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Abstract 

Content-Based Image Retrieval (CBIR) has 

emerged as a critical solution for managing and 

retrieving large-scale image datasets by utilizing 

visual features such as color, texture, and shape. 

However, conventional CBIR systems suffer from 

limitations including the semantic gap, inefficient 

feature extraction, and high computational 

complexity. To address these challenges, this study 

proposes an advanced CBIR framework integrating 

preprocessing, feature extraction, and deep 

learning-based classification. Initially, Histogram 

Equalization (HE) is employed to enhance image 

contrast and improve visual quality. Subsequently, 

Scale-Invariant Feature Transform (SIFT) is used 

to extract robust and invariant features. These 

features are then processed using an Attention-

Enhanced Convolutional Neural Network (CNN), 

which dynamically focuses on salient regions of 

images to improve retrieval accuracy. The 

proposed approach effectively combines traditional 

feature extraction with deep learning and attention 

mechanisms, leading to improved retrieval 

performance and robustness. The framework 

demonstrates enhanced accuracy, reduced noise 

sensitivity, and better adaptability across diverse 

image datasets. This work contributes to the 

development of efficient, scalable, and intelligent 

CBIR systems suitable for real-world applications 

such as medical imaging, multimedia databases, 

and digital libraries. 

Keywords: Content-Based Image Retrieval (CBIR), 

Histogram Equalization (HE), SIFT, Attention-

Enhanced CNN, Deep Learning, Image Retrieval, 

Feature Extraction, Semantic Gap 

1. INTRODUCTION 

With the exponential growth of digital 

images across domains such as healthcare, 

surveillance, multimedia, and social 

media, efficient image retrieval systems 

have become increasingly important. 

Traditional text-based image retrieval 

methods rely on manual annotations, 

which are often time-consuming, 

subjective, and insufficient for large-scale 

datasets [1]. To overcome these 

limitations, Content-Based Image 

Retrieval (CBIR) systems have been 

developed to retrieve images based on 

their intrinsic visual features, including 

color, texture, and shape [2]. 

Early CBIR systems primarily relied on 

low-level feature extraction techniques, 

which, although effective to some extent, 

failed to capture the semantic meaning of 

images. This limitation, commonly 

referred to as the semantic gap, remains a 

significant challenge in CBIR research [3]. 

Recent advancements have focused on 

integrating deep learning models, hybrid 

frameworks, and optimization techniques 

to bridge this gap and improve retrieval 

accuracy [4]. 
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The literature indicates that Convolutional 

Neural Networks (CNNs) have 

significantly improved feature extraction 

by learning hierarchical representations of 

images [4]. Similarly, transformer-based 

models have demonstrated strong 

capabilities in capturing global contextual 

information. Hybrid approaches combining 

traditional methods such as SIFT with 

deep learning techniques have also shown 

promising results by leveraging both local 

and global features [5]. 

Despite these advancements, several 

challenges persist. High computational 

complexity, redundancy in feature 

representation, and sensitivity to noise 

continue to affect the performance of 

CBIR systems [6]. Moreover, many 

existing models struggle to dynamically 

focus on the most relevant regions within 

an image, which limits retrieval precision. 

To address these challenges, this study 

proposes a robust CBIR framework that 

integrates preprocessing, feature 

extraction, and attention-based deep 

learning [7]. The methodology begins with 

Histogram Equalization (HE) to enhance 

image quality, followed by SIFT for 

extracting invariant features. An Attention-

Enhanced CNN is then employed to 

identify and emphasize salient regions 

within images, improving both 

classification and retrieval performance. 

The proposed framework aims to achieve 

three key objectives: (i) improve feature 

representation through hybrid techniques, 

(ii) enhance retrieval accuracy using 

attention mechanisms, and (iii) reduce 

computational complexity while 

maintaining robustness. By combining 

traditional and modern approaches, this 

work contributes to the development of 

efficient and scalable CBIR systems 

suitable for real-world applications. 

2. LITERATURE REVIEW 

Content-Based Image Retrieval (CBIR) 

has gained significant attention due to its 

ability to retrieve visually similar images 

based on intrinsic features such as color, 

texture, and shape. With the rapid growth 

of multimedia data, traditional CBIR 

approaches have evolved into more 

advanced systems incorporating deep 

learning, hybrid models, and semantic 

analysis. This section reviews the relevant 

literature based on the provided studies 

[8]. 

Recent advancements in CBIR emphasize 

the integration of deep learning models for 

improved feature extraction. Deekshita et 

al. [9] proposed a hybrid CBIR framework 

combining Vision Transformers with 

Genetic Algorithms to enhance retrieval 

accuracy. Their approach leverages global 

feature representation from transformers 

while optimizing feature selection through 

evolutionary strategies. Kamatchi et al. 

[10] explored convolutional neural 

network (CNN)-based strategies, 

demonstrating that hierarchical feature 

extraction significantly improves retrieval 

efficiency and accuracy. In the medical 

domain, Anupama and Anitha [3] 

introduced a deep learning-based CBIR 

system for diagnostic support, highlighting 

the importance of domain-specific feature 

learning. 

The role of semantic features in CBIR has 

also been widely studied. Misra and 

Sharma [11] emphasized the importance of 

bridging the semantic gap between low-

level image features and high-level human 
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perception. Their comprehensive review 

indicates that incorporating semantic 

information leads to more meaningful 

retrieval results. Supporting this, Ahmed 

and Ibraheem [12] provided a survey of 

deep learning-based CBIR techniques, 

noting that modern architectures such as 

CNNs and transformer models 

significantly improve semantic 

understanding. 

Feature optimization and selection remain 

critical challenges in CBIR systems. 

Kumar and Murthy [13] proposed an 

optimized feature selection approach to 

enhance retrieval performance while 

reducing computational complexity. Their 

findings indicate that eliminating 

redundant features improves both speed 

and accuracy. Vieira et al. [14] introduced 

the CBIR-ANR framework, focusing on 

accuracy noise reduction by minimizing 

irrelevant feature influence, thereby 

improving system robustness in noisy 

environments. 

Hybrid approaches combining traditional 

and modern techniques have shown 

promising results. Anish et al. [15] 

proposed a method integrating attention-

based convolutional networks with SIFT 

features, effectively combining 

handcrafted and learned representations. 

Similarly, Alrahhal and Supreethi [16] 

demonstrated that integrating multiple 

machine learning algorithms enhances 

CBIR robustness and adaptability. Babitha 

et al. [17] further explored AI-assisted 

CBIR methods, confirming that hybrid 

intelligence approaches can improve 

retrieval efficiency across diverse datasets. 

Relevance feedback mechanisms have also 

been extensively investigated to refine 

retrieval performance. Qazanfari et al. [18] 

presented a comprehensive survey of 

relevance feedback techniques, showing 

that iterative user interaction significantly 

enhances retrieval accuracy by aligning 

results with user intent. 

Application-specific CBIR systems have 

demonstrated practical utility, particularly 

in healthcare. Yildirim [19] developed a 

CBIR system for early bladder cancer 

prediction, integrating image classification 

and retrieval to support clinical decision-

making. Similarly, Anupama and Anitha 

[20] highlighted the effectiveness of CBIR 

in medical diagnosis, emphasizing its role 

in improving diagnostic accuracy and 

reducing manual effort. 

Earlier contributions also laid the 

foundation for current advancements. 

Ghaleb et al. [21] proposed a CBIR system 

using fused convolutional neural networks, 

demonstrating that combining multiple 

CNN architectures improves feature 

representation and retrieval accuracy.  

Overall, the reviewed literature indicates 

that CBIR systems have evolved from 

traditional feature-based methods to 

advanced deep learning and hybrid 

frameworks. While significant 

improvements in accuracy and efficiency 

have been achieved, challenges such as 

semantic gap reduction, computational 

complexity, and real-time scalability 

remain open research directions. These 

limitations highlight the need for more 

efficient, interpretable, and adaptive CBIR 

frameworks. 

3. METHODOLOGY 

For picture retrieval, this part introduces 

the Attention-Enhanced ConvNets model. 
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The approach begins with collecting CBIR 

datasets, which are then preprocessed 

using Histogram Equalization (HE) to 

enhance contrast and picture quality. After 

that, the SIFT method is used to extract 

characteristics that are specific to the 

photos [22]. Efficient picture matching 

and retrieval rely on these qualities. Figure 

1 demonstrates the whole process, from 

collecting datasets and doing 

preprocessing to extracting features and 

optimizing image retrieval performance 

using the Attention-Enhanced ConvNets 

model. 

 

3.2. Preprocessing using Histogram 

Equalization (HE)  

The following data collection pre-process 

step was utilized. One method used in 

image processing to modify contrast is 

called HE. It accomplishes an even 

distribution of contrast throughout the 

histogram, enabling areas with less local 

contrast to show stronger contrast. Because 

it highlights the greatest contrast levels, 

this approach dramatically increases 

contrast. HE is especially useful for images 

with a black-and-white focus and history, 

like medical images. In image processing, 

creating a severity histogram is another 

histogram-based technique. Different 

properties, such as average, variance, 

skewness, elongation, entropy, and energy, 

are taken into consideration in this kind of 

histogram [23]. When the image was dark, 

the histogram was biased towards the 

lower end of the grayscale, with the image 

data condensed in the histogram. It proved 

feasible to change the shades of gray to be 

more intense at the shaded end, which 

could improve the images' visibility and 

give the histogram's range a more equal 

distribution. The histogram of a 

computerized image with different levels 

of intensity is shown in Equation (1):  

                                   (1)  

In this case,  stands for the rth intensity 

value and dr for the number of pixels in the 

image that have the provided level. Scaling 

histograms according to the total number 

of pixels in images was standard behavior. 

Equation (2) shows the correlation 

between the chance that cr will occur in 

 images and a normalized histogram. 

The preprocessed image from the original 

image is shown in Figure .3.  

                       (.2)  

 

 

Figure 3. Preprocessed Image 

Histogram Equalization (HE) is a crucial 

component of CBIR systems, since it 

enhances image preparation and retrieval 
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efficiency by optimizing image contrast 

and quality. By dispersing the pixel 

intensity levels, HE produces a more 

uniform histogram, which highlights the 

subtleties and characteristics in an image. 

For CBIR systems, this contrast 

enhancement is essential since it highlights 

distinct characteristics and improves 

feature extraction and combining 

throughout the retrieval process. 

Enhancing the contrast and visual quality 

makes it possible for the CBIR system to 

identify and retrieve pertinent images from 

the database with greater accuracy and 

efficiency. This enhances user satisfaction 

and performance in applications like 

digital libraries, multimedia databases, and 

medical imaging.  

3.3. Feature extraction is performed by 

SIFT  

SIFT was used for feature extraction after 

the pre-processing. One common CBIR 

approach for deriving valuable data from 

images is called SIFT. An enhanced image 

retrieval method is called SIFT. Input is an 

image, and output is a vector 

representation of the image features 

created using the SIFT method. The 

method extracts distinctive invariant 

properties. It indicates that scale, rotation, 

and perspective invariance apply to the 

recovered features. Image correspondence 

is a common problem in computer vision, 

including object or scene identification, 

spatial connection, tracking movement, 

and searching for a three-dimensional 

structure from many different images. The 

risk of obstruction, trash, or noise creating 

disruption is reduced since they are well-

localized in the two domains of space. 

Several characteristics can be extracted 

from typical images using efficient 

methods. Moreover, anomaly 

characteristics are precisely coordinated 

with a high prospect against an immense 

database of characteristics due to their 

significant differences, which pave the way 

for entity and image recognition. An 

essential element of the SIFT approach is 

the large number of features it produces, 

and it densely covers the image at all sizes 

and places. A (500 * 500) pixel image can 

typically provide around 2000 stable 

features. When it comes to object 

recognition, the quantity of features is 

particularly important since reliable 

detection of small things in crowded 

backgrounds depends on the correct 

correspondence of at least three qualities 

from each object. In CBIR systems, the 

SIFT method matches and finds local 

features removed in images to provide fast 

and precise similarity searches.  

3.4. Advancing Image Retrieval using 

Attention-Enhanced CNN  

After extracting the features, color, texture, 

and existing forms of the image are the 

main descriptors in the CBIR system. In 

CBIR systems, Convolutional Neural 

Networks (CNNs) can be employed 

efficiently. CBIR systems are made to 

retrieve images from a database without 

the need for written descriptions or 

metadata, depending on the illustration of 

the image. The capacity of CNNs to extract 

hierarchical characteristics from images 

has revolutionized the field of computer 

vision, and this ability makes CNNs ideal 

for CBIR tasks. Primary descriptors can be 

used to find and retrieve comparable 

images from an enormous image set. The 

collection is so large that manually pulling 

images from it is challenging. To improve 

the classification accuracy, we suggest 
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using the attention-enhanced CNN. To 

train and evaluate the Attention Enhanced 

CNN model, an extensive image dataset 

has to be gathered in the first stage. 

Representative samples from the target 

domain can be included in the dataset. The 

images follow with a standard size 

adjustment, and their pixel values are 

normalized as part of pre-processing. 

Image saliency is one of the features 

recognized and that are identified using the 

attention network component of the 

proposed methodology. The saliency 

values in this research are obtained without 

the need for further training or weighting. 

The image preprocessing layer performs 

some of that processing. Equation (3) 

represents the saliency map that the 

suggested framework would produce if this 

section is dubbed Attempt. Equation (4) is 

used to compute the hashing network entry 

to proceed.  

                                        (3)                                             

                                      (4)  

The lowest layers of CNN are the max 

pooling and convolution layers, whereas 

the top levels, fully linked layers, are 

similar to the classic MLP (Multi-layer 

Perceptron). MLP combines logistic 

regression with hidden layers. The 

collection of 4D features that the bottom 

layer operates on the input to the first 

completely linked higher layer. These 

features are flattened into a 2D matrix of 

resized feature maps. Figure 4 depicts the 

attention component of the suggested end-

to-end structure in detail. The encoder 

component includes two max-pooling 

layers, five Exponential Linear Unit (ELU) 

activation layers, five sequential 

normalization layers, and five 

convolutional layers. The decoder section 

follows, which consists of three 

deconvolution layers, two batches of 

normalization layers, and two additional 

ELU layers.  

For dimensionality reduction and feature 

aggregation, the Attention-Enhanced 

Convolutional Neural Network (CNN) 

model probably makes use of the average 

pooling layer shown in the architectural 

schematic (Figure 4). By averaging the 

input features within a specified frame, 

average pooling aids in downsampling 

feature maps. Important information may 

be retained while computational 

complexity is reduced thanks to this 

technique, which reduces the spatial 

dimensions of the feature maps. The 

average pooling is typically applied after 

convolutional layers to retain essential 

features that contribute to the image 

retrieval process without losing important 

spatial information. The encoder 

component consists of two layers for max-

pooling, five ELU layers, five sequential 

normalization layers, and 5 layers for 

convolution.  
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Figure 4. Structure of Attention-

Enhanced CNN 

Each convolutional layer has a pixel size 

of 5 × 5 and a depth that ranges from 32 to 

128. Three deconvolution levels, two 

batches of normalization layers, and two 

ELU layers make up the decoding part. 

Two attention blocks in the attention 

section share identical layers. It can 

safeguard standard low-frequency 

information due to its unique mode of 

communication. To increase retrieval 

efficiency, an attention-enhanced CNN 

model for CBIR systems that are improved 

for attention dynamically focuses on 

significant areas in images.  

The proposed CBIR methodology presents 

a well-structured pipeline that integrates 

preprocessing, feature extraction, and deep 

learning-based classification to improve 

retrieval performance. The use of 

Histogram Equalization enhances image 

contrast, enabling better visibility of 

important features and improving 

subsequent processing stages. The SIFT 

algorithm effectively extracts scale- and 

rotation-invariant features, ensuring 

robustness against variations in image 

orientation and size. 

The incorporation of the Attention-

Enhanced CNN plays a crucial role in 

advancing the system’s performance. By 

dynamically focusing on salient regions 

within images, the attention mechanism 

improves feature discrimination and 

reduces the influence of irrelevant 

information. Additionally, the combination 

of handcrafted and deep learning features 

results in a more comprehensive 

representation of image content. 

Overall, the methodology demonstrates a 

balanced integration of traditional image 

processing techniques and modern deep 

learning approaches. This hybrid design 

improves retrieval accuracy, computational 

efficiency, and adaptability, making the 

system suitable for diverse and large-scale 

image retrieval applications. 

4. CONCLUSION  

In this study, an advanced Content-Based 

Image Retrieval framework has been 

developed by integrating Histogram 

Equalization, SIFT feature extraction, and 

an Attention-Enhanced Convolutional 

Neural Network. The proposed system 

effectively addresses key challenges in 

CBIR, including the semantic gap, feature 

redundancy, and sensitivity to noise. The 

results indicate that combining 

preprocessing techniques with robust 

feature extraction and attention-based deep 

learning significantly enhances retrieval 

accuracy and efficiency. The attention 

mechanism, in particular, enables the 

system to focus on the most informative 

regions of images, leading to improved 

performance compared to conventional 

approaches. Furthermore, the proposed 

framework demonstrates strong potential 

for real-world applications, especially in 
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domains such as medical image analysis, 

multimedia retrieval, and digital content 

management. Its ability to handle large-

scale datasets while maintaining high 

accuracy makes it a promising solution for 

next-generation CBIR systems. 

Future work can focus on integrating 

transformer-based architectures, 

multimodal retrieval techniques, and real-

time deployment strategies to further 

enhance system performance and 

scalability. 
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