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Abstract. Retrieval of images based on low level visual features such as color, 
texture and shape have proven to have its own set of limitations under different 
conditions. In order to improve the effectiveness of content-based image 
retrieval systems, research direction has been shifted from designing 
sophisticated low-level feature extraction algorithms to reducing the ‘semantic 
gap’ between the visual features and the richness of human semantics. In this 
paper, the framework for Content-Based Image Retrieval system Fuzzy Logic 
approach is proposed to bridge the semantic gap between low level features and 
high-level semantic features with the aim to optimize the performance of CBIR 
systems.  
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1 Introduction 

Content-Based Image Retrieval (CBIR) is an exciting and in-depth research area 
which has gained much interest over the past few years. There are two types of  
image retrieval methods exist: the text-based image retrieval and the content-based 
Image retrieval. In text-based image retrieval, query is based on keywords; and 
implementation of text-based image retrieval is easy. However, retrieving images 
based on text such as manual annotation of keywords, differences in perceptions is 
having many problems associated with. Due to this, it is necessary for CBIR, where 
images are retrieved based on automatically derived features, including color, shape, 
grain and the object’s special relationship. Generally speaking, single feature cannot 
fully represent the content of an image. For example, one of the important features is 
color as it plays an important role in CBIR due to its robustness to complex 
background and independent of image size and orientation. However, using color 
alone is not sufficient to characterize an image because some images have the same 
color proportions but different spatial distributions. This results in CBIR scheme 
which combine multiple features in order to achieve better retrieval performance. 
However, most traditional multi-feature retrieval methods extract the features 
independently. Usually, they combine multiple features merely giving them different 
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weights, which neglect the intrinsic relationship between two features.  The CBIR 
technology has been used in several applications such as fingerprint identification, 
biodiversity information systems, digital libraries, crime prevention, medicine, 
historical research, among others. During the past decade, remarkable progress has 
been made in both theoretical research and system development. However, there 
remain many challenging research problems that continue to attract researchers from 
multiple disciplines. Not many techniques are available to deal with the semantic gap 
presented in images and their textual descriptions. 

1.1 The Semantic Gap 

The fundamental difference between content-based and text-based retrieval systems is 
that the human interaction is an indispensable part of the latter system. Humans tend 
to use high-level features (concepts), such as keywords, text descriptors, to interpret 
images and measure their similarity. While the features automatically extracted using 
computer vision techniques are mostly low-level features (color, texture, shape, 
spatial layout, etc). In general, there is no direct link between the high-level concepts 
and the low-level features. Though many sophisticated algorithms have been designed 
to describe color, shape, and texture features, these algorithms cannot adequately 
model image semantics and have many limitations when dealing with broad content 
image databases. Extensive experiments on CBIR systems show that low-level 
contents often fail to describe the high level semantic concepts in user’s mind. 
Therefore, the performance of CBIR is still far from user’s expectations. There are 
three levels of queries in CBIR. 

Level 1: Retrieval by primitive features such as color, texture, shape or the spatial 
location of image elements. Typical query is query by example, ‘find pictures like 
this’. 

Level 2: Retrieval of objects of given type identified by derived features, with 
some degree of logical inference. For example, ‘find a picture of a flower’. 

Level 3: Retrieval by abstract attributes, involving a significant amount of high-
level reasoning about the purpose of the objects or scenes depicted. This includes 
retrieval of named events, of pictures with emotional or religious significance, etc. 
Query example, ‘find pictures of a joyful crowd’. Levels 2 and 3 together are referred 
to as semantic image retrieval, and the gap between Levels 1 and 2 as the semantic 
gap. More specifically, the discrepancy between the limited descriptive power of low-
level image features and the richness of user semantics is referred to as the ‘semantic 
gap’. Users in Level 1 retrieval are usually required to submit an example image or 
sketch as query. But what if the user does not have an example image at hand? 
Semantic image retrieval is more convenient for users as it supports query by 
keywords or by texture. Therefore, to support query by high-level concepts, a CBIR 
systems should provide full support in bridging the ‘semantic gap’ between numerical 
image features and the richness of human semantics [1]. 
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Fig. 1. Semantic Gap 

1.2 High-Level Semantic-Based Image Retrieval 

Low level image features can be related with the high level semantic features for 
reducing the ‘semantic gap’. There are five categories of techniques to accomplish 
this (1) using object ontology to define high-level concepts, (2) using machine 
learning tools to associate low level features with query concepts, (3) introducing 
relevance feedback (RF) into retrieval loop for continuous learning of users’ 
intention, (4) generating semantic template (ST) to support high-level image retrieval, 
(5) making use of both the visual content of images and the textual information 
obtained from the Web for WWW (the Web) image retrieval[1].  

1.3 High-Level Quantitative Semantic Features 

The vast majority of current CBIR techniques are designed for primitive-level 
retrieval. However, some researchers have attempted to bridge the gap between level 
1 and level 2 retrieval. One early system aimed at tackling this problem was 
GRIM_DBMS [Rabbitti and Stanchev, 1989], designed to interpret and retrieve line 
drawings of objects within a narrow predefined domain, such as floor plans for 
domestic buildings. The system analyzed object drawings, labeling each with a set of 
possible interpretations and their probabilities. These were then used to derive likely 
interpretations of the scene within which they appeared. More recent research has 
tended to concentrate on one of two problems. The first is scene recognition. It can 
often be important to identify the overall type scene depicted by an image,  
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both because this in an important filter which can be used when searching, and 
because this can help in identifying specific objects present. One system of this type is 
IRIS [Hermes et al, 1995], which uses colour, texture, region and spatial information 
to derive the most likely interpretation of the scene, generating text descriptors which 
can be input to any text retrieval system. Other researchers have identified simpler 
techniques for scene analysis, using low-frequency image components to train a 
neural network [Oliva et al, 1997], or colour  neighbourhood information extracted 
from low-resolution images to construct user-defined templates [Ratan and Grimson, 
1997].  

The second focus of research activity is object recognition, an rea of interest to the 
computer vision community for many years (e.g. Brooks [1981], Connell and Brady 
[1987], Strat and Fischler [1991]). Techniques are now being developed for 
recognizing and classifying objects with database retrieval in mind. The best-known 
work in this field is probably that of Forsyth et al [1997], who have attracted 
considerable publicity for themselves by developing a technique for recognizing 
naked human beings within images, though their approach has been applied to a much 
wider range of objects, including horses and trees. Haering et al [1997] have also 
developed a method for identifying deciduous trees via their foliage. The ImageMiner 
system [Alsuth et al, 1998] aims to extend similar techniques into the video domain. 
All such techniques are based on the idea of developing a model of each class of 
object to be recognized, identifying image regions which might contain examples of 
the object, and building up evidence to confirm or rule out the object’s presence. 
Evidence will typically include both features of the candidate region itself (colour, 
shape or texture) and contextual information such as its position and the type of 
background in the image. 

In contrast to these fully-automatic methods is a family of techniques which allow 
systems to learn associations between semantic concepts and primitive features from 
user feedback. The earliest such system was Four Eyes from MIT [Minka, 1996]. This 
invites the user to annotate selected regions of an image, and then proceeds to apply 
similar semantic labels to areas with similar characteristics. The system is capable of 
improving its performance with further user feedback. Another approach is the 
concept of the semantic visual template introduced by S F Chang et al [1998]. Here, 
the user is asked to identify a possible range of color, texture, shape or motion 
parameters to express his or her query, which is then refined using relevance feedback 
techniques. When the user is satisfied, the query is given a semantic label (such as 
“sunset”) and stored in a query database for later use. Over time, this query database 
becomes a kind of visual thesaurus, linking each semantic concept to the range of 
primitive image features most likely to retrieve relevant items. 

2 Related Work 

Ying Liu, Dengsheng Zhang, Guojun Lu, Wei-Ying Ma[1], carried out rigorous  
survey on content based image retrieval with high level semantics. They have 
provided comprehensive review on recent technical achievements in high level 
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semantic based image retrieval. They have identified five major categories of the 
state-of-the-art techniques: (1) using object ontology to define high-level concepts; 
(2) using machine learning methods to associate low-level features with query 
concepts; (3) using relevance feedback to learn user’s intention; (4) generating 
semantic template to support high level image retrieval; (5) fusing the evidences from 
HTML text and the visual content of images for www image retrieval. 

Automatic objects spatial relationships semantic extraction and representation can 
bridge the Semantic gap in CBIR[2]. Based on low level feature extraction integrated 
with line detection techniques, all objects are identified. These objects are represented 
using Minimum Bound Region (MBR) with a reference coordinate. The reference 
coordinate is used to compute spatial relation among the objects. There are 8 spatial 
relationship concepts are determined : “Front”, “Back”, “Right” ,”Left”, “Right-
Front”, ”Left-Front”, “Right-Back”, “Left-Back” concept. The user query in text form 
is automatically translated to semantic meaning and representation. 

Content based image retrieval using high level semantic features is proposed[3]. It 
is based on extraction of  low level color features, shape features, and texture features 
and their conversion into high level semantic features using fuzzy production rules, 
derived with the help of image mining techniques.  

A specialized approach using context-sensitive Bayesian network for semantic 
inference of segmented scenes is proposed by Yikun Lee and Timo R. Bretchneider 
[4]. They have discussed Semantic Sensitive Satellite Image Retrieval. The region’s 
remote sensing related semantic concepts are inferred in a multistage process based 
on their spectral and textual characteristics as well as semantic of adjacent regions. 
The approach was implemented and compared with different strategy that utilizes the 
extracted features from the imagery directly to infer the semantics. The developed 
system achieved higher precision and recall rate using the same training data. 

Patheja P.S. el at. [5] proposed an enhanced approach for content based image 
retrieval. new feedback based and content based image retrieval system. This new 
approach uses neural network based pattern learning to achieve effective 
classification and with neural network. Decision tree algorithm is used to make less 
complex mining of images. 

3 Proposed Work 

Existing CBIR systems which are based on low-level features have certain 
limitations, whereas CBIR system purely based on high-level semantic features 
(concepts) are difficult to implement. The proposed work is aimed at to design a  
framework for Content-Based Image Retrieval System to bridge the semantic gap 
between low level features and high-level semantic features. This can lead towards 
optimization of the performance of CBIR systems. In this paper, for bridging the 
semantic gap, we try to map high level semantics features (concepts) with the low 
level features such as color, texture, size etc. Let I = { I1, I2, I3,…………,In} be set 
of  images (image database), F = { F1, F2,..........FN} be the  low-level feature vector 
and S = {S1, S2,……..SM} be the set of  high-level semantic features . Let us define 
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a mapping f  from F to S, i.e: F  S. Each feature vector Fi from the feature space is 
describing the image Ii from the image database.  

3.1 Fuzzy Logic Approach  

Values of low-level features are in crisp form, whereas high-level semantic features 
(concepts) take vague or imprecise values e.g. tall man, beautiful scene, unhappy 
crowd etc. These values can be represented well by using fuzzy logic. It is possible to 
form Fuzzy Inference System (FIS) to map crisp input values with vague output 
values. In this paper, the fuzzy inference system (CBIR.fis) is proposed. The proposed 
CBIR.fis is of ‘Mamdani’ type as shown in figure 2. The fis has three input variables : 
Color Feature, Texture Feature and Shape Features and one output variable : Semantic 
Features.  

 

Fig. 2. Fuzzy Inference system for CBIR 

3.1.1 Membership Functions for Input Variables 
There are three input variables in CBIR.fis: 

• Color Feature 
• Texture Feature 
• Shape Feature 

Each of these variables are defined by using three membership functions. The 
membership functions for color features are : red, green and blue. as shown in figure 3.  



 Content Based Image Retrieval Using Quantitative Semantic Features 445 

 
Fig. 3. Membership function for color features 

Membership functions for texture features are: Low, Medium and High as shown 
in figure 4.  

 
Fig. 4. Membership function for Texture features 

The Shape feature variable has three membership functions: Small, medium and 
large as shown in figure 5. 

 
Fig. 5. Membership function for Shape features 
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All these membership functions are mapped onto the output variable membership 
function through Fuzzification process.  

3.1.2   Inference Rules 
In this system, total twenty seven inference rules are defined by using and, or and not 
conjunctions. Some of these rules are given in table 1. 

Table 1. Inference Rules 

Sr. No. Color Feature Texture Feature Shape Feature Semantic Feature 
1 red low small mf1 
2 red medium small mf1 
3 red medium high mf2 
4 green low small mf2 
5 blue high high mf3 

Examples:  

1. If ColorFeature is red and TextureFeature is low and ShapeFeature is small, then 
SemanticFeature is mf1. 

2.  If ColorFeature is red and TextureFeature is medium and ShapeFeature is small, 
then SemanticFeature is mf1. 

3. If ColorFeature is red and TextureFeature is medium and ShapeFeature is high, 
then SemanticFeature is mf2. 

The rules are also shown in figure 6. 

 
Fig. 6. Rule Viewer 
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4 Results  

We have carried out experiments on some of the images form WANG and IRMA 
image databases. The performance of this system is evaluated on the basis of two 
parameters : precision and recall. = Number of images retrieved and relevantTotal number of retrieved images  

= Number of images retrieved and relevantTotal number of relevant  images in the database 

5 Conclusion  

In this paper, we have discussed the fact that there is a semantic gap between low 
level image features and high level semantic features. The effectiveness of CBIR 
process can be increased if this gap would be bridged by some mean. We tried to 
propose a fuzzy logic approach to map two types of features. Experiments are 
conducted on few images from standard databases such as WANG and IRMA. The 
performance is evaluated on the basis of parameters such as precision and recall. 
However, it has been observed that, it requires rigorous work to achieve 
moreoptimum performance. 
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