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ABSTRACT 

The rapid expansion of data across diverse domains has intensified the need for effective unsupervised 

analysis methods. As a foundational technique in unsupervised learning, clustering enables the discovery 

of natural groupings within data, making it an increasingly vital tool in the modern analytical toolkit. 

However, conventional clustering algorithms often fall short when dealing with large-scale, high 

dimensional, or structurally complex datasets. This survey focuses on two advanced paradigms - grid-

based and graph-based clustering -that address these shortcomings through fundamentally different 

strategies. Grid-based methods enhance computational efficiency by partitioning the data space into 

structured cells, while graph-based methods leverage relational representations to uncover non-linear 

patterns. This paper presents a comparison of their working principles, strengths, limitations, and real-

world applications, along with future research directions highlighting the promise of hybrid approaches.  

Keywords - Clustering, Grid-based Clustering, Graph-based Clustering, Spectral Clustering, 
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I. Introduction    

The digital era has witnessed an unprecedented surge in data generation, with information flowing 

continuously from IoT sensors, social media platforms, financial systems, and medical devices. A large 

proportion of this data arrives unlabeled and unstructured, making supervised learning approaches 

largely inapplicable. In this context, clustering has become an essential unsupervised technique for 

identifying hidden structure, detecting anomalies, and extracting meaningful insights across domains 

such as customer segmentation, image analysis, and bioinformatics.  

Methods such as k-means and hierarchical clustering have long dominated the field, largely because they 

are straightforward to apply and require minimal computational setup. However, they carry inherent 

assumptions that limit their real-world effectiveness. These methods typically favour convex, evenly 

distributed cluster shapes and depend heavily on pairwise distance computations - both of which become 

increasingly problematic as data grows in size, dimensionality, and complexity. Their lack of scalability 

further restricts their applicability in modern data-intensive environments.  

To overcome these limitations, more advanced clustering frameworks have been developed. Grid-based 

clustering tackles computational bottlenecks by abstracting data points into structured spatial partitions, 

allowing the algorithm to work on aggregated cell statistics rather than individual points. As a result, 

this approach proves highly advantageous in data-intensive environments where rapid processing is a 
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key requirement. Graph-based clustering, on the other hand, constructs a relational graph where edges 

encode pairwise similarity, enabling it to capture nonconvex and topologically complex structures that 

distancebased methods often miss.  

Together, these two paradigms represent a significant step forward in clustering research. This paper 

provides a structured analysis of both approaches, examining their algorithmic foundations, practical 

trade-offs, and suitability for different data characteristics, with the aim of helping researchers and 

practitioners make more informed choices in real-world clustering tasks.  

  

II. Objective  

This survey aims to deliver a thorough and structured analysis of grid-based and graph-based clustering 

techniques, with emphasis on understanding their core mechanisms, relative strengths, and suitability 

across varying dataset characteristics.  

To accomplish this, the study pursues the following specific objectives:  

• To examine the shortcomings of traditional clustering methods and establish the motivation for 

exploring advanced alternatives  

• To analyze the working principles and design philosophy behind grid-based clustering approaches  

• To explore graph-based clustering techniques and their capacity to model complex, non-linear data 

relationships  

• To evaluate and compare both paradigms in terms of efficiency, scalability, and clustering accuracy  

• To identify practical domains where each technique delivers the most value  

• To discuss the key challenges and limitations that continue to affect both approaches  

• To identify emerging research opportunities, with particular emphasis on integrated approaches that 

draw from multiple clustering paradigms.   

    

III. Literature Review  

Clustering has remained a prominent area of study in data mining and machine learning for several 

decades, evolving steadily in response to the growing complexity of realworld data. Early approaches 

such as k-means and hierarchical clustering laid the foundation by offering straightforward, distance-

based mechanisms for grouping data points. While these methods gained widespread adoption due to 

their simplicity and interpretability, they were fundamentally limited in handling datasets with irregular 

structures, varying densities, or high dimensionality.  

Recognizing these gaps, researchers shifted focus toward density-based methods, with DBSCAN 

emerging as a landmark contribution. Unlike its predecessors, DBSCAN defines clusters based on the 

local density of data points, enabling it to detect arbitrarily shaped clusters and tolerate noise without 

requiring a predefined number of clusters. However, its sensitivity to input parameters and degraded 
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performance in high-dimensional spaces revealed that no single approach could universally address all 

clustering challenges.  

The need for scalable solutions led to the development of grid-based clustering methods. By dividing 

the data space into a structured grid and operating on cell-level statistics rather than individual data 

points, these methods significantly reduced computational overhead. Algorithms such as STING and 

CLIQUE showcased the potential of this approach - STING through its hierarchical spatial analysis, and 

CLIQUE through its ability to detect clusters in high-dimensional subspaces. Despite their efficiency 

gains, grid-based methods remain sensitive to grid resolution and can miss subtle cluster boundaries.  

Parallel to these developments, graph-based clustering gained momentum as researchers sought methods 

capable of capturing relational and structural patterns in data. Spectral clustering became particularly 

influential, offering a mathematically rigorous framework that transforms the clustering problem into 

one of graph partitioning via eigenvalue analysis. This enables the detection of clusters based on 

connectivity rather than geometric proximity, making it well-suited for non-linear and complex datasets.  

More recently, research efforts have concentrated on improving the scalability of graph-based methods 

and exploring hybrid strategies that integrate complementary strengths of multiple paradigms. These 

developments reflect a broader recognition that robust clustering solutions must be both computationally 

practical and structurally expressive - a balance that motivates the comparative study presented in this 

paper.  

   

IV. Techniques Used   

A) Grid-Based Clustering    

Grid-based clustering is a 

technique that divides the data 

space into a fixed number of cells and 

performs clustering based on the density 

of these cells rather than individual data 

points. This approach 

significantly reduces computational 

complexity, making it suitable for 

largescale datasets.   
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Figure 1: Grid-Based Clustering 

The data space is partitioned into a multi-dimensional grid by dividing each dimension into equal 

intervals. Each data point is then mapped to a corresponding grid cell based on its feature values. The 

density of each cell is calculated by counting the number of data points it contains.   

Cells that exceed a predefined density threshold are considered dense and are grouped together to form 

clusters. Adjacent dense cells are merged to create larger clusters, while cells with low density are treated 

as noise or ignored.  

This approach allows the algorithm to focus on regions of interest while avoiding unnecessary 

computations on sparse areas.   

  

Common Algorithms   

1. STING (Statistical Information Grid)   

STING is a grid-based clustering method that divides the data space into a hierarchical structure of 

rectangular cells. Each cell contains statistical information such as the number of data points and 

distribution properties. Clustering is performed by evaluating these statistics and identifying regions 

with high data concentration. The algorithm processes the grid at different levels of resolution, starting 

from higher levels and refining results at lower levels.   

2. CLIQUE    

CLIQUE is designed for clustering in high-dimensional data. It partitions each dimension into intervals, 

forming a grid structure. The algorithm identifies dense regions in subspaces rather than considering all 

dimensions simultaneously. Dense units are combined to form clusters, allowing the detection of patterns 

that exist only in certain subsets of dimensions.   

3. Top-Down Grid Approach   

The top-down grid approach begins with a coarse partitioning of the data space into large grid cells. 

These cells are then recursively divided into smaller cells based on data density and distribution. Regions 

with higher density are further refined, allowing the algorithm to focus on important areas of the dataset. 

This hierarchical partitioning helps in efficiently identifying clusters   

Advantages of Grid-Based Clustering   

Grid-based clustering offers several key advantages:   

• It significantly reduces computational complexity by operating on grid cells instead of individual 

data points   

• It is highly scalable and performs well on large datasets   
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• It provides a simple and structured approach to clustering   

• It can efficiently filter out noise by ignoring low density regions   

Limitations of Grid-Based 

Clustering   

Despite its benefits, grid-based clustering 

has notable limitations:   

• The choice of grid size has a direct 

impact on clustering results   

• It may fail to accurately capture 

clusters with irregular or curved 

shapes   

• Performance decreases as the 

number of dimensions increases due to exponential growth in grid cells   

• It may produce coarse clustering results if the grid resolution is not properly selected   

Applications of Grid-Based Clustering  Grid-based clustering is commonly applied in:   

• Spatial data analysis, such as geographic information systems   

• Image processing, where pixel regions are analyzed   

• Environmental data monitoring, including weather and pollution analysis   

• Large-scale data mining applications requiring fast processing   

   

B) Graph-Based Clustering    

Graph-based clustering is a technique that models data as a graph structure, where nodes represent data 

points and edges represent relationships or similarities between them. This approach is particularly 

effective for capturing complex patterns and non-linear relationships.  

 

 

 

 

 

 

 

Figure 2: Graph-Based Clustering 
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The process begins by constructing a similarity matrix that quantifies the relationship between pairs of 

data points. Based on this matrix, a graph is created where each node corresponds to a data point, and 

edges connect nodes that are similar.   

The clustering process involves partitioning this graph into subgraphs such that nodes within the same 

cluster are strongly connected, while connections between different clusters are weak. Spectral clustering 

achieves this by analyzing the eigenvalues and eigenvectors of the graph Laplacian matrix, which 

provides insights into the structure of the graph.   

Common Algorithms   

1. Minimum Spanning Tree (MST) Clustering   

Minimum Spanning Tree clustering is based on representing the dataset as a graph where each data point 

is treated as a node and edges represent distances between points. A minimum spanning tree is 

constructed such that all nodes are connected with the minimum possible total edge weight and no cycles 

are formed. Clustering is performed by removing edges with high weights, which breaks the tree into 

smaller connected components. Each component represents a cluster, as points within it are  

more closely related compared to points in different components.   

a) Kruskal’s Algorithm - Kruskal’s algorithm constructs the minimum spanning tree by sorting all edges 

based on their weights and repeatedly selecting the smallest edge that does not form a cycle. The 

process continues until all nodes in the graph are connected.  

b) Prim’s Algorithm - Prim’s algorithm builds the minimum spanning tree by starting from an initial 

node and repeatedly adding the smallest weighted edge that connects a new node to the existing tree. 

The process continues until all nodes are included in the spanning tree.  

2. CHAMELEON Algorithm   

CHAMELEON is a hierarchical graph-based clustering algorithm that models data points using a k-

nearest neighbor graph. Initially, the dataset is partitioned into several small subclusters using graph 

partitioning techniques. These subclusters are then merged in a bottomup manner based on measures 

such as connectivity and similarity between clusters. Unlike traditional hierarchical methods, 

CHAMELEON adapts to the  

internal structure of clusters, allowing it to detect clusters with varying shapes and densities.   

3. Spectral Clustering   

Spectral clustering represents the dataset as a similarity graph where nodes correspond to data points and 

edges represent similarity values. A graph Laplacian matrix is constructed from this similarity matrix. 

The algorithm then performs eigenvalue decomposition on the Laplacian to obtain a set of eigenvectors. 

These eigenvectors are used to transform the original data into a lower-dimensional space, where 

standard clustering techniques such as kmeans are applied to form clusters.   

Advantages of Graph-Based Clustering  Graph-based clustering offers several important 

advantages:   



 

 

 

 

Industrial Engineering Journal 

ISSN: 0970-2555   

Volume : 55, Issue 02 : 2026 
 

UGC CARE Group-1                                                                                                                       146 
 

 

• It can identify clusters with complex and arbitrary shapes   

• It effectively captures both local and global relationships between data points   

• It performs well on non-linear and high-dimensional data   

• It provides a more flexible representation compared to traditional methods   

Limitations of Graph-Based Clustering  However, the method also has significant drawbacks:   

• It requires high computational resources for large datasets   

• Memory usage increases significantly due to similarity matrix storage   

• It is sensitive to parameter selection, such as similarity thresholds   

• It may not scale efficiently without optimization techniques   

Applications of Graph-Based Clustering  Graph-based clustering is widely used in:   

• Social network analysis, for detecting communities   

• Image segmentation, for grouping similar regions   

• Bioinformatics, for analyzing gene and protein interactions   

• Recommendation systems, for identifying user preferences   

   

V. Comparative Analysis   

Table 1 - Comparison of Traditional and Advanced Clustering Techniques   

 

Parameter   Traditional 

Clustering 

Advanced 

Clustering (Grid 

& Graph) 

Approach   Distance based (point-to 

point) 

Structure-based 

(grid partitioning 

& graph connectivity) 

Cluster Shape   Assumes simple shapes 

(spherical) 

Handles complex and arbitrary 

shapes 

Scalability   Poor for large datasets Grid: highly scalable, Graph: 

moderately scalable 

Computational   

Cost   
High due to repeated 

distance calculations 

Grid reduces cost; Graph is 

computationally expensive 

Handling Noise   Sensitive to noise and 

outliers 

Better handling, especially in grid-

based methods 
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High  

Dimensional   

Data   

Performance degrades 

significantly 

Graph-based handles better; 

grid struggles 

Accuracy   
Lower for complex datasets 

Higher, especially in graph-based 

clustering 

Flexibility   Limited adaptability Highly flexible for real-world 

complex data 

 

VI. Challenges  

Despite notable progress in clustering research, both gridbased and graph-based methods continue to 

face practical challenges that limit their effectiveness across all scenarios.  

A primary concern is the handling of high-dimensional data. As dimensionality increases, data points 

become increasingly sparse and conventional distance measures lose their discriminative power - a well-

known problem referred to as the curse of dimensionality. For grid-based methods, this manifests as an 

exponential growth in the number of grid cells, driving up both memory and computational demands. 

Graph-based methods face a parallel difficulty, as constructing meaningful similarity graphs becomes 

significantly more complex in highdimensional spaces.  

Parameter sensitivity is another persistent challenge shared by both approaches. Grid-based clustering 

relies on userdefined values for grid resolution and density thresholds, where even minor 

misconfigurations can lead to oversegmented or incorrectly merged clusters. Similarly, graphbased 

methods are heavily influenced by choices such as the snumber of nearest neighbors and the similarity 

function used, both of which shape the graph structure and ultimately determine clustering quality.  

Computational cost poses a particular burden for graphbased clustering. Building similarity matrices 

requires pairwise comparisons across all data points, and the eigenvalue decomposition central to 

spectral clustering adds further overhead. Together, these operations make graph-based methods difficult 

to scale without dedicated optimization strategies.  

Noise and outlier handling also remain unresolved to varying degrees. While grid-based clustering 

naturally suppresses sparse regions, it can misclassify points that fall near cluster boundaries. Graph-

based methods, by contrast, risk absorbing noisy points into legitimate clusters when those points 

maintain even weak connections to neighboring nodes. Both approaches therefore require thoughtful 

configuration to maintain clustering integrity in noisy real-world data.  

  

VII. Future Directions 

The trajectory of clustering research points toward methods that are more adaptive, scalable, and capable 

of handling the growing complexity of modern datasets.  
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One of the most promising avenues is the development of hybrid clustering frameworks that draw on 

the complementary strengths of grid-based and graph-based approaches. By combining the 

computational efficiency of grid partitioning with the structural expressiveness of graph connectivity, 

such models could offer a compelling balance between speed and accuracy - making them viable for 

demanding real-world applications.  

Scalability remains a central concern, particularly for graphbased methods. Future work is expected to 

explore distributed computing and parallel processing architectures as means of reducing runtime on 

large datasets. These techniques could make computationally intensive operations such as similarity 

matrix construction and spectral decomposition far more practical at scale.  

Automated parameter selection is another area ripe for advancement. Current methods place significant 

responsibility on the user to configure parameters correctly, which introduces variability and potential 

for error. Future algorithms that incorporate self-tuning mechanisms - adjusting parameters dynamically 

based on dataset characteristics- could greatly improve reliability and reduce the need for expert 

intervention.  

Integration with deep learning represents perhaps the most transformative direction. Deep neural 

networks can extract rich, high-level feature representations from raw and complex data, which can then 

serve as more informative inputs for clustering algorithms. This synergy has already shown promise in 

image analysis, natural language processing, and genomics, and is likely to expand further as both fields 

continue to mature.  

Collectively, these directions reflect a broader push toward clustering solutions that are robust, flexible, 

and capable of keeping pace with the scale and complexity of contemporary data.  

  

VIII. Conclusion  

This survey presented a structured examination of gridbased and graph-based clustering techniques, 

covering their underlying principles, algorithmic approaches, strengths, limitations, and practical 

applications.  

Grid-based clustering proved to be a strong choice for scenarios demanding efficiency and scalability. 

Its ability to reduce computational complexity by operating at the cell level makes it well-suited for large 

datasets, though its reliance on fixed grid structures limits its ability to represent irregular or non-convex 

cluster shapes accurately.  

Graph-based clustering, particularly through methods like spectral clustering, offers a more expressive 

and flexible framework. Its capacity to model relational patterns allows it to uncover complex structures 

that distance-based methods overlook. However, its high computational and memory requirements 

present real barriers to large-scale deployment without further optimization.  
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A key takeaway from this study is that no single clustering technique is universally superior. The most 

appropriate method depends on a combination of factors - including dataset size, dimensionality, 

structural complexity, and the specific goals of the analysis.  

Both paradigms make meaningful contributions to the field of unsupervised learning, and their 

respective strengths suggest that future progress will likely come from approaches that intelligently 

integrate the two. Developing clustering sosslutions that are simultaneously efficient, accurate, and 

adaptable remains an important and open challenge for the research community.  
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