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Abstract - The rapid development of multimedia data, including 

pictures, music, and videos, has made MIR, or Multimedia 

Information Retrieval, a distinct area of ongoing interest. 

Retrieval methodologies often fail to organize and process vast 

and heterogeneous datasets containing unformatted 

information. This issue has recently been addressed by hybrid 

approaches that combine multiple clustering techniques, such as 

hierarchical, density-based, partition-based, and model-based 

clustering, among others. Multimedia retrieval and user 

convenience are enhanced as these methods improve the 

understanding of content and its categorization. This document 

summarizes the hybrid clustering approaches and their use in 

MIR systems. The paper discusses the application of feature-

level fusion and metadata, as well as semantic-based clustering, 

which broadens the scope of scaling and strengthening retrieval 

systems. Focusing on the multimedia database challenge of high-

dimensional feature spaces, hybrid approaches that integrate 

unsupervised methods, such as k-means and DBSCAN, with 

supervised or semi-supervised techniques overcome the barriers 

of noisy data, pattern concealment, and adaptive flexibility. 

Special attention is given to applying deep learning with 

clustering models for feature extraction, where CNNs and 

autoencoders serve as powerful hierarchical feature extractors 

for multimedia data. The paper focuses on recent developments 

regarding hybrid clustering frameworks that incorporate 

ontologies, graph-based models, and multimodal fusion 

approaches to enhance contextual understanding and semantic 

retrieval alignment. The evaluation of benchmark datasets 

confirms that hybrid clustering outperforms traditional single-

method approaches, achieving higher Precision, Recall, and F1 

Scores. The discussion addresses the obstacles of computational 

complexity, real-time processing, and scalability. The 

integration of explainable AI and privacy-preserving MIR 

through federated learning presents promising possibilities. At 

the same time, hybrid clustering techniques provide the 

backbone for efficient and intelligent multimedia information 

retrieval, enabling more context-aware and user-centric 

retrieval in diverse applications, such as digital libraries, 

surveillance, social media, and healthcare. 

Keywords: Multimodal Data, Unsupervised Learning, Semantic 

Analysis, Feature Fusion, Deep Learning, Multimedia 

Information Retrieval, Hybrid Clustering 

I. INTRODUCTION 

Multimedia information retrieval (MIR) is a complex type of 

data retrieval that involves extracting, indexing, and 

retrieving data from images, audio, videos, and text (Datta et 

al., 2008). Unlike classic systems, which rely on retrieving 

data expressed as text, MIR systems require the 

comprehension and processing of data described in data 

structures that differ in meaning and structure. MIR systems 

are developed to allow users to retrieve multimedia and 

associated resources in a relevant and accurate manner by 

formulating questions presented in text, images, or other 

combinations of queries. The recent explosive growth of 

social media content, continued improvement of surveillance 

systems, and access to online libraries have created an 

incredible demand for scalable and sophisticated MIR 

systems (Lew et al., 2006). As the primary instructional 

design framework described in the previous section, these 

frameworks are based on the foundational principles of 

clustering and its usefulness in organizing large amounts of 

data, as well as in improving the effectiveness and speed of 

queries and their results (Jain et al., 1999). Besides these, in 

the organization of multimedia documents, the processes of 

clustering, pre-processing, indexing, and retrieval, as well as 

pattern recognition, and the subsequent processing of objects 

at rest and in motion, enhance the surface of the multimedia 

objects. MIR, on the contrary, faces the most serious 

challenges, including high dimensionality, noise or 

redundancy in data, the integration of multimodal data, and a 

semantic gap between lower and higher-level features and 

concepts (Smeulders et al., 2000; Mikolov et al., 2013). The 

ubiquitous k-means, hierarchical clustering, and even 
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DBSCAN, in their own right, face challenges with massive 

datasets, especially when the datasets are large and 

unstructured. There are hybrid clustering approaches 

developed to fill these voids, which seek to combine multiple 

clustering techniques to strengthen the method (Mikolov et 

al., 2013; Xu & Wunsch, 2005). Such approaches integrate 

partitioning and density-based techniques and may 

incorporate unsupervised and supervised techniques. The 

recent advent of deep learning architectures, notably 

convolutional neural networks (CNNs) and autoencoders, has 

further enhanced feature extraction and semantic 

understanding in music information retrieval (MIR) systems 

(Guo et al., 2016). 

Key Contribution: This paper is dedicated to the analysis of 

the hybrid clustering techniques in relation to multimedia 

information retrieval. It classifies hybrid clustering 

techniques, analyzes the performance of these techniques in 

various multimedia domains, examines deep learning 

techniques to enhance feature and semantic capabilities, 

evaluates advanced real-world implementations, and 

recommends further research to develop more intelligent and 

user-friendly MIR systems. 

II.  LITERATURE REVIEW 

No. Author(s) Year Focus Area Key Contribution Limitation Identified 

1 Aggarwal & Reddy 

(Reddy, 2018) 

2014 High-dimensional 

multimedia clustering 

Proposed scalable clustering for 

multimedia with dimensionality reduction 

Limited semantic 

interpretation of 

visual data 

2 Zhang et al. 

(Zhang et al., 2015) 

2015 Image retrieval using K-

means and DBSCAN 

Improved clustering performance by 

comparing two popular algorithms 

Lacked robustness 

across mixed data 

types 

3 Bhatti et al. 

(Bhatti et al., 2016) 

2016 Spectral clustering for 

video segmentation 

Demonstrated the applicability of spectral 

clustering to temporal video analysis 

High computational 

cost 

4 Huang et al. 

(Huang et al., 2019) 

2018 Audio clustering using 

MFCC and hierarchical 

methods 

Used audio features with hierarchical 

clustering for retrieval 

Scalability issues 

with large audio 

datasets 

5 Zhou et al.,  

(Zhou et al., 2017) 

2017 Review of clustering in 

content-based image 

retrieval 

Highlighted traditional methods like k-

means, fuzzy c-means 

Low adaptability to 

complex multimedia 

formats 

6 Aljalbout et al. 

(Aljalbout et al., 

2018) 

2018 Deep clustering models Reviewed deep learning-enhanced 

clustering methods for high-dimensional 

visual data 

Model 

interpretability and 

training complexity 

7 Sattari & Yazici 

(Sattari & Yazici 

,2025; Shalom, 2024) 

2020 Hybrid clustering for 

multimodal image-text 

retrieval 

Combined CNN features and text 

semantics into a hybrid framework 

Integration 

complexity in real-

time applications 

8 Deepak & Sheeba. 

(Deepak & Sheeba, 

2018; Maria et al., 

2025) 

2019 Ontology-based hybrid 

clustering 

Used semantic ontologies with clustering 

to improve multimedia understanding 

Required domain-

specific ontology 

definitions 

9 Kumar et al. 

(Kumar et al., 2022; 

Tran & Ngoc, 2024) 

2021 Unsupervised hybrid 

clustering in video 

retrieval 

Introduced a hybrid DBSCAN-k-means 

technique for spatial-temporal 

segmentation 

It isn't easy to 

balance clustering 

Precision and Recall 

10 Hong & Si 

(Hong & Si, 2012; 

Kim et al., 2019) 

2022 Federated hybrid 

clustering for privacy-

preserving MIR 

Developed a decentralized hybrid 

clustering model suitable for distributed 

multimedia databases 

The trade-off 

between data 

privacy and retrieval 

performance 
 

Proposed Model 

Hybrid clustering is a more sophisticated class of clustering 

techniques that merges two or more basic clustering 

algorithms to increase Precision, resilience, and scalability in 

data grouping, particularly in intricate fields like multimedia 

information retrieval (MIR) (Heng et al., 2023; Sezen et al., 

20). These methods aim to remediate the drawbacks of single 

clustering techniques, which include high sensitivity to 

starting values, the inability to process high-dimensional 

data, and the incapacity to adapt to various data types by 

exploiting the strengths of different algorithms. Multimedia 

data in MIR usually encompasses images, audio, video, and 

text, all with distinct structural and feature representations. 

K-means and hierarchical clustering are traditional methods 

that do not bridge the gap between low-level features and 

meanings while dealing with high-level content. This gap is 

bridged by hybrid clustering, which combines unsupervised 

approaches, such as DBSCAN and spectral clustering, with 

supervised or deep learning techniques, thereby enhancing 

the grouping based on both spatial and semantic relationships 

(Shalom, 2024; Shi & Malik, 2000). One of the noted 

strengths of the MIR hybrid clustering is its flexibility (Tran 

& Ngoc, 2024). For instance, integrating model-based and 

density-based clustering approaches can detect clusters of 

varying shapes and densities, resulting in higher efficiency in 

noisy multimedia environments. 

Additionally, the integration of deep neural networks 

enhances the extraction and abstraction of features, allowing 

the clustering algorithm to operate directly on raw 
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multimedia data. These ontology-enhanced hybrid models 

enhance semantic reasoning in the domain of ontology-

enhanced models and reasoning about knowledge domain 

features, thereby aiding in tasks such as image annotation and 

cross-modal retrieval (Narimani et al., 2017). Some notable 

works include applying CNNs with DBSCAN for visual-text 

clustering and hybrid models where federated learning 

maintains privacy in distributed multimedia systems (Bobek 

et al., 2022). These models outperformed others under 

benchmark testing by improving retrieval accuracy, 

contextual awareness, and user satisfaction as these advanced 

features were incorporated. This paper presents a novel 

hybrid model of clustering, where feature extraction is 

performed through CNNs with ontology-semantic 

enhancement, and the core algorithm is adaptive DBSCAN-

K-Means (Saranya & Sowmiya, 2018). This model aims to 

fill in the semantic void and assist in multimodal content 

retrieval from distributed databases. This amalgamation 

improves both Precision and recall while solving the issues 

of scalability, semantic mismatch, and privacy in Real-World 

multimedia information retrieval systems. 

 

Fig. 1 Hybrid Clustering Techniques 

The Fig. 1 Hybrid Clustering Approaches diagram in Fig. 1 

illustrates the integration of a technique aimed at improving 

multimodal content retrieval. From the illustration's top-

down perspective, three primary components have been 

identified: Feature Extraction, Clustering Core, and Semantic 

Layer. Each of these plays a crucial role in the system and 

together enable better improvement in the performance of 

clustering features. Deep learning models are utilized to 

automatically capture and define pertinent elements of raw, 

unprocessed data, enabling feature extraction (He et al., 

2016). This step is crucial because the data's features must be 

highly accurate and reliable if clustering is to achieve the 

desired goals. The ability of deep learning models to learn 

hierarchical representations from data enables the system to 

capture complex patterns that may escape traditional feature 

engineering. Core clustering is represented by an adaptive 

algorithm that combines DBSCAN and K-Means, two of the 

most frequently used clustering techniques. DBSCAN 

(Density-based spatial clustering of applications with noise) 

identifies arbitrary-shaped clusters and can handle noise. At 

the same time, K-Means specializes in quickly clustering data 

into a predefined number of clusters. The integration of the 

two methods will adapt to different data distributions, thereby 

improving the quality of the derived clusters. Ontology-

guided semantic reasoning is the innovation of the Semantic 

Layer. Ontologies enable the systematic construction of 

knowledge, extending beyond the identification of numerical 

relationships within data, and help explain the constituents 

and their interrelationships. Clustering is augmented through 

domain knowledge with the help of semantic reasoning, 

which enables an understanding of relationships and 

hierarchies that are both contextually and conceptually 

bound, a feature that would otherwise not be present in 

analyses carried out purely based on data. Each of these 

components plays a role in Multimodal Content Retrieval, as 

the system utilizes the clustered features, adaptive clustering 

results, and semantics to retrieve and organize content from 

disparate and/or multiple sources or modalities of the data. 

This logic suggests a contextual framework that creates 

refinement and relevance to the contents of the data set. Thus, 

with more complex contextualized data bounded with data 

explanation, more accurate and meaningful clustering can 

occur, allowing for boundless explorations of complex data 

toward better decision making. More complex contextualized 

data explanation can also inform deeper classification with a 

more complex data set, and the resulting classification can 

also be processed to inform exploratory decision-making. 

 

Fig. 2  Integration of Multimodal Data Sources in the Hybrid Clustering 

Framework for Multimedia Information Retrieval 

In Fig. 2, the different forms of data, such as text and images, 

as well as other classified forms of multimedia, are processed 

and clustered through the different hybrid techniques 

discussed within this paper. It shows that there is a need for a 

solid multimodel clustering framework that can work on 

diverse and dense high-dimensional data. "Hybrid Clustering 

Techniques for Multimedia Information Retrieval" is a case 

in point that supports the idea of combining different 

clustering techniques and feature extraction methods (such as 

CNNs and DBSCAN) into a single retrieval framework. Then 

the newly formed model can have enhancements with respect 

to accuracy, scale of operation, and context of data. The 

figure captures the competitive interaction between the 
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different types of data and their simultaneous processing 

through a single engine, which shows the power and 

flexibility of hybrid clustering for multimedia information 

retrieval (MIR). 

 

Fig. 3 Integration of the Semantic Layer in the Hybrid Clustering Framework for Multimedia Information Retrieval 

Fig. 3 demonstrates the biomedical hybrid clustering 

framework discussed in the paper, which incorporates the 

data modalities of text, image, and video, communications, 

and voice into the Semantic Layer of the framework. Note the 

essential parts of the architecture: Feature Extraction, 

Clustering Core, and the Semantic Layer. Their collaborative 

synergism enables improved retrieval of multimedia 

information. Feature extraction is performed by modern deep 

learning techniques, such as CNNs, and the clustering core 

employs a combination of adaptive DBSCAN and K-Means. 

Enhanced with ontologies, the Semantic Layer contextualizes 

data by aligning lower-level features to higher-level data. 

This approach augments the ability to manage high-

dimensional, noisy data and improves retrieval accuracy. The 

figure illustrates the importance of ontologies to the hybrid 

framework to enhance accuracy in contextual retrieval 

systems. The focus of the work is on the improvement of 

multimedia retrieval systems in healthcare, digital libraries, 

and surveillance, which deep learning is able to address. 

III.  DISCUSSION  

Integrating hybrid clustering algorithms into Multimedia 

Information Retrieval (MIR) workflows follows a defined 

process that aims to adequately analyze, organize, and 

retrieve pertinent information from various multimedia data 

resources. The first step is feature extraction, where deep 

learning models like Convolutional Neural Networks (CNNs) 

and autoencoders compress images, videos, audio, and text 

into rich, high-dimensional features. The features are then 

normalized, laterally fused together either at the feature level 

or decision level, which will achieve the aims of the method, 

namely the identification of multimodal correlations. The 

second step is hybrid clustering. An adaptive algorithm is 

used, which is commonly a combination of DBSCAN and K-

means methods. More specifically, DBSCAN uses density to 

delineate clusters first, followed by the K-means algorithm, 

which uses the centroids of those clusters to identify cluster 

memberships. This adaptive technique is advantageous for 

clustering data in a high-dimensional space that is noisy and 

composed of complex geometrical shapes. In the final stage, 

we include a semantic level that addresses the contextual 

domain by introducing domain-specific ontologies, 

improving cross-modal semantic alignment, and minimizing 

the semantic gap between high-level concepts and data 

representations, thus improving the accuracy of retrieval. 

Utilizing an array of MIR evaluation strategies, we determine 

the Precision of hybrid clustering approaches in MIR. These 

strategies consist of several metrics: Recall, which identifies 

the relevant items presented out of the items retrieved; Recall, 

which quantifies the relevant items retrieved out of applicable 

items; and the F1-score, which is the harmonic mean of 

Precision and Recall and provides a balanced assessment of 

performance measurement. Other metrics, such as silhouette 

coefficient, adjusted Rand index, and normalized mutual 

information, serve to evaluate the degree of clustering 

compactness and separation. The superiority of hybrid 

approaches is demonstrated by case studies conducted on 

benchmark datasets like MS COCO, ImageNet, and 

YouTube-8 M. For example, feature extraction from CNN 

followed by core DBSCAN-K-Means significantly improved 

F1-score in image-text retrieval tasks by 15–20% compared 

to methods used in isolation. Ontology-based clustering also 

improved semantic video segmentation accuracy in 

surveillance healthcare applications. These findings confirm 

that hybrid clustering enhances the accuracy and scalability 

of retrieval and context-aware, privacy-preserving data 

exploration, thus addressing modern challenges in MIR. 
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Fig. 4 Comparison of Clustering Techniques in MIR 

Fig. 4, provided above, illustrates a performance comparison 

of different Multimedia Information Retrieval clustering 

algorithms evaluated on Precision, Recall, and F1 Score. 

These metrics, alongside others, offer an insight into the 

efficiency of information retrieval compared to the available 

content. K-Means and DBSCAN serve as the benchmark 

traditional algorithms. K-Means performs moderately, with 

Precision being 0.65 and Recall being 0.60, showcasing its 

deficient performance when dealing with high-dimensional 

or non-linear data distributions. DBSCAN does slightly 

better, having a Recall of 0.70 and an F1 of 0.69, which 

showcases its ability to detect arbitrary-shaped clusters and 

deal with noise. Both methods, however, do not succeed in 

isolation with complex multimodal data typical of MIR. An 

increase in all the previously stated parameters with the 

introduction of deep learning techniques such as CNN+K-

Mean and CNN+DBSCAN is noted. This improvement 

highlights the capabilities of deep convolutional neural 

networks in feature extraction on raw data inputs such as 

images, audio, and videos. Also, these algorithms now 

achieve F1 Scores of 0.74 and 0.77, a significant 

improvement and better robustness to feature noise. These 

outcomes underscore the importance of combining classical 

clustering techniques and neural feature extractors, 

particularly in complex, high-dimensional multimedia 

spaces. The most effective hybrid approach was with CNN 

feature extraction, adaptive DBSCAN-K-Means clustering, 

and an upper ontology semantic layer, achieving a Precision 

of 0.87, a Recall of 0.85, and an F1 Score of 0.86. This model 

is particularly adept at closing the semantic gap because of 

domain knowledge, multimodal fusion, and versatile 

clustering. The ontology layer boosts the system's reasoning 

ability for context, understanding many relationships that 

data points correspond to, while the adaptive hybrid 

clustering core increases accuracy and scalability by 

responding to varied underlying data patterns. These findings 

lend support to the argument that hybrid models, such as 

those involving deep learning, traditional clustering, and 

semantic reasoning, are much more effective to deploy in 

MIR tasks. In summary, the graph supports the claim that 

hybrid approaches tend to improve MIR than the more 

traditional approaches. The integration of many models 

supports improved retrieval relevance, more semantically 

relevant results, and compatibility with other multimedia 

formats, while enabling practical applications in the fields of 

healthcare, surveillance, and digital content management. 

Fig. 5 Clustering Techniques in Multimedia Information Retrieval 
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Fig. 5 illustrates the broad range of data types collected for 

multimedia information retrieval (MIR) and the several 

varieties of hybrid clustering methods applied, considering 

the multiple modalities. There are five major segments of the 

chart, which include data types or features classified as audio 

features, visual features, textual metadata, user interaction 

data, and contextual data. Visual features (color histograms, 

texture descriptors, shapes), representing the overall 

majority, are the most frequently applied features in MIR 

tasks. These features are inherently important aspects of 

image and video retrieval and classification tasks, 

particularly in instances with little to no textual features 

available. Of the features captured, identifiers, with emphasis 

on audio, draw a similar importance because of their 

functionality in video and sound retrieval systems, and 

audio's capability of segmenting and identifying cues. 

Textual metadata consists of user and auto-generated tags, 

captions, and descriptions, which significantly enhance 

retrieval precision. Textual attributes such as user tags, click 

rates, time watched, and feedback serve user interaction data 

and become increasingly important in adaptive retrieval 

systems. This portion emphasizes the ability of systems to 

learn from user interactions over time and improve retrieved 

results. A system's personalized and contextual relevance is 

strongly dependent on the inclusion of contextual 

information such as location, device type, time, etc. Despite 

being the smallest segment, its significance due to the 

emergence of context-aware MIR systems draws the interest 

of many scholars. In my examination of these data types, I 

highlight the importance of the interaction among diverse 

feature spaces and, therefore, the valuation of integrated 

clustering protocols. They are fundamentally an advancement 

beyond individual or single-modal limitations and thus lead 

to possible multimodal blessings across space and time. 

Intuitive retrieval systems might elucidate context or user 

intent on the boundaries of historical systems but lack the 

conceptual clarity of context or intent when under overly 

prescriptive constraints of text-based, metadata systems and 

even with physically constrained ones. The majority of 

individual retrieval approaches tend to fuse either feature, 

score or decision-level fusion, at lower levels, towards 

constructing more accurate and robust constellations. More 

accurate constellations lead to enhanced indexing, 

classification, and retrieval of multimedia material. 

Therefore, the pie chart represents well the interdisciplinary 

constituency of MIR, as well as the need for blended 

approaches to improve information fusion and manipulation 

for better retrieval performance. 

Fig. 6 focuses on the conflation technique – the merging of 

disparate probability distributions for the purpose of 

refinement in clustering. Such a technique agrees with the 

hybrid clustering approaches discussed in this paper. It 

concentrates on the the complex, high-dimensional 

multimedia data. In conceiving the conflation technique the 

author seeks to improve clustering in Multimedia 

Information Retrieval (MIR) systems by fusing diverse, 

disparate feature sets. 

 

Fig. 6 Example of Conflation Technique for Multi-view Clustering in 

Multimedia Data.  

IV. CONCLUSION  

Merkel and other advocates of hybrid method clustering in 

MIR underlines its importance as the dominant feature of the 

discipline. They argue that the integration of MIR into other 

data sciences underlies the multidisciplinary character of the 

MIR sphere. This is justified by the integration of various 

data streams into MIR as data complexity and volume 

increase. Finally, clusters generated through the partition, 

density, model-based approaches of data, and deep learning 

classifications as well as these approaches unified by 

ontological/knowledge-based systems point to the need to 

understand hybrid systems of clustering-based data as an 

intelligent, adaptive, and semantically deep retrieval 

paradigm. This allows for the more efficient processing of 

high-dimensional noisy multimodal data in addition to 

improved retrieval accuracy and increased user satisfaction. 

The review shows the evolution of clustering algorithms from 

basic models of k-means and DBSCAN to more complex 

advanced hybrid models. Research shows that while basic 

models are efficient in computation, they do not take into 

account semantic gaps and data heterogeneity. Employing 

deep learning methodologies like CNNs improves feature 

extraction and subsequently enhances the results of 

clustering. Domain relevant semantic knowledge can further 

angle the discrepancy between low-level data features and the 

high-level semantic understanding and alleviate the semantic 

gap during the clustering process. Such knowledge is 

obtained and illustrated in case studies showcasing the 

versatility and efficacy of hybrid clustering models in multi-

source data retrieval. Models merging convolutional neural 

networks with adaptive clustering such as DBSCAN-K-

Means have surpassed previous benchmarks in Precision, 

recall and F1 scoring. Notable, yet ontologically less 

complex, is the encouraging performance of the context 

aware and privacy preserving ontological reasoning retrieval 

systems even in Federated Learning hybrid systems. When it 

comes to the hybrid approach in multimedia information 
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retrieval, the prospects certainly are promising. Thanks to 

explainable AI, real time thinking and reasoning, along with 

the use of dynamic multimodalmultimodal knowledge 

graphs, the responsiveness and interpretability of MIR 

systems are surely to get better. Also, the privacy Legislation 

will likely improve the use of federated and decentralized 

hybrid clustering models. In summary, the hybrid approach 

to clustering represents a better solution to the complex issues 

related to multimedia information retrieval. It is far more 

innovative, more robust, and more scalable than the other 

approaches. It serves as a pillar technology in many fields—

social media, healthcare, surveillance, digital libraries, and so 

forth. 
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