
Advances in Environmental Biology, 8(13) August 2014, Pages: 567-572 

 

AENSI Journals  

Advances in Environmental Biology 
ISSN-1995-0756      EISSN-1998-1066  

   

Journal home page: http://www.aensiweb.com/AEB/ 

 

 

Corresponding Author:  A. Nasrabadi, Mechatronics Engineering Department, Computer and Electrical Engineering  

                       Faculty, in Hakim Sabzevari University, Sabzevar, Iran 

             E-mail: a.nasrabadi@hsu.ac.ir 

Accurate Image Retrieval System 

 
A. Nasrabadi  
 
Mechatronics Engineering Department, Computer and Electrical Engineering Faculty, in Hakim Sabzevari University, Sabzevar, Iran 

 

A R T I C L E  I N F O   A B S T R A C T  

Article history: 

Received  25  June  2014 

Received in revised form 
8 July  2014 

Accepted  14  September 2014 

Available online 10 October  2014 

 

Keywords: 

Image Retrieval, Image querry, 
Databases, CBIR. 

 

 In this paper our work about the Content Based Image Retrieval- CBIR system- is 

explained. Current methods are based on the image features to operate. The increasing 

interest in CBIR methods are because of the expanding requirement of memory 
capacity to save the images and the dramatic speed of developing new image processing 

applications so less memory volume may be utilized to stockpile the photo collections. 

While current CBIR methods are based on image features here we present a hybrid 
image query-retrieval system from the survey image data. 
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INTRODUCTION 

 

 Because of the rapid deployment of office automation systems and digital image processing applications the 

reduction of necessary retrieval costs  sounds like a much desirable idea. 

 An approach to reach this goal is to use the CBIR methods. At this paper is a trial to recover the identical or 

similar images in a database. Current methods can be categorized at two kinds: optical character recognition 

(OCR) based algorithms which bring accurate results but it has much computation efforts and is also sensitive to 

image resolution and language used [1] and image feature based algorithms.  

 The other approach is Content-based image retrieval (CBIR) which has attracted much interest in recently 

[2]. Specially the  indexing biomedical images by content [2, 3, 4, 5].  

 Because of the lack of effective automated methods biomedical images are typically indexed manually 

which is faulty, time consuming and expensive and retrieved using a text keyword-based look up which is also 

an insufficient search clue. 

 This problem occurs more cumbersome when interesting images are required to create education materials 

or arranging up the atlases. 

 There are however some CBIR methods developed particularly for biomedical photos which augment the 

research, clinical and educational features of biomedicine.  

  For each host of biomedical images a technic to develop suitable feature extraction and similarity 

identification algorithms that capture the “content” in the image, 

 Semi or fully automated classification, seek up, and retrieval methods for large scaled image archives are 

very necessary.  

 Because such technics would decrease the high expanses of manual categorization and data base 

manipulation, We are investigating Semi or fully automated classification methods which utilize image features 

for indexing and retrieval of the images in a predicted manner.  

 As an preliminary level of such systems, a modular prototype CBIR  for series of the spine x-rays images 

and associated health survey text data is devised as shown in [6].  

 The system retrieves images with respect to the existence of any shape similar to a sketch of a complete or 

partial vertebra,  as well as conventional text retrieval.  

 In this paper anew approach to technical considerations in developing a system for CBIR of images is 

presented which can resolve some of the open research issues. 
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Fig. 1: – An  images Retrieval example. 

 

The CBIR stage: 

 Content-based image retrieval depends on the ability of the image processing and machine vision 

algorithms to identify the presumed image features and organize those in a manner that represents the concepts 

shown in images.  

 In addition, the algorithms must have the ability to measure the equality between the visual clue and the 

image content existing in database candidate to be compared and retrieved. This is  a traditional and challenging 

component to CBIR. As a first step, the image set must be indexed based upon the predefined pathologies.  

 

Indexing stage: 

 The indexing trail (figure 2) has been defined as an flowchart. 

 In the image indexing stage, visual features which are similar to the pathology of interest are detected and 

segmented (extracted) from the image.  

 This operation belong to the “Segmentation” block in the figure, synonymous with “Feature Extraction”.  

 The segmentation level’s production is indeed in the form of image components such as subimages, edges, 

boundary contours, color/intensity measurements, texture measurements, etc. this subimage creation is useful 

because Feature extraction done at the identified local regions requires much less computation efforts .  

 As for a simple example, in case of the digitized spine x-ray image collection, the only important feature is 

the form of the vertebra and the positional closeness with other vertebrae.  

 The resulting data of the segmentation stage can be a vector of 2D coordinate points describing the vertebra 

boundary outline.  

 Segmentation techniques are often limited to the kinds of active contour segmentation [7] and active shape 

modeling [8].  

 Another example, in the uterine cervix images important and extracted features in addition to shape must 

also include color and texture measurements on homogeneous regions which are distinguished through a k-

Nearest Neighbor classifier.  

 Examples of extracted features replaced on the original images are shown in figures 3 (a) and (b).  

 

 
 

Fig. 2: CBIR Indexing chart. 

 

 As fir the next stage the segmented features must get represented in a form suitable for indexing and 

similarity measurment.  

 This is the “Feature Representation” stage. “Feature Vector Computation” stage is also sometimes 

associated with this stage.  
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 The achieved output now is a feature vector often in a form  which is cant be changed through the 

operations like rotation, translation, scaleshift… and also enjoys many other properties like  stability, uniqueness, 

etc [6].  

 the similarity can be now described as the differences of the numerical values between the feature vectors 

for two images.  

 Also, each feature representation algorithm must have such a vector as a similarity meter hue. 

 A troublesome side effect of feature reshown is the loss of data which happens due to approximation done 

at the feature extraction algorithmic or lack of efficiency or intentionally applied to avoid the curse of 

dimensionality.  

 Image properties representation tools like histograms or color cubes or approximated counters often suffice 

to commit some forms of CBIR and can be seen in many conventional systems mentioned in the literature [1].  

 Still the loss of subtle variations representation in image features, can lead to poor retrieval quality.  

 To store higher dimension feature vectors which enables the improved query of prominent features in image 

content, one will face problems for indexing which would lead to the creation of a Catch-22 conditions.  

 In this work we are experimenting with a series of shape representation methods for a segmented spiral 

bones set of images that include polygonal approximation, Fourier descriptors, shape features, invariant 

moments, and Procrustes closeness [6, 9, 10].  

 An important difficulty in the extraction of feature vectors from the raw countors data is development of an 

efficient shape reconstruction and similarity evaluation method that also provide reduction in the quantity of 

stocked data while concurrently preserving the shape features that are prominent for a reliable indexing and 

retrieval operation.  

 
 

Fig. 3: Examples of partitioned features: (a) c-spine vertebra countur; (b) segments on a uterine cervix image. 

 

 The next stage is to index the Image content reputed by feature vectors. Unlike in a traditional database it is 

difficult to develop unique keys from these vectors.  

 One method is to utilize hierarchical cluster graphs (figure 4). This graph links images to leaf nodes in a 

tree then clusters “similar” photos together and arranges their cluster centers as parent nodes.  

 This set of events is repeated on the centroids until a single one remains. Such a hierarchical categorization 

method can be highly efficient and dramatically reduces image retrieval durations. It also supports both goal 

queries (where one parable image is sought), and range queries (where images that match an indicated feature’s 

assigned scalar range are sought).  

 

But this method also has some disadvantages: 

First, it is necessary that the similarity gets assessed be a metric hue:  

 Second, the index graph is optimized for a unique kind of query, for example in a x-ray spine image series, 

the tree has to  be devised for queries related to anterior osteophytes, for each query kinds an innovative index 

tree would be designed, this bounds the kinds of queries possible to be seek on the same photo collection and so 

to the CBIR goals about the computation costs reduction, actually the arrangement of image features for a CBIR 

is an open research field.  

 Even though these obstacles yet again as for an initial level this technic is adopted here [11] to organize the 

indexing trees and optimizing the node structure with the x-ray spine images shapes. At this method the lookup 

text data which gets attached to the images is also indexed in a common RDBMS.  

 Yet the current implementations do not link images indexed in the hierarchical cluster graph to the RDBMS 

text data, even though such action would prove reasonable. The only textural link between the images and seek 

out hue is the image file names.  

  

Retrieval stage: 

 The retrieval level shown in (figure 5) again commits many of the previously described actions from the 

indexing level.  
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 Two kinds of queries have been argued in the CBIR theory, query by a hue image and query by an 

extractable image feature. However it is possible to accomplish these visual queries with text fields.  

 The hybrid text/image look ups can prove beneficial in organizing medical image databases which often 

have supporting text information for the image contents.  

 Hybrid queries can extremely reduce the search efforts and increase retrieval efficiency.  

 Its also suitable to be considered that interesting combination forms in utilizing both text and image query 

results can be assigned to further enhance the retrieval utility. 

 

 
  

Fig. 4: Hierarchical clump indexing graph. 

 

 
 

Fig. 5:  CBIR Retrieval stage. 

 

 The CBIR system utilizes both of  the feature vector (FV) tree, the text RDBMS to categorize the input 

image database.  

 a GUI may also be designed to permit the user to look for related  image by an example image or by a hue 

feature.  

 Again, the user may modify any of the text fields to seek for the related data based on the input text token. 

 The CBIR system detects and recovers related features from the database images and represents them in the 

same form as the token image, the feature is identified by the user. For example about the spine x-ray images, 

the user should put a sketch of interested vertebra shape on the image (figure 8).  

 It is also assumable about the color images that one could specify a desired color and texture as the seek out 

token. 

 

Innovation of this work : 

 Initially suggested by R.M. Haralick, the co-occurrence matrix quantization of texture features explores the 

grey level spatial dependence of texture [2]. A mathematical definition of the co-occurrence matrix can be 

written as [4]: provided a location operator P(i,j), let A be an n x n matrix with the element A[i][j] is the amount 

of turns that points with grey level (intensity) g[i] emerges, in the location specified by P, relative to points with 



571                                                                   A. Nasrabadi, 2014 

Advances in Environmental Biology, 8(13) August 2014, Pages: 567-572 

grey level g[j]. Let C be the n x n matrix that is produced by dividing A with the total number of point pairs that 

satisfy P. C[i][j] is a measure of the joint probability that a pair of points matching P will have values g[i], g[j] . 

C is called a co-occurrence matrix defined by P. 

 Examples to argue with the P are: “i above j”, or “i at a defined neighborhood to the j”, and such [4]. This 

can also be arranged such: if t is a translation, then a concurrent matrix Ct of a region can be extracted  for every 

grey-level (a, b) by [1]: 

C a b card s s t R A s a A s t bt ( , ) {( , ) | [ ] , [ ] }     2
 

 Here, Ct(a, b) is the number of site-couples, denoted by (s, s + t) that are separated by a translation vector t, 

with a is the grey-level of s, and b being the grey-level of s + t. For example; with an 8 grey-level image matrix 

and a vector t that considers only one neighbor, these can be obtained [1]: 

 

 
 

 Firstly the co-occurrence matrix is arranged with respect to the direction and distance among the image 

pixels.  

 Secondly, conceptual statistics are realised from the matrix as the texture representation [2].  

 Haralick suggested the following texture features [10]: Angular Second, Moment, Contrast, Correlation, 

Variance, Inverse, Second, Differential Moment, Sum Average, Sum Variance, Sum Entropy, Entropy, 

Difference Variance, Difference Entropy, Measure of Correlation and the Local Mean, for each of the Haralick’s 

texture features, a co-occurrence matrix is extracted. These co-occurrence matrices show the spatial distribution 

and the dependency of the grey levels within a specified part. Each (i,j) 
th

 entry in the matrices, represents the 

possibility of getting from one pixel with a grey level of 'i' to another with a grey level of 'j' under a predicted 

distance and angle. From these matrices, sets of statistical measures are calculated and called feature vectors 

[11]. 

 

Tamura Texture: 

 Considering the psychological studies made about the human visual perceptions, Tamura rearranged the 

texture representation using mathematical approximations to the three main texture features of: coarseness, 

contrast, and directionality [2, 12] which are approximately computed using algorithms created based on the 

description of each quality:  

 Coarseness is the granularity amount of an image [12], or the normalized size of regions which contain the 

same intensity [13].  

 Contrast is the quantity of vividness of the texture pattern. so the bigger the blocks that make up the image, 

the more becomes the contrast. It is influenced by the presence of black and white intensities [12].  

 Directionality is the quantity of directions of the different grey values through the image [12]. 

 

Conclusions: 

 This context presents the experiences about the new techniques adopted in a continuing research about the 

CBIR issue for large scaled image archives.  

 The dramatic increase of the images databases volumes has obliged the development of effective and 

efficient retrieval systems, while development of these systems started with  the intends to retrieving images 

using textual connotations but later led to the innovation of the image retrieval methods based on the included 

content which are now titled as the CBIR or Content Based Image Retrieval.  

 CBIR can also retrieves images based on visual features such as color, texture and shape as well as textural 

descriptions or naming assigned to each one. 

 In this project, various modes of representing and retrieving the image’s color, texture and shape properties 

are discussed but we were only able to fully construct an application that retrieved matched candidates based on 

color and texture.  

 The application commits a simple color-based search in each member of the image database for an input 

query image, creating a color histograms for each image and then compares the color histograms of different 

images using the Quadratic Distance Equation.  
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 Trying to further enhance of the search, the application again performs a texture-based survey among the 

previous stage’s results, using wavelet decomposition and energy level calculation and compares the texture 

features obtained using the Euclidean Distance Equation. This operation set can also be further improved using 

a shape-based search.  

 CBIR is still a developing aspect. As the utilized topics like image compression, digital image processing, 

image feature extraction techniques and hardware design and material assignment technics advance, this 

developments promises a dramatic grow of future applications of CBIR. 
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