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Abstract – Content-based image retrieval (CBIR) is a 

retrieval process that focuses on the visual content of 

images rather than relying on text metadata. In CBIR, 

the search is performed based on the inherent visual 

characteristics of the images themselves, enabling more 

precise and contextually relevant image retrieval 

compared to traditional text-based approaches. The 

medical, multimedia, and surveillance industries have 

all expressed interest in CBIR. This review research 

covers all of the different CBIR strategies, including 

feature extraction, feature representation, similarity 

measurement, and relevance feedback. This paper 

presents several feature extraction techniques, 

including colour-based, texture-based, and shape-based 

ones. Additionally covered are methods based on deep 

learning that use histograms, bags of visual words, and 

other techniques for feature representation. Other 

metrics for determining similarity, such as Euclidean 

distance, Cosine similarity, and Jaccard similarity, are 

also included in the paper. Also presented are pertinent 

feedback techniques like query expansion and 

refinement. The paper provides information on current 

trends and potential new directions for CBIR research, 

as well as the advantages and disadvantages of each 

technique. According to the evaluation, CBIR has the 

potential to grow into a powerful tool for image 

retrieval across a variety of fields. However, problems 

like the semantic gap and scalability still exist. 

A full overview of CBIR techniques and their 

applications is provided in this review paper's 

conclusion. The paper's objectives are to assist 

practitioners and researchers in understanding the 

current state of CBIR research and to provide 

suggestions for further investigation. With technical 

advancements, CBIR has the potential to overcome 

present challenges and improve upon its performance, 

making it a crucial tool for image retrieval across 

numerous industries. 

Keywords: Content Based Image Retrieval, Histogram, 

CBIR, Color Histogram, Euclidean distance, Deep Features 

Extraction, Feature Value, Feature Dimension 

I. INTRODUCTION 

CBIR (content-based image retrieval) is an image search 

approach that relies on the visual content of images rather 

than conventional text-based approaches. Unlike 

traditional image retrieval systems that depend on manual 
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annotations or metadata, CBIR enables users to search for 

images based on their visual similarity. This innovative 

approach allows for more intuitive and efficient retrieval, 

as it leverages the inherent visual characteristics of images 

to deliver more accurate and contextually relevant search 

results., it is an effective tool for many applications 

including medical image analysis, multimedia content 

management, and surveillance. CBIR represents each 

image's visual qualities, such as colour, texture, and shape, 

in order to determine the ones that are most similar to a 

query image. CBIR is problematic because low-level visual 

input and high-level semantic conceptions are different. 

Since the visual characteristics that are acquired from an 

image may not always match its semantic meaning, it may 

be difficult to find the right photos. To solve these issues, 

researchers have proposed a number of feature extraction, 

feature representation, similarity assessment, and relevance 

feedback techniques. Colour, texture, or shape-based 

methods can be used to extract characteristics. Feature 

representation methods include histograms, collections of 

visual words, and deep learning-based algorithms, to name 

a few. There are three ways to gauge similarity: the 

Euclidean distance, Cosine similarity, and Jaccard 

similarity. Relevance feedback strategies, such as query 

expansion and refining, have also been suggested to 

improve the accuracy of retrieval results. This review study 

aims to provide a comprehensive overview of CBIR 

techniques, their advantages and disadvantages, and 

current CBIR research trends. The essay is organized as 

follows. First, we provide a brief description of the CBIR 

technique and several potential applications. Then, we 

examine other feature extraction techniques, including 

color-based, texture-based, and shape-based ones, and 

discuss their advantages and disadvantages. Thirdly, we 

cover several feature representation techniques and how 

they apply to CBIR, including histograms, a bag of visual 

words, and methods based on deep learning. Fourth, we 

discuss various methods for evaluating similarity and how 

they impact retrieval efficiency. Finally, we go over a 

number of pertinent feedback techniques and how they can 

improve retrieval results. This review paper's overall 

objective is to provide a comprehensive overview of CBIR 

techniques and potential applications for them. It also 

highlights the challenges faced by CBIR research as well 

as the directions for further study. The aim of the paper is 

to provide recommendations for further research and to 

assist practitioners and researchers in understanding the 

current state of CBIR research. 

II. LITERATURE REVIEW 

Several research papers have contributed significantly to 

the development of Content-Based Image Retrieval (CBIR) 

techniques. Smeulders et al. (2000) provide an extensive 

overview of CBIR techniques and their applications in 

different domains, including medical imaging and 

multimedia content management. CBIR emphasizes color, 

texture, and shape and describes feature extraction and 

similarity measuring methods.[5] 

Wang et al. (2001) introduce SIMPLIcity, CBIR semantics-

sensitive integrated matching., which considers both low-

level visual features and high-level semantic concepts for 

image retrieval. Their approach combines multiple feature 

extraction methods, including color, texture, and shape, to 

improve retrieval performance.[4] 

Top-k query processing is a crucial aspect of CBIR 

systems, and Wu and Chang (2003) propose a top-k query 

processing approach that efficiently retrieves the top-k 

most similar images. They use an inverted file structure to 

index visual features and employ a dynamic pruning 

technique to eliminate irrelevant images.[1] 

In recent years, deep learning-based methods have shown 

promising results in CBIR. Sivic and Zisserman (2003) 

propose deep neural network text retrieval for video object 

matching. They use text descriptions of objects to train a 

neural network to recognize objects in videos, which 
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improves the accuracy of object recognition and 

retrieval.[2] 

Tracking and characterization of visual content is another 

crucial aspect of CBIR. Wu and Rehg (2002) propose an 

incremental learning approach for robust visual tracking, 

which involves learning models of the target object from a 

sequence of images. Their approach uses a hybrid 

generative/discriminative learning method to handle 

appearance variations in the target object.[3] 

Zhang and Lu (2002) compare different visual features for 

CBIR, including color, texture, and shape. They evaluate 

the performance of these features on a benchmark dataset 

and conclude that combining multiple features leads to 

better retrieval performance. Overall, these papers provide 

a comprehensive overview of different CBIR techniques 

and their applications. They highlight the importance of 

feature extraction, feature representation, similarity 

measurement, and relevance feedback in CBIR and 

demonstrate the potential of deep learning-based methods 

for improving retrieval performance. 

III. OBJECTIVE 

 

Since more digital photos are now available, techniques of 

efficient image retrieval are becoming crucial in many 

industries. The significance of retrieval techniques is 

increasingly recognized across various industries. Content-

Based Image Retrieval (CBIR) has emerged as a valuable 

method for image retrieval, offering the advantage of 

content-driven searches rather than relying solely on 

textual metadata. CBIR, on the other hand, faces 

difficulties because to the complexities of picture data and 

the discrepancy between low-level visual features and 

high-level semantic notions. Addressing these challenges is 

essential to enhance the effectiveness and efficiency of 

CBIR systems in delivering accurate and contextually 

relevant image retrieval results. 

This review paper's objective is to provide a detailed 

overview of several CBIR approaches, their advantages and 

disadvantages, and current CBIR research trends. The 

study stresses the possible uses of CBIR in a number of 

areas while also attempting to provide insights into the 

future of CBIR research. Academics and practitioners can 

gain knowledge from this review paper in order to 

appreciate the current status of CBIR research, identify 

research gaps, and offer recommendations for further 

investigation. 

IV. IDENTIFICATION OF PROBLEM 

The limitations of current CBIR systems have been 

identified as a significant challenge in the field of content-

based image retrieval (CBIR). These limitations highlight 

the existing problems and constraints faced by CBIR 

systems, emphasizing the need for improvements and 

advancements in the field. By recognizing and addressing 

these limitations, researchers and practitioners can work 

towards developing more effective and efficient CBIR 

systems that can overcome the current challenges and 

enhance the overall performance of image retrieval. CBIR 

systems have a number of problems and limitations despite 

being made to retrieve images based on their visual 

information. One of the main challenges is the semantic 

gap, which results from the difference in how machines and 

humans interpret visual cues. This gap limits the accuracy 

of CBIR systems, especially when the system's ability to 

recognize objects is limited. Retrieval performance suffers 

as a result of CBIR systems' inability to scale as the size of 

the picture database expands. This is due to how 

challenging it is computationally to search for traits and 

patterns in huge image databases. 

These challenges and limitations limit the actual 

application of CBIR systems in a number of sectors, 

including medical imaging, surveillance, and e-commerce. 

It is crucial to address these issues and develop better, more 

potent algorithms that can handle large image datasets 
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while closing the semantic gap. CBIR systems can be 

employed in more applications and become more accurate 

and effective by addressing these problems. 

Finally, problems arise from the lack of a standard 

evaluation approach for CBIR systems because it is 

difficult to compare different systems and benchmark their 

performance. This problem hinders the development of 

more efficient systems and limits the advancement of CBIR 

research. 

V. METHODOLOGY 

Image recognition is a fascinating field of computer vision 

that has numerous practical applications in various 

industries. In this methodology, we will be using 

histograms and Euclidean distance to recognize and 

classify images. The first step in this process is to obtain a 

dataset of images that we want to recognize. The dataset 

should have a sufficient number of images for each class 

that we want to classify. Once we have our dataset, we will 

use the OpenCV library to manipulate and process the 

images. The second step is to calculate the histogram of 

each image in our dataset.  A histogram is a graphical 

representation of the distribution of pixel values and 

intensities in an image. The histogram will give us an idea 

of the distribution of colours in the image, which we can 

use as a feature for recognition. 

Next we will calculate the color histogram of the query 

image which will give us the color distribution of our query 

image in the HSV (Hue, Saturation, Value) color space. 

 

Fig. 1. Model of Content Based Image Retrieval 

Once we have the histograms of all the images in our 

dataset, we can use Euclidean distance to measure the 

similarity between two histograms. Euclidean distance is a 

distance metric that measures the distance between two 

points in space. In our case, each histogram can be 

considered as a point in space, and the Euclidean distance 

between two histograms will give us a measure of how 

similar they are. 

After histograms we will now extract the deep features of 

the query image. Deep feature consist of Feature 

Dimension which refers to a specific component or aspect 

of the extracted features and Feature Value that  represents 

the magnitude of the feature in a given dimension. 

 We can now create our recognition model using machine 

learning algorithms such as K-Nearest Neighbours (KNN) 

or Support Vector Machines (SVM). We will use the 

histograms of the images in our dataset as features for the 

model, and the class labels as the target variable. We will 

then train our model on the dataset to recognize and classify 

new images. 

http://www.ijsrem.com/
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Fig. 2. Flow Diagram of Model 

Once we have trained our model, we can use it to recognize 

new images. To do this, we first need to pre-process the 

query image using the same techniques we used on our 

dataset. This includes manipulating the image in OpenCV 

and calculating its histograms and deep features. We will 

then calculate the Euclidean distance and Feature value 

between the histogram of the query image and the 

histograms of all the images in our dataset. The image with 

the smallest Euclidean distance and highest similar Feature 

value will be the closest match and will be classified as the 

same class as the closest image. The final step is to output 

the result of the recognition process. We will output the 

class label of the closest match and the Euclidean distance 

between the histograms. We can then evaluate the 

performance of our model by measuring its accuracy, 

precision, and recall on a test set of images that were not 

used in training. In conclusion, this methodology provides 

a practical way of recognizing and classifying images using 

histograms and Euclidean distance. It can be used in a 

variety of applications, from facial recognition to object 

detection in autonomous vehicles. By following these 

steps, we can create an accurate and reliable image 

recognition system. 

VI. DISCUSSION 

The review paper on content-based image retrieval (CBIR) 

explores diverse methodologies for retrieving images based 

on their visual content. It highlights the significance of 

visual components such as color, texture, and shape. The 

literature review section presents the outcomes of multiple 

CBIR experiments, emphasizing the importance of 

integrating different visual attributes to enhance the 

accuracy of image retrieval. The discussion section of the 

publication emphasizes the constraints and challenges of 

CBIR research. One of the major challenges is the semantic 

gap, or the difference between how humans and robots 

interpret visual cues. This gap limits the accuracy of CBIR 

systems, especially when the system's ability to recognize 

objects is limited. Another issue with CBIR systems is their 

inability to scale, as retrieval efficiency decreases as the 

size of the picture database grows. The computational 

complexity of identifying features and patterns in huge 

image sets poses a substantial barrier to CBIR systems. 

Overall, the review paper's conclusion is that CBIR systems 

have a lot of potential for use in a range of applications, but 

more research is required to get over their limitations and 

challenges. More dependable and efficient algorithms must 

be developed in order to boost the precision and scalability 

of CBIR systems. 

VII. RESULT 

Following the methodology outlined above, we obtained 

the following results with a high degree of similarity 

accuracy. These results demonstrate the effectiveness of 

our approach. 
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Fig. 3. Query Image 

The aforementioned image serves as the originating source 

from which the extracted features were derived. 

 

Fig. 4. Frequency vs Pixel Intensity Histogram of query 

image 

This histogram represents the distribution of pixel 

intensities in an image. 

Fig. 5. Color Histogram of Query Image 

Color histogram of hue and saturation is used to represent 

the color distribution of an image in the HSV (Hue, 

Saturation, Value) color space. It provides a three-

dimensional representation of the color information, 

capturing both the hue and saturation components. 

 

Fig. 6.  Feature Value vs Feature Dimension of query 

image 

The Feature Value on the y-axis represents the magnitude 

or strength of the feature in a given dimension. It indicates 

http://www.ijsrem.com/
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the importance or activation level of the feature for that 

specific dimension. Whereas  Feature Dimension in x-axis 

refers to a specific component or aspect of the extracted 

features. 

 

 

Fig. 7. Output after comparing the extracted features of 

query image with dataset images 

After comparing the extracted features of the query image 

with those of the images in our dataset, we obtained an 

output that provides a similarity percentage for each 

image. This percentage indicates the degree of similarity 

between the query image and each image in the dataset 

based on their feature representations. The similarity 

percentage serves as a quantitative measure, allowing us 

to rank the images in the dataset according to their 

resemblance to the query image. This enables us to 

identify and retrieve the images that exhibit the closest 

visual characteristics or content to the query image 

VIII. CONCLUSION 

Furthermore, the review paper underscores the necessity 

for further investigation to tackle the challenges and 

constraints faced by CBIR systems, such as the semantic 

gap and scalability concerns. It highlights the importance 

of conducting additional research to bridge the gap between 

low-level visual features and high-level semantic concepts, 

as well as to develop scalable solutions that can effectively 

handle large-scale image databases. To enhance the 

accuracy and efficiency of CBIR systems, there is a crucial 

requirement for the advancement of reliable and efficient 

algorithms. These algorithms should focus on bridging the 

semantic gap and effectively managing extensive 

collections of images. This imperative development aims 

to ensure that CBIR systems can better comprehend and 

associate high-level semantic concepts with low-level 

visual features, leading to improved retrieval outcomes and 

overall system performance. The review study also 

highlights the practical applications of CBIR systems in 

surveillance, e-commerce, and medical imaging. By 

enabling image-based searches, these technologies can 

facilitate more efficient public area monitoring, speedier 

and more accurate diagnosis, and more user-friendly 

purchasing. A full overview of CBIR systems, their 

techniques, and methods, as well as information on their 

challenges and potential applications, is provided in the 

review study's conclusion. The report highlights the 

importance of visual elements and the need for more 

research in order to improve the precision and scalability of 

CBIR systems. In the end, CBIR systems have a great deal 

of potential to influence many different industries, and 

additional study on this subject may yield significant 

advancements in the future. 
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