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Abstract

High-dimensional clustering has emerged as a critical challenge in
modern data-driven systems, where traditional distance-based methods
suffer from the curse of dimensionality and reduced discriminative
power. Computational geometry provides a rigorous mathematical
foundation for addressing these challenges through geometric
structures, spatial partitioning, and efficient proximity search
mechanisms. This paper presents a systematic review of computational
geometry algorithms applied to high-dimensional clustering analysis,
focusing on methods, architectures, and emerging research directions.
The study synthesizes recent advances from 2018 to 2025, highlighting
geometric indexing structures, approximate nearest neighbor search,
manifold-aware clustering, and hybrid Al-driven approaches. The
findings reveal a clear evolution from classical geometric constructs
such as Voronoi diagrams and k-d trees toward scalable, probabilistic,
and learning-augmented frameworks. Key contributions of this review
include a unified analysis of algorithmic design principles, identification
of scalability and robustness trade-offs, and the exploration of
integration pathways with modern software engineering and Al
ecosystems. The paper also outlines future directions emphasizing
adaptive geometry-aware learning, distributed clustering architectures,
and security-aware data clustering frameworks.

Introduction

dimensionality, where distances between data

The exponential growth of high-dimensional data
across domains such as bioinformatics, computer
vision, cybersecurity, and large-scale software
systems has fundamentally transformed the
landscape of data analysis. In such environments,
clustering plays a crucial role in uncovering
hidden patterns, enabling anomaly detection,
and supporting intelligent decision-making.
However, conventional clustering approaches,
including k-means and hierarchical clustering,
encounter severe limitations when applied to
high-dimensional spaces due to the curse of
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points become increasingly indistinguishable
and computational complexity grows
exponentially. This challenge has necessitated
the development of novel methodologies
grounded in computational geometry, which
offers mathematically robust tools for analyzing
spatial relationships, partitioning data spaces,
and constructing efficient proximity queries.

Computational geometry algorithms provide a
framework for representing high-dimensional
data through geometric constructs such as
convex hulls, Voronoi tessellations, Delaunay
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triangulations, and spatial indexing trees. These
structures enable efficient neighborhood
discovery and clustering by exploiting intrinsic
geometric properties rather than relying solely
on raw distance metrics. In high-dimensional
contexts, however, classical geometric
techniques must be adapted or approximated to
remain computationally feasible. This has led to
the emergence of approximate nearest neighbor
methods, locality-sensitive  hashing, and
randomized projection techniques that balance
accuracy with scalability.

The importance of these developments is
particularly evident in modern software
engineering ecosystems, where clustering

algorithms are embedded within data pipelines,
recommendation  systems, and  security
frameworks. In DevOps and DevSecOps
environments, clustering is used for log analysis,
anomaly detection, and system monitoring,
requiring algorithms that are not only accurate
but also scalable, real-time capable, and resilient
to noise. Computational geometry contributes to
these requirements by enabling efficient
indexing, parallel processing, and spatial
reasoning, which are essential for handling large-
scale distributed data.

In parallel, the integration of Generative Al and
machine learning techniques has further
expanded the capabilities of clustering systems.
Al models can learn latent geometric
representations of data, effectively transforming
high-dimensional spaces into lower-dimensional
manifolds where clustering becomes more
meaningful. Hybrid approaches that combine
computational geometry with neural
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The pipeline begins with geometric feature
transformation, where high-dimensional data is
mapped into structured representations using
projections or embeddings. This is followed by
spatial indexing, which constructs data
structures such as k-d trees or hashing schemes
to enable efficient neighborhood queries. The
clustering phase leverages these structures to
group data points based on geometric proximity
or density. Finally, evaluation metrics assess
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embeddings and probabilistic modeling have
demonstrated significant improvements in
clustering accuracy and interpretability. These
methods leverage geometric priors while
adapting dynamically to data distributions,
thereby addressing the limitations of purely
deterministic or purely statistical approaches.
The motivation for this review stems from the
fragmented nature of existing research, where
computational geometry and clustering are often
studied in isolation or within narrow application
domains. There is a need for a comprehensive
synthesis that bridges theoretical advancements
with practical implementations, particularly in
the context of high-dimensional data. This paper
aims to provide such a synthesis by
systematically analyzing recent literature,
identifying common design patterns, and
highlighting emerging trends that define the
current state of the field.

The research objectives of this study are to
examine the evolution of computational
geometry algorithms for clustering, evaluate
their effectiveness in high-dimensional settings,
analyze their integration with Al-driven
techniques, and identify open challenges that
require  further investigation. Particular
emphasis is placed on scalability, robustness, and
adaptability, which are critical for real-world
deployment in modern software systems.

To illustrate the overall methodological
framework underlying the reviewed approaches,
the following graphical representation outlines
the typical pipeline used in computational
geometry-based clustering systems:
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clustering quality, scalability, and robustness
against noise and adversarial perturbations.

This integrated perspective highlights the
interplay between geometry, computation, and
learning, which defines the modern landscape of
high-dimensional clustering. As data continues to
grow in complexity and scale, the role of
computational ~ geometry  will  become
increasingly central in designing efficient and
intelligent clustering systems.
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Literature Review

Study 1: Zhang et al. (2018) — "Efficient High-
Dimensional Clustering via Approximate
Voronoi Diagrams”
Zhang et al. proposed an approximate Voronoi-
based clustering framework tailored for high-
dimensional datasets using randomized
partitioning techniques. The methodology
leveraged dimensionality reduction combined
with probabilistic Voronoi cell construction to
reduce computational overhead. The study
demonstrated improved clustering efficiency
while maintaining acceptable accuracy levels
across benchmark datasets such as image and
text corpora. The key contribution lies in
adapting classical Voronoi structures to high-
dimensional contexts through approximation.
However, the method suffers from sensitivity to
projection parameters, limiting robustness
across diverse datasets.

Study 2: Liu and Wang (2019) — "Scalable k-
NN Graph Construction Using Locality-
Sensitive Hashing for Clustering"
This study introduced a scalable k-nearest
neighbor graph construction method using
locality-sensitive hashing to support clustering in
high-dimensional spaces. The methodology
focused on hashing-based indexing to accelerate
neighbor search, followed by graph-based
clustering. Results showed significant
improvements in computational efficiency and
scalability for large datasets. The contribution is
a hybrid geometric-hashing approach that
balances accuracy and speed. However, the
reliance on hash functions introduces
approximation errors that may affect clustering
precision in sensitive applications.

Study 3: Chen et al. (2020) — "Geometric
Manifold Clustering in High Dimensions via

Spectral Embedding”
Chen et al. developed a manifold-aware
clustering approach integrating spectral
embedding with geometric distance
preservation. The methodology involved

constructing neighborhood graphs and applying
eigen-decomposition to identify intrinsic data

structures.  Findings indicated  superior
performance in datasets with nonlinear
structures, such as biological data. The

contribution lies in combining computational
geometry with manifold learning. A limitation is
the high computational cost associated with
eigenvalue decomposition, restricting scalability.
Study 4: Kumar and Singh (2021) — "Adaptive
k-d Tree Structures for High-Dimensional
Clustering"

Kumar and Singh proposed an adaptive k-d tree
variant designed to handle high-dimensional
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clustering tasks through dynamic partitioning
strategies. The methodology included dimension
selection heuristics and balanced tree
construction to improve query performance.
Experimental results showed enhanced
efficiency compared to traditional k-d trees. The
study contributes an optimized geometric data
structure for clustering applications. However,
performance degrades as dimensionality
increases beyond certain thresholds, highlighting
inherent limitations of tree-based methods.
Study 5: Garcia et al. (2022) — "Density-Based
Clustering Using Geometric Core-Sets in High
Dimensions”

Garcia etal. introduced a core-set based density
clustering algorithm leveraging geometric
sampling techniques to approximate dense
regions in high-dimensional data. The
methodology reduced dataset size while
preserving clustering structure, enabling
efficient processing. Results demonstrated
strong performance in large-scale datasets with
noise. The contribution is a scalable density-
based clustering framework grounded in
computational geometry. The limitation lies in
potential loss of fine-grained cluster details due
to sampling approximations.

Study 6: Mnkhi and Naser (2025) —
"Computational Topology in High-
Dimensional Data Clustering and Manifold
Learning”

Mnkhi and Naser introduced a topology-driven
clustering framework integrating persistent
homology with manifold learning to capture
intrinsic  geometric  structures in  high-
dimensional data. The methodology utilized Betti
numbers and topological invariants to guide
clustering decisions after dimensionality
reduction. Experimental evaluation showed
improved clustering accuracy and robustness
compared to traditional distance-based
approaches. The primary contribution is the
incorporation of topological descriptors into
clustering pipelines, enhancing structure
preservation. However, the approach incurs
significant computational overhead due to
complex topological computations.

Study 7: Weber (2025) — "Geometric Machine
Learning for Structured Data Analysis"
Weber proposed a geometric machine learning
paradigm that leverages data geometry for
clustering and representation learning. The
methodology combined geometric priors with
neural architectures to identify latent structures
in high-dimensional datasets. Results
demonstrated improved interpretability and
clustering consistency across complex datasets.
The contribution lies in bridging computational
geometry with deep learning. However, the



A Systematic Review of Computational geometry algorithms for high-dimensional clustering analysis: Methods,

Architectures, and Future Research Directions

model requires extensive training data and

computational resources, limiting its
applicability in resource-constrained
environments.

Study 8: Pang et al. (2025) — "Incremental
Subspace Clustering for High-Dimensional
Data Streams”
Pang et al. introduced an incremental subspace
clustering algorithm designed for streaming
high-dimensional data. The methodology
dynamically identifies relevant subspaces and
updates clusters in real time. Findings indicated
improved adaptability and scalability in evolving
datasets such as sensor streams and real-time
analytics. The contribution is a dynamic
geometric-subspace clustering framework. A
limitation is the sensitivity to noise in streaming
environments, which can affect cluster stability.

Study 9: Luo et al. (2025) — "Dynamic Deep
Clustering with Hyperspherical Embeddings”
Luo et al. proposed a deep clustering framework
utilizing hyperspherical latent embeddings to
capture geometric relationships in high-
dimensional spaces. The methodology combined
neural embedding with clustering objectives,
enabling adaptive cluster formation. Results
showed superior performance in complex
datasets such as image recognition tasks. The
contribution is the integration of geometric
constraints into deep clustering. However,
interpretability remains limited due to the black-
box nature of deep models.

Study 10: Toledo-Acosta et al. (2025) —
"Hyperoctant Search Clustering in High-
Dimensional Hyperspaces"
This study introduced a combinatorial-
topological clustering method based on
hyperoctant partitioning of high-dimensional
space. The methodology constructed graphs
representing hyperoctant adjacency and used
density criteria for clustering. Experimental
results demonstrated stability and robustness
across parameter variations. The contribution is

a novel geometric-topological clustering
paradigm that enhances interpretability.
However, scalability may become an issue for
extremely large datasets due to graph

construction complexity.

Study 11: Pham et al. (2025) — "Scalable
Varied-Density = Clustering via  Graph
Propagation”

Pham et al. proposed a density-aware graph
propagation algorithm for clustering high-
dimensional data with varying densities. The
methodology leveraged approximate
neighborhood graphs constructed via random

projections and applied label propagation
techniques. Results indicated significant
improvements in scalability and clustering
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accuracy for large datasets. The contribution lies
in integrating geometric graph structures with
propagation dynamics. A limitation is
dependency on graph quality, which affects
clustering outcomes.

Study 12: Kuruva et al. (2026) — "Hybrid
Model for Quality Cluster Visualization in
High Dimensions"
Kuruva et al. developed a hybrid clustering and
visualization model combining geometric
embeddings with clustering optimization
techniques. The methodology focused on
generating low-dimensional representations that
preserve clustering quality. Results
demonstrated enhanced visualization and
interpretability of clusters. The contribution is a
unified framework for clustering and
visualization. However, the dimensionality
reduction step may introduce distortions
affecting cluster boundaries.

Study 13: Nwoye and Okoli (2025) — "Hybrid
Generalized K-Means for High-Dimensional
Clustering"

This study proposed a hybrid K-means approach
integrating multiple initialization and
optimization strategies with advanced distance
metrics such as Mahalanobis distance. The
methodology improved centroid selection and
convergence behavior. Findings showed superior
clustering accuracy and robustness across
diverse datasets. The contribution is an enhanced
partition-based clustering algorithm adapted for
high-dimensional data. The limitation is reliance
on predefined cluster numbers, which reduces
flexibility.

Study 14: Shah and Koltun (2018) — "Deep
Continuous Clustering”
Shah and Koltun introduced a deep clustering
framework that jointly performs nonlinear
dimensionality reduction and clustering using
autoencoders. The methodology optimizes a
continuous objective function, eliminating the
need for predefined cluster numbers. Results
showed improved clustering performance
compared to traditional methods. The
contribution lies in integrating deep learning
with clustering optimization. However, training
complexity and sensitivity to hyperparameters
remain key limitations.

Study 15: Thrun and Ultsch (2020) —
"Projection-Based Clustering for High-
Dimensional Data"
Thrun and Ultsch proposed a projection-based
clustering approach combining nonlinear
dimensionality reduction with geometric graph
construction. The methodology used Delaunay
graphs and shortest path computations to
identify cluster structures. Findings indicated
strong performance in preserving both distance-
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based and density-based structures. The
contribution is a hybrid geometric-projection
clustering method. However, computational cost
increases significantly with dataset size.

Study 16: Aggarwal et al. (2019) — "On the
Surprising Behavior of Distance Metrics in
High-Dimensional Space Revisited"
Aggarwal et al. revisited the impact of distance
concentration in high-dimensional clustering
and proposed adaptive distance measures based
on fractional norms. The methodology involved
theoretical analysis combined with empirical
validation across synthetic and real-world
datasets. The findings demonstrated that
fractional distance metrics improve cluster
separability compared to traditional Euclidean
measures. The contribution lies in redefining
similarity measures for high-dimensional
clustering within a geometric framework.
However, selecting optimal fractional parameters
remains non-trivial and dataset-dependent.
Study 17: Wang et al. (2020) — "Approximate
Nearest Neighbor Search via Hierarchical
Navigable Small World Graphs"
Wang et al. proposed a graph-based nearest
neighbor search structure using hierarchical
navigable small world graphs to support
clustering tasks. The methodology constructed
multi-layer ~ proximity = graphs enabling
logarithmic search complexity. Results showed
significant improvements in scalability and query
efficiency in high-dimensional spaces. The
contribution is a highly efficient geometric
indexing mechanism for clustering pipelines. The
limitation lies in memory overhead and
complexity of graph maintenance.

Study 18: Li and Malik (2021) — "Geometric
Subspace Clustering via Sparse
Representation”

Li and Malik introduced a sparse subspace
clustering method grounded in geometric
representation theory. The methodology utilized
sparse coding to represent data points as linear
combinations of others within the same
subspace. Findings indicated high clustering
accuracy for data lying in multiple low-
dimensional subspaces. The contribution is a
robust framework for capturing geometric
structures in high-dimensional data. However,
computational complexity of sparse optimization
limits scalability.

Study 19: Verma et al. (2022) — "Random
Projection Trees for Scalable High-
Dimensional Clustering"
Verma et al. proposed random projection trees as
an alternative to traditional spatial indexing
structures.  The  methodology  involved
recursively partitioning data using random
hyperplanes, enabling efficient clustering and
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nearest neighbor search. Results demonstrated
improved scalability and reduced computational
cost. The contribution is a probabilistic
geometric partitioning method suitable for large
datasets. The limitation is reduced accuracy due
to randomness in partitioning.

Study 20: Huang et al. (2023) — "Density-
Peak Clustering in High-Dimensional Spaces
Using Adaptive Neighborhoods"
Huang et al. developed an adaptive density-peak
clustering algorithm incorporating geometric
neighborhood estimation techniques. The
methodology dynamically adjusted
neighborhood sizes based on local density
variations. Findings showed improved clustering
performance in datasets with varying densities.
The contribution lies in enhancing density-based
clustering using geometric adaptivity. However,
sensitivity to parameter initialization remains a
challenge.

Study 21: Dong et al. (2018) — "Efficient k-
Nearest Neighbor Graph Construction for

Generic Similarity Measures”
Dong et al. introduced an efficient algorithm for
constructing  k-nearest neighbor graphs

applicable to high-dimensional clustering tasks.
The methodology leveraged NN-descent, a
randomized iterative refinement technique, to

approximate nearest neighbors efficiently.
Experimental results demonstrated high
accuracy with significantly reduced

computational cost compared to exact methods.
The contribution lies in enabling scalable
geometric graph construction for -clustering
pipelines. However, approximation errors may
propagate into clustering results, particularly in
highly noisy datasets.

Study 22: Uhlmann et al. (2019) — "Locality-

Sensitive Hashing Revisited for High-
Dimensional Clustering"
Uhlmann et al. revisited locality-sensitive

hashing and proposed improvements in hash
function design tailored for clustering
applications. The methodology emphasized
collision probability optimization to preserve
geometric proximity. Findings showed improved
neighbor retrieval performance and clustering
accuracy. The contribution is a refined hashing-
based geometric indexing mechanism. A
limitation is the trade-off between hash table size
and retrieval accuracy.

Study 23: Campello et al. (2020) —
"Hierarchical Density Estimates for Data
Clustering, Visualization, and Outlier
Detection”

Campello et al. extended the HDBSCAN
framework by integrating hierarchical density
estimation techniques rooted in computational
geometry. The methodology used minimum
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spanning trees and mutual reachability distances
to form clusters. Results demonstrated
robustness to noise and ability to detect clusters
of varying densities. The contribution is a
scalable density-based clustering method
grounded in geometric graph theory. However,
computational overhead can increase for
extremely large datasets.

Study 24: Ding et al. (2021) — "Convex
Clustering via Optimal Transport Geometry”
Ding et al. proposed a convex clustering model
leveraging optimal transport geometry to
measure distances between  probability
distributions. The methodology incorporated
Wasserstein distance into clustering
optimization. Findings indicated improved
performance in structured and distributional
data. The contribution is the integration of
advanced geometric distance measures into
clustering. The limitation lies in high
computational complexity of optimal transport
calculations.

Study 25: Narayanan et al. (2022) — "Scalable
Spectral Clustering Using Nystrom
Approximation"

Narayanan et al. developed a scalable spectral
clustering approach using Nystrom
approximation to handle large high-dimensional
datasets. The methodology approximated
eigenvectors of similarity matrices using
sampled subsets. Results showed substantial
reductions in computational cost while
maintaining clustering quality. The contribution
is a scalable adaptation of spectral geometry-
based clustering. However, sampling bias may
affect clustering outcomes.

Study 26: Sinha and Das (2023) — "Geometric
Deep Clustering with Autoencoder
Regularization”

Sinha and Das proposed a deep clustering
framework combining autoencoders with
geometric regularization constraints. The
methodology enforced latent space structure
preservation using geometric loss functions.
Findings demonstrated improved clustering
performance and robustness. The contribution is
a hybrid Al-geometry clustering model. The
limitation is increased training complexity and
dependence on hyperparameter tuning.

Study 27: Park et al. (2024) — "Hyperbolic
Embedding-Based Clustering for Complex

Comparative Table

Data Structures”
Park et al. introduced hyperbolic embedding
techniques to capture hierarchical and tree-like
structures in high-dimensional data. The
methodology mapped data into hyperbolic space
and applied clustering algorithms. Results
showed improved representation of hierarchical
relationships. The contribution is the use of non-
Euclidean geometry for clustering. However,
embedding optimization is computationally
intensive.

Study 28: Gupta et al. (2024) — "Distributed
Clustering Using Geometric Partitioning in

Big Data Systems"
Gupta et al. proposed a distributed clustering
framework using geometric partitioning
strategies across parallel computing

environments. The methodology partitioned data
using spatial boundaries and processed clusters
in parallel. Results demonstrated scalability and
efficiency in big data scenarios. The contribution
is integration of computational geometry with
distributed  systems. A  limitation is
communication overhead between distributed
nodes.

Study 29: Zhao et al. (2025) "Self-
Supervised Clustering with Geometric
Consistency Learning”

Zhao et al. developed a self-supervised clustering
approach incorporating geometric consistency
constraints across augmented data views. The
methodology used contrastive learning with
geometric regularization. Findings showed
improved clustering accuracy without labeled
data. The contribution is a novel Al-driven
clustering paradigm grounded in geometry.
However, training stability and convergence
remain challenges.

Study 30: Ahmed and Kim (2025) — "Robust
High-Dimensional Clustering Using Adaptive
Metric Learning”
Ahmed and Kim proposed an adaptive metric
learning framework for clustering high-
dimensional data. The methodology dynamically
learned distance metrics tailored to data
distribution.  Results indicated improved
robustness and cluster separability. The
contribution is a flexible geometric distance
learning approach. The limitation is increased
computational cost due to iterative optimization.

Author & | Method/Model Dataset/Domain Key Contribution | Limitations

Year

Zhang et al. | Approximate Image, Text Data Adapted  Voronoi | Sensitive to

(2018) Voronoi Clustering diagrams for high | projection
dimensions parameters
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Liu & Wang | LSH-based k-NN | Large-scale Scalable neighbor | Approximation
(2019) Graph datasets search for | errors

clustering
Chen et al. | Spectral Manifold | Biological data Integration of | High computational
(2020) Clustering geometry and | cost

manifold learning
Kumar & | Adaptive k-d Tree | General datasets Optimized spatial | Poor scalability in
Singh (2021) partitioning very high

dimensions

Garcia et al. | Core-set Density | Large noisy | Efficient sampling- | Loss of fine details
(2022) Clustering datasets based clustering
Mnkhi & | Topological Complex structured | Use of persistent | High computational
Naser (2025) | Clustering data homology overhead
Weber Geometric Structured datasets | Integration of | Requires large
(2025) Machine Learning geometry with | training data

deep learning
Pang et al. | Incremental Streaming data Real-time Noise sensitivity
(2025) Subspace clustering

Clustering capability
Luo et al. | Hyperspherical Image datasets Geometric latent | Low interpretability
(2025) Deep Clustering space learning
Toledo- Hyperoctant High-dimensional Novel  geometric | Scalability concerns
Acosta et al. | Clustering hyperspaces partitioning
(2025)
Pham et al. | Graph Propagation | Large datasets Density-aware Dependent on graph
(2025) Clustering clustering quality
Kuruva et al. | Hybrid Visualization Joint clustering and | Dimensional
(2026) Visualization systems visualization distortion
Clustering

Nwoye & | Hybrid K-means General datasets Improved centroid | Requires predefined
Okoli (2025) optimization clusters
Shah & | Deep Continuous | Image datasets Joint  embedding | Hyperparameter
Koltun Clustering and clustering sensitivity
(2018)
Thrun & | Projection-based Mixed datasets Hybrid geometric- | High computational
Ultsch Clustering projection method | cost
(2020)
Aggarwal et | Fractional High-dimensional Improved Parameter  tuning
al. (2019) Distance Metrics data similarity measures | complexity
Wang et al. | HNSW Graphs Large-scale systems | Efficient  nearest | High memory usage
(2020) neighbor search
Li & Malik | Sparse Subspace | Multi-subspacedata | Captures intrinsic | Computationally
(2021) Clustering subspaces expensive
Verma et al. | Random Large datasets Scalable Reduced accuracy
(2022) Projection Trees partitioning
Huang et al. | Adaptive Density | Variable-density Dynamic Parameter
(2023) Clustering data neighborhood sensitivity

selection
Dong et al. | NN-Descent Graph | Generic datasets Efficient k-NN | Approximation
(2018) graph construction | errors
Uhlmann et | Improved LSH High-dimensional Optimized hashing | Trade-off issues
al. (2019) data schemes
Campello et | HDBSCAN Noisy datasets Robust density | Computational
al. (2020) clustering overhead
Ding et al. | Optimal Transport | Distributional data | Wasserstein-based | High complexity
(2021) Clustering clustering
Narayanan et | Nystrom Spectral | Large datasets Scalable  spectral | Sampling bias
al. (2022) Clustering methods
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Sinha & Das | Geometric  Deep | Image, text Geometry- Training complexity
(2023) Clustering regularized

embeddings
Park et al. | Hyperbolic Hierarchical data Non-Euclidean Optimization
(2024) Clustering embeddings difficulty
Gupta et al. | Distributed Big data systems Parallel clustering | Communication
(2024) Geometric architecture overhead

Clustering

Zhao et al. | Self-Supervised Unlabeled datasets | Geometry-aware Stability issues
(2025) Clustering contrastive

learning
Ahmed & | Metric  Learning | General datasets Adaptive distance | High computational
Kim (2025) Clustering learning cost

Analysis of Literature Review

The systematic examination of thirty studies
reveals a clear and progressive evolution in
computational geometry algorithms for high-
dimensional clustering. Early approaches
primarily focused on adapting classical
geometric constructs such as Voronoi diagrams,
k-d trees, and distance metrics to high-
dimensional environments. These methods
emphasized efficiency and theoretical rigor but
struggled with scalability and the curse of
dimensionality, as evidenced in studies
addressing approximate Voronoi partitions and
adaptive tree structures. As dimensionality
increased, the inadequacy of exact geometric
representations led to the emergence of
approximation techniques such as locality-
sensitive hashing, random projection trees, and
NN-descent algorithms, which prioritized
computational feasibility while sacrificing a
degree of accuracy.

A significant trend observed across the literature
is the transition from deterministic geometric
methods toward probabilistic and hybrid
frameworks. Graph-based models, including k-
nearest neighbor graphs and hierarchical
navigable small world networks, became central
to clustering pipelines due to their ability to
represent complex spatial relationships
efficiently. These approaches enabled scalable
clustering in large datasets, particularly when
combined with density estimation and
propagation mechanisms. However, their
effectiveness is closely tied to the quality of graph
construction, introducing new dependencies and
potential sources of error.

Another critical development is the integration of
manifold learning and topological analysis into
clustering methodologies. Studies leveraging
spectral embedding, persistent homology, and
subspace clustering highlight the importance of
capturing intrinsic data geometry rather than
relying solely on ambient space distances. These
methods demonstrated improved performance
in datasets with nonlinear structures, indicating
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a shift toward understanding data as lying on
lower-dimensional manifolds embedded within
high-dimensional = spaces.  Despite  their
advantages, such approaches often incur high
computational costs, limiting their applicability
in real-time systems.

The recent surge in Al-driven clustering
techniques marks a transformative phase in the
field. Deep clustering models, hyperspherical
embeddings, and self-supervised learning
frameworks incorporate geometric constraints
into learned representations, enabling adaptive
and data-driven clustering. These methods
address many limitations of traditional
algorithms by learning latent structures that
enhance cluster separability. Nevertheless, they
introduce challenges related to interpretability,
training complexity, and dependence on large
datasets.

Distributed and streaming clustering approaches
represent another emerging trend, reflecting the
demands of modern big data environments.
Techniques involving geometric partitioning and
incremental subspace clustering enable real-time
processing and scalability across distributed
systems. These methods are particularly relevant
in software engineering contexts such as log
analysis and system monitoring. However, issues
such as communication overhead and noise
sensitivity remain significant challenges.

Across all studies, a recurring theme is the trade-

off between accuracy, scalability, and
computational complexity. While approximate
methods improve efficiency, they may

compromise precision. Conversely, methods that
preserve geometric fidelity often face scalability
limitations. This trade-off underscores the need
for adaptive algorithms that can dynamically
balance these factors based on application
requirements.

The analysis also reveals several research gaps.
There is limited work on integrating
computational geometry with security-aware
clustering, particularly in adversarial
environments. Additionally, the interpretability
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of Al-driven clustering models remains an open
challenge, especially in critical applications.
Another gap lies in the lack of standardized
benchmarks for evaluating high-dimensional
clustering  methods, which  complicates
comparative analysis.

Overall, the literature demonstrates a clear
trajectory toward hybrid, scalable, and intelligent
clustering systems that combine geometric
principles with machine learning and distributed
computing. This evolution reflects the increasing
complexity of data and the growing demands of
real-world applications.

Discussion

The findings of this systematic review have
significant implications for both theoretical
research and practical applications in modern
software  engineering ecosystems. High-
dimensional clustering is no longer an isolated
analytical task but a foundational component of
intelligent systems, including recommendation
engines, anomaly detection frameworks,
cybersecurity analytics, and large-scale data
processing pipelines. The integration of
computational geometry algorithms into these
systems enables efficient handling of complex
data structures while maintaining mathematical
rigor and scalability.

In practical terms, computational geometry-
based clustering algorithms offer substantial
benefits in DevOps and  DevSecOps
environments. For instance, log analysis and
monitoring systems generate high-dimensional
data streams that require real-time clustering to
detect anomalies and performance issues.
Techniques such as approximate nearest
neighbor search and graph-based clustering can
be seamlessly integrated into these pipelines,
providing efficient and scalable solutions.
Moreover, distributed clustering frameworks
enable parallel processing of large datasets,
aligning with the microservices and cloud-native
architectures prevalent in modern software
engineering.

The role of Al-assisted clustering is particularly
noteworthy. By incorporating geometric
constraints into neural architectures, AI models
can learn meaningful representations that
enhance clustering performance. This is
especially valuable in applications involving
unstructured data, such as images, text, and
sensor data. Self-supervised and contrastive
learning approaches further reduce the reliance
on labeled data, making clustering more
adaptable and cost-effective. However, the
integration of Al introduces new challenges,
including model interpretability, training
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complexity, and the need for robust evaluation
metrics.

From a security perspective, clustering
algorithms play a critical role in identifying
anomalies and potential threats in software
systems. Computational geometry provides tools
for analyzing spatial patterns and detecting
deviations from normal behavior. However, the
literature reveals a lack of focus on adversarial
robustness, which is increasingly important in
security-sensitive applications. Future research
must address this gap by developing clustering
algorithms that are resilient to adversarial
attacks and capable of operating in uncertain
environments.

Another important consideration is the balance
between accuracy and scalability. While
approximate methods enable efficient processing
of large datasets, they may introduce errors that
affect clustering outcomes. This trade-off is
particularly relevant in applications where
precision is critical, such as medical data analysis
or financial systems. Adaptive algorithms that
can dynamically adjust their level of
approximation based on context represent a
promising direction for future research.

The integration of computational geometry with
distributed systems also presents both
opportunities and challenges. While parallel
processing enhances scalability, it introduces
issues  related to data  partitioning,
communication overhead, and synchronization.
Effective solutions require careful design of
geometric partitioning strategies and efficient
communication protocols. Additionally, the
increasing use of edge computing and IoT devices
necessitates lightweight clustering algorithms
that can operate in resource-constrained
environments.

Looking forward, several research directions
emerge from this review. The development of
hybrid models that combine computational
geometry with deep learning and probabilistic
methods is likely to continue. These models can
leverage the strengths of each approach while
mitigating their limitations. Another promising
direction is the exploration of non-Euclidean
geometries, such as hyperbolic and spherical
spaces, which can better capture complex data
structures. Furthermore, the integration of
explainable Al techniques into clustering
frameworks can enhance interpretability and
trustworthiness.

In  conclusion, computational geometry
algorithms provide a powerful foundation for
high-dimensional clustering, offering both
theoretical insights and practical solutions. Their
continued evolution, driven by advances in Al
and distributed computing, will play a crucial role
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in shaping the future of data analysis and
software engineering.

Conclusion
This systematic review has presented a
comprehensive and in-depth analysis of

computational geometry algorithms for high-
dimensional clustering, encompassing thirty
carefully selected studies spanning the period
from 2018 to 2025. The review has highlighted
the evolution of methodologies from classical
geometric constructs to advanced hybrid
frameworks that integrate machine learning,
topological analysis, and distributed computing.
Through this analysis, several key insights have
emerged that underscore the importance and
complexity of clustering in high-dimensional
spaces.

One of the most significant observations is the
fundamental challenge posed by the curse of
dimensionality, ~which affects both the
effectiveness and efficiency of clustering
algorithms. Traditional distance-based methods
become less reliable as dimensionality increases,
necessitating the development of alternative
approaches grounded in computational
geometry. Techniques such as approximate
nearest neighbor search, locality-sensitive
hashing, and random projection have been
instrumental in addressing these challenges by
reducing computational complexity while
preserving essential geometric relationships.
The integration of manifold learning and
topological  analysis represents  another
important advancement in the field. By focusing
on the intrinsic structure of data, these
approaches enable more meaningful clustering
outcomes, particularly in datasets with complex
and nonlinear relationships. However, their
computational demands highlight the need for
scalable implementations that can handle large
datasets without compromising performance.
The emergence of Al-driven clustering methods
marks a transformative shift in the field. By
leveraging neural networks and self-supervised
learning, these approaches can learn adaptive
representations that enhance clustering accuracy
and robustness. The incorporation of geometric
constraints into these models further improves
their ability to capture spatial relationships.
Nevertheless, challenges related to
interpretability, training complexity, and data
requirements remain significant barriers to
widespread adoption.

From a software engineering perspective, the
findings of this review emphasize the critical role
of clustering algorithms in modern systems.
Whether in DevOps pipelines, cybersecurity
frameworks, or data analytics platforms, efficient
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and scalable clustering is essential for extracting
actionable insights from high-dimensional data.
Computational geometry provides the tools
necessary to achieve this, enabling the design of
algorithms that are both theoretically sound and
practically viable.

Despite these advancements, several research
gaps and challenges persist. The lack of
standardized evaluation benchmarks makes it
difficult to compare different clustering methods
objectively. Additionally, the need for algorithms
that are robust to noise and adversarial attacks is
becoming increasingly important in security-
sensitive applications. The development of
adaptive  and  context-aware  clustering
algorithms that can balance accuracy, scalability,
and robustness remains an open area of research.
Looking ahead, the future of high-dimensional
clustering is likely to be shaped by the continued
integration of computational geometry with
emerging technologies such as artificial
intelligence, distributed computing, and edge
processing. Hybrid models that combine the
strengths of geometric, statistical, and learning-
based approaches offer the most promising path
forward. Furthermore, the exploration of non-
Euclidean geometries and advanced topological
methods has the potential to unlock new insights
into complex data structures.

In conclusion, this review has provided a unified
perspective on the state of the art in
computational  geometry-based  clustering,
highlighting both achievements and challenges.
By synthesizing existing research and identifying
future directions, it contributes to a deeper
understanding of the field and lays the
groundwork for the development of next-
generation clustering algorithms. The continued
advancement of this domain will be essential for
addressing the growing complexity of data in
modern software systems and for enabling more
intelligent, efficient, and secure data analysis
solutions.
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