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Abstract: Content-Based Image Retrieval (CBIR) has become an 

important research area due to the rapid growth of digital image 

collections in fields such as medical imaging, security systems, 

multimedia databases, and social media platforms. Traditional image 

retrieval methods rely on textual annotations, which are often subjective 

and time-consuming. CBIR systems address this issue by retrieving 

images based on their visual content such as color, texture, and shape. 

Recent advancements in deep learning have significantly improved the 

performance of CBIR systems through deep feature extraction using 

Convolutional Neural Networks (CNNs). This research proposes a CBIR 

framework that utilizes deep feature extraction and similarity measures to 

retrieve visually similar images from large datasets. The proposed method 

extracts deep features using pre-trained CNN models and compares them 

using different similarity metrics such as Euclidean distance, Cosine 

similarity, and Manhattan distance. Experimental results demonstrate 

improved retrieval accuracy compared with traditional feature-based 

methods. 

Keywords: Content-Based Image Retrieval, Deep Learning, CNN, Feature 

Extraction, Similarity Measures, Image Processing. 

 

1. Introduction 

The rapid growth of digital technologies and internet services has led to 

an enormous increase in the number of images being generated and 

stored every day. Images are widely used in various domains such as 

social media, medical imaging, security surveillance, e-commerce, digital 

libraries, and multimedia databases. As the volume of image data 

continues to grow, it becomes increasingly difficult to manage and retrieve 

relevant images efficiently. Therefore, the development of effective image 

retrieval systems has become an important area of research in the field of 

computer vision and multimedia information retrieval. 

Traditional image retrieval systems mainly rely on text-based 

methods where images are indexed and retrieved using manually assigned 

keywords, tags, or annotations. Although this approach is simple and 

easy to implement, it has several limitations. Manual annotation is time-

consuming and often subjective, which can lead to inconsistencies in the 

description of images. Moreover, many images may not have sufficient 

textual information associated with them, making it difficult to retrieve 
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them accurately using text-based queries. These limitations have 

encouraged researchers to explore alternative approaches for retrieving 

images based on their actual visual content. 

Content-Based Image Retrieval (CBIR) is an advanced technique 

that addresses these challenges by retrieving images according to their 

visual features rather than relying solely on textual descriptions. CBIR 

systems analyze the content of an image and extract important visual 

characteristics such as color, texture, shape, and spatial relationships 

between objects. These features are then used to represent images in the 

form of feature vectors, which can be compared with other images in the 

database to find visually similar results. This approach allows users to 

search for images by providing an example image or by specifying visual 

properties. 

In the early stages of CBIR research, handcrafted features were 

widely used to represent image content. Techniques such as color 

histograms, edge detection, texture descriptors, and shape analysis were 

commonly applied to extract meaningful information from images. While 

these methods provided a basic framework for image retrieval, they often 

struggled to capture high-level semantic information present in complex 

images. As a result, a significant gap remained between low-level visual 

features and the high-level concepts perceived by humans, commonly 

referred to as the “semantic gap.” 

Recent advancements in deep learning have significantly improved 

the performance of image analysis and retrieval systems. Convolutional 

Neural Networks (CNNs), in particular, have proven to be highly effective 

for extracting rich and hierarchical features from images. Unlike 

traditional handcrafted methods, CNNs automatically learn relevant 

features directly from large datasets during the training process. These 

deep features provide a more comprehensive representation of image 

content, enabling more accurate and efficient retrieval of similar images 

from large-scale databases. 

In this research, a Content-Based Image Retrieval system based on 

deep feature extraction and similarity measures is proposed. The system 

utilizes deep learning models to extract high-level features from images 

and applies various similarity metrics to identify visually similar images 

within a dataset. By combining deep learning techniques with effective 

similarity measures, the proposed approach aims to improve retrieval 

accuracy and enhance the overall performance of CBIR systems in large 

multimedia databases. 
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2. Literature Review 

Author Year Method Key Findings 

Datta et al. 2008 Feature-

based 

CBIR 

examined the development and challenges 

of Content-Based Image Retrieval 

systems. Their study highlighted the 

major issue known as the semantic gap, 

which refers to the difference between 

low-level image features and high-level 

human understanding of images. The 

authors emphasized the need for more 

advanced techniques to bridge this gap 

and improve retrieval accuracy. 

Krizhevsky 

et al. 

2012 Deep 

CNN 

(AlexNet) 

introduced a deep Convolutional Neural 

Network model known as AlexNet for 

large-scale image classification tasks. 

Their work demonstrated that deep 

learning models significantly outperform 

traditional machine learning methods in 

image recognition. This research played a 

major role in encouraging the use of deep 

learning techniques in image retrieval 

systems. 

Babenko et 

al. 

2014 Neural 

Codes 

proposed the concept of neural codes for 

image retrieval using features extracted 

from Convolutional Neural Networks. 

Their study showed that deep CNN 

features can effectively represent visual 

information in images. The results 

indicated that neural codes provide 

powerful descriptors for improving the 

performance of image retrieval systems. 

Razavian 

et al. 

2014 CNN 

features 

explored the effectiveness of CNN features 

as generic descriptors for various 

computer vision tasks, including image 

retrieval. Their study demonstrated that 

pre-trained CNN models can provide 

highly discriminative features without the 

need for complex training procedures. The 

findings confirmed that deep features 

outperform traditional handcrafted 

features in many visual recognition tasks. 

Gordo et 2016 Deep focused on improving image retrieval 



Journal of Computational Analysis and Applications                                                           VOL. 31, NO. 4, 2023 
   

                                                                                                          10.48047/jocaaa.2023.31.04.106 

                                                                                                  2653                           Dr. Mallika Jain et al 2650-2658 

 

al. image 

retrieval 

performance using deep learning 

techniques and CNN fine-tuning. Their 

research proposed learning global image 

representations specifically optimized for 

retrieval tasks. The study showed that 

fine-tuned deep learning models can 

significantly enhance retrieval accuracy in 

large-scale image databases. 

 

3. Objectives of the Study 

The main objectives of this study are: 

1. To design a CBIR system using deep feature extraction. 

2. To analyze different similarity measures for image retrieval. 

3. To evaluate the performance of the proposed CBIR system. 

4. To compare retrieval accuracy using different similarity metrics. 

 

4. Methodology 

The proposed CBIR system consists of the following stages: 

1. Image Dataset Collection 

2. Image Preprocessing 

3. Deep Feature Extraction using CNN 

4. Feature Database Creation 

5. Similarity Measurement 

6. Image Retrieval 

 

System Architecture 

Stage Description 

Dataset Collection Images collected from public datasets 

Preprocessing Image resizing and normalization 

Feature Extraction CNN model extracts feature vectors 

Feature Storage Features stored in database 

Similarity Matching Distance metrics compare feature vectors 

Retrieval Top matching images returned 

 

5. Dataset Description 

The experiment uses a benchmark dataset consisting of multiple image 

categories. 

Dataset Number of Images Categories Image Size 

Corel Dataset 1000 10 256×256 

CIFAR-10 60000 10 32×32 

Caltech101 9146 101 Variable 
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The dataset used in this study consists of three widely recognized 

benchmark image datasets: Corel Dataset, CIFAR-10, and Caltech101. 

These datasets provide a diverse range of images with different categories, 

sizes, and complexities, which helps in evaluating the effectiveness of the 

proposed CBIR system. The Corel dataset contains 1000 images across 10 

categories with a uniform size of 256×256 pixels, while CIFAR-10 includes 

a much larger collection of 60,000 images across 10 categories with 

smaller image dimensions of 32×32 pixels. In contrast, the Caltech101 

dataset contains 9,146 images distributed across 101 categories with 

variable image sizes, offering a more complex and diverse dataset for 

testing image retrieval performance. 

 

6. Deep Feature Extraction 

Deep features are extracted using a pre-trained CNN model such as 

VGG16, ResNet50, or InceptionV3. These models are trained on large 

datasets like ImageNet and can generate high-level feature vectors 

representing image content. 

The feature vector extracted from the fully connected layer represents the 

image in numerical form, enabling similarity comparison. 

Model Feature Dimension Advantages 

VGG16 4096 High feature representation 

ResNet50 2048 Deep architecture with residual 

connections 

InceptionV3 2048 Efficient computation 

 

7. Similarity Measures 

Similarity measures are used to compare feature vectors between the 

query image and database images. 

Common Distance Metrics 

Similarity Measure Formula Description 

Euclidean Distance √Σ(x−y)² Measures straight-line distance 

Manhattan Distance Σ x−y 

Cosine Similarity (A·B)/( A 

Similarity measures play a crucial role in the CBIR system as they 

determine how closely the query image matches the images stored in the 

database. Metrics such as Euclidean distance and Manhattan distance 

calculate the numerical difference between feature vectors, helping to 

identify images with similar characteristics. Cosine similarity, on the 

other hand, measures the angular relationship between feature vectors, 

which is particularly effective for high-dimensional deep features. By 

applying these similarity measures, the system can rank database images 
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according to their similarity to the query image and retrieve the most 

relevant results. 

 

8. Experimental Setup 

The experiments were conducted using Python with libraries such as 

TensorFlow, Keras, OpenCV, and NumPy. 

Parameter Value 

Programming Language Python 

Framework TensorFlow / Keras 

Hardware GPU Enabled System 

Image Size 224×224 

Feature Extraction Model ResNet50 

 

9. Results and Performance Evaluation 

The performance of the CBIR system is evaluated using Precision and 

Recall metrics. 

 

Precision and Recall Formulas 

Precision = Relevant Images Retrieved / Total Retrieved Images 

Recall = Relevant Images Retrieved / Total Relevant Images 

 

Retrieval Performance 

Similarity Measure Precision Recall Retrieval Time 

Euclidean Distance 0.88 0.84 0.52 sec 

Manhattan Distance 0.85 0.80 0.48 sec 

Cosine Similarity 0.91 0.87 0.50 sec 

 

Model Comparison 

Model Precision Recall 

VGG16 0.87 0.83 

ResNet50 0.91 0.87 

InceptionV3 0.89 0.85 

Results indicate that ResNet50 combined with cosine similarity 

achieved the best performance. 

 

10. Discussion 

The experimental results clearly indicate that deep learning–based feature 

extraction plays a crucial role in improving the performance of Content-

Based Image Retrieval systems. Compared to traditional handcrafted 

feature extraction techniques such as color histograms and texture 

descriptors, deep learning models are able to automatically learn 

meaningful and hierarchical representations from images. Convolutional 
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Neural Networks (CNNs) capture complex visual patterns, object 

structures, and semantic information that are difficult to represent using 

manual feature engineering. As a result, the use of deep features 

significantly enhances the ability of the CBIR system to retrieve visually 

relevant images from large datasets. 

Another important observation from the experiments is the impact 

of similarity measures on retrieval performance. Different distance metrics 

were tested to determine how effectively they compare feature vectors 

extracted from images. Among the evaluated methods, cosine similarity 

demonstrated superior performance in terms of precision and recall. This 

is mainly because cosine similarity focuses on the angular relationship 

between feature vectors rather than their absolute magnitude, making it 

more robust when dealing with high-dimensional deep feature 

representations. 

Overall, the findings suggest that combining deep feature extraction 

with appropriate similarity measures can greatly improve the efficiency 

and accuracy of image retrieval systems. The results confirm that CNN-

based representations are more discriminative and capable of bridging the 

semantic gap between low-level image features and high-level visual 

concepts. Therefore, integrating deep learning techniques into CBIR 

frameworks provides a promising direction for developing advanced image 

retrieval systems capable of handling large-scale multimedia databases. 

 

11. Applications of CBIR 

CBIR systems are widely used in: 

Application Area Description 

Medical Imaging Disease diagnosis using similar medical images 

Digital Libraries Searching images in large databases 

Security Systems Face recognition and surveillance 

E-commerce Visual product search 

Social Media Image organization and tagging 

 

12. Limitations 

Despite its advantages, the proposed system has some limitations: 

1. High computational requirements for deep learning models. 

2. Large datasets require significant storage. 

3. Retrieval performance may vary with different datasets. 

 

13. Future Work 

Future research can focus on: 

1. Using transformer-based models for feature extraction. 

2. Implementing hybrid similarity measures. 
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3. Developing real-time CBIR systems. 

4. Integrating semantic understanding into retrieval systems. 

 

14. Conclusion 

Content-Based Image Retrieval (CBIR) has gained significant attention 

with the rapid advancement of deep learning and computer vision 

technologies. In this research, a CBIR framework based on deep feature 

extraction and similarity measures was proposed to improve the efficiency 

and accuracy of image retrieval systems. By utilizing Convolutional Neural 

Networks for feature extraction, the system is able to capture high-level 

semantic information and complex visual patterns present in images. The 

experimental results demonstrate that deep learning models, particularly 

ResNet50, provide highly discriminative feature representations that 

significantly enhance retrieval performance compared to traditional 

handcrafted feature methods. 

Furthermore, the study evaluated different similarity measures to 

determine their effectiveness in comparing deep feature vectors. Among 

the tested metrics, cosine similarity achieved the best retrieval 

performance due to its ability to measure the angular similarity between 

feature vectors in high-dimensional spaces. The results confirm that the 

combination of deep feature extraction and appropriate similarity 

measures can significantly improve CBIR systems. The proposed 

approach can be effectively applied in various real-world applications 

such as medical image analysis, multimedia database management, 

security systems, and visual search engines, making it a promising 

solution for large-scale image retrieval tasks. 
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