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ABSTRACT 
 
This paper confers the evolution of the various image retrieval techniques starting from Keyword based 
Image Retrieval (KBIR) to Ontology Based Image Retrieval. It addresses various outstanding issues in both 
past and present. The rapid advancement of image data demands continuing the research and development 
of Image Retrieval. The exploration in image retrieval has its basis in keyword based retrieval and then 
evolved to retrieval techniques employing content based low-semantic features approach is that the 
complete knowledge cannot be mapped and hence there exists some gaps known as semantic gaps. To 
overcome these gaps, currently, the researchers are interested in Knowledge based retrieval using 
Ontology. The focus is towards the semantic features because the key words are very subjective, time 
consuming to search and also the low level features are very tough to map into high level concepts in user 
minds.  
 
Keywords: Keyword Based Image Retrieval (KBIR), Content Based Image Retrieval (CBIR), Semantic 

Gap, Ontology Based Semantic Image Retrieval. 
 
 
1.   INTRODUCTION  

Image retrieval is a technique for searching 
images in large databases. It is the study concerned 
with the technique of searching and retrieving digital 
images from a collection of image databases. To 
perform image retrieval, user gives query as 
images, text as a keyword(s), and image links, then 
the system will retrieve images “similar” to the 
query. The comparison used for searching criteria 
could be meta tags, color spreading in images, 
region or shape attributes. In image search, 
searching of images is carried out based on 
combined metadata such as keywords and text that 
are annotated with each image. The Content-based 
image retrieval (CBIR) is one of the earlier 
technique of computer vision for image retrieval. 
CBIR targets at averting the use of textual 
descriptions. Instead, it fetches the images based on 
relationship in the content (textures, colors and 
shapes) with a user given query image or user 
denoted image features. It is important to perceive 
the scope and essence of image data in order to 
actuate the complexity of image search system 

model. The model is also largely controlled by 
factors such as dissimilarity of user base and 
retrieval time. Besides this extent, search data can 
be divided into the following types: 

Archives: Ample amount of structured or semi 
structured similar data be relevant to particular 
topics in the past. 

Domain Specific Collection:  A similar collection 
giving admittance to controlled users with very 
particular objectives. Instances of such 
accumulations are biomedical and satellite image 
databases. 

Enterprise Collection: A dissimilar collection of 
images disclosed to an arrangement and has access 
to users within the intranet.  

Personal Collection: A similar collection and is 
normally a small size, accessible initially to its 
owner, and stored on a local storage media. 
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Web: The www images can be easily accessed 
using internet. We can store these semi-structured, 
non-homogeneous images in large disk arrays.  

The image retrieval attracts researchers from the 
fields of image processing, multimedia, database 
applications, remote sensing, digital libraries, 
astronomy and other related areas [1, 2].  The 
computer vision and data base researchers are the 
two major research groups focusing on image 
retrieval from different perspectives wherein the 
former focuses on text based image retrieval and the 
latter on visual based image retrieval [3]. In the text 
based image retrieval, text can be used to explain the 
content of the image while in the visual based or 
content based image retrieval (CBIR) the visual 
features are used to explain the contents of images.  

 
2.   KEYWORD BASED IMAGE RETRIEVAL 

In conventional image retrieval system, the 
keywords are used as descriptors to index and 
retrieve an image. The key words does not convey 
better than the content of an image mean. Text based 
image retrieval techniques use text to describe the 
content of the image which often creates ambiguity 
and inadequacy in query processing and performing 
an image database search. The process of assigning 
meta data with captions or keywords to a digital 
image is known as automatic image annotation or 
automatic image tagging. This type of text based 
information retrieval is lexically motivated rather 
than conceptually motivated, which leads to 
irrelevant search results in information retrieval. 
Lexically motivated information retrieval means 
that text based retrieval operates on the word level 
but not on the meaning of words. But the very basic 
idea of ontology is that it is conceptually 
motivated. That means it can be applied to specify 
the actual meaning of things but not like words or 
strings.  

2.1.   Text Based Image Retrieval 
The basic document retrieval techniques may 

be used to metadata based image retrieval without 
modification, and also some techniques and 
methods in the aim of image retrieval can be 
utilized to document retrieval in general. In key 
word based image retrieval, the metadata that 
describes images can be roughly categorized into 
two parts. One part concerns with the tools used in 
the process of creating the image, art style of the 
image and the artist, price, and other explicit 
properties of the image. The other part describes 
what is actually in the image, the implicit 

properties that can be understood by perceiving the 
image itself. These two parts cannot be linearly 
separated, and both have to be taken into account 
when analyzing an image. Text-based methods can 
easily adopt with all paradigms up to some degree. 
Everything can be described with natural language 
but it is hard to solve the intended meaning of a 
textual description automatically by computers. For 
this reason, different semantically oriented 
techniques have been created to support text based 
information retrieval. 

In the actual context of retrieval, plain text 
annotated photos respond similarly to plain text 
documents because both contain text, which can be 
exploited by conventional text-based retrieval 
techniques. The generic text based information 
retrieval is performed in such a way that  initially a 
user gives a query that has 1 to m keywords. In 
metadata based image retrieval, the search engine 
compares the keywords with a set of images 
collected from a database and gives them priority 
values. For example, if the keyword is book, image 
‘A’ contains two instances of book and image ‘B’ 
contains only one instance, then ‘A’ gets higher 
priority. The image annotated keywords are 
performed to the user in the reducing order of the 
priority. When the size of the image retrieval 
increases, it is similar to the classical problems of 
text based information retrieval.  Irrelevant images 
are retrieved and the user has to use time filtering 
the information again, usually by browsing through 
the search results.  

The fitness of generic text-based retrieval is 
depicted in Figure 1 and  the Table 1 describes the 
precision and recall for the same. When the recall 
gets higher the precision gets lower and vice-versa. 
The graph represents a usual relation between 
recall and precision. The fitness of recall and 
precision can be calculated with the equations (1) 
and (2). The main principle of the vector-model [4, 
5] is to index documents that consist of text into a 
matrix including statistical information such as the 
amount of appearances of different words in a 
document and the place of the words in the 
document. This is fundamentally faster than to 
search directly from the documents and also with 
optimized character parsing techniques [6, 7]. The 
vector-model also provides the search algorithms a 
structured basis to start the reasoning with. It is a 
lexically motivated type of retrieval and keywords 
used are user given text only. These keywords are 
used to annotate the images. 
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2.2.   Field Based Image Retrieval 
 The extension of text based retrieval is seen as 

field based retrieval in which only one field is used 
in annotation and retrieval. The field based 
approach (also called attribute based and feature 
based) describes and retrieves an item using one or 
more field value pairs. Commonly a metadata 
schema is 

 
 

Figure 1. Relation between Precision and Recall 
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described that gives a set of fields and few 
indication is given about the type of values that can 
be chosen to a particular field. The widely used 
schema and metadata template for describing 
online documents in general is the Dublin Core 
(DC) [8].  
 

The fields of DC version1.1 are rights, 
coverage, relation, language, source, identifier, 
format, type, data, contributor, publisher, 

description, subject, creator and title. Qualified 
versions of DC have been created for particular 
domains like for describing art objects in museums 
[9]. However, an average user who is not-interested 
in the properties of the image uses mostly the topic 
field. In this case the results are similar to text 
based retrieval. The only difference is the way to 
set values for a number of other fields, which can 
have other kinds of value types. The planning of 
the fields is again very close to ontology based 
planning.  

 
2.3.   Structure Based Image Retrieval 

 
The extension of field based retrieval is seen as 

structure based retrieval paradigm [10]. In this 
method, field based approach is used which mainly 
uses an even structure of attribute value pairs. This 
method permits more complex descriptions 
implicating relations. For an instance, a definition 
of a part of a car can include a specification of its 
components. Each object elements can be specified 
again using various attributes like shape, size and 
material. Elements can even have elements 
themselves, for a instance a table have legs, and its 
sub elements can move up to the depth where an 
element cannot get any more particular sub 
elements. Ontology based design is the best way to 
construct structure based systems, and in general 
structure based systems can be called ontology 
based systems and will be discussed at the end of 
this paper. Table 2 will discriminate the types in 
keyword based retrieval which includes text based, 
field based and structure based. 
 
3.   CONTENT BASED IMAGE RETRIEVAL 

 
The CBIR (a query by image content QBIC or 

content based visual information retrieval CBVIR) 
is one of the computer vision methods for image 
retrieval, means to retrieve necessary digital images 
from image databases. “Content based search” will 
perform the analysis with the real contents of the 
image instead of metadata such as tags, keywords 
or descriptions annotated with the image.  The 
word ‘content’ here may deal with shapes, color, 
textures, or some other details that can be obtained 
within the image itself.  The web related image 
search engine relies on meta data and so this 
generates a lot of garbage results. Hence, CBIR is 
desirable in this case. Giving manual keywords to 
search images in a large database may retrieve 
wrong results. Also the process is expensive and 
may not identify every keyword that specifies the 
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International Journal of Reviews in Computing  
31st  December  2012. Vol. 12 

     © 2009 - 2012 IJRIC & LLS. All rights reserved.      
 

ISSN: 2076-3328                                                       www.ijric.org                                                          E-ISSN: 2076-3336  

 
4 
 

IJRIC 

image and hence it is inefficient. By providing a 
good indexing technique based on the actual  

 
Table 2. Comparison within Keyword Based Image 

Retrieval 
Sl. 
No 

Text based 
image 
retrieval 

Field based 
image 
retrieval 

Structure 
based image 
retrieval 

1. 
 
 
 
 
 

Text are 
annotated to  
describe the 
image 
content 
 

One or more 
fields 
(image 
attributes) 
are 
annotated to 
describe the 
image 
content 

Complex 
descriptions 
involving 
relations are 
used to 
describe the 
image object 
contents 

2. Lexically 
motivated 
retrieval 

Lexically 
motivated 
retrieval   

Conceptually 
motivated 
retrieval 

3. Keywords- 
texts 

Keywords- 
one or more 
fields                 

Keywords- 
sentences 
having 
conceptual 
meanings 

 
contents of images may retrieve and produce 
accurate results. The content based image retrieval 
enriches the main utility of Picture Archiving and 
Communication System (PACS). It retrieves 
pictures with patterns of images instead of using 
alpha numeric indices. 

 
The CBIR systems mostly suffer from 

“semantic gap” [11]. It is a gap between the high 
level image grasping of a human mind and the low 
level image estimation from computers. Recent 
CBIR techniques include the low level features like 
color, texture and shape and high level features like 
facial expressions. The modern techniques[12] used 
for diminishing the ‘semantic gap’ has the 
following varieties: describing high level semantics 
by utilizing object ontology,  combining the query 
ideas with low level features with the help of 
machine learning tools, using relevance feedback 
(RF) as key to encircle them within the retrieval 
process for studying the users’ real motivation, 
producing semantic template (ST) to reinforce the 
best possible image retrieval process, combining 
the visual information of the image with textual 
details got from the web for providing better web 
based image retrieval process. There are some basic 
ideas that are mostly used in various CBIR 
techniques like image feature extraction at low 

level, measuring the closeness and ‘semantic gap’ 
contraction. Few models are proposed for a 
particular domain like finding the units inside a 
CAD-CAM database by using shape matching 
algorithms.  

 
In CBIR, feature detection and extraction are 

low-level image processing operations. The process 
examines each pixel to detect if there exists a 
possible feature at that pixel, perform an initial 
operation on that image. Before performing feature 
detection, use the Gaussian kernel in a scale space 
to mild the input image, and estimate one or more 
image features usually represented using confined 
derivative operations. In certain circumstances if 
the image feature detection process looks and 
results with high computational time, then go for an 
another best algorithm  to find only some image 
parts for the searching features. Once if the features 
have been obtained, a confined image segment 
surrounding the feature could be extracted using 
some of the image processing techniques. This 
process results in producing feature descriptor or 
feature vector. This extracted features help to 
perform a similarity matching in the CBIR retrieval 
process. The low-level feature extraction is defined 
in the following section. 
 
3.1.   Low-Level Image Feature 

To perform CBIR low-level features should 
be extracted first. The feature extraction may be 
done on the entire image or it may be done as 
region of interest. The simple technique used in 
image retrieval depends on global features.  The 
human perception closely matches with the 
representation of images at region level [13]. To 
perform region based image retrieval, the 
foremost step is image segmentation. From the 
segmented region, the low level features like 
texture, color, shape or spatial location can be 
easily taken out. Based on the region features, it  
can easily be found the closeness matching within 
two images. The process of region based image 
retrieval has three parts. 
 
3.2.   Image Segmentation 

Automatic process of performing image 
segmentation is a hard task. The academic 
techniques used in image segmentation are curve 
energy diffusion [14], evolution [15], and graph 
partitioning [16]. Most of the methods can be 
suitable only for images that have similar color 
regions, such as direct clustering methods in color 
space [17]. Such methods can suit for the retrieval 
systems that work with colors. But natural scenes 
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contain colors as well as textures. Applying 
segmentation in texture is difficult [18]. Even 
in texture based segmentation the estimation of 
texture model parameter is difficult. To 
overcome this ‘JSEG’ segmentation algorithm 
is used. Another algorithm called Blobworld 
segmentation is widely used one [19, 20]. Some 
segmentation algorithms use segmentation based 
on color, texture or both [20, 21, 22, 23, 24, 25]. 
These algorithms use K-Means for classification 
purpose. Same class blocks are grouped into the 
same region. The K-means with connectivity 
constraint (KMCC) is a segmentation work [25] 
for segmenting objects in  the  images .  This 
algorithm utilization is trust on the necessity of the 
system and the usage of data set. It is hard to 
determine which algorithm provides better result. 
The result of JSEG is a texture color of similar 
regions, but the result of KMCC produces 
objects that are dissimilar. Still now, KMCC is 
computationally much comprehensive than 
JSEG. So, Blobworld and JSEG are mostly 
used algorithms.  
 
3.3.   Various Low-Level Image Features  
In the various categories of algorithms, very few 
can be applied in real time image retrieval with 
high level semantics that are: 
3.3.1.   Color feature 

It is the commonly adopted feature in image 
retrieval. Various color spaces are used for 
defining colors. Those color spaces are used 
depending on different applications.  Lot of 
different color space description is discussed in 
[ 26] they contain RGB, LAB, LUV, HSV (HSL), 
YCrCb and the hue-min-max-difference (HMMD) 
[20, 25, 27, 28, 29]. The color covariance, color 
histogram and color moments [13, 21, 22, 30, 31] 
are mostly used color features in RBIR. The 
leading color, scalable color, color structure and 
color layout are the mainly used color features in 
MPEG-7 [32]. With the origin of three color 
features, hue-hue pair and hue are estimated and 
the color invariants are built. The high level 
semantics are not straight related to the above 
said color features. For mapping the region colors 
to high level semantic color names, the color 
average of all pixels in a region could be used as 
its color feature [25, 33, 34]. If the segmentation is 
erroneousness then that will end up as the original 
region is visually different from the average color.  
From [28], it is understood that in many cases, the 
dominant color and average color are very 

identical, but in few cases they look very 
different. Depending on the segmentation results 
only the color features are selected. It is observed 
that average color is not a desirable choice 
whether the segmentation results objects that do 
not have similar colors. In most of the CBIR 
works the color images are not preprocessed. The 
appropriate color filters [26, 35, 36] are essential 
to enhance the retrieval efficiency because the 
color images are always damaged with noise.  
3.3.2.   Texture feature 

Few systems do not make use of texture features 
[25, 27, 33, 37, 38, 39] for image retrieval as like 
the color features. The texture is an important 
feature for describing high level semantics in image 
retrieval,  because it provides essential details in 
image catalogue as it defines the context of many 
real world images like clouds, fruit skin, bricks, 
fabric and trees. The result of applying Wavelet 
transform [40] or Gabor filtering [41], confined 
statistical measures like world features proposed 
by [42] and six Tamura texture features [43] are 
the widely using texture features in image retrieval 
process. The regularity, line likeness, roughness, 
directionality, contrast and coarseness are the 
various Tamura features. Among them coarseness, 
directionality and regularity are the most important 
[43] features. These three are related to other are 
less effective with respect to texture description.  

 
The texture browsing descriptors [29, 32] are 

obtained from MPEG-7. They are regularity, 
directionality and coarseness. It is found that 
Brodatz texture [44] will perform outstanding with 
word features like randomness, directionality and 
periodicity. The Tamura features fail to work for 
multiple resolutions that are considered for 
measurement. The world features are get affected 
by image distortions like orientation differences due 
to viewpoint distortion [24] and scale. If the texture 
regions in the image are not organized and similar, 
[24], it would result in poor retrieval response for 
natural scene images. But for Brodatz textures, it 
works well. The human vision study [32, 40, 41] 
may match well with Wavelet and Gabor features in 
most of the image retrieval. But the actual design of 
Gabor filter and wavelet transform is only meant 
for rectangular images. But in RBIR, the region of 
image is having erratic-shapes. Hence, in such 
cases, the texture features are effectively used[25, 
41]. But for natural image representation [32], the 
edge histogram descriptor (EHD) is most suitable 
and effective.  
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3.3.3.   Shape feature 
One of the most distinct concepts is shape 

feature. This feature has consecutive boundary 
segments, aspect ratio, Fourier descriptors, 
circularity and moment invariants [45]. The color 
and texture features are more useful in domain 
particular images like manmade objects. Still, the 
shape features are essential features but they do not 
have that much popularity in RBIR like texture and 
color features. The erroneousness of segmentation 
have been resulting them as not famous as texture 
and color features. To explore the inherent benefits 
of RBIR, the shape features could be used as 
evaluators by some system. For instance, the 
orientation and eccentricity features are used for 
this purpose [25].  
3.3.4.   Spatial location 

Not only texture, color and shape features are 
important but also spatial location is very much 
useful with region cataloguing. For an instance an 
image containing trees with grass on ground could 
have similar color and texture features, but their 
spatial locations are different with tree leaves 
normally appears at the top of an image, while 
gross leaves at the bottom. So, it is very easy to 
define the spatial locations as ‘left, right, top and 
bottom’ depending on the place of the region in 
an image [46, 47]. The minimum bounding 
rectangle and region centroid are utilized to find 
the spatial location details are found in [48]. Also 
the center spatial of a region has been applied to 
define the spatial location details were discussed 
in [25].  
 

In semantic feature extraction, relative spatial 
affinity is more essential than complete spatial 
location. The directional affinity between objects such 
as ‘right1left’ and ‘above below’ have been easily 
described using 2D-string [49] and with its 
alternative. Only directional affinities are not enough 
by without considering the topological affinities 
while representing the semantic image contents. The 
algorithm in [50] which refers the touch, front, right, 
up, left, down with spatial context modeling is used to 
provide performance improvement in semantic 
related image retrieval. The most desirable method 
was given by Smith in [23]. The spatial 
structuring of regions could be made available 
using (CRT) composite region template and every 
semantic group is constituted by a collection of 
image samples [23]. There are other issues in 
image retrieval such as problems of image 
annotation, dimensionality reduction and so on. 
The problem of retrieving images based on pixel 

contents is still not solved in many CBIR systems. 
Once the preprocessing of feature extraction is 
over, the extracted visual properties are used to 
find concept detection, annotation or similarity 
estimation. The Figure 2 demonstrates the method 
of producing image signatures and the core 
research problems involved. The recent research 
interest focus on region based visual signatures 
that contain segmentation as the initial step. 
However, without performing segmentation for 
future extraction and signature forming is the 
recent research attraction [52].  

 
Using segmentation we can easily acquire the 

region based signature. Trustable segmentation is 
really tough for distinguishing shapes within 
images because the shape estimates are purely 
depend on that discrimination. The K- means 
clustering was the classical approach used for 
segmentation. At earlier times it was the faster 
method for segmentation, but later on better 
methods had been evolved. By using normalized 
cuts criterion, the segmentation process can be 
very much improved [53]. In this, the 
segmentation is graphed into a weighted graph 
partitioning problem in which the vertices are 
considered as image pixels and the similarity 
denoted as the edge weight between two pixels.  

 

 
 

Figure 2. Image Signature Formation Overview 
 
The normalized cut segmentation method is 

expanded in to texture image segmentation with 
texture dissimilarities and cues of contour [54], and 
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to combine known incomplete classing priors by 
answering a restrained optimization problem [55]. 
The other has inherent capability for appending real 
world application specific priors like size of cues of 
parts and their place in pathological images. The 
medical image searching became very important 
research problem because of it requires high 
dimension, throughput and resolution in the result.  
In this area, expectation maximization (EM) 
algorithm and hidden Markov random fields [56] 
are applied to segment the 3D brain magnetic 
resonance (MR) images, vertebral bodies from 
sagittal MR images [12] got segmented using 
spectral clustering approach. The new segmentation 
using the mean shift procedure [57],  multi-
resolution [58] segmentation for low depth of field 
images, the Markov chain Monte Carlo technique 
[59] used Bayesian framework based segmentation, 
and a Gaussian mixture model [60] used EM 
algorithm depended segmentation, creating blobs 
matchable for image querying and retrieval.  
Starting the segmentation initially with texture 
features and end up with color features is a 
sequential approach discussed in [61]. Without any 
support for segmenting images that have similar 
texture or color regions has given in [62].   

 
It is important to obtain good segmentation 

with the achievement of reliability, increased 
quality and determining less complexity. By 
decreasing the dependence on reliable 
segmentation [60], also involving every generated 
image segment in the process of similarity 
matching to produce soft measures [40] and using 
multi resolution hidden Markov models for spatial 
structuring of texture and color [63, 64] will helps  
to achieve the above said qualities in image 
retrieval process.  The other method that uses the 
non-cognitive grouping rules to extract images in 
pyramid structure [65],   probabilistic modelling of 
group wise color segment co operations has been 
performed for the goal of image type separation 
and retrieval,  to decrease acuteness to 
segmentation. 
 
3.4.   Image Similarity using Visual Signatures  

After obtaining image signature, the next step 
is to focus on accurate image retrieval.  Various 
basic frameworks have been already defined for 
image similarity. The most useful features are local 
linearity (using triangle inequality in a 
neighbourhood), concord with semantics, and 
invariance to background (region dependent 
querying) and robustness to noise (in large scale 
and in real time). A design by incorporating various 

methods is shown in Figure 3 like supervised, 
semi or unsupervised learning, region based, 
global based similarity or both, segmentation 
based closeness matching and computation, 
using hypothetical, considering vectors, non-
vectors or aggregate of features, deterministic 
closeness or fuzzy and computing closeness 
over linear space or non-linear regions.  

 
The mostly applied method to image retrieval 

is content based. It retrieves images depends on 
image content using image meta data or human 
attached meta data. But human annotation is a 
tough and time absorbing process, and hence the 
retrieval process has to be automated.  By 
participating the user in retrieval process to refine 
the image search by asking them to continuously 
mark each result as ‘relevance’, ‘irrelevant’ or 
‘neutral’ and this approach in CBIR systems is 
called relevance feedback method. To compare a 
given image with an image in database, the CBIR 
relies only on distance measure.   It examines in 
contrast the closeness of two images in various 
ranges such as texture, color, shape and spatial 
locations.  Hence, zero value of distance measure 
means perfect match of images with the given 
query by considering the above said dimensions. If 
it is higher than zero, then different types of 
similarities will exit between images.   
 

 
 

Figure 3. Various Types of Image Comparison 
Measures, their Mathematical Foundations  

And Methods for Estimating them 
 

With respect to the distance measure obtained, 
the retrieved result images with respect to query 
have been sorted.  CBIR uses variety of user query 
types.  The method of giving an image as an input 
to retrieve images from database is referred to as 
Query by example. In this technique the resultant 
images should be similar, that means they should 
have common objects within the image but 
different algorithms may be applied in retrieval 
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process depending on application. Different 
alternatives of input query images in this scheme 
are: 

 
The user can provide the query image as a file, 

or allowed to be taken from random group, or a 
drawn image supplied by the user that is similar to 
images to be retrieved. This approach avoids the 
disadvantage of defining images with keywords. 
The other type of query methods are searching for 
images using web browser, image region based 
queries, image feature based queries, multimodality 
type of queries like combination of two or more 
features. Hence, by adapting some emerging fields 
with machine learning ideas and digital image 
processing concepts may try to shrink the gaps in 
the above discussed issues. The texture, color, 
shape and spatial location are considered as the low 
level image features.  The focus of indexing and 
image retrieval is for identifying semantic 
information to provide a direct correlation between 
the low level features as discussed above. 
 

The real world CBIR application areas include  
photographic and art collections, retail achieves, 
intellectual property rights,  military, building 
architectural design, mechanical CAD/CAM 
engineering design, medical imaging processing, 
computer science engineering, criminology 
department, Global positioning system (GPS), 
Mobile applications, remote sensing, educational 
training, Global information system (GIS), etc., To 
overcome the drawbacks in text based image 
retrieval, the CBIR is the best choice.    The CBIR 
systems called IBM QBIC [66] performs the image 
retrieval that depends on image visual contents like 
percentage of color, layout of color and 
occurrences of texture in the image. The other 
system used for content based retrieval in videos is 
called Virage [67]. An interactive learning agent 
called photobook [68] is applied well in image 
retrieval.  To frame a query using spatial 
structuring of diagrammed color regions, we can go 
for VisualSEEk [69]. The relevance feedback 
method can be applied in multimedia image 
retrieval using MARS (Multimedia Analysis and 
Retrieval System) [70]. 
     
The architecture of CBIR Retrieval System is as 
follows in Figure 4: 
 
In CBIR technique the basic level image feature 
extraction is the initial step. The feature extraction 
in CBIR is done for the total image or for a 
particular region in the image.  Most of the end 

users’ focus is in a particular image region rather 
than the entire image. It has been found that most 
of the users are normally interested in specific 
regions of an image instead of entire image. This 
results with region based CBIR as the current trend. 
The easiest image retrieval is based on global 
features. The human idea based system has a strong 
similarity matching with region level image 
retrieval systems [13]. In RBIR, initially the spatial 
locations and other features are extracted from the 
regions that are already segmented. This above said 
step can help to perform the closeness match 
between two images. The other way of computing 
the closeness measure is based on color histograms 
of two images. In recent RBIR techniques, the 
segmentation is achieved with the help of color 
proportion or combinations and spatial relation 
between two color regions. Color based 
segmentation is mostly used because it never 
depends on size or orientation of the image. Apart 
from the above technique, various definitions for 
color spaces are discussed in [71]. Because human 
ideas are more close to color spaces, they are 
applied in region based retrievals. They normally 
have color spaces like (HMMD) hue-min-max-
difference, LUV, RGB, YCrCb and HSV (HSL). 
The color definitions and features in RBIR systems 
contain color histogram, covariance matrix, 
coherence vector and moments. The color structure, 
dominant color, color layout and measureable color 
are discussed in MPEG-7. 
 

 
 

Figure 4. Overall CBIR Architecture 
 

Main advantage of using texture measure is 
that it will give an analysis of visual patterns are 
spatially described in an image. As textures are 
described with pixels, they can be easily grouped 
into sets. Adding a texture into a group depends on 
the count of identified textures in the image. The 
texture feature is a tough one to describe. With the 
help of 2D grey level differences, it can be easily 
identified as a particular texture in an image.  To 
compute various degrees of directionality, contrast, 
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coarseness and regularity [72], the comparative 
brightness of pixel pairs is very important. Even 
though, the hard thing is that to attach a specific 
texture into groups of textures like “soft” or “hard” 
because of the differences in the neighbouring pixel 
values. The texture property in images is the 
important feature because they help in image 
classification process. Different real-world images 
have different texture features. Thus, we can 
conclude that texture is a unavoidable feature to 
map the high level concepts with low level. 

 
Shape means the form of a specific region in 

an image. Various edge detection methods 
combined with segmentation are used to compute 
shapes.  Along with them, shape filters [73] can 
also detect image shapes.   Due to the drawback of 
unachieved fully automated image segmentation, 
human interception is necessary for concluding 
shape detection accuracy. A brief survey on the 
research in CBIR is highlighted in Table 3. 

 
Table 3. Various Image Retrievals Based on Visual 

Content 
Low-level 
features 

Researches Approaches 

Color W. Niblack [74] Histogram and 
color moments 

Chad Carson [ 75] Region histogram 
Moore [76 ] Dominant color 
J. Sawhney &  
Hafner [74] 

Color histogram 

Stricker & Orengo [77] 
 

Color moment 
Kankanhalli [78] Color cluster 
Wang [ 79] Bit signature 

Shape MichaelOrtega  [80] Fourier transform 
F. Mokhtarian  [ 81] Curvature scale 

 Sougata Mukherjea [82] Template 
Matching 

Texture J. R. Smith [ 83] Wavelet transform 
J. Michel[ 84] Edge statistic 
B. S. Manjunath [ 85] Gabor filters 
George Tzagkarakis & 
Panagiotis Tsakalides 
[86] 

Statistical 

 
The major categories of CBIR gaps defined in 

the literature are: A disparity between the low level 
constituents that are extracted by computers from 
the image and the high level understanding of 
human image cognition is called semantic gap. A 
disparity between the methods of image objects 
capturing and object that present in the real world 
is called sensory gap. A disparity between the 
levels of CBIR integration with general purpose 
image retrieval system is known as integration gap. 
Automation of feature extraction gap is an 
algorithm generated gap.  The catalogue of various 

gaps is discussed in [87]. By representing, how 
ontology helps in image retrieval by shrinking the 
semantic disparity between low level and high level 
features will provide a better solution for the CBIR 
system. 

 
4.   ONTOLOGY BASED IMAGE RETRIEVAL 

 
Ontology means a particular description of a 

conceptualization.  It designs a domain in a formal 
way. With the help of textual information at the 
surrounding only the web image retrieval is 
achieved. There are some text dependent image 
retrieval engines are already available for the web 
such as Yahoo and Google. They use text features 
like file names as indices for searching images in the 
web. Many image retrieval engines are under 
construction. The low level descriptors of these 
engines are far from semantic notions. The other 
type of systems only relies on human-annotations. 
Hence, there is a necessary to define and 
intermediate approach to image understanding.  
Some systems may define a specific domain from 
domain experts by identifying vocabularies used to 
describe objects of interest.  The most desirable 
thing in image retrieval is domain-independent 
visual concept ontology. This type of ontology 
driven description supports automatic recognition 
based on image processing techniques.  The visual 
concept ontology is described in [88].  The ontology 
driven knowledge acquisition is necessary for 
building the visual concept ontology. In this, a 
domain is specified using a tree structure with class 
hierarchy of its sub elements at each level. We can 
take an example domain in Medical Pathology or 
biological organisms.   
 

 
 

Figure 5. The Visual Idea Ontology 
 

In ontology based retrieval, the knowledge 
gathering process is done as follows. The visual idea 
ontology in Figure 5 has three parts such as Color, 
Spatial Temporal and texture concepts.   
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Figure  6. Architecture of Ontology Applied Image 
Retrieval Process 

 
The architecture of ontology applied image 

retrieval process is given in Figure 6. The image 
feature extraction done by computer will result with 
meaningful image concepts. These concepts may be 
color, texture, shape or spatial locations. Mapping 
those one or more resultant concepts into ontology 
will interpret the conceptual meaning of an image. If 
the retrieval query captures the actual users’ 
intention from this ontology representation, it will 
definitely reduce the semantic disparity between 
man and machine. In an intelligent image retrieval 
process, different type of indexing schemes has been 
applied starting from text based, keyword annotated, 
field based, structure based, content based to 
ontology based. Still, image retrieval is in its infant 
stages only because of the semantic disparity.  

 
Various algorithms are evolving to fill this gap 

but sometime that may create other gaps in image 
interpretation and understanding. This means that 
the similarity matching process of image concepts 
with human perception fails to achieve its precision. 
This precision could be measured only through the 
user satisfaction in the image retrieval process. To 
improve accuracy in this context, a fuzzy 
mechanism with the closeness measure computation 
can be adopted. The knowledge representation could 
be the first step in a concept ontology formation. 
This representation should provide a conceptual 
relationship between the extracted features in terms 
of numerical information. The color concepts have 
been defined using ISCC-NBS color dictionary in 

Table 4. The spatial concepts could be defined using 
RCC-8 spatio-temporal relations and geometric 
concepts in Table 6. The texture concepts could be 
defined using cognitive science community 
experiments in Table 5. 

 
Table  4. Color Concepts (flattened view) 

Derived from the ISCC-NBS Color Dictionary 

                           
 

Table 5. Texture Concepts: Developed Based on the 
Experimental Results of Cognitive Science Community 

 

 

 

Images 

 

Regular 

Texture 

Smooth Texture 

Weaved Texture 

Oriented Texture 

Periodic Texture 

 

Irregular 

Texture 

Granulated Texture 

Veined Texture 

Marbled Texture 

3D Texture 

 
 
 

Red Purple 

Reddish Orange Reddish Purple 

Orange Purplish Red 

Orange Yellow Purplish Pink 

Yellow Pink 

Greenish Yellow Yellowish Pink 

Yellow Green Brownish Pink 

Yellowish Green Brownish Orange 

Green Reddish 
Brown Brown 

Bluish Green Yellowish Brown 

Greenish Blue 

Blue Olive Brown 

Purplish Blue Olive 

Violet Olive Green 
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Table 6. Subset of Geometric Structures 
 
 
 

Point 
Set 

 
Curve 

Affine Curve  (e.g. Segment) 
Broken Line (e.g. Polygon) 
Ellipse (e.g. Circle) 

 
Surface 

Polygonal Surface  
(e.g. Rectangular Surface) 
Elliptical Surface 
(e.g. Circular Surface) 

                                                     
The image context description could be framed 

using ontology from the above said image 
concepts. Applying Description Logics (DL), the 
knowledge representation could be formed. The 
DAML (DARPA Markup Language) and OIL 
(Ontology Interface Language) are used for this 
implementation which is available with OWL (Web 
Ontology Language). Rules for describing relation 
between image features in ontology can be defined 
using the DL also. Once the concept ontology in 
Fig.7 and Fig.8 has been framed (for example 
spatial ontology), the similarity matching of user 
query with extracted image feature is estimated 
through the ontology hierarchy. This provides more 
closeness to user query with images in database. 
 

 
Figure 7. Ontological Concept Description in Image 

Interpretation 
 

There are some tools have been developed 
namely “OntoVis” [51] which perform three tasks 
namely domain knowledge acquisition, ontology 
driven visual acquisition and image example 
management.  The benefit of using visual idea 
ontology is to fill the semantic gap as much as 
possible between low and high level concepts.  

 
5.   ONTOLOGY USED IMAGE RETRIEVAL:  
      A CASE STUDY ANALYSIS 
 
A Case Study example [89] to reduce the semantic 
disparity in image retrieval is described in this 
section. 

     The Convocation is a ceremony of 
awarding degree to students that may be for 

diploma, graduate, masters or doctorate and lifting 
or promoting them from one level to the other. 

 
 

Figure  8. Manifestation of Spatial  
Relation Ontology 

 
Considering photos taken in these functions 

and maintaining them in a database, an appropriate 
image retrieval system may produce better search 
results for the photos. The ontology annotated 
image retrieval system could achieve accuracy in 
retrieval results. This is because ontology concept 
reduces the semantic gap in the retrieval process. 
This case study design has three parts. The first part 
deals with the creation of ontology for a function or 
event happening in university building. The 
essential point in ontology formation is that it never 
contain too much of concepts unless they are really 
needed. While fixing classes and subclasses for 
ontology, the confusion and relation increases 
exponentially with the count of used concept on it. 
For an instance, how a system introduces 
complexity to convey a message to a friend A? The 
second part deals with annotating more than 500 
photos taken in the function with this created 
semantic concept based ontology. Then these 
annotations should be transferred into RDF formats. 
An annotation editor can be used for this purpose 
where the actual description of images could be 
given in text. Once the annotation schema is over, 
this will relate each classes and instances in the 
domain ontology with the photos. The third part 
deals with user query given based on conceptual 
hierarchy choices designed in the UI. 
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5.1. The Ontology Formation Model Using 
Protégé 

The prototype model is used here because ontology 
formation cannot go with design and 
implementation phase as in Figure 9. 
 

  Figure 9.  Development Model for Ontology Formation 

The initial step in ontology framing is 
knowledge acquisition and hence the domain 
knowledge could be acquired from domain experts. 
Then it is refined by clients with the help of their 
feedbacks. For complex ontologies the user 
acceptance is the main one. In this formation 
process, the top level classes’ selection could be 
done using RDFS. These classes should tell what 
image context is described and the remaining 
ontology should tell how it is described. The higher 
level class alone will not describe a total image, but 
it should serve as a whole to annotate and retrieve 
them.  The created structure of ontology is shown 
in Figure 10. 

 

 
Figure 10. Ontology Structure of Different  

Persons, Roles and Universities 
 
 
 

5.2.  The Ontology Annotation Model 
This part shown in Figure 11 has done to 

combine the structure dependent annotation with 
frame dependent ontologies. Implementation of this 
will define the schema for annotating images with 
this convocation ontology. In this, the rdf:Property 
could be used as structure based and field based. 
Each annotation schema should have to insert 
values through one field.  

 
 

Figure 11. Annotation of Convocation and Various 
Events on Left are annotated with Objects at Right 

 
The values to be inserted are chosen from 

category tree. Hence, classes and instances are 
called categories in this case. This category tree 
represents a group of distributed ontologies, with a 
group of a single ontology or combination of all. 
 
5.3.   The Image Retrieval Model 
 After the image annotation, the ontology 
dependent photographic demonstration system is 
developed. The user interface representation of this 
system is in Figure.12. 
 
6.    CONCLUSIONS 
 

The classical research interest in image 
retrieval was done with CBIR, low-level feature 
extraction, etc. In CBIR technique, the low level 
image features cannot always represent high level 
semantic concepts in the users’ mind. Hence, the 
CBIR systems should provide maximum support in 
bridging the ‘semantic gap’ between low level 
visual features and the richness of human 
semantics. This paper provides a comprehensive 
survey of recent work towards narrowing down the 
‘semantic gap’.  The high level semantics can be 
combined with CBIR system for shrinking the 
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semantic gap using some computer vision and 
machine learning techniques. 

 
Figure 12. Different Categories Representation of 

Retrieving Images Based on their Attributes 
 

 
Figure 13. Semantic Gap Reduction using Ontology 
 

Different solutions to decrease the semantic 
gap may be by using ontology representation of 
image objects that will interpret the high level ideas 
in user mind,  machine learning approaches which 

combine query ideas of user with basic level 
extracted features of an image, getting the relevance 
feedback of users to transparent their real 
expectation,  providing a meaningful template for 
user to enhance the high level interpretations of 
user expectations, intermix the proofs from and the 
visual web image retrieval and HTML text.  

 
Although there is no generic and automated 

algorithm for image retrieval without the above 
said gaps. The discussion of CBIR with high level 
meanings and classical systems with low level 
features, this paper gives an idea for ‘semantic gap’ 
reduction using ontology shown in Figure 13. To 
implement fully automated image retrieval system 
with high level semantics requires some type of 
visual concept ontology to be built for low level 
feature extraction and map them into high level 
semantics.  

          
This case study analyses the ontology 

dependent image annotation system for image 
retrieval. The domain model could not be built with 
a natural language, but can be represented with 
natural language. But tools and semantic web 
languages can help to develop an ontology domain 
or thesaurus. The very good ontology domain 
modeling is purely depending on expert’s hand 
who frames the ontology. If text based annotation 
is used then good thesaurus could be used for 
choosing keywords to be annotated with images. If 
a complex ontology is defined then annotation 
process will also become complex. But without 
domain knowledge it could be useable. Once if 
design rules of domain ontology changes, the 
annotation schema would also get changes. It is 
still remain unsolved. Definitely the ontology based 
retrieval perform search based on finding the 
constraints, classes that actually define the images. 
In this system the precision and recall rates are 
comparatively high than comparing with text based 
systems. 
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