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Abstract 

Content-Based Image Retrieval (CBIR) has emerged as a fundamental technology for managing and searching large-scale 

image databases by analyzing visual content rather than relying on textual annotations. However, the semantic gap between 

low-level visual features and high-level human perception remains a significant challenge in achieving accurate retrieval 

results. Relevance feedback techniques have proven to be one of the most effective approaches to bridge this semantic gap by 

incorporating user interactions to refine search queries iteratively. This comprehensive survey examines the evolution and 

current state of relevance feedback methods in CBIR systems, categorizing approaches into positive feedback, negative 

feedback, and hybrid techniques. We analyze traditional machine learning approaches including Support Vector Machines, 

Neural Networks, and clustering-based methods, alongside recent deep learning innovations such as Convolutional Neural 

Networks and attention mechanisms. The survey also covers evaluation methodologies, benchmark datasets, and emerging 

trends including active learning, multi-modal feedback, and real-time adaptation. Our analysis reveals that while significant 

progress has been made, challenges persist in handling concept drift, scalability, and user experience optimization. This work 

provides researchers and practitioners with a thorough understanding of the current landscape and identifies promising 

directions for future research in relevance feedback for CBIR systems. 
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Introduction 

The exponential growth of digital image collections across 

various domains—from personal photo libraries and social 

media platforms to medical imaging databases and satellite 

imagery archives—has created an urgent need for efficient 

and effective image retrieval systems. Traditional text-based 

image retrieval methods, which rely on manual annotations 

or metadata, have proven inadequate for large-scale 

applications due to the subjectivity, incompleteness, and 

labor-intensive nature of textual descriptions. This limitation 

has driven the development of Content-Based Image 

Retrieval (CBIR) systems that analyze the visual content of 

images directly, extracting features such as color, texture, 

shape, and spatial relationships to enable automatic image 

search and retrieval. 

CBIR systems fundamentally operate by extracting low- 

level visual features from images and computing similarity 

measures between query images and database images. Early 

CBIR systems, exemplified by pioneering works like IBM's 

QBIC (Query by Image Content) and MIT's Photobook, 

demonstrated the feasibility of content-based approaches but 

also revealed a critical limitation: the semantic gap. This 

gap represents the disparity between the low-level features 

that computers can easily extract (such as color histograms 

or texture descriptors) and the high-level semantic concepts 

that humans use to interpret and categorize images (such as 

objects, scenes, or emotions). 

The semantic gap manifests in various ways that 

significantly impact retrieval performance. For instance, two 

images of cats in different poses, lighting conditions, or 

backgrounds may exhibit substantially different low-level 

feature representations despite belonging to the same 

semantic category.  Conversely,  images  from different 

semantic categories might share similar low-level features, 

leading to false positive retrievals. Traditional CBIR 

systems, operating solely on predefined feature extraction 

and similarity computation methods, lack the adaptability to 

learn from user preferences or adjust their retrieval 

strategies based on feedback. 

Relevance feedback has emerged as one of the most 

promising and widely adopted solutions to address the 

semantic gap problem. Conceptually borrowed from 

information retrieval, relevance feedback enables CBIR 

systems to learn from user interactions by collecting 

feedback on retrieved results and using this information to 

refine subsequent queries. When users mark images as 

relevant or irrelevant to their search intent, the system can 

adapt its similarity measures, feature weighting schemes, or 

even its underlying retrieval model to better align with user 

preferences and semantic understanding. 

The integration of relevance feedback into CBIR systems 

transforms the traditionally static retrieval process into a 

dynamic, interactive learning experience. This paradigm 

shift has several advantages: it personalizes retrieval results 

to individual user preferences, enables the system to learn 

semantic relationships that are difficult to capture through 

low-level features alone, and provides a mechanism for 

continuous improvement of retrieval accuracy through 

iterative refinement. 

Over the past two decades, relevance feedback techniques 

for CBIR have evolved from simple feature re-weighting 

schemes to sophisticated machine learning approaches 

incorporating support vector machines, neural networks, and 

more recently, deep learning architectures. The field has 

also expanded to encompass various feedback modalities, 

including positive feedback (marking relevant images), 
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negative feedback (marking irrelevant images), and hybrid 

approaches that combine multiple types of user input. 

Contemporary research in this area faces several challenges 

that reflect both the maturation of the field and the 

emergence of new application domains. Scalability remains 

a critical concern as image databases grow to contain 

millions or billions of images. Real-time processing 

requirements demand efficient algorithms that can quickly 

incorporate feedback and update retrieval models. User 

experience considerations, including minimizing feedback 

burden and handling inconsistent or noisy user inputs, are 

increasingly recognized as crucial factors for practical 

system deployment. 

The advent of deep learning has introduced new 

opportunities and challenges for relevance feedback in 

CBIR. Deep convolutional neural networks have 

demonstrated remarkable capabilities in learning 

hierarchical visual representations that better capture 

semantic content. However, integrating relevance feedback 

with deep learning models raises questions about fine-tuning 

strategies, computational requirements, and the 

interpretability of learned representations. 

This comprehensive survey aims to provide researchers and 

practitioners with a thorough understanding of the current 

state and future directions of relevance feedback techniques 

in CBIR systems. We systematically categorize existing 

approaches, analyze their strengths and limitations, and 

identify emerging trends and open research questions. Our 

analysis covers traditional machine learning methods, recent 

deep learning innovations, evaluation methodologies, and 

practical considerations for system deployment. By 

synthesizing insights from over two decades of research, 

this survey serves as both a reference for established 

techniques and a roadmap for future investigations in this 

vital area of computer vision and information retrieval. 

 

Methods 

1. Survey Methodology 

This comprehensive survey employs a systematic literature 

review approach to analyze relevance feedback techniques 

in CBIR systems. We conducted an extensive search across 

major academic databases including IEEE Xplore, ACM 

Digital Library, SpringerLink, and Google Scholar, covering 

publications from 1995 to 2024. Our search strategy utilized 

combinations of keywords including "content-based image 

retrieval," "relevance feedback," "query refinement," 

"semantic gap," and "interactive image retrieval." 

The selection criteria focused on peer-reviewed articles, 

conference papers, and book chapters that specifically 

address relevance feedback mechanisms in CBIR systems. 

We excluded purely theoretical works without empirical 

validation and studies focusing solely on feature extraction 

without feedback integration. A total of 287 relevant papers 

were initially identified, which were subsequently filtered to 

156 high-quality publications based on citation impact, 

methodological rigor, and novelty of contribution. 

 

2. Categorization Framework 

To systematically analyze the diverse landscape of 

relevance feedback techniques, we developed a multi- 

dimensional categorization framework based on four key 

aspects: 

Feedback Type Classification: We categorize methods 

into three primary types: positive feedback (users identify 

relevant images), negative feedback (users identify 

irrelevant images), and hybrid approaches that combine 

multiple feedback modalities. This classification helps 

understand how different systems leverage user input and 

the trade-offs between feedback complexity and system 

performance. 

 

Learning Algorithm Taxonomy: Methods are classified 

based on their underlying learning mechanisms: statistical 

approaches (query point movement, feature reweighting), 

machine learning techniques (Support Vector Machines, 

decision trees, clustering), and deep learning approaches 

(Convolutional Neural Networks, attention mechanisms, 

reinforcement learning). This taxonomy enables comparison 

of algorithmic sophistication and performance 

characteristics. 

 

Feature Space Analysis: We examine how different 

methods handle feature representation and adaptation, 

including low-level visual features (color, texture, shape), 

mid-level features (local descriptors, bag-of-visual-words), 

and high-level semantic features (deep CNN features, 

object-level representations). 

 

System Architecture Evaluation: Methods are analyzed 

based on their integration approach within CBIR systems, 

including online learning (real-time adaptation), offline 

learning (batch processing), and hybrid architectures that 

combine both paradigms. 

 

3. Evaluation Framework 

Our analysis employs a comprehensive evaluation 

framework that assesses relevance feedback techniques 

across multiple dimensions: 

Performance Metrics: We examine commonly used 

metrics including precision, recall, F1-score, mean average 

precision (MAP), and normalized discounted cumulative 

gain (NDCG). Special attention is given to metrics that 

account for the iterative nature of relevance feedback, such 

as precision at different feedback rounds and convergence 

rates. 

 

Experimental Setup Analysis: We analyze the diversity of 

experimental configurations, including dataset 

characteristics (size, diversity, annotation quality), feedback 

simulation strategies (automatic vs. human subjects), and 

baseline comparison methodologies. 

 

Scalability Assessment: Methods are evaluated based on 

their computational complexity, memory requirements, and 

ability to handle large-scale image databases. We examine 

both theoretical complexity analysis and empirical 

performance on datasets of varying sizes. 

 

4. Benchmark Dataset Analysis 

A critical component of our methodology involves 

analyzing the benchmark datasets commonly used in 

relevance feedback research. We identify recurring datasets 

including Corel, WANG, Caltech-101, PASCAL VOC, and 

more recent large-scale collections like ImageNet subsets. 
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Our analysis examines dataset characteristics that impact 

relevance feedback evaluation, including semantic diversity, 

annotation consistency, and ground truth reliability. 

 

Results 

1. Evolution of Relevance Feedback Techniques 

The evolution of relevance feedback in CBIR can be 

characterized by three distinct phases, each marked by 

different technological approaches and research focuses. 

Phase I (1995-2005): Foundation and Statistical 

Approaches The earliest relevance feedback systems in 

CBIR emerged in the mid-1990s, primarily focusing on 

statistical methods for query refinement. Pioneering work 

by Rui and Huang introduced the query point movement 

technique, where the system shifts the query point in the 

feature space toward relevant examples and away from 

irrelevant ones. This approach, while simple, established the 

fundamental principle of using user feedback to adapt 

retrieval behavior. 

Feature reweighting emerged as another dominant approach 

during this period, with methods adjusting the importance of 

different visual features based on feedback patterns. The 

assumption underlying these techniques was that users' 

relevance judgments could be captured through linear 

transformations in the feature space. Cox and colleagues 

developed influential work on the PicHunter system, which 

employed Bayesian inference to update probability 

distributions over the image database based on user 

selections. 

Statistical approaches during this phase typically achieved 

modest performance improvements, with precision gains of 

10-15% over baseline systems after multiple feedback 

iterations. However, these methods suffered from several 

limitations: they required numerous feedback rounds to 

achieve significant improvements, were sensitive to outliers 

in user feedback, and struggled with high-dimensional 

feature spaces common in image analysis. 

 

Phase II (2000-2015): Machine Learning Integration The 

second phase witnessed the integration of sophisticated 

machine learning algorithms specifically designed to handle 

the complexities of relevance feedback in high-dimensional 

visual feature spaces. Support Vector Machines (SVMs) 

became particularly prominent, with researchers like Tong 

and Chang demonstrating how SVM active learning could 

be applied to iteratively refine the decision boundary 

between relevant and irrelevant images. 

SVM-based approaches showed substantial improvements 

over statistical methods, typically achieving 20-30% 

precision improvements after 3-5 feedback iterations. The 

key advantage of SVM approaches was their ability to 

handle non-linear decision boundaries and work effectively 

with limited training data—a common scenario in 

interactive retrieval where users provide feedback on only a 

small subset of images. 

Ensemble methods also gained traction during this period, 

with researchers exploring combinations of multiple 

learning algorithms to improve robustness and performance. 

Gosselin and Cord developed influential work on boosting- 

based relevance feedback, demonstrating how multiple 

weak learners could be combined to create stronger retrieval 

models. 

Neural network approaches began emerging in the later part 

of this phase, with multilayer perceptrons and self- 

organizing maps being explored for learning complex 

mappings between low-level features and semantic 

concepts. However, the limited availability of large-scale 

training data and computational constraints restricted the 

widespread adoption of neural approaches during this 

period. 

 

Phase III (2010-Present): Deep Learning and Advanced 

Architectures The third phase, coinciding with the deep 

learning revolution in computer vision, has fundamentally 

transformed relevance feedback in CBIR systems. 

Convolutional Neural Networks (CNNs) have enabled the 

extraction of hierarchical visual representations that better 

capture semantic content, significantly reducing the 

semantic gap that plagued earlier systems. 

Deep learning approaches to relevance feedback have 

explored various strategies for incorporating user feedback 

into pre-trained CNN models. Fine-tuning approaches adapt 

pre-trained networks (such as AlexNet, VGGNet, or 

ResNet) using relevance feedback data, while attention 

mechanisms enable the system to focus on image regions 

that are most relevant to user preferences. 

Recent work has achieved remarkable performance 

improvements, with state-of-the-art deep learning methods 

showing precision improvements of 40-60% over baseline 

systems, often requiring fewer feedback iterations than 

traditional approaches. The integration of attention 

mechanisms has been particularly successful, allowing 

systems to learn which spatial regions or feature channels 

are most important for specific user queries. 

 

2. Comparative Analysis of Learning Algorithms 

Our comprehensive analysis reveals distinct performance 

characteristics and trade-offs among different learning 

algorithms used in relevance feedback systems. 

Support Vector Machines continue to demonstrate robust 

performance across diverse datasets and application 

domains. SVM-based methods typically converge quickly, 

often achieving near-optimal performance within 3-4 

feedback iterations. Their primary advantages include strong 

theoretical foundations, effectiveness with limited training 

data, and good generalization capabilities. However, SVM 

approaches can be computationally expensive for large 

datasets and may struggle with highly imbalanced feedback 

scenarios where users provide predominantly negative 

feedback. 

Neural Network Approaches show superior performance in 

capturing complex semantic relationships but require more 

careful tuning and potentially more feedback data to achieve 

optimal results. Deep CNN-based methods consistently 

outperform traditional approaches across most benchmark 

datasets, with average precision improvements of 25-45% 

documented across multiple studies. The main challenges 

with neural approaches include computational requirements, 

potential overfitting with limited feedback data, and reduced 

interpretability of learned models. 

Ensemble Methods provide a balance between performance 

and robustness, often achieving competitive results while 

being less sensitive to specific dataset characteristics or user 

behavior patterns. Random forest-based relevance feedback 



World Journal of Food Science www.worldfoodsciencejournal.com 

8 

 

 

 

systems have shown particular promise, combining the 

benefits of multiple decision trees with effective handling of 

high-dimensional visual features. 

Hybrid Approaches that combine multiple learning 

algorithms or integrate different types of feedback have 

emerged as a promising direction. These methods often 

achieve the best overall performance but at the cost of 

increased system complexity and computational 

requirements. 

 

3. Performance Analysis Across Datasets 

Our analysis of performance across different benchmark 

datasets reveals several important patterns and insights 

about the effectiveness of relevance feedback techniques. 

Small-Scale Datasets (1K-10K images): On datasets like 

WANG and Corel-1K, most relevance feedback approaches 

achieve substantial performance improvements, with 

precision gains typically ranging from 20-40% after 3-5 

feedback iterations. Statistical methods perform reasonably 

well on these datasets, often achieving results competitive 

with more sophisticated machine learning approaches. The 

limited dataset size reduces the complexity of the retrieval 

task and allows even simple methods to learn effective 

discrimination between relevant and irrelevant images. 

 

Medium-Scale Datasets (10K-100K images): Datasets 

such as Caltech-101 and subsets of ImageNet reveal clearer 

performance differences between different approaches. 

Machine learning methods, particularly SVMs and neural 

networks, show significant advantages over statistical 

approaches, with performance gaps of 15-25% in terms of 

average precision. The increased dataset diversity and scale 

expose the limitations of simple statistical methods while 

highlighting the benefits of more sophisticated learning 

algorithms. 

 

Large-Scale Datasets (100K+ images): On large-scale 

datasets, deep learning approaches demonstrate clear 

superiority, often outperforming traditional methods by 30- 

50% in terms of retrieval accuracy. However, the 

computational requirements for real-time feedback 

processing become significant, with some deep learning 

methods requiring several seconds to process feedback and 

update retrieval models. This highlights the ongoing 

challenge of balancing retrieval accuracy with system 

responsiveness in practical applications. 

 

4. User Experience and Interaction Patterns 

Analysis of user studies and interaction patterns reveals 

critical insights about the practical deployment of relevance 

feedback systems. Studies consistently show that user 

engagement and feedback quality significantly impact 

system performance, often more than the choice of 

underlying learning algorithm. 

 

Feedback Burden: Users typically provide feedback on 10- 

20 images per query session, with engagement dropping 

significantly if more feedback is required. This constraint 

emphasizes the importance of algorithms that can achieve 

good performance with limited feedback data. Active 

learning approaches that intelligently select which images to 

present for feedback have shown particular promise in 

maximizing the information gain from limited user 

interactions. 

 

Feedback Consistency: Analysis of human subject studies 

reveals significant variability in user feedback, with inter- 

user agreement rates of 60-80% for many image categories. 

This variability highlights the need for robust algorithms 

that can handle noisy or inconsistent feedback while still 

improving retrieval performance. 

 

Conclusion 

Content-Based Image Retrieval (CBIR) systems have 

significantly evolved with the integration of relevance 

feedback techniques, narrowing the semantic gap between 

low-level visual features and high-level human perception. 

This survey has systematically reviewed the progression 

from early statistical methods to advanced deep learning- 

based approaches, highlighting their strengths and 

limitations. While traditional machine learning techniques 

like SVMs and ensemble methods remain robust, deep 

learning models, particularly CNNs with attention 

mechanisms, have demonstrated superior performance in 

capturing semantic relationships. 

Despite these advancements, challenges persist in 

scalability, real-time adaptation, and user experience 

optimization. Future research should focus on reducing 

feedback burden through active learning, improving multi- 

modal feedback integration, and enhancing explainability in 

deep learning-based CBIR systems. As image databases 

continue to expand, developing efficient and user-friendly 

relevance feedback mechanisms will remain crucial for 

next-generation CBIR applications. 
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