15.47 46.90 22.63 27 Planet 42.20 13.64 47.70 16.03 44.90 13.90 
13 Car* 72.10 39.79 54.8 25.87 89.90 56.21 28 Office 32.8 15.75 29.00 14.24 39.90 16.75 
14 Leopard* 46.70 19.30 53.60 22.80 61.20 28.40 29 Fruit Model 38.10 18.59 40.80 23.86 77.50 42.59 
15 Waterfall* 23.10 9.30 23.90 9.87 35.00 16.96 30 Text Screen 37.60 14.61 47.40 16.51 46.60 17.04 
 Average 50.50 25.33 52.26 27.53 65.77 34.36 
*Caltech Image database    All evaluation values are in (%) 
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Figure 5.4: Average recall versus number of images retrieved for 3000 image database 

The performance of the CM, TL, CH, BPP and PM on the basis of average recall is 

shown in figure 5.4. According to the result obtained and also from graphical representation, 

inference is drawn that the proposed schemes has better average recall (34.36%) than TL 

(27.53%) and CM scheme (25.33%). 

5.5 Summary 

In the proposed method, color histogram (global information) and block bit-plane (local 

information) are used as the feature for retrieval of images. From experimental result it is 

clear that the individual performance of CH and BPP is not up to the mark but it shots up 

once it is used in combination. Proposed method gives very good result on diversified image 

database. This image database contained different category of images such as african people, 

elephant, airplane, waterfall, motorbikes etc. The strength of the algorithm is established on 

database obtained by mixing different categories of images. Even in that condition the results 

show noticeable improvement. The use of PSO technique is the additional feature of the 

proposed method. PSO gives good optimized values of weights for CH and BPP features. 
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Chapter 6 

Image Retrieval using Local Color and  

Texture Features 
6.1 Introduction 

In this chapter the integration of color and texture features is discussed. In most of image 

retrieval system like Netra [135], WINDSURF (Wavelet Based Indexing of Images Using 

Region Fragmentation) [136], Simplicity [137] , combination of color, texture, shape and 

spatial position are used as a feature for retrieval. No doubt in most of the applications of 

image retrieval, color are most prominently used for image retrieval purpose but in certain 

case, it does not fill the glass as required to differentiate the image. Such as color of tiger and 

leopard looks same but it can be discriminated on the basis of black spots and strip on their 

skin thereby depicting the importance of texture feature in content based image retrieval 

(CBIR). This shows that individual feature is not sufficient to give the complete information 

of image so the combination is the best choice to rid out this problem.  

The proposed scheme used the combination of texture as well as the color feature for 

image retrieval. Discrete wavelet transforms (DWT) and rotated wavelet filter (RWF) are 

used for texture features collection and for color feature, we proposed the local color 

histogram with vocabulary tree (LCH-VT). The DWT and RWF is implemented for 

achieving both diagonal information ( 45  and 135 ) separately which is actually absent in 

DWT. Similarly, LCH-VT provided the local information which is ignored in global 

histogram. The thrust is given to propose an approach for texture feature collection in 

transform domain by using the basic property of transform coefficients i.e. spatial orientation 

tree (SOT). This SOT operation on transform coefficients results into descriptors vectors 

which are further indexed by using the vocabulary tree. Similarly, a new approach is 

proposed for color feature collection which is explained in section 6.2.1. Flowchart of the 

proposed method is as shown in figure 6.1 and involves three paths. First path contains three 

components; first component is RWF which uses Daubechies eight tap mother wavelet 

coefficients for making available the directional information. Next component is the spatial 

orientation tree (SOT) which generates the descriptor vectors from different levels of 

transform coefficients. Finally, the feature vectors are formed by mapping the descriptor 

vectors of image on vocabulary tree. In most of the CBIR systems, mean, standard deviation 
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and histogram of the transform coefficients are used as the features vectors [13, 18, 20-21, 

58] but in the proposed algorithm, vocabulary tree is used for indexing the image features 

[22]. The future collection procedure of second path is just similar to first one where RWF is 

replaced by DWT. In the third path, first component is used for collecting the color 

information from sub-blocks of image which is further processed by vocabulary tree. This 

method is tested successfully on Texture (Brodatz and MIT Vision Texture) as well as on 

natural (Corel 1000) image database and the retrieval results show a major improvement in 

average recall and precision as compared to Lin et al. system [114]. 

 

Fig 6.1: Flowchart of proposed method (DWT-VT+ RWF-VT+ LCH-VT) 

6.2 Features  

In the proposed scheme, two different features are used i.e. local color and texture.  

6.2.1. Texture Feature 

In the proposed work, discrete wavelet transforms (DWT) and rotated wavelet filter 

(RWF) are used for texture features collection. Detailed theoretical information of this feature 

is already covered in chapter 2, section 2.2.1-2.3.  

6.2.1.1 Local Color Histogram with Vocabulary Tree (LCH-VT) 

In image retrieval, the color histogram is the most commonly used global color feature 

which provides the information about the probability of the intensities of the three color 
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channels. Swain and Ballard [25] introduced a method, called color indexing for 

identification of the objects. The color histogram is obtained by counting the number of times 

each color that occurs in an image. Global color histogram (GCH) is invariant to translation 

and rotation of the image plane, and changes slowly under the effect of variation of angle of 

view but looses the spatial information. To conquer this problem, first an image is divided 

into number of blocks and each block is further processed by histogram operation. In the 

method adapted by the author, HSV color space is used due to presence of its characteristics 

i.e. color can be manipulated more intuitively and is quite similar to the way in which human 

perceives color. Each alphabet in HSV has its independent significance where H stands for 

hue that represent color, S for saturation that measures the purity of a color and value V 

depicts brightness of the color which varies with color saturation. 

In HSV color space, each pixel is represented by a vector 

i i i iP ( H ,S ,V )         (6.1) 

where iP  is the ith color pixel of the image having i i iH ,S ,V  components and size of image is 

Z Z . For local color histogram, image I is divided into N numbers of blocks with block size 

p p  and the histogram of respective blocks is given as:  

0 1N N N N N
iCH [CH ( ),CH ( ),....CH ( j ),.....CH (W )]    (6.2) 

where  i H ,S ,V , NCH ( j ) represent the number of pixels of thi  channel in thj  bin of thN  

block and W is the number of bins used in color histogram.  

Equation (6.2) gives the descriptor vector of local color histogram for each sub-image. Total 

number of descriptor vectors ( DVN ) of image I are given as: 

DV
Z ZN
p p





         (6.3) 

Color feature vector is obtained by mapping descriptor vectors of each image on vocabulary 

tree (please see the section 2.2.5 in chapter 2). 

6.3 Feature Extraction and Similarity Measure 

Performance analysis of proposed technique has been carried out in comparison with Lin 

et al. [114] system. A brief review of this method and feature collection procedure is 

presented: 

 



113 

6.3.1 CTCHIRS image retrieval system 

Lin et al. [114] proposed the CTCHIRS image retrieval system using the combination of 

texture and color features. Texture features are collected from motif co-occurrence matrix 

(CCM) and difference between pixels of scan pattern (DBPSP). CCM feature gives the 

direction of texture but fails to represent the complexity of texture. This problem is 

conquered by DBPSP which calculates the difference among all pixels within the motifs of 

scan pattern. Similarly, color information is collected by using color histogram for k-means 

(CHKM). The combination of these three features is utilized for the formation of feature 

vector of each image and further query image is matched with the database image with the 

aid of d1 distance metric. Detailed information is available in Lin et al. [114]. 

6.3.2 Proposed Method (DWT-VT+RWF-VT+LCH-VT) 

In proposed method, features are extracted as per the procedure given in section 6.2.1 and 

6.2.2. Following three sets of features are computed:  

 Feature Set 1: Discrete wavelet transform with vocabulary tree (DWT-VT) 

First step is to apply the 2-D discrete wavelet-transform to decompose each image in the 

database. Next step is to perform the SOT operation on these different sub-bands as per 

procedure given in the section 2.2.4 (chapter 2) which results into the descriptor vectors. 

Further these are mapped on the vocabulary tree (section 2.2.5, chapter 2). The values at 

the leaf nodes of vocabulary tree are used as the features vectors for respective image. For 

practical implementation, vocabulary tree is trained using ten cluster (k=10) and four 

levels (L=4). Numbers of leaf nodes are 10,100, 1000 and 10000 produced at level 1, 2, 3 

and 4 respectively. A feature vector for DWT-VT is given as: 

DWT VT LF f            (6.4) 

where Lf -values available at Lth level’s leaf nodes of vocabulary tree. 

 Feature Set 2: Rotated wavelet filters with vocabulary tree (RWF-VT) 

Perform the same procedure as adopted in Feature Set 1 for feature vector generation with 

only change in transform i.e. in place of DWT use the RWF. A feature vector for RWF-

VT is given as: 

RWF VT LF f           (6.5) 

where Lf -values available at Lth level’s leaf nodes of vocabulary tree. 
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 Feature Set 3: Local color histogram with vocabulary tree (LCH-VT) 

These features are collected as per the procedure mentioned in the section 6.2.1 and the 

final feature vector is represented as:  

LCH VT LF f           (6.6) 

where Lf -values available at Lth level’s leaf nodes of vocabulary tree. 

 Feature Set 4: Combination of DWT-VT, RWF-VT and LCH-VT 

Feature vector for each image is computed by combination of DWT VTF  , RWF VTF   and 

LCH VTF   with proper weights. A feature vector TotalF  is given as: 

1 2 3Total DWT VT RWF VT LCH VTF w F w F w F             (6.7) 

where 1 0.5w  , 2 0.7w   and 3 0.9w   are the weights of DWT VTF  , RWF VTF  and LCH VTF   

respectively. 

6.3.3 Similarity Measure 

The proposed technique make use of the scoring as a similarity measure that works out 

the score between query iQ and database image iI  as shown in following equation: 

1
i i

P

Q I
i

Score F F


           (6.8) 

where  
iQF - Feature vector of query image;  

P -Number of leaf nodes; 

iIF - Feature vector of image in the database. 

Highest scoring database image is considered as more relevant image to query one. 

6.4 Experimental Analysis 

In this section author discusses the effectiveness of combination of RWF-VT, DWT-VT 

and LCH-VT for CBIR. In offline stage, feature vectors are computed for all the images in 

the database as per the procedure explained in section 6.3.2.  In online stage, the query image 

feature is compared with the feature vectors of images from the database using the similarity 

criteria mentioned in section 6.3.3. At last, images are retrieved with decreasing similarity 

scores once all the images present in database have been compared. Experiments are carried 

on three separate databases. The first consist of Brodatz database which includes 1176 texture 

images. The second database is MIT Vision Texture dataset which consists of 640 colored 
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texture images and third one is Corel 1000 database which includes 1000 natural images. 

Following different parameters are used to quantify the performance of proposed method: 

Precision of query image qI  is given as: 

 q
Number of relevant images retrievedP I =

Total number of images retrieved
    (6.9) 

The rank of every query image qI  is computed over all matches using the following equation: 

1

1( ) ( )
AN

q i i
iA

C I rank I I A
N 

         (6.10) 

where A represents a query category and  AN  represents the number of images in the 

category A.  

Recall of query image qI  is given as: 

 q
Number of relevant images retrievedR I

Total number of relevant images in the database 
    (6.11) 

Similarly, the average of the precision, rank and recall are defined as:  

 
1

1 qN
avg

k
kq

P P I
N 

          (6.12) 

 
1

1 qN
avg

k
kq

C C I
N 

           (6.13) 

 
1

1 Nq
avg

k
kq

R R I
N 

          (6.14) 

where qN  represents the number of queries and kI represents the thk  image in the database. 

For global averaging, qN =1000 (Corel 1000 database) and for averaging in a specified 

category, qN =100. 

In section 6.4.1, we demonstrated the experimental outcomes on LCH-VT on Corel 1000 

database. 

6.4.1 LCH-VT on Corel 1000 Database 

Table 6.1 shows the experimental result of GCH [19], k-means and LCH-VT on Corel-

1000 database. Corel 1000 [8] is the subset of Corel database that contains 1000 natural 

images of ten categories ranging from animals and outdoor sports to natural images where 

each category contains 100 images with the size of either 384 256 or 256 384 .  
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For the purpose of evaluation, query images are selected from a 1000 image subset of the 

Corel database. In particular, a retrieved image is considered a match if and only if it lies in 

the same category as the query. Each query results are displayed in descending order 

according to the scores between indexing vectors of the query and retrieved images. 

Following points are observed from Table 6.1: 

 Average precision of LCH-VT (72.52%) is more than GCH (65.70%) and k-means 

(65.62%) methods. 

 Average recall of LCH-VT (47.68%) is far better than GCH (38.86%) and k-means 

(42.41%) methods. 

 Average rank of LCH-VT (204.63) has edge over GCH (261.63) and k-means 

(233.09). 

Table 6.1: Comparative results of LCH-VT with GCH and k-means 

 GCH k-means LCH-VT 
Sr. 
No. 

Category Pavg 

(%) 
Ravg 

(%) 
Cavg Pavg 

(%) 
Ravg 

(%) 
Cavg Pavg 

(%) 
Ravg 

(%) 
Cavg 

1 Africans 83.30 48.46 189.82 66.40 45.00 184.23 71.70 54.39 160.73 
2 Beaches 44.50 21.48 362.30 47.60 26.96 328.32 49.60 26.04 332.85 
3 Buildings 48.90 21.47 343.45 45.60 23.92 319.27 64.00 39.50 229.72 
4 Buses 51.00 33.96 194.07 65.40 40.82 187.43 68.80 49.50 151.13 
5 Dinosaurs 99.40 96.53 52.50 99.90 99.23 50.64 98.50 78.10 94.38 
6 Elephants 65.60 35.40 243.77 61.80 36.39 234.52 71.30 30.95 290.46 
7 Flowers 74.50 39.28 258.77 79.50 47.95 208.53 88.30 55.26 173.30 
8 Horses 87.80 41.09 317.37 83.50 42.07 261.61 92.20 59.17 164.37 
9 Mountains 29.80 16.23 394.32 39.70 24.21 333.47 49.20 30.90 295.46 
10 Food 72.20 34.67 259.78 66.80 37.51 222.90 71.60 52.78 153.94 
 Average 65.70 38.86 261.63 65.62 42.41 233.09 72.52 47.68 204.63 

Figure 6.2 shows the retrieval results for query image number 755 for top 10 retrieved 

images. Figure 6.2(a) shows the retrieval result of GCH technique where in top 10 retrieved 

images, only 3 images of same category of query are retrieved while for top 20 this number 

increases to 4. Near about same result is repeated in figure 6.2 (b) where we demonstrate the 

experiment on k-means method which gives only four images of the same category of the 

query image in both top 10 and 20 cases. Similarly, figure 6.2(c) shows the result of LCH-VT 

method which reflects its superiority by retrieving 9 and 17 images in the top 10 and 20 

images respectively. This two-fold improvement in performance is possible only because of 

local feature which were absent in GCH and k-means.  
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The rank of retrieved image is the key performance criteria to demonstrate the superiority 

of LCH-VT. Table 6.2 shows the outcomes of query image 755 in top 10 retrieved images. In 

GCH, image number 513 is retrieved with second rank but in actual case it is a false retrieval 

and this happens only because of global color histogram feature. For the same query image, 

LCH-VT’s retrieval result with rank is revealed in Table 2 which indicates that excluding one 

image (694), all remaining 9 images are similar to query image. The rank of image number 

513 is 48th in LCH-VT method is verified the discriminating power of LCH-VT which is 

possible due to the consideration of local feature. Similarly, image number 20, 517 whose 

rank is 4th and 5th in GCH, slipped to 204th and 157th in the case of LCH-VT. The same result 

is observed in most of the images. 

 
Figure 6.2: Query results of image number 755 (a) GCH; (b) k-means ;(c) LCH-VT 

Table 6.2: Retrieval result for query image number 755 

Rank 1 2 3 4 5 6 7 8 9 10 

GCH 755 513 709 20 567 703 93 62 54 1 

k-mean 755 1 709 703 884 783 20 520 6 71 

LCH-VT 755 783 732 776 729 694 765 786 756 777 
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Figure 6.3 shows the comparative study of LCH-VT with k-means and GCH. Figure 6.3 

(a) shows the comparative results of LCH-VT with GCH and k-means on the basis of number 

of images retrieved which further proves the effectiveness of the proposed method over GCH 

and k-means. For top 10 images, average recall of LCH-VT is 7.25% which increases to 

47.68% for top 100 images as compared to GCH (6.57% , 38.86%) and k-means (6.57%, 

42.41%) respectively. Similarly, figure 6.3 (b) shows that out of ten categories selected, 

LCH-VT’s group rank is less in seven categories, nearly equal in one and slightly more in 

two categories. For group rank comparison, less value is desirable property of any retrieval 

system. Since a good retrieval system is expected to retrieve relevant images in top ranking.  

 
(a) 

 
(b) 

Figure 6.3 (a) Average recall versus number of images retrieved (b) Group rank versus 

categories 
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Figure 6.4 (a) Query image (b) k-means retrieval result(c) GCH retrieval result (d) LCH-VT 

retrieval result 

Figure 6.4 gives the sample retrieved result for query images of number 318. These 

images are selected among Corel database as the query image. For this query image, LCH-

VT retrieved 10 images, k-means retrieved 5 images and GCH retrieved 4 images of same 

category among the top 10 retrieved images in addition the rank of query image 318 is 

212.25, 188.43 and 90.55 as given by GCH, k-means and LCH-VT techniques respectively. 

In the following section, we verify the importance of combination of texture and color 

feature on three databases i.e. Brodatz texture database, MIT Vision Texture database and 

Corel 1000 database.  

6.4.2 The Performance of DWT-VT+ RWF-VT +LCH-VT (Proposed Method) 

on Image Database Set I: 

Set I is the Brodatz texture database [10] consists of 111 different texture images with 

size of 512 512 . Further each image in the database is divided into sixteen 128 128  non-
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overlapping sub-images that results into 1776 (111 16 ) texture images. Features are 

extracted as per the procedure given in section 6.3.2. The performance of proposed technique 

is measured in terms of average precision (equation 6.12) and average recall (equation 6.14) 

in comparison to CTCHIRS system proposed by Lin at el. [114].  

Table 6.3 shows the comparative results of proposed method (PM) with RWT-VT, DWT-

VT, LCH-VT and CTCHIRS system on the consideration of average precision. Average 

precision of proposed technique for top 2 and 16 retrieved images is 97.83 % and 80.09% 

which is more than RWT-VT(93.78%, 71.17%), DWT-VT (94.43%, 71.41%), LCH-VT-

(89.50%, 54.05%) and CTCHIRS (97 % , 74.10%) respectively.  

Table 6.3: Comparative results of proposed method (PM) with RWT-VT, DWT-VT, LCH-

VT and CTCHIRS system 

Methods 
Number of images retrieved 

2 3 4 5 10 16 
RWT-VT 93.78 90.71 88.58 86.69 79.70 71.17 
DWT-VT 94.43 91.63 89.47 87.60 80.53 71.41 
LCH-VT 89.50 84.08 80.24 77.13 65.51 54.05 

CTCHIRS. 97.0 95.4 93.8 92.2 84.2 74.10 
Proposed 
Method 97.83 96.23 95.12 93.86 88.33 80.09 

All evaluation values are in (%) 

Figure 6.5 (a) demonstrates the sample retrieved result for query images number 33 using 

proposed technique which further shows that in top 16 retrieved images, all 16 images of 

same category of query image are retrieved. Similarly, Figure 6.5 (b) shows the comparative 

results on the view of average recall versus number of images retrieved for proposed method 

with DWT-VT, RWF-VT, LCH-VT and CTCHIRS system justifying the superiority of 

proposed method. For top 16 retrieved images, average recall of CTCHIRS technique is 

74.10% for top 16 retrieved images that increases to 92.25% for top 112 images, same for 

RWF-VT(71.17%, 93.68%), DWT-VT(71.41%, 95.63%) and LCH-VT (54.05%, 87.25%). 

The similar experimental results on PM shows 80.09% and 96.59% evaluated values for top 

16 and 112 retrieved images respectively.  
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(a) 

 
(b) 

Figure 6.5 (a) Sample query result (b) Average recall versus number of images retrieved 

6.4.3 The Performance of DWT-VT+ RWF-VT +LCH-VT (Proposed Method) 

on Image Database Set II 

This image database consists of forty colored textures images from MIT Vision Texture 

[12] database with size of 512 512 . Further, each texture image is divided into 16 non-

overlapping sub-images of size 128 128 , thus creating a 640 ( 40 16 ) texture database. The 
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performance of proposed method on image database Set II is analyzed and compared with 

DWT-VT, RWF-VT, LCH-VT and CTCHIRS technique.  

Table 6.4 gives the comparative study of RWF-VT, DWT-VT, LCH-VT and CTCHIRS 

system with proposed method. Average precision of proposed technique for top 2 and 16 

retrieved images is 99.92 % and 90.09% which is more than RWT-VT (94.61,75.59%), 

DWT-VT (95.86, 77.04%), LCH-VT(98.91, 81.67%) and CTCHIRS (99.14 % , 83.14%) 

respectively. 

Table 6.4 Comparative results of proposed method with RWF-VT, DWT-VT and LCH-VT 
on MIT Vision Texture database 

Methods 
Number of images retrieved 

2 3 4 5 10 16 
RWT-VT 94.61 91.56 90.04 88.47 82.47 75.59 
DWT-VT 95.86 94.11 92.66 91.50 85.78 77.04 
LCH-VT 98.91 98.02 97.23 96.44 90.64 81.67 
CTCHIRS. 99.14 98.85 98.20 97.19 92.08 83.14 
Proposed 
Method 99.92 99.74 99.34 99.09 96.27 90.09 
All evaluation values are in (%) 

Figure 6.6 (a) shows the sample retrieved result for query images number 370 using 

proposed technique which further confirms that in top 16 retrieved images, all 16 images of 

same category of query image are retrieved. Figure 6.6 (b) shows the comparative results 

between average recall versus number of images retrieved for proposed method, DWT-VT, 

RWF-VT, LCH-VT and CTCHIRS system which further adds that the proposed method is 

superior to previously mention techniques. For top 16 retrieved images, average recall of 

CTCHIRS system is 83.14% which further increases to 96.16% for top 112 images similarly 

for RWF-VT (75.59%, 95.98%), DWT-VT (77.04%, 97.58%) and LCH-VT (81.67%, 

96.12%). The same investigational outcomes of proposed technique shows 90.09% and 

98.87% evaluated values for top 16 and 112 retrieved images respectively. 
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(a) 

 

(b) 

Figure 6.6 (a) Sample query result (b) Average recall versus number of images retrieved 
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6.4.4 The Performance of DWT-VT+ RWF-VT +LCH-VT (Proposed Method) 

on Image Database Set III 

Database set III is nothing but the Corel 1000 natural database and detailed discussion 

about this database is given in section 6.4.1. Experiment is conducted on this dataset with 

PM, DWT-VT, RWF-VT, LCH-VT and CTCHIRS system. 

 

(a) 

 

(b) 

Figure 6.7 (a) Query result (b) Average recall versus number of images retrieved 
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Figure 6.7 (a) shows the sample retrieved result for query images number 345 using 

proposed technique which further confirms that in top 16 retrieved images, all 16 images of 

same category of query image are retrieved. Figure 6.7 (b) displays the comparative results 

between average recall versus number of images retrieved for PM and DWT-VT, RWF-VT, 

LCH-VT and CTCHIRS system. For top 20 retrieved images, average retrieval rate of 

CTCHIRS technique is 14.54% which increases to 49.87% for top 100 images and same for 

RWF-VT (11.45%, 42.72%), DWT-VT (11.63, 42.32%) and LCH-VT (13.51%, 47.68%). 

The same experimental results of PM shows 14.40% and 52.74% evaluated values for top 20 

and 100 retrieved images. 

6.5 Summary 

A new approach for retrieving the natural as well as texture (colored as well as gray) 

images using color and texture features is presented here. Color features are collected at local 

level using LCH-VT technique. Texture information is generated by the combination of 

discrete wavelet transform (DWT) and rotated wavelet filters (RWF) that adds to the exact 

distinction in 45  and 135  directions but is absent in the DWT. Another feather in a cap is 

suggestion of a new direction for collection of texture features from transform domain 

coefficients using the spatial orientation tree (SOT) technique in combination with 

vocabulary tree. Experimental results show the superiority of proposed technique over all 

three databases i.e. two texture databases (Brodatz database and MIT Vision Texture) and 

one natural database (Corel 1000). For MIT Vision Texture database, average precision of 

90.09% and average recall of 98.87% is achieved which is more than Lin’s CTCHIRS system 

(83.14%, 96.16%). Brodatz and Corel 1000 database fetch similar improved results.  
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Chapter 7 

Interspaces Correlation and Local Binary Pattern in 
a`trous domain for Content Based Image Retrieval 

7.1 Introduction 

In every field, human being sets a goal. Author has made a similar attempt for achieving a 

target in relation to content based image retrieval. A step towards achieving high precision 

and recall is presented in this chapter. Pragmatically, most of the retrieval techniques employ 

more than one feature in combination for obtaining better retrieval result [19] [114] [117] 

[122] [127] [137]. Author proposes combination of texture as well as the color feature for 

image retrieval. a` trous wavelet transform in combination with local binary pattern (LBP) is 

used for texture features collection and for color feature; a new approach using spatial 

relation is proposed i.e. interspaces correlation. a` trous wavelet transform is used because of 

its shift invariant property and computation time is less as compared with Gabor transform. 

Another advantage is less feature vector length as compare to Gabor transform. In Gabor 

local binary pattern (GLBP) with histogram feature of uniform LBP pattern for three scales 

and four directions; feature vector length is 59 12 708   and for a` trous wavelet LBP with 

histogram feature of uniform pattern for three level of decomposition is only 59 3 157  . 

Similarly, for color feature, author proposes interspaces correlogram for collecting the spatial 

information which is absent in global color histogram (GCH) [25], k-means [138] and 

moment’s methods [26]. Further, the feature vector length of proposed scheme is less as 

compared to color correlogram. The combination of both color and texture features for image 

retrieval application is successfully tested on the natural database and the retrieval results 

thus obtained have fetched a significant improvement in average recall as well as average 

precision as compared with Lin et al. [114] and Vadivel et el. [122]. 

Flowchart of proposed method is shown in figure 7.1 which involves two components. 

i.e. texture and color feature collections. First path in the flowchart represents the different 

steps involved for the texture feature collections. These are listed as: 
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Figure 7.1: Flowchart of proposed method 

  RGB to Gray  

 a` trous wavelet transform (AWT) 

 Local Binary Pattern 

 Histogram  

First component is used to convert the RGB image into gray level followed by AWT 

which decomposes the image into desired levels for availing the multispectral information. 

Next component is the local binary pattern which yields the local texture information from 

different levels of transform coefficients. Finally, the feature vectors are formed by taking the 

histogram of different uniform pattern generated by LBP. Second path shows the process of 

collection of color feature. Details has been given in section 7.2.2 

7.2. Features  

In the proposed scheme, two different features are used i.e. local texture feature and 

spatial color feature. 

7.2.1 Local Texture Feature  

The block representation of local texture feature is given in the first path of figure 7.1. 

The detailed information of each block is given in this section. 
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7.2.1.1 a` trous Wavelet Transform (AWT) 

a` trous wavelet transform is used for achieving the multispectral information of image. 

Detailed information of a` trous wavelet transform is available in section 4.2.1 of chapter 4.  

7.2.1.2 Local Binary Pattern Operator (LBP) 

Wang and He [86] proposed a new approach for texture classification using texture units 

and texture spectrum. Texture units mean small units of size 3 3 windows of texture image 

represented by eight elements, each of which has one of three possible values (0, 1, 2) 

obtained from a neighborhood of a centre pixel of 3 3 window. Therefore, total numbers of 

texture units are 38 = 6561. Texture unit represents the local texture aspect and the occurrence 

distribution of texture units is known as the texture spectrum, with the abscissa indicating the 

type of texture unit and the ordinate representing its occurrence. Additional improvement is 

given by Ojala et al. [24, 87], used the name local binary pattern (LBP) where they proposed 

a two-level version of the method of Wang and He [86]. With this two-level version, there are 

only 28=256 possible texture units instead of 6561. Further reduction in feature vector length 

is achieved by using the uniform patterns.  

In figure 7.2, for a given center pixel in the image, LBP value is computed by comparing 

it with those of its neighborhoods: 
1
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where cg  is the gray value of the center pixel, ig  represents gray value of its neighbors, 

P stands for number of neighbors and R  denotes the radius of the neighborhood. Figure 7.3 

shows the examples of circular neighbor sets for different configurations of ( , )P R . 

The uniform LBP pattern refers to the uniform appearance in the pattern that has limited 

discontinuities in the circular binary presentation. The pattern which has less than or equal to 

two discontinuities in the circular binary presentation is considered as the uniform pattern and 

remaining patterns are considered as non-uniform patterns. Figure 7.4 shows all uniform 

patters for P=8. The distinct values for a given query image is ( 1) 3P P    using uniform 

patterns. Finally, the histogram of uniform pattern is constructed and this will be the texture 

feature of image. 
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Figure 7.2: Calculation of LBP 

 

Figure 7.3: Circular neighborhood sets for different ( , )P R  

 

Figure 7.4: Uniform patters when P=8. The black and white dots represent the bit values of 1 
and 0 in the LBP operator 
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7.2.2 Interspaces Correlation Method for Color Feature 

The block representation of spatial color feature is given in the second path of figure 7.1. 

The detailed information of each block is given in this section. Following operations are 

performed on each image of database for feature collection. 

 RGB to HSV plane 

 Quantization 

 Texton image generation  

 Feature vector generation. 

In the proposed method, HSV color space is used. The HSV color space is used more 

intuitively in manipulating color and it is quite similar to how human perceives color. HSV 

stands for hue, saturation and value. In HSV, hue represents color, saturation measures the 

purity of a color and value is the brightness of the color which varies with color saturation. 

Quantization process is performed on each plane of HSV color space for reducing the final 

feature vector length. This operation results the quantized images for each plane as 

 jQ ( x, y ) j H ,S ,V  . This quantized image is further processed by spatial template as 

shown in the figure 7.5 (a) for collecting the spatial information in the quantized image.  

 

(a) 

Figure 7.5 (a) Spatial template 
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(b) 

Figure 7.5 (b) Illustration of Texton image generation 

This operation is illustrated in figure 7.5 (b) where quantized plane is scanned from left-

right and top-bottom with 2 2  grid in non-overlapping mode and whenever the spatial 

relation is detected, the original value of quantized plane in 2 2  grid are kept unchanged 

otherwise they will have zero values. Finally we obtain the texton image for each color plane 

as    jS x, y j H ,S ,V   shown in figure 7.5 (b).  

Fourth element in color feature collection is feature vector generation which is generated 

by collecting the inter plane information between texton image and quantized image. Texton 

image of each plane is compared with quantized image of rest of two planes that results in 

total six combinations. The detailed procedure of feature generation on texton image of H 

plane (  
HIS x, y ) and quantized image of S plane (  

sIQ x, y ) can be observed in the 

following algorithm: 

Algorithm 

  
HIS x, y -Texton image of H plane. 

  
SIQ x, y - Quantization image of S plane. 

 D – Distance between the pixels. i.e.  1 2D , ,...  
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 Z- Scanning direction;  Z horizontal ,vertical,diagonal ,minor diagonal  

 Initially set texton and quantization counter to zero. i.e. 0CS  and 0CQ   

1. For Z=horizontal direction 

2. If    
H HI IS i, j S i D, j   then the respective quantization counter is incremented 

by 1 (as shown in figure 7.6) i.e. 

 1 1 2 3C C MaxQ Q ;C , , ,......Q    where MaxQ  is the maximum quantization levels 

used in  
SIQ x, y  image. 

3. Similarly if    
S SI IQ i, j Q i D, j   then the respective texton counter is increased 

by 1 as shown in figure 7.6. 

1C CS S  ;  1 2 3 MaxC , , ,....,S , where MaxS  is the maximum quantization levels 

used in  
HIS x, y image. 

4. Combined histogram in Z =horizontal direction is  

 horizontal C CH Q ,S  

5. Repeat steps 2-4 for rest of directions i.e. vertical, diagonal and minor diagonal. 

6. Feature vector for  
HIS x, y and  

SIQ x, y  is as: 

1
4I IH SS Q horizontal vertical diagonal minor diagonalF H H H H         (7.6) 

Above algorithm is used on rest of the five combinations that results in their respective 

feature vectors. The Final feature vector is formed using all features of six combinations and 

is given by: 

I I I I I I I I I I I IH S H V S H S V V H V SHSV S Q S Q S Q S Q S Q S QF F ,F ,F , F ,F ,F       (7.7)
 

For practical implementation, quantization levels of 150, 100 and 150 are used for H, S 

and V plane respectively. Feature vector length at step 6 in algorithm is 250 and at equation 

(7.7) it is 1600.  
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Figure 7.6: Feature vector generation. (a) Texton image, (b) Quantized image, (c) Texton 
histogram, (d) Quantized image histogram 

7.3 Feature Extraction and Similarity Measure 

Performance analysis of our technique (combination of a` trous wavelet transform with 

LBP and interspaces correlogram) has been carried out in comparison with Lin et al. [114] 

and Vadivel et al. [122] systems. A brief review of these methods and feature collection 

procedure is presented. 

7.3.1 CTCHIRS Image Retrieval System 

Lin et al. [114] proposed the CTCHIRS image retrieval system using the combination of 

texture and color features. Texture features are collected from motif co-occurrence matrix 

(CCM) and difference between pixels of scan pattern (DBPSP). CCM feature gives the 

direction of texture but fails to represent the complexity of texture. This problem is 

conquered by DBPSP which calculates the difference among all pixels within the motifs of 

scan pattern. Similarly, color information is collected by using color histogram for k-means 

(CHKM). The combination of these three features are utilized for the formation of feature 
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vector of each image and further query image is matched with the database image with the 

aid of d1 distance metric. Detailed information is available in Lin et al. [114]. 

7.3.2. Integrated Color and Intensity Co-Occurrence Matrix (ICICM) 

Vadivel et al. [122] proposed integrated color and intensity co-occurrence matrix 

(ICICM) for CBIR. ICICM captures color and intensity variation around each pixel. For each 

pair of neighboring pixels, contribution of both color as well as gray level are considered. 

This is a generalization of the grayscale co-occurrence matrix (GCM) [48] and the color co-

occurrence matrix (CCM) techniques [139]. Detailed information about ICICM method is 

available in Vadivel et al. [122]. 

7.3.3 Proposed Method  
In proposed method features are extracted as per the procedure given in section 7.2. 

Following three methods are proposed: 

 Proposed Method-1(PM-1): combination of a` trous wavelet transform with local binary 

pattern. 

First step is to apply a` trous wavelet-transform to decompose each image in the database. 

Next step is to perform the LBP operation on these different sub-bands as per procedure 

given in the section 7.2.1 which results into the uniform binary pattern. Further the 

histogram of these uniform binary pattern results in the texture features of image. For 

practical implementation, three levels of decomposition are used and each detailed plane 

is processed by LBP followed by histogram operation. The final feature vector length 

results into 59 3 177   for texture feature  1PMF . 

 Proposed Method-2 (PM-2): Interspaces correlogram method  

The first step is to convert RGB to HSV plane followed by quantization operation on each 

plane separately. Next, the spatial relationship is searched using spatial templates as 

shown in figure 7.5(a) for each quantized plane. Finally, interspaces correlation is 

obtained between texton and quantization image (figure 7.6) which gives the color feature 

vector (FPM2). 

 Proposed Method-3 (PM-3): Combination of  1PMF and  
2PMF . 

Feature vector for each image is computed by combination of  1PMF  and 
2PMF  with 

proper weights. A Final feature vector TotalF  is given as: 
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1 21 2Total PM PMF w F w F            (7.8) 

where 1 0.5w   and 2 0.5w   are the weights of  1PMF  and  2PMF  respectively. 

7.3.4 Distance Measurement 

In the proposed method, measure of distance d1 is used and is represented in equation 

(7.9). 

, ,

1 , ,

( , )
1

N
I i Q i

i I i Q i

f f
D Q I

f f




         (7.9) 

where  Q - Query image;  

N - Feature vector length; 

I - Image in database;  

,I if - thi  feature of Image I in the database;  

,Q if  - thi feature of query image Q. 

7.4 Experimental Analysis 
Three different experiments have been performed on Corel 1000 and Corel 2500 

database. In offline stage, feature vectors are computed for all the images in the database as 

per the procedure explained in the algorithm. In online stage, the query image feature is 

compared with the feature vectors of images from the database using the d1 distance 

measurement. At last, images are retrieved by arranging distances of all the images present in 

database in ascending order. Experiments are carried on two separate databases. The first 

consists of Corel 1000 database which includes 1000 natural images. The second database is 

Corel 2500 database which includes 2500 natural images. Following different parameters are 

used to quantify the performance of proposed method: 

Precision of query image qI  is given as: 

 q
Number of relevant images retrievedP I =

Total number of images retrieved
    (7.10) 

The weighted precision is computed using 

 
1

1 N
k

q
k

nWP I
N k

          (7.11) 

where  

kn -The number of matches between the first k retrieved images. 
N - Number of images retrieved. 
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The rank of every query image qI  is computed over all matches using the following 

equation: 

1

1( ) ( )
AN

q i i
iA

C I rank I I A
N 

         (7.12) 

where A represents a query category and AN  represents the number of images in the category 

A.  

Recall of query image qI  is defined as: 

 q
Number of relevant images retrievedR I

Total number of relevant images in the database 
    (7.13) 

Similarly, the average of the precision, weighted precision, rank and recall are defined as:  
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          (7.17) 

where qN  represents the number of queries and kI denotes the thk  image in the database. For 

global averaging, qN =1000 (Corel 1000 database) and for averaging in a specified category, 

qN =100. An ideal CBIR system has precision value 100% and average rank is 2qN , where 

qN  is the number of images in a specified category [16]. 

7.4.1 Proposed Method-1(PM-1) on Corel 1000 database 

Table 7.1 shows the experimental result of LBP [24], GLBP and PM-1 on Corel-1000 

database. Corel 1000 [8] is the subset of Corel database that contains 1000 natural images of 

ten categories ranging from animals, outdoor sports to natural images where each category 

contains 100 images with the size of either 256 384 or 384 256 .  

For evaluation purpose, query images are selected from a 1000 image subset of the Corel 

database. In particular, a retrieved image is considered a match if and only if it lies in the 
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same category as the query. Each query results are displayed in ascending order according to 

the distances between feature vectors of the query and retrieved images. 

Table 7.1: Comparative results of PM-1 with LBP and GLBP 

Sr. 

No Category LBP GLBP Proposed Method-1  
(PM-1) 

WPavg Pavg Ravg WPavg Pavg Ravg WPavg Pavg Ravg 
1 Africans 73.19 61.90 37.51 64.34 53.20 33.99 73.13 62.60 41.40 
2 Beaches 65.38 54.90 34.05 65.27 54.80 29.91 70.20 60.30 38.79 
3 Buildings 74.08 63.90 32.98 62.01 48.00 20.97 80.14 71.20 40.02 
4 Buses 97.87 96.90 70.02 96.14 93.90 61.48 98.17 97.30 72.93 
5 Dinosaurs 98.82 98.00 69.46 97.88 96.90 63.96 97.62 96.20 73.42 
6 Elephants 63.60 45.10 25.04 74.44 61.90 30.45 72.23 57.00 30.34 
7 Flowers 93.99 90.60 62.05 92.53 87.60 59.86 93.80 90.40 66.56 
8 Horses 84.20 75.40 42.53 89.56 83.80 47.12 86.88 80.00 44.59 
9 Mountains 55.14 41.60 26.35 57.10 41.90 22.33 55.07 41.10 26.65 

10 Food 78.02 68.80 38.73 81.44 68.80 38.07 85.21 78.40 43.24 
Average 78.43 69.71 43.87 78.07 69.45 40.81 81.24 73.45 47.79 

All evaluation values are in (%) 

Following inferences are derived from Table 7.1: 

 Average weighted precision of PM-1 (81.24%) is more than LBP (78.43%) and GLBP 

(78.07%) methods. 

 Average precision of PM-1 (73.45%) is more than LBP (69.71%) and GLBP 

(69.45%) methods. 

 Average recall of PM-1 (47.79%) is far better than LBP (43.87%) and GLBP 

(40.81%) methods. 

Figure 7.7 shows the comparative study of PM-1 with LBP and GLBP. Figure 7.7 (a) 

shows the comparative results of PM-1 with LBP and GLBP on the basis of average recall 

versus number of images retrieved which further proves the effectiveness of the PM-1 over 

LBP and GLBP. For top 10 images, average recall of PM-1 is 7.34% which increases to 

47.79% for top 100 images as compared to LBP (6.97%, 43.87%) and GLBP (6.94%, 

40.81%) respectively. Similarly, figure 7.7 (b) shows the comparative results of PM-1 with 

LBP and GLBP on the basis of average precision versus number of images retrieved where 

for top 10 retrieved images, average precision of PM-1 is 73.45% which further decreases to 

47.79% for top 100 images as compared to LBP (69.71%, 43.87%) and GLBP (69.45%, 

40.81%). 
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(a) 

 
(b) 

Figure 7.7: (a) Average recall versus number of images retrieved 

(b) Average precision versus number of images retrieved 

7.4.2 Proposed Method-2 (PM-2) on Corel 1000 database 
Table 7.2 shows the experimental result of GCH [25], k-means and interspaces 

correlogram on Corel-1000 database. 

For the purpose of evaluation, query images are selected from Corel database. In 

particular, a retrieved image is considered a match if and only if it lies in the same category 

as the query. Each query results are displayed in ascending order according to the distances 

between feature vectors of the query and retrieved images.  
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 Table 7.2: Comparative results of interspaces correlogram with GCH and k-means 

  GCH k-means (PM-2) 
Sr. 
No. 

Category Pavg Ravg Cavg Pavg Ravg Cavg Pavg Ravg Cavg 

1 Africans 83.30 48.46 189.82 66.40 45.00 184.23 84.50 51.49 172.74 
2 Beaches 44.50 21.48 362.30 47.60 26.96 328.32 48.20 23.25 372.77 
3 Buildings 48.90 21.47 343.45 45.60 23.92 319.27 74.40 41.62 230.57 
4 Buses 51.00 33.96 194.07 65.40 40.82 187.43 86.40 60.18 113.14 
5 Dinosaurs 99.40 96.53 52.50 99.90 99.23 50.64 100.0 98.13 51.03 
6 Elephants 65.60 35.40 243.77 61.80 36.39 234.52 69.70 32.72 276.27 
7 Flowers 74.50 39.28 258.77 79.50 47.95 208.53 89.70 46.28 237.09 
8 Horses 87.80 41.09 317.37 83.50 42.07 261.61 95.70 55.64 182.21 
9 Mountains 29.80 16.23 394.32 39.70 24.21 333.47 43.40 21.03 385.91 

10 Food 72.20 34.67 259.78 66.80 37.51 222.90 81.50 48.25 178.24 
 Average 65.70 38.86 261.63 65.62 42.41 233.09 77.35 47.25 220.00 

All evaluation values excluding Cavg are in (%) 

Following points are observed from Table 7.2: 

 Average precision of PM-2 (77.35%) is more than GCH (65.70%) and k-means 

(65.62%) methods. 

 Average recall of PM-2 (47.25%) is far better than GCH (38.86%) and k-means 

(42.41%) methods. 

 Average rank of PM-2 (220) has edge over GCH (261.63) and k-means (233.09). 

Figure 7.8 shows the retrieval results for query image number 205 for top ten retrieved 

images. Figure 7.8(a) shows the retrieval result of GCH technique where in top 10 retrieved 

images, only 6 images of same category of query are retrieved while for top 20 this number 

increases to 13. Figure 7.8 (b) demonstrates the experiment on k-means method which gives 

only 4 and 6 images of the same category of the query image in both top 10 and 20 cases 

respectively. Similarly, figure 7.8(c) shows the result of PM-2 which reflects its superiority 

by retrieving 10 and 20 images in the top 10 and 20 images respectively. This improvement 

in performance is possible only because of spatial relation which were absent in GCH and k-

means.  

The rank of retrieved image is the key performance criteria to demonstrate the superiority 

of PM-2. Table 7.3 shows the outcomes of query image 205 in top 10 retrieved images. In 

GCH, image number 366 is retrieved with 6th rank but in actual case it is a false retrieval and 

this happens only because of global color histogram feature. For the same query image, PM-2 

retrieval result with rank is revealed in Table 7.3 which indicates all 10 images are similar to 

query image. The rank of image number 366 is 328th in PM-2 which verifies the 
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discriminating power of the method that is possible only due to the consideration of spatial 

relation. Similarly, image number 584 whose rank is 3rd in k-means, slipped to 84th in the case 

of PM-2. The same result is observed in most of the images. 

 

Figure 7.8: Query results of image number 205 (a) GCH; (b) k-means ;(c) PM-2 

Table 7.3: Retrieval result for query image number 205 

Rank 1 2 3 4 5 6 7 8 9 10 

GCH 205 290 223 242 240 366 588 558 584 268 

k-means 205 290 584 223 242 902 108 344 501 135 

PM2 205 223 240 242 231 243 230 204 206 239 

Figure 7.9 shows the comparative study of interspaces correlogram with some benchmark 

methods. Figure 7.9 (a) shows the comparative results of PM-2 with k-means, GCH and color 

correlogram (CC) [117] on the basis of average precision versus number of images retrieved 

which further proves the effectiveness of the PM-2 over GCH, k-means and CC. For top 10 
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images, average precision of PM-2 is 77.35% which decreases to 59.53% for top 50 images 

as compared to GCH (65.7% , 47.87%), k-means (65.62%, 50.46%) and CC (71.00%, 

56.00%) respectively. Similarly, figure 7.9 (b) shows that out of ten categories selected; PM-

2’s weighted precision has an edge in all ten categories in comparison with GCH and k-

means. 

 
(a) 

 
(b) 

Figure 7.9: (a) Average precision versus number of relevant images retrieved  

(b) Average weighted precision versus categories 
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7.4.3 Proposed Method-3 (PM-3) on Corel 1000 Database 

Experiment is performed on Corel 1000 image database by combining the color (PM-2) 

and texture feature (PM-1). Experimental outcomes on this dataset with PM-3, ICICM [122] 

and CTCHIRS [114] systems are shown in Table 7.4.  

Following points are observed from Table 7.4: 

 Average weighted precision of PM-3 (89.92%) is more than ICICM (83.46%) and 

CTCHIRS (84.19%) methods. 

 Average precision of PM-3 (84.81%) is more than ICICM (75.90%) and CTCHIRS 

(76.85%) methods. 

 Average recall rate of PM-3 (57.17%) is far better than ICICM (45.34%) and 

CTCHIRS (49.50%) methods. 

 Average rank of PM-3 (164) has edge over ICICM (220) and CTCHIRS (198). 

Figure 7.10 shows the retrieval results for query image number 236 for top ten retrieved 

images. Figure 7.10 (a) shows the retrieval result of CTCHRIS method where in top 10 

retrieved images, only 6 images of same category of query are retrieved while for top 20 this 

number increases to 12. Near about same result is repeated in figure 7.10 (b) where we 

demonstrate the experiment on ICICM method which gives only 5 and 10 images of the 

same category of the query image in both top 10 and 20 cases respectively. Similarly, figure 

7.10 (c) shows the result of PM-3 method which reflects its superiority by retrieving 9 and 

15 images in the top 10 and 20 images respectively. This improvement in performance is 

possible only because of combination of local texture and spatial color features. 

 

 

 



143 

 

 

Table 7.4: Comparative results of PM-3, ICICM and CTCHIRS methods 

Sr. 

No 
Category 

ICICM CTCHIRS PM-3 

WPavg Pavg Ravg Cavg WPavg Pavg Ravg Cavg WPavg Pavg Ravg Cavg 
1 Africans 90.21 85.10 48.41 195 84.64 77.70 44.39 212 91.85 87.50 58.22 152 
2 Beaches 65.78 52.90 25.85 346 71.13 59.70 35.11 276 76.03 65.40 39.21 252 
3 Buildings 75.12 65.90 37.05 238 75.18 63.70 32.15 287 90.50 84.80 48.05 190 
4 Buses 92.59 89.10 66.52 99 90.73 86.30 55.61 135 98.48 97.90 80.06 67 
5 Dinosaurs 99.88 99.50 78.11 98 99.90 99.80 97.16 51 99.79 99.60 92.76 63 
6 Elephants 83.23 71.90 35.66 230 79.93 67.20 33.75 261 86.52 76.90 40.55 214 
7 Flowers 93.43 90.10 57.73 165 96.83 95.30 70.19 109 97.45 96.00 66.55 110 
8 Horses 91.87 85.50 41.47 252 92.96 87.20 50.83 172 96.89 94.50 60.19 141 
9 Mountains 59.60 44.60 24.37 354 62.16 48.50 29.95 273 66.96 53.50 29.06 304 

10 Food 82.93 74.40 38.24 220 88.45 83.10 45.95 203 94.76 92.00 57.06 145 
Average 83.46 75.90 45.34 220 84.19 76.85 49.50 198 89.92 84.81 57.17 164 

All evaluation values excluding Cavg are in (%) 
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Figure 7.10: Query results of image number 236 (a) CTCHIRS method; (b) ICICM method; 

(c) PM-3 method 

 

(a) 

Figure 7.11: (a) Average recall versus number of images retrieved 
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(b) 

Figure 7.11: (b) Average precision rate versus number of images retrieved 

Figure 7.11 shows the comparative study of PM-3 with ICICM and CTCHIRS methods. 

Figure 7.11 (a) shows the comparative results of PM-3 with ICICM and CTCHIRS on the 

basis of average recall versus number of images retrieved which further proves the 

effectiveness of the PM-3 over ICICM and CTCHIRS. For top 10 images, average recall of 

PM-3 is 8.48% which increases to 57.17% for top 100 images as compared to ICICM (7.59% 

, 45.34%) and CTCHIRS (7.68%, 49.87%) respectively. Similarly, figure 7.11(b) shows the 

comparative results of PM-3 with ICICM, CTCHIRS, fixed Partition [117], color 

correlogram and MPEG-7 on the basis of average precision versus number of retrieved 

images where for top 10 retrieved images, average precision of PM-3 is 85% which further 

decreases to 71% for top 50 images as compared to ICICM (76%,57%), CTCHIRS (77%, 

61%), fixed Partition (80%, 67%), color correlogram (71%, 56%) and MPEG-7 (62%, 47%). 

The rank of retrieved image is a key criterion to demonstrate the superiority of PM-3. 

Table 5 shows the outcomes of query image 236 in top 10 retrieved images. In CTCHRIS 

method, image number 170 is retrieved with 2nd rank but in actual case it is a false retrieval. 

For the same query image, PM-3 retrieval result with rank is revealed in Table 7.4 where the 

rank of image number 170 is 30th which verifies the discriminating power of PM-3 due to the 

combination of local texture and spatial color features. Similarly, image number 922 whose 

rank is 3rd in ICICM slipped to 408th in the case of PM-3. The same result is observed in most 

of the images. 
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Table 7.5: Retrieval result for query image number 205 

Rank 1 2 3 4 5 6 7 8 9 10 

CTCHRIS 236 170 228 245 182 201 206 808 216 169 

ICICM 236 265 922 228 264 182 259 967 116 924 

PM3 236 201 287 289 286 282 285 503 299 290 

This experiment is performed on Xeon ® processor with 2.5 GHz speed and programs are 

implemented in MATLAB. PM-3 required 2.2871 seconds for feature extraction and retrieval 

task and for same purpose CTCHRIS and ICICM takes 5.07 seconds and 0.5145 seconds 

respectively.  

7.4.4 Proposed Method 3 (PM-3) on Corel 2500 database 

Corel 2500 natural image database is also a subset of Corel database which consists of 

2500 images with two different sizes (either 256 384  or 384 256 ) and are categorized into 

20 groups. Each category contains 50 to 600 images. The performance of the proposed 

method is measured in terms of average precision as given by equation (7.14). 

Figure 7.12 shows the comparative results of ICICM, CTCHIRS and PM-3 on the basis of 

average precision. Figure 7.12 shows the performance of PM-3 (73.73%) which is better than 

ICICM (60.14%) and CTCHIRS (63.90%) for top 10 retrieved images. This trend is further 

continued for top 100 retrieved images as shown in figure 7.12. 

 

Figure 7.12: Comparative results of PM-3 with ICICM and CTCHIRS on a parameter of 
average precision 
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7.5 Summary 

A new approach for retrieving the natural images using color and texture features is 

presented here. Color features are collected at spatial level using interspaces correlogram 

technique. Texture information is generated by the combination of a` trous wavelet transform 

with LBP (PM-1) which shows its superiority over LBP and GLBP. On Coral 1000 database, 

average precision of 73.45% and average recall of 47.78% is achieved by PM-1 which is 

more than LBP (69.71%, 43.87%) and GLBP (69.45%, 40.81%) method. Similarly, 

interspaces correlogram method (PM-2) fetch similar improvement over GCH, k-means, 

color correlogram and MPEG-7 method. Experimentally, we have also proved the 

combination of texture and color feature (PM-3) gives good average recall (84.81%) and 

precision (57.17%) over ICICM (75.90%, 45.34%) and CTCHIRS method (76.85%, 49.50%) 

on Corel 1000 database. The same improvement is also observed on Corel 2500 image 

database also. From speed point of view, it is very clear that proposed method is faster than 

CTCHIRS but slow as compared to ICICM method, but on performance basis proposed 

method is superior to both CTCHIRS and ICICM method. 
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Chapter 8 

Conclusions and Future Scopes 

8.1 Conclusions 
Presented research work concentrates on the design of content based image retrieval 

system using new color as well as texture feature. Similarly, the performance of CBIR system 

with a combination of different features (color and texture) is demonstrated experimentally.  

In content based image retrieval, most important tasks is to collect features and once we 

have these features next task is to combine these features for achieving good retrieval 

efficiency. With this approach in mind, in the proposed research work, three different 

approaches are used for texture feature collections. Similarly, the problem of integration of 

different features (color and texture) is also attempted by proposing three more additional 

techniques for retrieval application.  

An attempt has been made to solve the diagonal directional problem of standard 2-D 

wavelet transform using the rotated wavelet filters which is non-separable and orientated, 

gives the distinguish directional information of 45 and 135 . 2-D RWF is obtained by 

rotating the filter coefficient of 2-D standard wavelet filter by an angle 45 . Also, a new 

scheme of feature generation is suggested using spatial orientation tree in combination with 

vocabulary tree. To the best of our knowledge, this is the first attempt made for image 

retrieval application. Experimental results shows the improved overall retrieval performance 

on both natural as well as on texture database over the optimized quantization wavelet 

correlogram, Gabor wavelet correlogram and other traditional approaches. From 

computational point of view, proposed method (RWF-VT + DWT-VT) needs 5.74 seconds as 

compared to OQWC (3.52 seconds) and GWC (95.11 seconds). 

Two problems of standard 2-D discrete wavelet transform i.e. poor directional selectivity 

and lack of shift invariance is solved using dual tree complex wavelet transform which 

provides directional information in 15 , 45 , 75      directions with shift invariance 

property. Next, descriptor vectors are generated from different sub-bands using spatial 

orientation tree (SOT) technique and finally, the feature vectors are formed by mapping the 

set of descriptor vectors of image using vocabulary tree. The proposed method is tested on 

Corel 1000 and texture image database (Brodatz and USC). On Corel 1000 database as well 

as on Brodatz [10] and USC [8] texture database, the retrieval results have demonstrated a 
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significant improvement in average precision, average recall and average rank over optimal 

quantized wavelet correlogram, Gabor wavelet correlogram and other traditional method such 

as DWT, GWT, DT-CWT, and DT-RCWT. This work is further extended for incorporating 

more directional information by combining the two-dimensional dual tree complex wavelet 

transform (DT CWT) and two-dimensional dual tree rotated complex wavelet filters (DT-

RCWF) in combination with spatial orientation tree (SOT) and vocabulary tree (VT). DT-

RCWT gives the directional information into six directions i.e. 30 0 30 60 90 120      , , , , , . 

The proposed method (DT-CWT-VT + DT-RCWT-VT) is well established on texture 

database where average recall of proposed combination i.e. DT-CWT-VT + DT-RCWT-VT 

is 80.56 % which is far better than DWT (69.61%), GWT (74.32%), and DT-CWT + DT-

RCWT (77.11%). 

Third approach has proposed a new method for feature extraction using combination of  

à trous wavelet transform (AWT) and Julesz’s texton theory [124] which achieved improved 

average recall with less computational complexity. AWT gives shift invariant wavelet 

features and texton elements give spatial relation in horizontal, vertical, diagonal and minor 

diagonal directions. Final feature vector is generated by performing co-occurrence operations 

on texton image in horizontal and zigzag direction. Texton co-occurrence matrix gives 

second order statistics related to texton image. Experimental outcome on Corel 1000 database 

shows that with only one pixel width (d=1) and horizontal and zigzag scanning direction, 

average precision (70.90%) and average recall (43.05%) of proposed method is better than 

OQWC [16] (64.30%, 38.00%) and GWC [57] (64.10%, 40.60%) respectively which uses the 

combination of four pixel distances (i.e.  1 2 3 4d , , , ) for feature vector generation. 

Therefore, the proposed method is faster (0.85 seconds) than the OQWC (3.52 seconds) and 

GWC (95.11 seconds). Similarly, the method shows its importance on Corel 2500 database. 

Further improvement in same scheme is achieved by adding the orientation image in the 

feature generation. Orientation of texture elements plays an important role in the texture 

discrimination process and is helpful to estimate the shape of textured image. Small change in 

texture elements orientation results in strong influence on human perception of texture image. 

The orientation map in an image represents the object boundaries and texture structure since 

it provides most of the semantic information about the image. For orientation detention, 

Sobel gradient operator is used on gray scale image along horizontal and vertical direction. 

Final feature vector is generated from texton and orientated image using the combination of 

first and second order statistics. Additional advantage of proposed method is the length of 
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feature vector (81) which is less as compared to OQWC (96) and GWC (192) and during 

texton image formation, only one pixel width (d=1) is considered rather than four different 

combination (  1 2 3 4d , , , ) as used in OQWC and GWC. The proposed method shows an 

improved average precision (70.64%) over OQWC (64.30%) and GWC (64.10%). Also, 

average recall of proposed method is (44.98%) over OQWC (38.0%) and GWC (40.60%) in 

addition to the average rank (233.48) of proposed method which is less as compared to 

OQWC (263) and GWC (247.30). The proposed method has proved itself worthy on Corel 

1000 and 2500 image database. Similarly in CBIR, one should emphasis on feature extraction 

and retrieval time and in this regard proposed method is 2.93 and 92.07 times faster than 

OQWC and GWC respectively.  

For achieving the second objective i.e. integration of two features, first attempt is made 

using the combination of global and local features. Global feature is collected from color 

histogram (CH) and block bit-plane (BPP) is used for local feature collection. From the 

experimental result, it is obvious that the individual performance of CH and BPP is not up to 

the mark but it shots up once used in combination. For similarity measurement, distance d1 is 

used for CH features and BBPs are compared bit by bit using Hamming distance. Finally, the 

overall similarity is computed as a weighted combination of global and local features. 

Problem of assigning the proper weights to individual features is solved using particle swarm 

optimization technique. The proposed method is tested on 1000 and 3000 image database 

demonstrates significant improvement in average precision and average recall as compared to 

their individual performance and the Tzu Chuen Lu and Chin Chen Chang (TL) method. On 

Corel 1000 database the average precision of color moments (CM), TL, CH, BPP and 

proposed method (PM) is 59.58%, 60.31%, 68.27%, 49.95% and 73.29% respectively. 

Similarly, the average recall of CM, TL, CH, BPP and PM for top 100 retrieved images is 

37.69%, 39.56%, 42.30%, 31.08% and 46.43% respectively. From this, it is very clear that 

PM (combination of CH and BPP) possesses good average precision as well as better average 

recall as compared to CM and TL method. The same improvement is observed on 3000 

image database which is generated from Corel and Caltech database. 

In most of the CBIR literature papers, color histogram is used as prime feature but it has 

two main limitations i.e. it gives only global information and spatial information is 

completely ignored. First problem is solved using the local color histogram in combination 

with vocabulary tree (LCH-VT) and this color features is combined with texture feature 

which obtained from the combination of DWT, RWF, SOT and VT. Experimental results 
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show the superiority of proposed technique over all three databases i.e. two texture databases 

(Brodatz database and MIT Vision Texture) and one natural database (Corel 1000). For MIT 

Vision Texture database, for top 16 retrieved images, average recall of CTCHIRS [114] 

system is 83.14% which further increases to 96.16% for top 112 images, similarly the result 

is presented for RWF-VT (75.59%, 95.98%), DWT-VT (77.04%, 97.58%) and LCH-VT 

(81.67%, 96.12%). The same investigational outcomes of proposed method (PM) shows 

90.09% and 98.87% evaluated values for top 16 and 112 retrieved images. For Brodatz 

database, average recall of CTCHIRS technique is 74.10% for top 16 retrieved images that 

increases to 92.25% for top 112 images, same for RWF-VT (71.17%, 93.68%), DWT-VT 

(71.41%, 95.63%) and LCH-VT (54.05%, 87.25%). The similar experimental results on PM 

shows 80.09% and 96.59% evaluated values for top 16 and 112 retrieved images respectively. 

On Corel 1000 [8] database, for top 20 retrieved images, average recall of CTCHIRS 

technique is 14.54% which increases to 49.87% for top 100 images and same for RWF-VT 

(11.45%, 42.72%), DWT-VT (11.63, 42.32%) and LCH-VT (13.51%, 47.68%). The same 

experimental results of PM show 14.40% and 52.74% evaluated values for top 20 and 100 

retrieved images.  

For conquering the second problem of color histogram, interspaces correlogram scheme is 

suggested which collects the color features at spatial level. Similarly, the texture features are 

collected at local level using the combination of à trous wavelet transform (AWT) with local 

binary pattern (LBP) [24]. Further, the combination of these color and texture features are 

utilized for achieving better performance in image retrieval application. à trous wavelet 

transform, is used because of its shift invariant property and less computation time when 

compared with Gabor transform. Another advantage is less feature vector length (177) as 

compared to Gabor local binary pattern (708). Combination of à trous wavelet transform with 

local binary pattern called as ALBP method proves its superiority over local binary pattern 

(LBP) [24] and Gabor local binary pattern (GLBP). On Coral 1000 database, average 

precision of 73.45% and average recall of 47.78% is achieved by ALBP which is more than 

LBP (69.71%, 43.87%) and GLBP (69.45%, 40.81%) method. Similarly, for color feature, 

interspaces correlogram method is proposed which gives the spatial information which is 

absent in GCH as well as in k-means. Also the feature vector length is less (1600) as 

compared to color correlogram (4096) [117]. This interspaces correlogram method (color 

feature) fetch similar improvement over global color histogram, k-means, color correlogram, 

fixed partitioning and MPEG-7 [117] method. Experimentally, it has been proved the 

combination of texture and color feature (ALBP + interspaces correlogram) gives good 
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average recall (84.81%) and average precision (57.17%) over an Integrated Color and 

Intensity Co-occurrence Matrix (ICICM) [122] (75.90%, 45.34%) and CTCHIRS [114] 

method (76.85%, 49.50%) on Corel 1000 database. The same improvement is observed on 

Corel 2500 image database. Also, the computational time required for feature collection and 

retrieval of images in Corel 1000 database is 2.28 seconds, 5.07 seconds and 0.52 seconds for 

proposed method, CTCHIRS and ICICM method respectively. From this it is very clear that 

proposed method is faster than CTCHIRS but slow as compared to ICICM method, but on 

performance basis proposed method is superior to both CTCHIRS and ICICM method. 

8.2 Future Directions 

The investigation carried out in the present work leaves scope for extension in the field of 

content based image retrieval. Some of these are listed below: 

 This thesis work is focused on different low level features and their integration for 

image retrieval application. Here is a scope for improvement in retrieval efficiency by 

adding additional features such as shape and spatial layout.  

 In this thesis, we proposed new technique of feature generation using spatial 

orientation technique (SOT) and vocabulary tree (VT). Vocabulary tree is 

implemented using k-means clustering technique. One should try fuzzy c-mean 

technique for improvement of result. 

 In CBIR, features extracted from images are low level features such as color, texture, 

shape and spatial layout. While, human tend to use high level futures like keywords, 

text descriptors to interpret images and measuring their similarity. The discrepancy 

between the limited descriptive power of low-level image features and the richness of 

user semantics is called as the semantic gap. This research work concentrates on low 

level features and their integration for retrieval application. To reduce the semantic 

gap, one should try to use the object ontology concept [140] to define the high level 

concept. Another option is to use the relevance feedback technique. We tried this 

concept on using SIFT feature and Rocchio formula of relevance feedback [141]. Still 

lot of scope for improvement exits. 
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Appendix A 

Rotated Wavelet Filter Coefficients 

Rotated wavelet filter coefficients are obtained by rotating 2-D wavelet filter coefficients 

by 45 . Let h and g represent the one dimensional db4 wavelet low pass and high pass filter 

coefficients respectively, then 2-D low-low, low-high, high-low and high-high filter 

coefficients are derived as : 
T

llH h h  
T

lhH h g  
T

hlH g h  
                    T

hhH g g   
2-D rotated wavelet filter coefficients R

jH are obtained by rotating the corresponding 2-D 

wavelet filter coefficients jH  by 45  (where j denotes ll, lh, hl, hh). The size of above 2-D 

filter is (2 1) (2 1)M M   , where M is the length of the 1-D filter.  
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R
llH = 

0 0 0 0 0 0 0 h(1)*h(8) 0 0 0 0 0 0 0 

0 0 0 0 0 0 h(1)*h(7) 0 h(2)*h(8) 0 0 0 0 0 0 

0 0 0 0 0 h(1)*h(6) 0 h(2)*h(7) 0 h(3)*h(8) 0 0 0 0 0 

0 0 0 0 h(1)*h(5) 0 h(2)*h(6) 0 h(3)*h(7) 0 h(4)*h(8) 0 0 0 0 

0 0 0 h(1)*h(4) 0 h(2)*h(5) 0 h(3)*h(6) 0 h(4)*h(7) 0 h(5)*h(8) 0 0 0 

0 0 h(1)*h(3) 0 h(2)*h(4) 0 h(3)*h(5) 0 h(4)*h(6) 0 h(5)*h(7) 0 h(6)*h(8) 0 0 

0 h(1)*h(2) 0 h(2)*h(3) 0 h(3)*h(4) 0 h(4)*h(5) 0 h(5)*h(6) 0 h(6)*h(7) 0 h(7)*h(8) 0 

h(1)*h(1) 0 h(2)*h(2) 0 h(3)*h(3) 0 h(4)*h(4) 0 h(5)*h(5) 0 h(6)*h(6) 0 h(7)*h(7) 0 h(8)*h(8) 

0 h(2)*h(1) 0 h(3)*h(2) 0 h(4)*h(3) 0 h(5)*h(4) 0 h(6)*h(5) 0 h(7)*h(6) 0 h(8)*h(7) 0 

0 0 h(3)*h(1) 0 h(4)*h(2) 0 h(5)*h(3) 0 h(6)*h(4) 0 h(7)*h(5) 0 h(8)*h(6) 0 0 

0 0 0 h(4)*h(1) 0 h(5)*h(2) 0 h(6)*h(3) 0 h(7)*h(4) 0 h(8)*h(5) 0 0 0 

0 0 0 0 h(5)*h(1) 0 h(6)*h(2) 0 h(7)*h(3) 0 h(8)*h(4) 0 0 0 0 

0 0 0 0 0 h(6)*h(1) 0 h(7)*h(2) 0 h(8)*h(3) 0 0 0 0 0 

0 0 0 0 0 0 h(7)*h(1) 0 h(8)*h(2) 0 0 0 0 0 0 

0 0 0 0 0 0 0 h(8)*h(1) 0 0 0 0 0 0 0 
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R
hlH = 

0 0 0 0 0 0 0 g(1)*h(8) 0 0 0 0 0 0 0 

0 0 0 0 0 0 g(1)*h(7) 0 g(2)*h(8) 0 0 0 0 0 0 

0 0 0 0 0 g(1)*h(6) 0 g(2)*h(7) 0 g(3)*h(8) 0 0 0 0 0 

0 0 0 0 g(1)*h(5) 0 g(2)*h(6) 0 g(3)*h(7) 0 g(4)*h(8) 0 0 0 0 

0 0 0 g(1)*h(4) 0 g(2)*h(5) 0 g(3)*h(6) 0 g(4)*h(7) 0 g(5)*h(8) 0 0 0 

0 0 g(1)*h(3) 0 g(2)*h(4) 0 g(3)*h(5) 0 g(4)*h(6) 0 g(5)*h(7) 0 g(6)*h(8) 0 0 

0 g(1)*h(2) 0 g(2)*h(3) 0 g(3)*h(4) 0 g(4)*h(5) 0 g(5)*h(6) 0 g(6)*h(7) 0 g(7)*h(8) 0 

g(1)*h(1) 0 g(2)*h(2) 0 g(3)*h(3) 0 g(4)*h(4) 0 g(5)*h(5) 0 g(6)*h(6) 0 g(7)*h(7) 0 g(8)*h(8) 

0 g(2)*h(1) 0 g(3)*h(2) 0 g(4)*h(3) 0 g(5)*h(4) 0 g(6)*h(5) 0 g(7)*h(6) 0 g(8)*h(7) 0 

0 0 g(3)*h(1) 0 g(4)*h(2) 0 g(5)*h(3) 0 g(6)*h(4) 0 g(7)*h(5) 0 g(8)*h(6) 0 0 

0 0 0 g(4)*h(1) 0 g(5)*h(2) 0 g(6)*h(3) 0 g(7)*h(4) 0 g(8)*h(5) 0 0 0 

0 0 0 0 g(5)*h(1) 0 g(6)*h(2) 0 g(7)*h(3) 0 g(8)*h(4) 0 0 0 0 

0 0 0 0 0 g(6)*h(1) 0 g(7)*h(2) 0 g(8)*h(3) 0 0 0 0 0 

0 0 0 0 0 0 g(7)*h(1) 0 g(8)*h(2) 0 0 0 0 0 0 

0 0 0 0 0 0 0 g(8)*h(1) 0 0 0 0 0 0 0 
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R
lhH = 

0 0 0 0 0 0 0 h(1)*g(8) 0 0 0 0 0 0 0 

0 0 0 0 0 0 h(1)*g(7) 0 h(2)*g(8) 0 0 0 0 0 0 

0 0 0 0 0 h(1)*g(6) 0 h(2)*g(7) 0 h(3)*g(8) 0 0 0 0 0 

0 0 0 0 h(1)*g(5) 0 h(2)*g(6) 0 h(3)*g(7) 0 h(4)*g(8) 0 0 0 0 

0 0 0 h(1)*g(4) 0 h(2)*g(5) 0 h(3)*g(6) 0 h(4)*g(7) 0 h(5)*g(8) 0 0 0 

0 0 h(1)*g(3) 0 h(2)*g(4) 0 h(3)*g(5) 0 h(4)*g(6) 0 h(5)*g(7) 0 h(6)*g(8) 0 0 

0 h(1)*g(2) 0 h(2)*g(3) 0 h(3)*g(4) 0 h(4)*g(5) 0 h(5)*g(6) 0 h(6)*g(7) 0 h(7)*g(8) 0 

h(1)*g(1) 0 h(2)*g(2) 0 h(3)*g(3) 0 h(4)*g(4) 0 h(5)*g(5) 0 h(6)*g(6) 0 h(7)*g(7) 0 h(8)*g(8) 

0 h(2)*g(1) 0 h(3)*g(2) 0 h(4)*g(3) 0 h(5)*g(4) 0 h(6)*g(5) 0 h(7)*g(6) 0 h(8)*g(7) 0 

0 0 h(3)*g(1) 0 h(4)*g(2) 0 h(5)*g(3) 0 h(6)*g(4) 0 h(7)*g(5) 0 h(8)*g(6) 0 0 

0 0 0 h(4)*g(1) 0 h(5)*g(2) 0 h(6)*g(3) 0 h(7)*g(4) 0 h(8)*g(5) 0 0 0 

0 0 0 0 h(5)*g(1) 0 h(6)*g(2) 0 h(7)*g(3) 0 h(8)*g(4) 0 0 0 0 

0 0 0 0 0 h(6)*g(1) 0 h(7)*g(2) 0 h(8)*g(3) 0 0 0 0 0 

0 0 0 0 0 0 h(7)*g(1) 0 h(8)*g(2) 0 0 0 0 0 0 

0 0 0 0 0 0 0 h(8)*g(1) 0 0 0 0 0 0 0 
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R
hhH = 

0 0 0 0 0 0 0 g(1)*g(8) 0 0 0 0 0 0 0 

0 0 0 0 0 0 g(1)*g(7) 0 g(2)*g(8) 0 0 0 0 0 0 

0 0 0 0 0 g(1)*g(6) 0 g(2)*g(7) 0 g(3)*g(8) 0 0 0 0 0 

0 0 0 0 g(1)*g(5) 0 g(2)*g(6) 0 g(3)*g(7) 0 g(4)*g(8) 0 0 0 0 

0 0 0 g(1)*g(4) 0 g(2)*g(5) 0 g(3)*g(6) 0 g(4)*g(7) 0 g(5)*g(8) 0 0 0 

0 0 g(1)*g(3) 0 g(2)*g(4) 0 g(3)*g(5) 0 g(4)*g(6) 0 g(5)*g(7) 0 g(6)*g(8) 0 0 

0 g(1)*g(2) 0 g(2)*g(3) 0 g(3)*g(4) 0 g(4)*g(5) 0 g(5)*g(6) 0 g(6)*g(7) 0 g(7)*g(8) 0 

g(1)*g(1) 0 g(2)*g(2) 0 g(3)*g(3) 0 g(4)*g(4) 0 g(5)*g(5) 0 g(6)*g(6) 0 g(7)*g(7) 0 g(8)*g(8) 

0 g(2)*g(1) 0 g(3)*g(2) 0 g(4)*g(3) 0 g(5)*g(4) 0 g(6)*g(5) 0 g(7)*g(6) 0 g(8)*g(7) 0 

0 0 g(3)*g(1) 0 g(4)*g(2) 0 g(5)*g(3) 0 g(6)*g(4) 0 g(7)*g(5) 0 g(8)*g(6) 0 0 

0 0 0 g(4)*g(1) 0 g(5)*g(2) 0 g(6)*g(3) 0 g(7)*g(4) 0 g(8)*g(5) 0 0 0 

0 0 0 0 g(5)*g(1) 0 g(6)*g(2) 0 g(7)*g(3) 0 g(8)*g(4) 0 0 0 0 

0 0 0 0 0 g(6)*g(1) 0 g(7)*g(2) 0 g(8)*g(3) 0 0 0 0 0 

0 0 0 0 0 0 g(7)*g(1) 0 g(8)*g(2) 0 0 0 0 0 0 

0 0 0 0 0 0 0 g(8)*g(1) 0 0 0 0 0 0 0 
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Appendix B 

Dual Tree Rotated Complex Wavelet Filter Coefficients 

2-D dual tree complex wavelet filter coefficients are the prerequisite for 2-D rotated 

complex wavelet filter which are generated from one dimensional dual tree complex filter 

coefficient. Further, 2-D complex wavelet filter coefficients are orientated by an angle 45  

which results into 2-D rotated complex wavelet filter coefficients. In complex wavelet, first 

stage filters should be different from remaining stage to get perfectly scaled complex wavelet 

decomposition [142]. 

First stage filter coefficients for tree 1 and tree 2 are given as: 

 

Tree 1 Tree 2 

0FS
h  1FS

h  0FS
g  1FS

g  

0 0 0.1122679215254 0 

-0.08838834764832 -0.01122679215254 0.01122679215254 0 

0.08838834764832 0.01122679215254 -0.08838834764832 -0.08838834764832 

0.69587998903400 0.08838834764832 0.08838834764832 -0.08838834764832 

0.69587998903400 0.08838834764832 0.69587998903400 0.69587998903400 

0.08838834764832 -0.69587998903400 0.69587998903400 -0.69587998903400 

-0.08838834764832 0.69587998903400 0.08838834764832 0.08838834764832 

0.01122679215254 -0.08838834764832 -0.08838834764832 0.08838834764832 

0.01122679215254 -0.08838834764832 0 0.01122679215254 

0 0 0 -0.01122679215254 
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Similarly, remaining stage filters coefficients of dual tree complex wavelet filter for tree1 and 
tree2 are given by: 

 

Tree 1 Tree 2 

0RS
h  1RS

h  0RS
g  1RS

g  

0.03516384000000 0 0 -0.03516384000000 

0 0 0 0 

-0.08832942000000 -0.11430184000000 -0.11430184000000 0.08832942000000 

0.23389032000000 0 0 0.23389032000000 

0.76027237000000 0.58751830000000 0.58751830000000 -0.76027237000000 

0.58751830000000 -0.76027237000000 0.76027237000000 0.58751830000000 

0 0.23389032000000 0.23389032000000 0 

-0.11430184000000 0.08832942000000 -0.08832942000000 -0.11430184000000 

0 0  0 0 

0 -0.03516384000000 0.03516384000000 0 

 

Further, the same procedure is adopted as given in Appendix A for the generation of 2-D 

dual tree rotated complex wavelet filter coefficients using 2-D dual tree complex wavelet 

filter coefficient. 

 

 

  



162 

Bibliography 
[1] A. K. Jain and A. Vailaya, "Image Retrieval Using Color and Shape," Pattern Recognition, vol. 

29, pp. 233-244, 1996. 
[2] R. Veltkamp and M. Tanase, "Content-based image retrieval systems: A survey," Technical 

Report UU-CS-2000-34, Department of Computing Science, Utrecht University, 2000. 
[3] M. L. Kherfi, D. Ziou, and A. Bernardi, "Image Retrieval From the World Wide Web: Issues, 

Techniques, and Systems," ACM Computing Surveys, vol. 36, pp. 35-67, 2004. 
[4] Y. Rui and T. S. Huang, "Image Retrieval: Current Techniques, Promising Directions, and Open 

Issues," Journal of Visual Communication and Image Representation, vol. 10, pp. 39–62, 
1999. 

[5] A. W. M. Smeulders, M. Worring, S. Santini, A. Gupta, and R. Jain, "Content bases image 
retrieval at the end of the early years," IEEE Trans. Pattern Anal. Machine Intell., vol. 22, pp. 
1349-1380, 2000. 

[6] Y. Liu, D. Zhang, G. Lu, and W. Y. Ma, "A survey of content-based image retrieval with high-
level semantics," Pattern Recognition, vol. 40, pp. 263-282, 2007. 

[7] R. Datta, D. Joshi, J. Li, and J. Z. Wang, "Image retrieval: Ideas, influences, and trends of the 
new age," ACM Computing Surveys, vol. 40, pp. 1-66, 2008. 

[8] [Online]. Available: http://wang.ist.psu.edu/docs/related.shtml. 
[9]   Available: http://www.vision.caltech.edu/Image_Datasets/Caltech256. 
[10] P. Brodatz, "Textures: A Photographic Album for Artists and Designers," 1966. 
[11] S. a. I. P. I. O. A. University of Southern California. [Online]. Available: 

http://sipi.usc.edu/services/database/Database.html. 
[12] M. V. a. M. G. V. Texture. [Online]. Available: http://vismod.media.mit.edu/. 
[13] M. Kokare, P. K. Biswas, and B. N. Chatterji, "Texture image retrieval using rotated wavelet 

filters," Pattern Recognition Letters, vol. 28, pp. 1240–1249, 2007. 
[14] H. Abrishami-Moghadam, T. T. Khajoie, A. H.Rouhi, and M.Saadatmand-T, "Wavelet 

correlogram: a new approach for image indexing and retrieval," Pattern Recognition, vol. 38, 
pp. 2506-2518, 2005. 

[15] H. Muller, W. Muller, D. M. Squire, S. Marchand-Maillet, and T. Pun, "Performance 
evaluation in content based image retrieval: overview and proposals," Pattern Recogination 
Letters, vol. 22, pp. 593-601, 2001. 

[16] M. Saadatmand-Tarzjan and H. Abrishami Moghaddam, "A novel evolutionary approach for 
optimizing content based image indexing algorithms," IEEE Trans. Systems, Man, and 
Cybernetics-Part B, vol. 37, pp. 139–153, 2007. 

[17] N. G. Kingsbury, "Image processing with complex wavelet," Phil. Trans. Roy. Soc. London, vol. 
357, pp. 2543-2560, 1999. 

[18] B. S. Manjunath and W. Y. Ma, "Texture features for browsing and retrieval of image data," 
IEEE Trans. Pattern Anal. Mach. Intell, vol. 18, pp. 837–842, 1996. 

[19] M. Subrahmanyam, A. B. Gonde, and R. P. Maheshwari "Color and Texture features for 
Image Retrieval," in Proc. IEEE International Advance Computing conference (IACC 2009), 
Patiala, India, 2009, pp. 1411-1416. 

[20] A. B. Gonde, R. P. Maheshwari, and R. Balasubramanian, "Multiscale Ridgelet Transform for 
Content Based Image Retrieval," in Proc. IEEE 2nd International Advance Computing 
conference (IACC), Patiala, India, 2010, pp. 139-144. 

[21] M. Kokare, P. K. Biswas, and B. N. Chatterji, "Texture image retrieval using new rotated 
complex wavelet filters," IEEE Trans. Systems, Man and Cybernetics, vol. 33, pp. 1168–1178, 
2005. 

[22] Said and W. A. Pearlman, "A new, fast and efficient Image codec based on set partitioning in 
hierarchical trees," IEEE Trans. on circuit and systems for video tech., vol. 6, 1996. 



163 

[23] D. Nister and H. Stewenius, "Scalable Recognition with a Vocabulary Tree," in Proc. IEEE 
Conference on Computer Vision and Pattern Recognition, New York, NY, 2006, pp. 2161-
2168. 

[24] T. Ojala, M. Pietikainen, and D. Harwood, "A comparative study of texture measures with 
classification based on feature distributions," J. Pattern Recognition, vol. 29, pp. 51-59, 1996. 

[25] M. J. Swain and D. H. Ballard, "Color Indexing," International Journal of Computer Vision, vol. 
7, pp. 11-32, 1991. 

[26] M. Stricker and M. Orengo, "Similarity of color images," in Proc. SPIE Storage and Retrieval 
for Image and Video Databases III, San Jose ,Wayne Niblack, 1995, pp. 381-392. 

[27] F. Idris and S. Panchanathan, "Image and video indexing using vector quantization," Machine 
Vision and Applications vol. 10, pp. 43-50, 1997. 

[28] Z. M. Lu and H. Burkhardt, "Colour image retrieval based on DCT domain vector quantisation 
index histograms," Electronics Letters, vol. 41, pp. 956–957, 2005. 

[29] G. Qiu, "Color Image Indexing Using BTC," IEEE Trans.  Image Processing, vol. 12, pp. 93-101, 
2003. 

[30] S. W. Teng and G. Lu, "Image indexing and retrieval based on vector quantization," Pattern 
Recognition, vol. 40, pp. 3299–3316, 2007. 

[31] M. C. Su and C. H. A. Chou, "Modified version of the K-means algorithm with a distance 
based on cluster symmetry," IEEE Transactions on Pattern Analysis and Machine Intelligence 
vol. 23, pp. 674–680, 2001. 

[32] J. Huang, S. Kumar, M. Mitra, W. Zhu, and R. Zabih, "Image indexing using color 
correlograms," in Proceeding Computer Vision and Pattern Recognition, San Jaun, Puerto 
Rico, 1997, pp. 762-768. 

[33] G. Pass and R. Zabih, "Histogram refinement for content-based image retrieval," in Proc. IEEE 
Workshop on Applications of Computer Vision, 1996, pp. 96-102. 

[34] A. Rao, R. K. Srihari, and Z. Zhang, "Spatial Color Histograms for Content-Based Image 
Retrieval," in Proceedings of the Eleventh IEEE International Conference on Tools with 
Artificial Intelligence, Chicago, IL,USA, 1999, pp. 183-187. 

[35] M. H. Chang, J. Y. Pyun, M. B. Ahmad, J. H. Chun, and J. A. Park, "Modified Color Co-
occurrence Matrix for Image Retrieval," Lecture notes in Computer science, vol. 3611, pp. 43 
– 50, 2005. 

[36] Y. Gong, G. Proietti, and C. Faloutsos, "Image indexing and retrieval based on human 
perceptual color clustering," presented at the Int. Conf. Computer Vision Pattern 
Recognition, June 1998. 

[37] X. Y. Wang, M. Ji, and J. F. Wu, "A Local Feature Based Robust Image Retrieval Algorithm," in 
Proc. Image and Signal Processing CISP '09, Tianjin, 2009, pp. 1-5. 

[38] D. K. Park, Y. S. Jeon, C.S. Won, and S.J. Park, "Efficient use of local edge histogram 
descriptor," in Proc. ACM Workshop Standards, Interoperability,and Practice, Los Angeles, 
CA, 2000. 

[39] L. Cinque, G. Ciocca, S. Levialdi, A. Pellicano, and R. Schettini, "Color based image retrieval 
using spatial chromatic histograms," Image and Vision Computing, vol. 19, pp. 979-986, 
2001. 

[40] L. Xuelong, " Image retrieval based on perceptive weighted color blocks," Pattern 
Recognition Letters, vol. 24, pp. 1935-1941, 2003. 

[41] H. W. Yoo, H. S. Park, and D. S. Jang, "Expert system for color image retrieval," Expert 
Systems with Applications, vol. 28, pp. 347–357, 2005. 

[42] J. Jiang, Y. Weng, and P. Li, "Dominant colour extraction in DCT domain," Image and Vision 
Computing, vol. 24, pp. 1269–1277, 2006. 

[43] Y. Maa, X. Gu, and Y. Wang, "Histogram similarity measure using variable bin size distance," 
Computer Vision and Image Understanding, vol. 114, pp. 981–989, 2010. 



164 

[44] C. H. Lin, D. C. Huang, Y. K. Chan, K. H. Chen, and Y. J. Chang, "Fast color-spatial feature 
based image retrieval methods," Expert Systems with Applications, vol. 38, pp. 11412–
11420, 2011. 

[45] A. Concia, E. Mathias, and M. M. Castrob, "Image mining by content," Expert Systems with 
Applications, vol. 23, pp. 377–383, 2002. 

[46] K. K. Bhoyar and O. G. Kakde, "Image Retrieval Using Fuzzy and Neuro-fuzzy Approaches with 
Fuzzy Color Semantics," in Proc. International Conference on Digital Image Processing, 
Bangkok, 2009, pp. 39-44. 

[47] K. K. Bhoyar and O. G. Kakde, "A Neural Network Approach to JNS Color Histogram and its 
Application to Color Image Retrieval," in Proc. International Conference on Cognition and 
Recognition, ICCR 2005, Mysore, India, 2005, pp. 102-106. 

[48] R. M. Haralick, K. Shanmugam, and I. Dinstein, "Textural Features for Image Classification," 
IEEE Trans. Systems, Man, and Cybernetics, vol. 3, pp. 610-621, 1973. 

[49] J. S. Weszka, C. R. Dyer, and A. Rosenfeld, "A comparative study of texture measures for 
terrain classification," IEEE Trans. Systems, Man and Cybernetics, vol. 6, pp. 269-285, 1976. 

[50] M. Tuceryan and A. K. Jain, "Texture Analysis," in The Handbook of Pattern Recognition and 
Computer Vision, C. H. Chen, Ed., ed: World Scientific Publishing Co., 1998, pp. 207-248 

 
[51] R. M. Haralick, "Statistical and Structural Approaches to Texture," IEEE vol. 67, pp. 786-804, 

1979. 
[52] M. Tuceryan and A. K. Jain, "Texture segmentation using Voronoi polygons," IEEE Trans. 

Pattern Anal. Mach. Intell, vol. 12, pp. 211-216, 1990. 
[53] G. R. Cross and A. K. Jain, "Markov random field texture models," IEEE Trans. Pattern 

Analysis and Machine Intelligence, vol. 5, pp. 25-39, 1989. 
[54] A. Pentland, "Fractal-based description of natural scenes," IEEE Trans. Pattern Analysis and 

Machine Intelligence, vol. 6, pp. 661-674, 1984. 
[55] H. Tamura, S. Mori, and T. Yamawaki, "Textural Features Corresponding to Visual 

Perception," IEEE Transa. Systems, Man and Cybernetics, vol. 8, pp. 460-473, 1978. 
[56] H. Abrishami-Moghadam, A. H. Rouhi, and T. Taghizadeh Khajoie, "A new algorithm for 

image indexing and retrieval using wavelet correlogram," presented at the IEEE International 
Conference on Image Processing (ICIP), Spain, 2003. 

[57] H. A. Moghaddam and M. T. Saadatmand, "Gabor wavelet correlogram algorithm for image 
indexing and retrieval," in Proc. 18th Int. Conf. Pattern Recognition (ICPR), K.N. Toosi Univ. of 
Technol, Tehran, Iran, 2006, pp. 925–928. 

[58] M. K. Mandal, S. Panchanathan, and T. Aboulnasr, "Fast wavelet histogram techniques for 
image indexing," Journal of Computer Vision Image understanding, vol. 75, pp. 99-110, 1999. 

[59] J. R. Smith and S.F.Chang, "Automated binary texture feature sets for image retrieval," in 
Proc.  IEEE International Conference on Acoustics, Speech, and Signal Processing, ICASSP-96, 
Atlanta, GA , USA, 1996, pp. 2239 - 2242  

[60] M. N. Do and M. Vetterli, "Wavelet-based texture retrieval using generalized Gaussian 
density and Kullback-leibler distance," IEEE Tans. Image Proc, vol. 11, pp. 146-158, 2002. 

[61] B. S. Manjunath and W. Y. Ma, "Texture features for browsing and retrieval of image data," 
IEEE Trans. Pattern Anal. Mach. Intell., vol. 18, pp. 837–842, 1996. 

[62] Ahmadian and A. Mostafa, "An Efficient Texture Classification Algorithm using Gabor 
wavelet," in Proc. of the 25th Annual International Conference of the IEEE Engineering in 
Medicine and Biology, Cancun, Mexico, 2003, pp. 930-933. 

[63] A. A. Ursani, K. Kpalma, and J. Ronsin, "Texture features based on Fourier transform and 
Gabor filters: An empirical comparison," in Proceedings of International Conference on 
Machine Vision, Islamabad, Pakistan, 2007, pp. 67-72. 

[64] C. S. Sastry, M. Ravindranath, A. K. Pujari, and B. L. Deekshatulu, "A modified Gabor function 
for content based image retrieval," Pattern Recognition Letters vol. 28, pp. 293–300, 2007. 



165 

[65] J. Han and K. K. Ma, "Rotation invariant and scale invariant Gabor features for texture image 
retrieval," Image and Vision Computing, vol. 25, pp. 1474–1481, 2007. 

[66] A. P. N. Vo, T. T. Nguyen, and S. Oraintara, "Texture image retrieval using complex 
directional filter bank," in Proc. IEEE International Symposium on Circuits and Systems 
ISCAS’06, Island of Kos, Greece, 2006, pp. 5495–5498. 

[67] V. R. Rallabandi and V. P. S. Rallabandi, "Rotation-invariant texture retrieval using wavelet-
based hidden Markov trees," Signal Processing, vol. 88, pp. 2593-2598, 2008. 

[68] P. Rajavel, "Directional Hartley transform and content based image retrieval," Signal 
Processing, vol. 90, pp. 1267–1278, 2010. 

[69] N. D. Kim and S. Udpa, "Texture classification using rotated wavelet filters," IEEE Trans. Syst., 
Man and Cybernet Part A: Systems and Humans, vol. 30, pp. 847–852, 2000. 

[70] M. Kokare, B. N. Chatterji, and P. K. Biswas, "Cosine-modulated wavelet based texture 
features for content based image retrieval," Pattern Recognition Letters vol. 25, pp. 391–
398, 2004. 

[71] J. L. Starck, E. J. Candes, and D. L. Donoho, "The curvelet transform for image denosing," IEEE 
Trans. Image Processing, vol. 11, pp. 131-141, 2002. 

[72] D. L. Donoho and M. R. Duncan, "Digital curvelet transform: Strategy, implementation and 
experiments," in Proc. Aerosense 2000, Wavelet Applications VII, SPIE, Bellingham, 
Washington, 2000, pp. 12–29. 

[73] M. J. Fadili and J. L. Starck, Curvelets and Ridgelets, Encyclopedia of Complexity and System 
Science. New York: Springer, October 24, 2007. 

[74] I. J. Sumana, M. M. Islam, D. Zhang, and G. Lu, "Content Based Image Retrieval using 
Curvelet Transform," in Multimedia Signal Processing, Oct. 11-16, 2008, pp. 8-10. 

[75] K. Kinage and S. G. Bhirud, "Face Recognition using Curvelet and ICA," in International 
Conference on Image Processing, Computer Vision, & Pattern Recognition, IPCV 2010, Las 
Vegas, Nevada, USA, July 12-15, 2010. 

[76] T. Mandal, W. Jonathan, and Y. Yuan, "Curvelet based face recognition via dimension 
reduction," Signal Processing, vol. 89, pp. 2345–2353, 2009. 

[77] T. Mandal, A. Majumdar, and Q. M. J. Wu, "Face Recognition by Curvelet Based Feature 
Extraction," in Proc. International conference on image analysis and recognition, ICIAR, 
Montreal, Canada, 2007, pp. 806-817. 

[78] P. D. Rivaz and N. Kingsbury, "Complex wavelet for fast texture image retrieval," in Proc. IEEE 
International Conference on Image Processing (ICIP1999), Kobe, Japan, 1999, pp. 109-113. 

[79] M. Kokare, P. K. Biswas, and B. N. Chatterji, "Rotation Invariant Texture Image Retrieval 
using Rotated Complex Wavelet Filters," IEEE Trans. Systems, Man, and Cybernetics, vol. 36, 
pp. 1273-1282, 2006. 

[80] M. F. Ahmad Fauzi  and P. H. Lewis, "A multiscale approach to texture-based image 
retrieval," Pattern Anal. Application, vol. 11, pp. 141-157, 2008. 

[81] X. C. Guo and D. Hatzinakos, "Content Based Image Hashing Via Wavelet and Radon 
Transform " Lecture notes in Computer science, vol. 4810, pp. 755-764, 2007. 

[82] J. Zuo and D. Cui, "Retrieval Oriented Robust Image Hashing," in Proceeding International 
Conference on Industrial Mechatronics and Automation, Chengdu, 2009, pp. 379 - 381  

[83] L. B. Almeida, "The fractional Fourier transform and time-frequency representations," IEEE 
Trans. Signal Processing, vol. 42, pp. 3084–3091, 1994. 

[84] S. Shinde and V. M. Gadre, "An Uncertainty Principle for Real Signals in the Fractional Fourier 
Transform Domain," IEEE Trans. Signal Processing, vol. 49, pp. 2545-2548, 2001. 

[85] N. Jhanwar, S. Chaudhuri, G. Seetharaman, and B. Zavidovique, "Content based image 
retrieval using motif cooccurrence matrix," Image and Vision Computing vol. 22, pp. 1211–
1220, 2004. 

[86] L. Wang and D. C. He, "Texture Classification Using Texture Spectrum," Pattern Recognition 
vol. 23, pp. 905-910, 1990. 



166 

[87] T. Ojala, M. Pietikainen, and T. Maenpaa, "Multiresolution gray-scale and rotation invariant 
texture classification with local binary patterns," IEEE Trans. Pattern Anal. Mach. Intell., vol. 
24, pp. 971-987, 2002. 

[88] V. Takala, T. Ahonen, and M. Pietikainen, "Block-Based Methods for Image Retrieval Using 
Local Binary Patterns," Lecture notes in Computer science, vol. 3540, pp. 882-891, 2005. 

[89] M. Subrahmanyam, R. P. Maheshwari, and R. Balasubramanian, "Sign and magnitude of local 
patterns for image indexing and retrieval," Int. J. Computational Vision and Robotics, vol. 1, 
pp. 279-296, 2010. 

[90] S. Murala, R. P. Maheshwari, and R. Balasubramanian, "Multiresolution LBP Correlogram for 
Texture Image Indexing and Retrieval," in Proc. of IEEE International Conference on Control, 
Robotics and Cybernetics  (ICCRC 2011), New Delhi, INDIA, 2011, pp. 339-344. 

[91] D. G. Lowe, "Distinctive image feature from scale-invariant key points," Journal of Computer 
Vision vol. 60, pp. 91–110, 2004. 

[92] Zhuozheng Wang, Kebin Jia, and P. Liu, "A Novel Image Retrieval Algorithm Based on ROI by 
using SIFT Feature Matching," in International Conference on MultiMedia and Information 
Technology, Washington DC, 2008, pp. 338-341. 

[93] N. Dalal and B. Triggs, "Histograms of oriented gradients for human detection," in Computer 
Vision and Pattern Recognition, San Diego,CA, June, 2005. 

[94] A. Malviya and S. G. Bhirud, "Feature-Level based Video Fusion for Object Detection," 
International Journal of Computer Science Issues, vol. 8, pp. 361-366, 2011. 

[95] B. M. Mehtre, M. Kankanhalli, and W. F. Lee, "Shape measures for content based image 
retrieval: A comparison," Information Processing & Management, vol. 33, pp. 319-337, 1997. 

[96] D. Zhang and G. Lu, "Shape based image retrieval using generic Fourier descriptor," Signal 
Processing Image Communication, vol. 17, pp. 825-848, 2002. 

[97] D. Zhang and G. Lu, "A comparative study of curvature scale space and Fourier descriptors 
for shape based image retrieval," Journal of Visual Communication and Image 
Representation, vol. 14, pp. 41-60, 2003. 

[98] Y. Saraf , B. Raman, and K. Swaminathan, "A classical approach for thinning of binary images 
using divergence of the potential field," International Journal of Computer Mathematics, vol. 
82, pp. 673- 684, 2005. 

[99] Y. Saraf, B. Raman, and K. Swaminathan, "Computing the curve skeletons of images " 
International Journal of Computer Mathematics, vol. 85, pp. 253-270, 2008. 

[100] B. S. Manjunath, J. R. Ohm, V. V. Vasudevan, and A. Yamada, "Color and Texture 
Descriptors," IEEE Trans. Circuits And Systems for Video Technology, vol. 11, pp. 703-714., 
2001. 

[101] L. Zhu, A. Rao, and A. Zhang, "Theory of Keyblock-based image retrieval," Trans. Information 
Systems, vol. 20, pp. 224-257, 2002. 

[102] L. Zhu, A Zhang , A.Rao, and R. Srihari, "Keyblock: An approach for content-based image 
retrieval," in Proc. of ACM Multimedia, Los Angeles, California, USA, 2000, pp. 157–166. 

[103] H. Liu and C. Zhang, "Codebook Design of Keyblock Based Image Retrieval " Lecture notes in 
Computer science, vol. 4740, pp. 470-474, 2007. 

[104] B. M. Mehtre, M. S. Kankanhalli, and W. F. Lee, "Content-based image retrieval using a 
composite color-shape approach," lnfomation Processing and Management, vol. 34, pp. 109-
120, 1998. 

[105] M. S. Kankanhalli, B. M. Mehtre, and H. Y. Huang, "Color and spatial feature for content-
based image retrieval," Pattern Recognition Letters vol. 20, pp. 109-118, 1999. 

[106] B. G. Prasad, K. K. Biswas, and S. K. Gupta, "Region-based image retrieval using integrated 
color, shape, and location index," Computer Vision and Image Understanding vol. 94, pp. 
193–233, 2004. 

[107] V. Sridhar, "Region-based Image Retrieval Using Multiple Features," Department of 
Computing Science University of Alberta Edmonton, Alberta, Canada,2002. 



167 

[108] H. N. pour and E. Kabir, "Image retrieval using histograms of uni-color and bi-color blocks 
and directional changes in intensity gradient," Pattern Recognition Letters, vol. 23, pp. 1547–
1557, 2004. 

[109] X. Qi and Y. Han, "A novel fusion approach to content-based image retrieval," Pattern 
Recognition, vol. 38, pp. 2449-2465, 2005. 

[110] G. H. Liu and J. Y. Yang, "Image retrieval based on the texton co-occurrence matrix," Pattern 
Recognition, vol. 41, pp. 3521–3527, 2008. 

[111] Guang-Hai Liu, Lei Zhang, Ying-Kun Hou, Zuo-Yong Li, and Jing-Yu Yang, "Image retrieval 
based on multi-texton histogram," Pattern Recognition, vol. 43, pp. 2380-2389, 2010. 

[112] Guang-Hai Liu, Zuo-Yong Li, L. Zhang, and Y. Xu, "Image retrieval based on micro-structure 
descriptor," Pattern Recognition vol. doi: 10.1016/j.patcog.2011.02.003, 2011. 

[113] T. C. Lu and C. C. Chang, "Color image retrieval technique based on color features and image 
bitmap," Information Processing and Management, vol. 43, pp. 461–472, 2007. 

[114] C. H. Lin, R. T. Chen, and Y. K. Chan "A smart content-based image retrieval system based on 
color and texture feature," Image and Vision Computing, vol. 27, pp. 658-665, 2009. 

[115] S. Dongcheng, X. Lan, and H. Ungyan, "Image retrieval using both color and texture 
features," Journal of China Universities of Posts And Telecommunications, vol. 14, pp. 94-99, 
2007. 

[116] Y. D. Chun, N. C. Kim, and I. H. Jang, "Content Based Image Retrieval using Multiresolution 
Color and Texture Features," IEEE Trans. Multimedia, vol. 10, pp. 1073-1084, 2008. 

[117] A. Abdullah, R. C.Veltkamp, and M. A.Wiering, "Fixed partitioning and salient points with 
MPEG-7 cluster correlograms for image categorization," Pattern Recognition, vol. 43, pp. 
650–662, 2010. 

[118] N. Sebe and M. S. Lew, "Salient points for content-based retrieval " in Proc. British Machine 
Vision Conference, Manchester, UK, 2001, pp. 401–410. 

[119] X. Y. Wang, Z. F. Chen, and J. J. Yun, "An effective method for color image retrieval based on 
texture," Computer Standards and Interfaces doi:10.1016/j.csi.2011.05.001, 2011. 

[120] X.-Y. Wang, Y.-J. Yu, and H.-Y. Yang, "An effective image retrieval scheme using color, texture 
and shape features," Computer Standards & Interfaces vol. 33, pp. 59–68, 2011. 

[121] J. Yue, Z. Li, L. Liu, and Z. Fu, "Content-based image retrieval using color and texture fused 
features," Mathematical and Computer Modelling, vol. 54, pp. 1121–1127, 2011. 

[122] A. Vadivel, S. Sural, and A. K. Majumdar, "An integrated color and intensity co-occurrence 
matrix," Pattern Recognition Letter, vol. 28, pp. 974-983, 2007. 

[123] C. H. Yao and S. Y. Chen, "Retrieval of translated, rotated and scaled color textures," Pattern 
Recognition, vol. 36, pp. 913-929, 2003. 

[124] B. Julesz, "Texton gradients: the texton theory revisited," Biological Cybernetics, vol. 54, pp. 
245–251., 1986. 

[125] I. W. Selesnick, R. G. Baraniuk, and N. G. Kingsbury, "The dual-tree complex wavelet 
transform," IEEE Signal Processing Magazine, pp. 123-151, 2005. 

[126] I. W. Selesnick, "The design of approximate Hilbert transforms pairs of wavelet bases," IEEE 
Trans. Signal Process, vol. 50, pp. 1144-1152, 2002. 

[127] L. Birgale , M. Kokare, and D. Doye, "Color and texture features for content based image 
retrieval," in Proc. International Conf. Computer Graphics, Image and visualization, 
Washington, DC, USA, 2006, pp. 146-149. 

[128] S. G. Mallat, "A theory for multiresolution signal decomposition: the wavelet 
representation," IEEE Trans. Pattern Analysis and Machine Intelligence, vol. 11, pp. 674–693, 
1989. 

[129] M. J. Shensa, "The discrete wavelet transform: wedding the a trous and Mallat algorithms," 
IEEE Trans. Signal Processing, vol. 40, pp. 2464–2482, 1992. 



168 

[130] M. Gonzalez-Audicana, X. Otazu, O. Fors, and A. Seco, "Comparison between Mallat’s and 
the ‘a`trous’ discrete wavelet transform based algorithms for the fusion of multispectral and 
panchromatic images," International Journal of Remote Sensing, vol. 26, pp. 595--614 2005. 

[131] N. Sebe and M. S. Lew, "Texture features for content based retrieval," in Principle of Visual 
Information Retrieval, M. S. Lew, Ed., ed, 2001, pp. 51–85. 

[132] J. Kennedy and R. C. Eberhart, "Particle Swarm Optimization," in Proc. IEEE International 
Conference on Neural Networks IV, IEEE Service Center Piscataway, NJ, 1995, pp. 1942–1948. 

[133] K. E. Parsopoulos and M. N. Vrahatis, "Recent approaches to global optimization problems 
through Particle Swarm Optimization," Natural Computing, vol. 1, pp. 235-306, 2002. 

[134] Y. Rui, T. S. Huang, M. Ortega, and S. Mehrotra, "Content-based image retrieval with 
relevance feedback in Mars," in Proc. IEEE International Conference on Image Processing, 
1997. 

[135] W. Y. Ma and B. S. Manjunath, "Netra: A toolbox for navigating large image databases," 
Multimedia Systems, vol. 7, pp. 184–198, 1999. 

[136] I.Bartolini, P. Ciacci, and M.Patella, "WINDSURF: A region-based image retrieval system," in 
Proc. 10th International Workshop on Database and Expert Systems Applications, Los 
Alamitos, CA, USA, 1999, pp. 167–173. 

[137] J.Z. Wang, J. Li, and G. Wiederhold, "Simplicity: Semantics-sensitive integrated matching for 
picture libraries," IEEE Trans. Pattern Analysis and Machine Intelligence, vol. 23, pp. 947–
963, 2001. 

[138] M. C. Su and C. H. A. Chou, "Modified version of the k-means algorithm with a distance 
based on cluster symmetry," IEEE Trans. Pattern Analysis and Machine Intelligence, vol. 23, 
pp. 674–680, 2001. 

[139] S. Shim and T. Choi, "Image indexing by modified color coocurrence matrix," in Proc. IEEE 
International Conference on Acoustics, Speech, and Signal Processing (ICASSP), Hong Kong, 
2003, pp. 577-580. 

[140] V. Mezaris, I. Kompatsiaris, and M. G. Strintzis, "Region-based Image Retrieval using an 
Object Ontology and Relevance Feedback," Eurasip Journal on Applied Signal Processing, vol. 
2004, pp. 886-901, 2004. 

[141] A. B. Gonde, R P Maheshwari, and R. Balsubramanian, "SIFT Feature with Relevance 
Feedback for Image Retrieval," International Journal of Computing Science and 
Communication Technologies, vol. 3, pp. 604-609, 2011. 

[142] M. B. Kokare, "Wavelet Based Features for Texture Image Retrieval," Ph.D, Department of 
Electronics and Electrical Communication Engineering, , Indian Institute of Technology 
Kharagpur, 721 302, INDIA, Kharagpur, 2004. 

 
 


