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Abstract

Image mining focuses on extracting patterns from large image collections in databases, distinct from low-
level computer vision and image processing techniques which primarily extract specific features from
individual images. Content-Based Image Retrieval (CBIR) is a widely-used system for indexing, searching,
retrieving, and browsing image databases based on relevant image features. Key properties like color and
texture play crucial roles in CBIR systems. This paper provides a detailed classification of CBIR systems,
discussing the effectiveness of various techniques and their synergies to enhance retrieval performance.
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1. INTRODUCTION

Content-Based Image Retrieval (CBIR) represents a pivotal technology in the realm of image processing
and information retrieval, aiming to retrieve images based on their visual content attributes such as color,
shape, and texture. This technique contrasts with traditional text-based retrieval systems by focusing on the
inherent visual characteristics of images rather than textual metadata. In a typical CBIR system, the process
begins with the extraction of relevant features from a query image. These features, which encapsulate details
like shape and texture, are then used to compute similarities with features extracted from images in a
database. The result is a ranked list of images that most closely match the query image in terms of visual

content.

Shape, a prominent feature in CBIR, describes the outline or contours of objects within an image. Achieving
accurate shape representation often involves segmenting the image into meaningful regions or objects. This
segmentation process is crucial as it determines how effectively the shape feature can capture the distinct

forms within an image.

Despite its potential, CBIR faces significant challenges. The complexity of accurately representing and
matching visual features across diverse images remains a critical hurdle. Research efforts are actively

focused on refining feature extraction methods to enhance the accuracy and efficiency of CBIR systems.
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Advances in machine learning, particularly in deep learning architectures, have shown promise in
automatically learning and extracting more discriminative features from images, thereby improving retrieval

performance.

The application of CBIR extends beyond academic research, with commercial implementations such as the
Query by Image Content (QBIC) system beginning to emerge. However, the transition of CBIR technology
from controlled laboratory environments to practical, large-scale applications presents additional challenges.
Scalability, robustness against diverse image characteristics, and adaptability to varying user queries are
among the key considerations that influence the practical deployment and acceptance of CBIR in real-world

scenarios.

Despite its advancements and potential benefits, the maturity of CBIR technology remains a point of
contention. While it has demonstrated efficacy in controlled settings, its performance and reliability in
handling real-life queries within extensive and heterogeneous image collections are subjects of ongoing
debate. Empirical evidence and comprehensive evaluations across diverse datasets are essential to validate
the practical utility and effectiveness of CBIR in addressing the complex challenges of image retrieval in

contemporary applications.

2. CLASSIFICATION OF IMAGE RETRIEVAL SYSTEM

Various image retrieval techniques are categorized based on the type and characteristics of the features
utilized for indexing. Figure 1 provides a comprehensive classification of a fully integrated image retrieval

system.
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Fig 1: Image retrieval system
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3. Text-Based Image retrieval

Text-Based Image Retrieval (TBIR) systems index images using metadata such as patient ID, date of
creation, image type, and annotated descriptions of image content. These systems, commonly employed in
hospitals under Picture Archiving and Communication Systems (PACS), facilitate organizational efficiency
and query flexibility based on textual information.

However, TBIR systems have limitations in retrieving images solely based on text. They cannot capture
visual characteristics like color, texture, or shape, crucial for accurate content retrieval. Annotating each
image manually is labor-intensive and prone to inconsistencies due to variations in human perception during

description, leading to retrieval inaccuracies.

The challenges associated with text-based approaches have spurred interest among researchers to develop
more robust systems, particularly in the realm of Content-Based Medical Image Retrieval (CBMIR). CBMIR
systems aim to overcome these limitations by leveraging advanced image processing techniques to extract
and analyze visual content directly from medical images, thereby enhancing retrieval accuracy and usability

in clinical settings.

4. Content-Based Image retrieval

In recent years, there has been a growing interest in Content-Based Image Retrieval (CBIR) as a promising
solution to address various challenges in image retrieval. Central to CBIR is the identification of key image
features for indexing and similarity assessment. Typical features used include color, shape, texture, and
spatial relationships among segmented objects. Researchers often combine these features to enhance

retrieval performance.

CBIR involves the automatic retrieval of images from a database based on their visual attributes such as
color and shape. It encompasses techniques and algorithms drawn from fields like statistics, pattern

recognition, signal processing, and computer vision.

The primary objective of CBIR systems is to search and retrieve images that are visually similar to a query
image. This process begins with efficiently describing the content of images using feature extraction
techniques. When a user submits a query image, the system extracts its image features and compares them
with those stored in the database. The system then presents results displaying images that closely match the

query image based on their visual content.

This paper proposes a content-based image retrieval method that focuses on a combined approach using
color and texture features. Both color and texture features of images are extracted and represented as feature
vectors stored in a database. During retrieval, the system computes the color and texture feature vector of

the query image and matches it against the stored feature vectors in the database. This method aims to
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achieve fast and accurate retrieval of relevant images based on the visual characteristics described in the

query image.

5. Semantic-Based Image retrieval

A Semantic-Based Image Retrieval (SBIR) system focuses on retrieving images by their semantic content
rather than low-level features. It involves annotating images with descriptive metadata like object categories,
scenes, and actions. Semantic feature extraction includes object and scene recognition, aided by ontologies
for structured knowledge representation. Semantic similarity measures compare images based on their
semantic annotations, using metrics and ontology-based reasoning. Users query based on semantic concepts
(e.g., "beach sunset™), and retrieval ranks images by semantic relevance. Machine learning, especially deep
learning, enhances SBIR by learning semantic representations from data. Applications span multimedia
retrieval, medical imaging diagnostics, and Al contexts. Challenges include bridging the semantic gap,
scalability with large datasets, managing ambiguity in annotations, and integrating diverse multimedia data

for comprehensive retrieval solutions.

6. Image Retrieval using different Features

Content-Based Image Retrieval (CBIR) systems rely on various features extracted from images to enable
accurate retrieval based on visual content. These features encompass different aspects of images such as

color, texture, shape, and spatial relationships. Here are the key features commonly utilized in CBIR:

1. Color Features:
o Color Histogram: Represents the distribution of color intensities in an image. It quantifies
the occurrence of each color in the image, typically in a predefined color space like RGB or
HSV.
o Color Moments: Statistical moments (e.g., mean, variance, skewness) of color distributions
that capture color properties.
o Color Correlogram: Measures spatial correlation between color occurrences in an image.
2. Texture Features:
o Texture Histogram: Describes the distribution of texture patterns in an image, capturing the
frequency of different textures.
o Gray-Level Co-occurrence Matrix (GLCM): Computes the spatial relationships between
pixel intensities to characterize texture properties such as contrast, homogeneity, and entropy.
o Local Binary Patterns (LBP): Captures texture by comparing each pixel with its neighbors
and encoding the results into a histogram of patterns.
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o Gabor Filters: Used to extract texture features by analyzing spatial frequency and orientation
in images.
3. Shape Features:
o Contour-based Features: Extracted from object boundaries or contours to characterize
shapes such as area, perimeter, compactness, and eccentricity.
o Aspect Ratio: Measures the ratio of height to width or other shape dimensions.
o Polygonal Approximation: Approximates the shape of an object using a polygonal
representation.
4. Spatial Relationships:
o Spatial Layout: Describes the relative positions of objects or regions within an image.
o Spatial Co-occurrence: Examines the spatial arrangement and interactions between
different image regions or objects.
5. Semantic Features:
o Object-Based Features: Describe objects or regions based on semantic attributes such as
object category (e.g., buildings, cars, faces).
o Scene Recognition Features: Classify images based on overall scene characteristics (e.g.,
indoor vs. outdoor scenes, landscapes).
6. Deep Learning Features:
o Convolutional Neural Network (CNN) Features: Extracted from deep learning models
trained on large image datasets, providing high-level representations of image content.
o Feature Fusion: Integration of features extracted from different layers or modalities of
CNNs to enhance retrieval performance.
7. Motion and Dynamic Features:
o Video Retrieval: Extracts features from video sequences, considering motion, temporal

dynamics, and frame-to-frame changes.

These features are extracted and quantified to form feature vectors that represent the visual content of images
in a CBIR system. By comparing these feature vectors between a query image and images in a database,
CBIR systems retrieve images that are visually similar to the query image, enabling efficient and effective

image retrieval based on content.

7. Applications of Content-Based Image Retrieval (CBIR)

Content-Based Image Retrieval (CBIR) finds diverse applications across various fields due to its ability to
retrieve images based on their visual content rather than textual descriptions. Here are several notable

applications of CBIR:

1. Medical Diagnosis: CBIR is extensively used in medical imaging to assist radiologists and

healthcare professionals in diagnosing diseases and conditions. By comparing new medical images
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with a database of previously diagnosed cases, CBIR helps in identifying similar patterns and
anomalies. This can aid in early detection, treatment planning, and decision-making in healthcare.

2. Art and Cultural Heritage: CBIR is employed in the preservation and analysis of art and cultural
heritage. It allows art historians, conservators, and researchers to retrieve images of artworks based
on visual characteristics such as style, color palette, and texture. This aids in categorizing, studying,
and preserving artworks digitally.

3. Forensics and Law Enforcement: In forensic investigations, CBIR assists in identifying suspects
by matching facial images or other visual evidence collected from crime scenes with databases of
known individuals (mug shots). This helps law enforcement agencies in solving crimes and
apprehending suspects based on visual evidence.

4. Remote Sensing and Satellite Imagery: CBIR is crucial in remote sensing applications where
satellite images are analyzed to identify geographical features, monitor environmental changes, and
assess land use patterns. By comparing current satellite images with historical data, CBIR facilitates
tasks such as disaster management, urban planning, and environmental monitoring.

5. Fashion and Retail: CBIR is utilized in fashion and retail industries to enhance customer
experiences and optimize inventory management. By allowing users to search for clothing items or
accessories based on visual attributes like color, pattern, and style, CBIR systems support
personalized shopping experiences and efficient product recommendations.

6. Geographical Information Systems (GIS): CBIR plays a significant role in GIS by enabling the
retrieval and analysis of geographic images based on visual features. This includes applications such
as mapping, land surveying, urban planning, and natural resource management. CBIR helps in
identifying and analyzing spatial patterns and features from large datasets of geographical images.

7. Education and Training: In educational settings, CBIR aids in visual learning and training by
providing access to a database of images related to educational subjects. Students and educators can
retrieve images based on specific visual characteristics to enhance understanding, illustrate concepts,

and support learning activities.

These applications demonstrate the versatility and impact of CBIR across various domains, highlighting its
role in improving efficiency, decision-making, and knowledge extraction through advanced image analysis

and retrieval capabilities.

8. Challenges

In this study, various methods were employed to extract color and texture features, and three different
similarity measurement methods were evaluated and compared. It was found that the Discrete Wavelet
Transform (DWT) method provided superior precision, while the Canberra distance metric demonstrated

better overall performance compared to other methods.
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The primary challenge facing CBIR systems remains the issue of time complexity, along with the need to
design efficient and user-friendly graphical user interfaces (GUIs). Addressing these challenges is crucial to
enhancing the usability and effectiveness of CBIR systems in practical applications.
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