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One of the major requirements of the Content Based Image Retrieval (CBIR) sys-

tems is to ensure the meaningful image retrieval against query images. CBIR systems 

provide potential solutions of retrieving semantically similar images from large image 

repositories against any query image. The performances of these systems severely de-

grade by the inclusion of image contents which do not comprise the objects of interest in 

an image during the image representation phase. Segmentation of the images is consi-

dered as a solution but there isn‟t any technique which can guarantee the object extraction 

in a robust way. Another limitation of the segmentation is that, most of the image seg-

mentation techniques are very slow and still their results are not reliable. To overcome 

these problems a Bandelets transform based image representation technique is presented 

in this paper, which reliably returns the information about the major objects found in an 

image. For image retrieval purposes Support Vector Machine are applied and the perfor-

mance of the system is evaluated on three standard data sets used in the domain of con-

tent based image retrieval. 
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1. INTRODUCTION 
 

Due to the enormous increase in the image repositories and multimedia data, the 

need for exploring them in an automatic way has aroused to explore the new horizons of 

research in the areas like content based image retrieval. The number of digital images in 

the form of personalized and enterprise collections have grown immensely. This is the 

reason that automatic image retrieval based on the actual image contents has attained a 

great research interest amongst the research communities. One of the major challenges 

which are faced in this regard is that low level digital semantics do not allow us to gener-

ate a form which may ensure the proper categorization of the images which could be fur-

ther explored against the search query. The normal process which is followed is that: we 

generate the image representations by considering the image contents i.e. color, texture, 

or shape and group them through machine learning techniques. These groupings are re-

turned whenever an image query is encountered and semantic class is determined. The 

basic limitation of this approach is that these semantic representations are not powerful 

enough that may guarantee the high retrieval rate, so the strength of the associated super-

vised, or unsupervised learning techniques cannot be fully acquired. This is the reason 

that the image representations obtained by the image segmentation are much more po-
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werful than the global image representations. However, the drawback of the segmenta-

tion based image features is that currently there is no technique available that can per-

form the image segmentation in a better way, also the associated cost for image segmen-

tation in terms of computational time makes it of no practical use.  

To overcome the above mentioned drawbacks the focus of the current manuscript is 

on the identification of the image segments which serve as the most informative areas in 

the respect that they contain the major image objects amongst several objects found in a 

single image. For this, we have used the Bandelets transforms to return the most infor-

mative geometric representation of the texture of the object regions found in the digital 

appearance. A major problem with this output is that its empathy is complicated as it may 

associate the texture with incorrect class. So to ensure the actual association, artificial 

neural networks are applied and correct texture classification is achieved at a satisfactory 

level. Now these identified regions are used for the image thumb impact generation after 

defusing them with the color part. The best way to target the texture is to generate a re-

presentation that mimics the visual cortex of the mammalian cells [1]. Therefore we have 

applied the Gabor filter and generated the texture representation from it over the regions 

returned by Bandelets transform after classifying them through artificial neural networks. 

Bandelet transform is used for medical image retrieval [2] However, their approach 

for feature extraction is different than our approach. Before this, researchers have utilized 

the bandeletization property for image compression [3], image enhancement [4] and bi-

nary classification i.e. the gender classification [5]. To enhance the image representation 

capabilities of the feature vector we have further included the color representations by 

exploiting the HSV color space. The major drawbacks faced by the CBIR systems which 

severely impact the retrieval performance [6] are: (1) the lack of output verification and 

(2) neighborhood avoidance for the semantic class association purposes. Therefore we 

have followed their findings and also included the neighborhood for the semantic class 

determination purposes. All this sets an environment over which supervised training 

works in such an efficient way that promise the reliable retrieval results as elaborated by 

the experimentation over the accepted image datasets amongst the CBIR research com-

munity.  

The rest of the paper is organized as follows: in section 2 provides the information 

of related work in the area of CBIR. Section 3 is focusing on the proposed method Sec-

tion 4 is devoted to experimental results. Finally we have concluded in section 5. 

2. RELATED WORK 

Numerous CBIR systems [7, 8] are proposed so far to focus on the image searching 

problem in a more effective way. For this the research intent is on the exploration of the 

new signature types [9] and powerful image similarity detection measures. In CBIR, im-

age signature plays an imperative role to fabricate an efficient image search. Both the 

query image and images found in the image repository are qualified as a collection of 

feature vectors and ranking of the relevant results occur on the base of common norms i.e. 

distance or semantic association by a machine learning technique [10]. Signature devel-

opment is usually performed through the analysis of color [11, 12], texture [13], or shape 

[14] or by generating any of these combinations and representing them mathematically 
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[15]. Color features are extensively used in CBIR which may be endorsed to the better 

potentiality of three dimensional domains over the gray level images which is single di-

mensional domain.  

Texture features as powerful visual features used to capture repetitive patterns of a 

surface in the images. Shape is known to be an important cue for human to identify and 

recognize real world objects. Shape features have been employed for image retrieval 

purpose in many applications [16]. Shape features extraction techniques are classified 

into two major groups: contour based and region based methods. Contour based methods 

calculate shape features only from the boundary of the shape, while region based me-

thods extract features from the entire region. A color estimation method in images 

through color difference histograms (CDH) is presented [12]. Their work has diminished 

the reliance on the frequency of pixels in an image. The unique characteristic of CDH is 

that they count the perceptually uniform color differences between two points with re-

spect to color and edge orientations in L*a*b color space. Dominant colors and edge 

orientations are then used for image representation purposes. In the work of [17], intro-

duced color-texture and dominant color based image retrieval system (CTDCIRS); and 

offered three different features from the images i.e. dynamic dominant color (DDC), Mo-

tif co-occurrence matrix (MCM) and difference between pixels of scan pattern (DBPSP). 

In their first step every image is divided in „8‟ coarse partitions by using color quantiza-

tion algorithm and the dominant colors are obtained from every partition. Next MCM and 

DBPSP are applied for texture representation of an image using motif transform. The 

three features DDC, MCM and DBPSP are amalgamated to facilitate the efficiency of the 

system.  

In the work of yue et al. [18], presented a method for feature extraction which is 

based on the combination of texture and color features. In the initial step HSV color 

space is measured and co-occurrence matrices are then used to build the texture features. 

In the work of [19], present a feature extraction approach by generating the curvelet re-

presentation of the images. Curvelet transformations are combined with a region-based 

vector codebook sub-band clustering (RBSC) for dominant color extraction. To compare 

the user query image and target images most similar highest priority (MSHP) principal is 

used and evaluated for the retrieval performance. In the work of [20], Wavelet based 

color histogram image retrieval system is introduced which also consider the texture and 

color component of the images for image retrieval. In the work of [21], proposed the mi-

cro structure descriptor (MSD) that depends on the edge orientation and directions. The 

MSD is based on the underlying colors in micro structures with similar edge orientation 

which are simulated according to the human visual processing estimation.  

In the work of [13], an image retrieval approach presented which is based on textur-

al information of an image. Their method considers the directionality, orientation and 

regularity of the texture using nonlinear modified discrete Radon transform, which are 

further used for image retrieval purposes. Vector Quantization (VQ) is applied in the 

work of [8], for feature extraction. According to their approach, image is divided into 

pixel blocks of 2*2 sizes in RGB domain. These blocks are then used for training vectors 

development. LBG and KPE algorithms are applied on the initial training sets. After 

training the same approach is used for testing and descent results are produced. In [22], 

presented a work in which transformed the RGB image in the opponent chromaticity 

space. In chromaticity space, Zernike chromaticity distribution moments are used to cap-
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ture the characteristic of color contents. The texture features are extracted using a rota-

tion-invariant and scale-invariant image descriptor in Contour domain. The combination 

of texture and color features provides an efficient and flexible approximation of early 

processing in the human visual system. According in [23], proposed a CBIR system us-

ing color and texture features of an image sub region. The Regions of Interest (ROI) are 

roughly identified by segmenting the image into fixed partitions after applying the mor-

phological dilation. The color and texture of the ROIs are computed from the histograms 

of the quantized HSV color space and Gray Level co-occurrence matrix (GLCM) respec-

tively. The query image ROIs are compared with same number of ROIs of target images.  

In the work of [24], proposed three image features for image retrieval. The first and 

second image features are based on color and texture features, respectively called color 

co-occurrence matrix (CCM) and difference between pixels of scan pattern (DBPSP). 

The third image feature is based on color distribution, called color histogram for K-mean 

(CHKM). According in [6], presented a potential solution of retrieving semantically sim-

ilar images from large image repositories against any query image. Genetic algorithm 

and support vector machines are used to reduce the existing gap between high-level se-

mantic content of the images and the information provided by their low-level features. To 

avoid the risk of misassociation, relevance feedback is also incorporated in their work. In 

[25], presented a gender classification technique which is based on the feature selection 

through Haar based wavelet packets and Eigen values of Gabor filters. Observations have 

shown that Gabor features are when ranked and combined with random mean feature 

values they improve classification accuracy. In [26], a new technique introduced for 

CBIR using motif co-occurrence matrix (MCM). MCM is derived using motif trans-

formed image and similar to color co-occurrence matrix.  

The researcher [27] proposed a model is divided into three main techniques, the first 

one is concerned with the features extraction from images database, for this purpose col-

or histogram and Gabor filter are used to extract the color and texture feature respectively. 

While the second technique on genetic algorithm and obtained the optimal boundaries of 

these discrete values. In the third technique, the feature selection performs two succes-

sive functions which are called preliminary and deeply reduction for extracting the most 

relevant features from the original features set. Some other visual features are also pro-

posed for CBIR, such as salient points and spatial features. SIFT [28] and SURF [18] is 

the well known visual features based on salient points found in an image. Many re-

searchers have done a lot of work by using these salient points in content based image 

retrieval. In the work of [29], SURF features combined with the color features to improve 

the retrieval accuracy. In [30], introduced bandelet approaches to geometric image re-

presentations. Orthogonal Bandelets using an adaptive segmentation are well appropriate 

solution to capture the regularity of edge structure. They are constructed with a bandele-

tization which is a local orthogonal transformation applied wavelet coefficients. In the 

work of [31], proposed a system based on bandelet transform which can take benefit of 

geometrical regularity of image structure and represent sharp image transitions like edges 

in image fusion. The max rule is used to select source image geometric flow and bandelet 

coefficient for creating the fused image. The technique we have presented in the current 

paper considers the most prominent objects which exist in an image using the object 

geometric representation obtained by the bandelet transform in a precise manner. The 

texture information found in object boundaries are then utilized for being the component 
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of the feature vectors after applying the targeted parameters to the Gabor transform based 

on the Artificial Neural Network suggestions. The features are further improved by in-

corporating the color information in HSV domain. Image semantics are then obtained by 

the Support Vector Machine. 

3. PROPOSED METHOD 

The most significant capability of the proposed algorithm is its characteristic for 

identifying the most prominent objects in an image which are then considered as the core 

outcomes are used to obtain feature vectors. For this purpose, first of all image transfor-

mations are generated through bandelet transform, which return us the geometric boun-

daries of the major objects found in an image and use that particular information for im-

age representation that ensures the retrieval of images in a more precise way. The main 

attribute of the bandlet based object estimation is its enormous speed that needs to per-

form only „n‟ operations to achieve this goal. In bandelets „n‟ are the total number of non 

overlapping blocks in which the image is divided. Then, Gabor filter is applied with tar-

geted parameters (as will be described) to estimate the texture content around these 

boundaries. These geometric boundaries are erroneously selected that they could easily 

be deceived to be associated with redundant and unwanted texture classes as all of them 

closely resemble to one another, and if not carefully considered can result in the form of 

wrong parameter estimation, which will consequence in the form of unsatisfactory image 

retrieval output. Therefore to avoid this situation geometric classification is performed 

through the back propagation neural networks. Which make it certain that the texture 

estimation parameters to apply Gabor filter should be approximated with maximum ac-

curacy.  

To boost the facility involving feature vectors, color components are induced within 

the HSV domain soon after approximating this by way of wavelet decomposition over 

the color histograms. The proposed features are applied on all images present in the im-

age repository, and their semantic classes are determined through ground truth training 

with Support Vector Machine and the finer neighborhood of every image. We also gen-

erate inverted index over the semantic sets, which guarantees the fast image retrieval 

after determining the semantic class of query image. Complete process of the proposed 

method is represented in fig. 1, and the detail of the process will come in the subsequent 

sections. 
 
3.1 Bandelet Transform 

 

In the work of [32], the way to determine the geometry of images by using bandelet 

transform introduced. The issue with Wavelet bases was that the same values of texture 

have different directions in an image. To overcome this limitation Stéphane Mallat and 

Gabriel Peyré [30] proposed the Geometric regularity in an anisotropic way by eliminat-

ing the redundancy of wavelet transform using the concept of bandeletization. Bandelet 

transform is a major self adaptive multiscale geometry analysis method which exploits 

the recognized geometric information of images as compared to the non adaptive algo-

rithms such as curvelet [33,19], and Contourlet transforms [34]. Bandelet transform not 
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only has the uniqueness of multiscale analysis, directionality and anisotropy but it also 

presents particular possessions of severe sampling and adaptability for image representa-

tion. Bandelet bases accumulate orthogonal vectors stretched in direction of the maxi-

mum regularity of a function. Alpert transform is used for bandeletization that closely 

follows the geometry of underlying images. The main objective is to take the advantage 

of sharp image transitions by computing the geometric flow to form bandelet bases 

which capture the directions of regular variations in the gray scale images. In fig. 2 show 

that bandelet transform divides the image into square blocks and obtain one contour (Ωi) 

from it. If a small image region does not contain any contour it means that the image is 

intensity uniform and regular in that region therefore the flow of line is not defined. 
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Bandlet Transform Bandlet Transform

Artificial 

Neural Network 

Artificial Neural 

Network 

Gabor Filter Gabor Filter

Feature Vector

Feature 

Fusion

Support Vector 

Machine
Retrieval Result

Color Image Convert RGB to HSV

H S V

Canny Edge Operator

Combine H, S & V

RGB Image

R G B

HR HG HR

DWT Level 2 DWT Level 3 DWT Level 3

Approximation Coefficient

F = [fr   fg   fb]

 
Fig.1.Proposed Method. 

   
Fig. 2 Geometric flow representation using different block sizes (a) small size 4x4 (b) 

medium size 8 x 8. 
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In the work of [35], Alpert transform was applied to compute the Bandelets bases to 

approximate images having some geometric regularity. For this Purpose image is divided 

into square blocks and the geometric flow is estimated in every block and square block is 

represented by S. As elaborated in fig. 3, if we use smaller blocks 4*4, then it will divide 

the image in more chunks. However, the drawback is that in this case, the bandlet trans-

form would not be able to capture the sharp edges and similarly, if the block size is larger, 

i.e., 16*16 or 32*32, then the geometric flow exceed the object boundaries. Hence, 

through the experimental observations we used the block size of 8*8 for appropriate ob-

ject estimation. 

Alpert transform is constructed over the space l2(S) of wave-

let coefficients in S with piecewise polynomials over bands of 

dyadic widths that are parallel to the geometric flow. A geometric 

flow direction γ is assumed to be known over S and warping oper-

ator w warps S into derivative of S. In the theory of warping func-

tion, any points 𝑥𝑛 ≝ 2𝑗𝑛   ∈  S  are warped onto 𝑥 𝑛 ≝ 𝑤(2𝑗𝑛). 

Similarly l2(S) represents the function sampled in warped domain 

i.e. 𝑔  𝑥 𝑛  2
𝑗𝑛  ∈  S.  

Fig.3 Types of texture 

To explain the multiresolution for each scale 2l, the warped square S is recursively 

subdivided into 2−l horizontal bands through: 

S =  β 
l,i

2−l−1
i=0  (1) 

In equation (1) 2nd term depends upon β l ,i = β l−1,2i  U β l−1,2i+1  Now the value of 

band is calculated in original Square ‟S‟ using Alpert multiresolution space   V l ⊂
ℓ

2S   i.e. β l,i ≝ w−1(β l,i)    ∈  S that has the width roughly equal to λ2l and sampling 

points equals to 2l(λ2l)2. Alpert vector is obtained through equation (2) and (3). 

V l ≝ {g  ∈  ℓ 2 S   ⩝  2jn ∈   β 
l,i

 (2) 

g  x n = Pi x n   (3) 

According to multiresolution space orthogonal bases {h l,i,k} i, k of each space are 

obtained by Gram Schmidt orthogonalization and resulting vector is obtained as: 

P k x n =  x 1^k1  (x 2^k2)   ∀ x  n   ∈  β  l,i (4) 

Alpert wavelets {Ψ l,i,k}i, k  are the orthogonal bases of orthogonal complement w l 

of  v l Therefore we compute Alpert wavelet vectors {Ψ l,i,k}i, k  after applying Gram 

Schmidt orthogonalization of the family. 

 h l−1,2i,k  − h l−1,2i+1,k  
  ⊂  V l−1 (5) 

The consequential multiwavelet vectors {Ψ l,i,k} have vanishing moments over the 

warped domain which is orthogonal to V l. 
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 Ψ l,i,k x  n (x  n)k  = 0n  (6) 

Above equation satisfy the condition, where (x  n)k = (x )k1  for each point 

x  n = (x 1 , x 2) in the warped domain. The orthogonal bases  Ψ l,i,k l, i, k  of describes an 

orthogonal alpert bases in l2(S) domain. 

Ψ l,i,k xn = Ψ l,i,k x n  (7) 

In square block at scale 2l we calculate the orthogonal alpert bases β(S,γ˜) of l2(S) 

by: 

β(S,γ˜)=def(Ψ l,m)|L≤l≤0 and 0≤m<p(p+1)(2l−1) (8) 

Bandelet transform provides the information of each square block and the flow of 

each square S is undefined then the projection onto β(S,γ˜) leaves the wavelet coefficient 

in S as unchanged. Bandelets have to provide the dyadic segmentation with bandeletiza-

tion bases β(Γj) of the whole space of wavelet coefficients at a scale 2j. 

β Γj =  β(S, γ 
s
)SԐS  (9) 

After applying alpert transform, we get a vector for each square i.e.: 

ψ 
v
 n = ψ 

l,k
 n   (10) 

In the equation above 𝜓 𝑣 𝑛  are the coordinates of bandelet function and fit in the 

space of L2([0,1]2). These coordinates are further used to calculate the bandelet bases 

which are called bandelization. 

β Γj =     bv ψv
 ϵ β Γj   wherej≤0 Γ =  Γjj≤0   (11) 

Bandelet bases are important factor to calculate the geometric images; therefore in 

bandelet transform best bases are obtained by minimizing the Lagrangian function. 

β Γ∗ = ℒ(f, β(Г), T)
β(Γ)ϵD

T2

arg min
 (12) 

Bandelet transform pursue the above equation to generate the geometries of an im-

age. In the work of Xiaobo Qu et al. [30] each block is approximated in separable wave-

let bases of L2(Ω) domain i.e.: 

 

φ
𝑗 ,𝑚

 𝑥 = φ
𝑗 ,𝑚1

 𝑥1  φ𝑗 ,𝑚2
 𝑥2 

ψ
𝑗 ,𝑚
𝐻   𝑥 = φ

𝑗 ,𝑚1
 𝑥1  ψ𝑗 ,𝑚2

 𝑥2 

ψ
𝑗 ,𝑚
𝑉   𝑥 = ψ

𝑗 ,𝑚1
 𝑥1  φ𝑗 ,𝑚2

 𝑥2 

ψ
𝑗 ,𝑚
𝑉   𝑥 = ψ

𝑗 ,𝑚1
 𝑥1  ψ𝑗 ,𝑚2

 𝑥2  
 
 

 
 

 (13) 

where j,m1,m2 ϵ I(Ω) 

Where I(Ω) is index set which depends upon the geometry of the boundary of (Ω) and 

x1,x2 denotes the location of pixel in the image. Above equation represents the custo-

mized wavelets at the boundary and geometry flow is calculated in region (Ω). These 

wavelet bases is replaced by a bandelet orthonormal bases of L2(Ω). Then, 
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φj,m1
 x1  ψj,m2

 x2 − c(x1) 

ψj,m1
 x1  φj,m2

 x2 − c x1  

ψj,m1
 x1  ψj,m2

 x2 − c(x1) 

  (14) 

Where j,m1,m2 ϵ I(Ω) 

In the above equation c(x) defines the line flow associated to fix translation para-

meter x2,(x1,x2+c(x1)) be in the right place to (Ω) and is the direction of geometric flow 

which is extended. Then c(x) is obtained as: 

c x =  c(x) 
x

xmin
dx  (15) 

This flow is parallel and 𝑐(𝑥)  is calculated as an expansion over translated func-

tion dilated by a scale factor 2l. Then the flow at this scale is characterized by: 

c(x) =  anb(2−lt − n)2k−1

n=1   (16) 

The bandeletization of wavelet coefficient use alpert transform to define a set of 

bandelet coefficients and by using these coefficients combined as inner product of origi-

nal image f with bandelets: 

bj,l,n
k  x =  aln

 p ψ
j,p
k (x)p   (17) 

Local geometric flow depends upon these coefficient and scales. Therefore for each 

scale 2j of the orientation k a different geometry is obtained. After bandeletization 

process, we have achieved multiscale; low and high pass filtering structure similar to 

wavelet transform. The above equations (12) and (17) are used to calculate the geometry 

of the images as shown in fig. 4. The regions having contours are further used for texture 

classification to compute the features using artificial neural network structure. 
  

3.1.1 Proposed Texture Feature Extraction using Bandelets 

 

Texture is significant module of human visual perception and many researchers 

have done a lot of work to effectively characterize it in images. In this paper we have 

proposed a new method to fig. out the most prominent texture areas in the image that 

constitutes the major image objects. In the proposed method first of all image transfor-

mations are generated through bandelet transform, which return us the geometric boun-

daries of the major objects found in an image. We apply Gabor filter with targeted para-

meters to estimate the texture content around these boundaries. These geometric bounda-

ries are indefinite in a sense that they could easily be duped to be associated with unde-

sired texture classes as all of them closely resemble to one another, and if not carefully 

considered can result in the form of wrong parameter estimation, which will consequence 

in the form of unsatisfactory image retrieval output. Therefore to avoid this situation 

geometric classification is performed through the back propagation neural networks. 

Which make it certain that the texture estimation parameters to apply Gabor filter 

should be approximated with maximum accuracy. Main steps of texture feature extrac-

tion are following: 
1. Convert input RGB image (I) of size M ∗N into gray scale image. 
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2. Apply Bandelets transform to calculate the geometry of an image and ob-

tain the directional edges. 

3. Artificial Neural Network is used to classify these blocks having direc-

tional edges after training on the sample edge set as described in fig.3. 

Once the network is trained every geometric shape obtained in the step 2 

is classified for parameter estimation. These parameters will be further 

described in the Gabor filter section. 

4. After parameter estimation, blocks with geometric contents are passed to 

the Gabor filter to estimate the texture. 

5. Step 1 to 4 is repeated for whole image repository. 
 

 
Fig. 4 Object categorization on the base of Geometric flow obtained through Bandeleti-

zation 
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3.1.2 Gabor Response after Application of Artificial Neural Network 

 

Back propagation neural networks are applied to classify the texture on the base of 

geometry returned by the Bandelets transform [36]. In this regard we classify the texture 

directions in either horizontal, vertical, right/left diagonal or no contour blocks, by train-

ing on a small set developed manually. For this we have placed 14 block samples 

representing the mentioned geometry types in every category, as described in fig. 3.  

To generate these samples we consider only the image geometry and suppress the origi-

nal image part. Once the network is trained we apply it to classify every block present in 

the image. The reason to perform this task with the help of ANN instead of kernel (Win-

dow based operations used in image processing) is that, the geometry is not fixed and has 

different variations for same category. In this situation the performance of the kernel 

based operations is miserable. Therefore the ANN is applied and it classified the texture 

with maximum accuracy. The neural networks structure is defined with one hidden layer 

having 20 neurons and one output unit. The sigmoid function is used in hidden layer and 

output layer as transfer function i.e.: 

f x = g x =
1

1+exp  −x
x0  

 (18) 

After training all categories of blocks present in every image in the repository is 

tested against neural network, and their connection with all image blocks is measured as: 

m↓ = argmax (Ȳfm) (19) 

Where m represents the total number of output units in the neural network structure, 

(argmax) is the set of points of the given argument for which the given function attains 

its maximum value, Ȳfm returns the association factor of a particular output unit. The 

texture type m↓ of the particular class is based on the output of the neural network with 

highest association factor. 

Gabor filters are extensively used in the vicinity of computer vision and pattern 

recognition. Several conquering application of Gabor filter includes feature extraction, 

texture segmentation, face recognition, finger prints identification, edge and contours 

detection, directional image enhancement, image compression, image hierarchical repre-

sentation and image recognition. Gabor filter are robust to noise and can easily reduce 
image redundancy [37]. Gabor filters can be convolved on the full image or applied to 

different image portion. An image region is expressed by the different Gabor responses 

generated through different orientations, different angles and frequencies [6, 2]. For an 

image I(x,y) with size M*N, its discrete Gabor wavelet transform is given by convolu-

tion.: 

𝐺𝑚𝑛  𝑥, 𝑦 =   𝐼𝑡  𝑥 − 𝑠, 𝑦 − 𝑡 𝜓𝑚𝑛
∗ (𝑠, 𝑡)𝑠  (20) 

where s and t are filter mask size and 𝜓𝑚𝑛
∗ is the complex conjugate of ψmn which is the 

self similar function created from rotation and dilation of following wavelets i.e: 

ψ x, y =
1

2πσx σy
exp[−

1

2
(

x2

σx
2 +

y2

σy
2)]exp(j2πλx) (21) 

https://en.wikipedia.org/wiki/Maximum
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Where λ is called modulation frequency. The self similar Gabor wavelets are acquired 

through the generating function. 

ψ x, y = a−m ψ(x , y ) (22) 

where m and n specify the scale and orientation of wavelet, with m = 0,1,....M−1 and n = 

0,1,....N−1 In the above equation we calculate the term x , y   i.e: 

x = a−m (x cosθ + y sinθ) (23) 

y = a−m (−x sinθ + y cosθ) (24) 

where a >1 and θ = nπ/N. In Gabor filter σ is the standard deviation of the Gaussian 

function, λ is the wavelength of harmonic function, and θ is the orientation. In our im-

plementation, blocks having bandelet based geometric response are passed to the Gabor 

filter, and based on the neural network classification we select the parameters for the 

application of the Gabor filter.  

For horizontal texture portions:  θ = π, and λ = 0.3. 

For vertical texture portions:  θ = π/2, and λ = 0.4. 

For left diagnol texture portions:  θ = π/4, and λ = 0.5. 

For right diagnol texture portions:  θ = 3π/4, and λ = 0.5. 

Energy computation is performed using following equation: 

Fv = µ((A −λEI)X) (25) 

where Fv is the feature vector. λE are the Eigen values, X is the Eigen vector, and A is the 

Gabor response on a particular block. 
 

3.2 Color feature Extraction 
 

In CBIR, color is the most imperative, and significant visual attribute. It has been 

extensively studied and the motivation is that: the color estimation is not sensitive to 

translation, rotation and scale changes. Varieties of color spaces are available and serve 

effectively for different applications [38, 39 and 40]. In this paper, color features are ex-

tracted on the base of edge detection in HSV color space. Edges are extracted by apply-

ing canny edge detector on Hue component. The main steps of color feature extraction 

are as under: 

1. RGB image (I) is converted into HSV color space. 

2. After conversion we separate the HSV components and apply canny edge detector 

on H component of the image. 

3. In the next step we combine the edges obtained in the previous step with unchanged 

S and V. 

4. After step 3 convert the combined image back into single RGB image. 

5. Now Separate the individual R, G, and B components and calculate the histogram of 

each component. 256 bins are obtained from HR, HG, and HB. 

6. To improve the feature performance, we applied wavelet transform at each histo-

gram obtained in the previous step. We apply the discrete wavelet transform of HR at 



CONTENT-BASED IMAGE RETRIEVAL BY EXPLORING BANDLETIZED REGIONS THROUGH 

SUPPORT VECTOR MACHINES. 

  

level 2, HG, and HB are applied at level 3. After this step, we have 128 bins i.e. 64 

bins from HR, 32 bins from HG, and 32 bins from HB. 

7. Calculate feature vector for every image in the repository. 

 

Fig. 5 show the color features are obtain as describe in above mention steps. 

 

   
(a) RGB Original Image                       (b) H matrix Hue Image 

   
(c) Canny Hue Image                          (d) Canny RGB Image 

Fig.5. Color features of an image  

3.3 Combine texture and color feature 

 

Application of the above mentioned procedure returns two feature vectors, 

representing texture features obtained from Bandelet transform, and color features ob-

tained from HSV color space. Amassment of these feature vectors in a single vector 

represents feature vector features against any image. 

 
3.4 Content based image retrieval using support vector machine 

 

Support Vector Machines (SVMs) are supervised learning methods used for image 

classification [41, 42]. It views the given image database as two sets of vectors in an „n‟ 

dimensional space and constructs a separating hyper plane that maximizes the margin 

between the images relevant to query and the images not relevant to the query. SVM is a 

kernel method and the kernel function used in SVM is very crucial in determining the 

performance. The basic principle of SVMs is a maximum margin classifier. Using the 

kernel methods, the data can be first implicitly mapped to a high dimensional kernel 

space. The maximum margin classifier is determined in the kernel space and the corres-
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ponding decision function in the original space can be nonlinear. Now suppose input set 

belongs to two classes as [42, 43]. 

 (xiyi) 
N

i=1
y i = +1,−1    (26) 

where 𝑥𝑖  and 𝑦𝑖 are input sets and hyperplanes are created by finding the efficient val-

ues of weight vector „w‟ and bias „b‟ as fallow: 

wT . x + b = 0   (27) 

Two classes can be separated from each other therefore first find maximum margin 

2/ w  hyperplanes: 

wT . xi + b ≥ +1 (28) 

wT . xi + b ≤ −1 (29) 

For Binary classification through kernel version of Wolfe dual problem with La-

grangian multiplied by αi. 

W α =  αi
m
i=1 −

1

2
 αiαjyiyjK(xi , xj)

m
i,j=1    (30) 

where subject constraint is  αi ≥ 0 and   αi
m
i=1 yi = 0 

After the optimal values of αi  have been found the decision function is based on 

kernel function, SVM classifier is given by: 

F x = Sgn[g x ]   (31) 

where: 

g x =  αiyiK(x, xi)
m
i=1 + b   (32) 

Above equation is output hyper plane decision function of SVM. High values of g(x) 

represent high prediction confidence and vice versa. 

After generating the sub-repository of images and generating new feature sets 

through combination of texture and color features, we train category-specific support 

vector machines on this sub-repository with the concept of one against all classes (OAA) 

classification. All feature vectors present in positive training set of a specific category are 

labeled with „1‟, and all other feature vectors, which do not belong to that specific cate-

gory are labeled with „0‟. In this way, we define training sets for all categories and train 

SVM classifiers upon them using quadratic programming optimization,   and keeping 

max iterations = 1000. After training of these support vector machines, all images present 

in image repository are tested against all trained support vector machines, and on the 

basis of decision function, they are associated with their specific semantic class. Our de-

cision function is as follows: 

l∗ = argmax y fl    (33) 

Where l = {1, 2, . . . , n} are the total number of support vector machines, (argmax) is the 
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set of points of the given argument for which the given function attains its maximum 
value,  y fl returns the association of corresponding support vector machine, and l∗ 
represents the obtained associated class. Due to the object composition present in the 

images, many images may tend to show the association with some other classes i.e. in the 

case of Mountain images which sometimes associate with the beach images, therefore a 

mechanism is required to reduce such associations. This is the reason that, the class fina-

lization process also involves top ‟K‟ neighbors in the semantic association process using 

the majority voting rule (MVR) [39]: 

C∗ 𝑥 = sgn{ Ci x −
K−1

2i }  (34) 

Where Ci(x) is the class wise association of input image and its top neighbors. MVR 

counts the largest number of classifiers that agree with each other [40, 41]. So according 

to equation (34) the class association can be determined by: 

𝐶𝑓𝑒 𝑥 = 𝑎𝑟𝑔𝑚𝑎𝑥( 𝑖𝐶
∗(𝑥)) (35) 

The aforementioned process is applied on all images present in the image base and 

their semantic class is determined. Therefore, when the system suggests an output or se-

mantic class for any query image, only images having the same semantic class are re-
turned to the user after ranking on the base of distance with respect to the query image of 

feature similarities. 

4. PERFORMANCE EVALUATION 

To elaborate the retrieval capabilities of the proposed method numerous experi-

ments are performed on three different image datasets. For implementation purposes we 

have used matlab 2010 in windows 7 environment using a core i3 machine by Dell. The 

detail of the experiments will come in the following subsections. Section 4.1 describes 

the datasets used for image retrieval purposes. Section 4.2 is about the retrieval precision 

and recall on randomly selected queries. Section 4.3 and 4.4 describes the comparison 

results of the proposed method with same state of the art works in CBIR 

 

4.1 Image Datasets 

 

For our experiments we have used three image datasets namely: Corel, Coil, and 

Caltech 101. Corel dataset contains 10908 images of the size 384x256 or 256x384 each. 

For this dataset, we have reported the results on ten semantic categories having 100 im-

ages in each category. These semantic classes are namely: Africa, Beach, Buildings, 

Buses, Dinosaurs, Elephants, Flowers, Horses, Mountains, and Food. The reason for our 

choice to report the result on these categories is that: these categories are the same se-

mantic groups used by most of the researchers who are working in the domain of CBIR 

to report the effectiveness of their work [17, 19, 27, 40, 43, 44 and 45]. So a clear per-

formance comparison is possible in term of the reported results. To further elaborate the 

performance of the proposed method, experiments are also performed on Columbia ob-

ject image library (COIL) [19] having 7200 images from 100 different categories. Finally 

https://en.wikipedia.org/wiki/Argument_of_a_function
https://en.wikipedia.org/wiki/Function_(mathematics)
https://en.wikipedia.org/wiki/Maximum
https://en.wikipedia.org/wiki/Value_(mathematics)
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we have used Caltech 101 image set. This dataset consists of 101 image categories and 

every category has different number of images in it. For the simplification purposes we 

have manually selected 30 categories which contain at least 100 images from every se-

mantic category. 
 
4.2 Retrieval Precision/Recall Evaluation 

 

For our experiments we have written a computer simulation which randomly selects 

300 images from image repository and use them as the query image. As already de-

scribed above, we are using image datasets having the images grouped in the form of 

semantic concepts, and on the base of their labels we can automatically determine their 

semantic association. We run this simulation on all three datasets mentioned previously 

and determine the performance by counting how many correct results are obtained 

against each query image. Experiments are run five times, and average results are re-

ported. For our experiments a reverted index mechanism is proposed which after deter-

mining the semantic class of the query image, returns the relevant images against it i.e. a 

method followed by the Google for text document search. According to the proposed 

method, we apply the trained SVM on every image present in the image repository and 

determine its semantic class. The class association information is stored in a file which 

serves for us the semantic association database. The usability of this approach is that, 

after determining the semantic information for one time; we only need to determine the 

semantic class of the query image and relevance information about the semantic cluster is 

predetermined. Overall class association accuracy is determined in terms of the precision 

and recall using following formulas: 

𝑃recision =
NA (q )

NR (q )
  (36) 

Recall =
NA (q )

Nt
  (37) 

Where NA(q) denotes the number of relevant images similar to the query, NR(q) indicates 

the number of images retrieved by the system in response to the query, and Nt represents 

the total number of relevant images available in the database. Precision or specificity 

determines the ability of system to retrieve only those images which are relevant for any 

query image amongst all of the retrieved images, while Recall rate also known as sensi-

tivity or true positive rate, determines the ability of classifier systems in terms of model 

association with their actual class. For the elaboration of results, top 20 retrieved images 

against any query image are used to compute the precision and recall. We have reported 

the average of the results as we mentioned previously after running our technique for five 

times.  

To elaborate the performance of proposed system we have randomly selected three 

images from 10 previously mentioned image categories from Corel image set and dis-

played their results in fig. 6. Here we have displayed the retrieval results which represent 

the precision obtained by our method against these query images. In this regard we have 

displayed the results from top 10 to top 40 retrievals against these randomly selected 

query images. The quantitative analysis of the proposed method suggests that, quality of 
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the system is good in terms of precision as reliable results are appearing against these 

random selections. Most reliable results appear in the range of 10 to 30 images against 

query image as there are 100 images in a single category. The important thing to note 

here is that these are the results we have achieved without involving any kind of the ex-

ternal supervision done by the user, as most of the relevance feedback based CBIR tech-

niques do. In fig. 7 & 8, the same experiment is performed on Caltech 101 image set by 

randomly selecting 4 images. Precision and Recall are reported on top 10 to top 60 re-

trieval rates. Hence on the base of retrieval accuracy we can say proposed method is 

quite efficient. Another important thing to note is that the results reported here represents 

the retrieval against three random queries, while overall accuracy is reported on the av-

erage of 100 query images and performing the experiments for five times. 
 

4.3 Comparison on Corel Image Set 

 

To determine the usability of proposed method it is compared with some state of the 

art methods in CBIR. In this regard the technique is compared with, [17, 19, 27, 40, 43, 

44 and 45].The reason of our choice for comparison with these techniques is that: these 

systems have reported their results on the common denomination of the ten semantic 

categories of Corel dataset as described earlier. Therefore a clear performance compari-

son is possible. Fig. 9 describes the class wise comparison of the proposed system with 

other systems in terms of precision. Results show that proposed system has performed 

better than all other systems in terms of average precision obtained as show in Table 1. 

Fig. 10 describes the performance comparison in terms of Recall rates with the same 

systems. From results it could be easily observed that the proposed system has the high-

est recall rates as show in Table 2. 

 

4.4 Comparison on Coil Image Set 

 

From the precision and recall results described for Corel dataset, we can observe that 

ICTEDCT has second highest rates in terms of precision and recall. Therefore we have 

reported the performance comparison on Coil dataset on different retrieval rates against 

ICTEDCT [19]. For this experiment five images are selected from each image category 

and then performance of both systems is compared against each category. From the results 

elaborated in fig. 11, it can be clearly observed that proposed method is giving higher 

recall and precision rates as compare to ICTEDCT [19]. Hence from the results of pro-

posed method on Coil and Corel datasets, we can say that proposed method is much more 

precise and effective as compare to other CBIR systems. 
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Fig. 6. Query Performance on Corel image dataset with Top 10 to Top 40 Retrievals 
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Fig. 7.Query Performance on Caltech image dataset with Top 10 to Top 60 Retrievals in 

terms of Precision 

 

Fig. 8. Query Performance on Caltech image dataset with Top 10 to Top 60 Retrievals in 

terms of Recall 



REHAN ASHRAF, KHALID BASHIR AND TOQEER MAHMOOD 

  

 

Fig. 9. Comparison of mean precision obtained by proposed method with other standard 

retrieval systems 

 

Fig. 10. Comparison of mean recall obtained by proposed method with other standard 

retrieval systems 
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Fig. 11. Comparison of precision and recall obtained by proposed method with ICTEDCT 

 

 

Table 1: Comparison of mean precision obtained by proposed method with other stan-

dard retrieval systems on top 20 retrievals. 

Class 
Proposed 

Method 
[17] [19] [27] [40] [43] [44] [45] 

Africa 0.8 0.56 0.64 0.70 0.42 0.5 0.75 0.65 

Beach 0.75 0.53 0.64 0.56 0.45 0.7 0.38 0.7 

Buildings 0.75 0.61 0.70 0.57 0.41 0.2 0.54 0.75 

Buses 0.9 0.89 0.92 0.87 0.85 0.8 0.97 0.95 

Dinosaurs 1 0.98 0.99 0.97 0.59 0.9 0.99 1 

Elephants 0.9 0.57 0.78 0.67 0.43 0.6 0.66 0.8 

Flowers 0.8 0.89 0.95 0.91 0.90 1 0.92 0.95 

Horses 0.9 0.78 0.95 0.83 0.59 0.8 0.87 0.9 

Mountains 0.7 0.51 0.74 0.53 0.27 0.5 0.59 0.75 

Food 0.8 0.69 0.81 0.74 0.43 0.6 0.62 0.75 

Mean 0.83 0.701 0.812 0.735 0.53 0.66 0.73 0.82 
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Table 2: Comparison of mean recall obtained by proposed method with other standard 

retrieval systems on top 20 retrievals. 

Class 
Proposed 

Method 
[17] [19] [27] [40] [43] [44] [45] 

Africa 0.16 0.15 0.13 0.15 0.08 0.1 0.15 0.13 

Beach 0.15 0.19 0.13 0.19 0.09 0.14 0.08 0.14 

Buildings 0.15 0.18 0.14 0.18 0.08 0.04 0.11 0.15 

Buses 0.18 0.11 0.18 0.11 0.17 0.14 0.19 0.19 

Dinosaurs 0.2 0.09 0.20 0.09 0.12 0.18 0.13 0.2 

Elephants 0.18 0.15 0.16 0.15 0.09 0.12 0.13 0.16 

Flowers 0.16 0.11 0.19 0.11 0.18 0.2 0.18 0.19 

Horses 0.18 0.13 0.19 0.13 0.12 0.16 0.17 0.18 

Mountains 0.14 0.22 0.15 0.22 0.05 0.1 0.12 0.15 

Food 0.16 0.13 0.16 0.13 0.09 0.12 0.13 0.15 

Mean 0.166 0.146 0.163 0.146 0.107 0.13 0.139 0.164 

5. CONCLUSION 

We focused on finding the ways through which we can assure semantically correct 

retrieval of images against any query image. The major consideration of the paper was on 

a finding that the most prominent image results can appear if we could generate the im-

age representations that emphasis on the core image objects instead of considering every 

image patch. Therefore, we have applied the bandelet transform for feature extraction 

which considers the core objects found in an image. To further enhance the image repre-

sentation capabilities color features are also incorporated. Semantic association is per-

formed through Support vector machine, and an inverted index mechanism is used to 

return the images against queries to assure the fast retrieval. The results of the proposed 

method are reported on three image data sets namely: Corel, Coil, and Caltech-101. The 

comparison result with other standard CBIR systems has revealed that the proposed sys-

tem has outperformed all other systems in terms of average precision and recall values. 
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