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Abstract: As large-scale astronomical surveys, such as the Sloan Digital Sky Survey (SDSS) and the Large Sky Area
Multi-Object Fiber Spectroscopic Telescope (LAMOST), generate increasingly complex datasets, clustering algorithms
have become vital for identifying patterns and classifying celestial objects. This paper systematically investigates the
application of five main categories of clustering techniques—partition-based, density-based, model-based, hierarchical,
and “others”™—across a range of astronomical research over the past decade. This review focuses on the six key
application areas of stellar classification, galaxy structure analysis, detection of galactic and interstellar features, high-
energy astrophysics, exoplanet studies, and anomaly detection. This paper provides an in-depth analysis of the
performance and results of each method, considering their respective suitabilities for different data types. Additionally,
it presents clustering algorithm selection strategies based on the characteristics of the spectroscopic data being
analyzed. We highlight challenges such as handling large datasets, the need for more efficient computational tools, and
the lack of labeled data. We also underscore the potential of unsupervised and semi-supervised clustering approaches to
overcome these challenges, offering insight into their practical applications, performance, and results in astronomical

research.
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As astronomy moves into a data-intensive era, the
SDSSI and LAMOST [ are continuously recording
huge amounts of observational data. The LAMOST sur-
vey alone released over 2.2 million spectra in its first data
releasel®], presenting both opportunities and computa-
tional challenges for traditional methods. Up until now,
LAMOST has obtained on the order of 20 million spec-
tral datasets. The latest data release, LAMOST DRI10!
(Data Release 10), is now publicly available. Clustering
algorithms are essential in this field, intelligently group-
ing objects based on their physical properties. For exam-
ple, the Apache Point Observatory Galactic Evolution
Experiment (APOGEE) and LAMOST[24 have success-
fully used clustering algorithms to accurately identify stel-

lar populations. Unsupervised approaches, like K-means,
applied to 144340 A-type stars in LAMOST datal’! have
proven effective in detecting rare objects that supervised
template methods might miss; meanwhile, Density-Based
Spatial Clustering of Applications with Noise (DBSCAN)
and Gaussian Mixture Models (GMMs)[®] have also pro-
vided strong support for galaxy research, in particular
demonstrating advantages in handling high-redshift unla-
beled datasets. Here, the “labels” refer to predefined classifi-
cations used to characterize astrophysical properties, serv-
ing as input criteria for clustering algorithms or bench-
marks for result validation.

1. http://www.lamost.org/dri10
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In the field of stellar and galaxy research, algorithms
such as K-means and DBSCAN!I"] have demonstrated signif-
icant advantages, while algorithms such as Self-Organiz-
ing Mapping (SOM)B! and GMM! have also provided
strong support for galaxy research. For label-scarce scenar-
ios, innovative methods for chemical tagging have
emerged, including the data-driven model Cannon(!?l and
Conditional Abundance Matching (CAM)!], to recon-
struct missing labels by correlating observable parame-
ters with underlying physical properties.

Clustering algorithms are valuable in the field of
high-energy astrophysics, as confirmed by Carlson et al.l!?]
in the gamma ray wavelength range, and in exoplanet detec-
tion, clustering algorithms significantly improve the effi-
ciency of the identification of candidate planets. Addition-
ally, emerging methods such as Topological Anomaly
Detection (TAD)!3] and factor-adjusted spectral cluster-
ingl!4] perform particularly well when dealing with com-
plex astronomical data.

This review gives a comprehensive summary of the cur-

rent role of spectral clustering as a powerful tool in astron-
omy, in a range of areas from object classification to
high-dimensional data processing. Connections between
clustering methods and the regions to which they are
applied are given in Table 1. With the ever-increasing com-
plexity and volume of astronomical data, spectral cluster-
ing provides a means to extract meaningful patterns and
relationships among celestial objects. In recent years,
there has been a growing interest in applying and improv-
ing clustering algorithms in various areas of astronomical
research to better understand the structure and evolution
of the universe while navigating the practical constraints
of large data volumesB-1 and sparse labeling(®10:111, By
exploring the role of clustering in different applications of
astronomy—such as stellar classification, galaxy structure
analysis, high-energy astrophysics, exoplanet detection,
and large-scale survey data processing—we summarize cur-
rent achievements and point out challenges, with the aim
of stimulating further research on the use of clustering algo-
rithms in astronomical data analysis.

Table 1. Astrophysical applications and corresponding clustering methods

Application categories

Clustering methods

Stellar and cluster classification
Galaxy and large-scale structure analysis
High-energy and exoplanetary studies

Clustering methodology and applications

Anomaly and outlier detection

Partition-based clustering, density-based clustering,
model-based clustering, others clustering
Partition-based clustering, density-based clustering,

model-based clustering, hierarchical clustering, others clustering

Partition-based clustering, density-based clustering,

model-based clustering, hierarchical clustering, others clustering

Partition-based clustering, density-based clustering,
model-based clustering, others clustering

Density-based clustering, model-based clustering

In this section, we summarize studies that have
applied a variety of clustering techniques addressing spe-
cific challenges in astronomy. Each method offers character-
istic strengths suited to different data types and structures.

DBSCAN is able to efficiently recognize star clus-
ters in dense regions, handling irregular shapes and noisy
data without the need to pre-set the number of clusterst!>-16],
and has been successfully applied in astronomy for the iden-
tification of features such as stellar streams and galaxy
halos. As an improved version of the DBSCAN algo-
rithm, Ordering Points to Identify the Clustering Struc-
ture (OPTICS) is able to handle datasets with different den-
sities and reveal hierarchical structure information, provid-
ing important support for complex galaxy analyses. Yang
et al.ll7l later proposed nonparametric density clustering
algorithm (NAPC), which is used to automatically select
clustering centers and reduce the influence of human-
related factors in the analysis process.

GMMI!8] yses Gaussian distributions to model data

and identify overlapping sub-populations in astronomy,
and was used by Gaol'! to classify tidal tails in star clus-
ters. Similarly, SOMs[20], which preserve data topologies
while reducing dimensionality, are used in galaxy spec-
tral classification to reveal complex patterns in galaxy spec-
tra. Both GMMs and SOMs offer deeper insights than
methods like K-means, enhancing the analysis of com-
plex astronomical data.

Hierarchical clustering forms nested clusters, either
by merging small clusters (agglomerative) or splitting
larger ones (divisive), without needing predefined cluster
numbers. This method is ideal for detecting complex struc-
tures such as tidal streams and stellar halos[?!] because it
logically combines or separates the datal?2], revealing hierar-
chical relationships in large datasets.

The K-means clustering method is optimized by divid-
ing the dataset into a predetermined number of clusters
with the goal of minimizing variance within the cluster.
This algorithm is known for its computational efficiency
and simplicity of implementation, and is particularly suit-
able for dealing with the rapid clustering needs of large
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quantities of astronomical data. K-means has been success-
fully applied to key areas such as the classification of fea-
tures in galaxy spectral?3] and stellar spectral classifica-
tion[?4], proving its wide applicability and practical value.

In recent years, as astronomical data analysis needs
have increased in complexity, clustering algorithms have
provided a means to provide innovative solutions to key
challenges in astrophysical research. Cordova Rosado
et al.[®] pioneered the combination of clustering algo-
rithms with machine learning techniques to allow accu-
rate characterization of Active Galactic Nuclei (AGN). In
cosmology, Balaguera-Antolinez and Montero-Dortal20]
applied clustering algorithms to dark-matter density field
analysis, providing a new method for reconstructing the

Table 2. Clustering applications in astronomy

physical properties of the dark-matter halo. The Blanco-
Cuaresma et al.?7] used a different approach, using the
chemical labeling method to apply the clustering tech-
nique to stellar chemical abundance analysis. Euclid
team(28] significantly improved the accuracy of the distribu-
tion model of galaxies by combining the clustering algo-
rithm with the redshift correction technique. In addition,
the Structure, Excitation, and Dynamics of the Inner Galac-
tic InterStellar Medium (SEDIGISM) survey project2‘]
has systematically classified molecular clouds using cluster-
ing algorithms, providing an important observational basis
for studying the star formation process.

Table 2 provide an overview of clustering methods cat-
egorized by their application domains, subcategories, spe-
cific techniques, and advantages, with some notable applica-
tions in astronomy. The table highlight the adaptability of

Application category Subcategories Clustering metdods Precision Efficiency
Enhancing detection and classification Partition-based clustering, model- N N
efficiency based clustering

Identification of stellar populations Partition-based clustering, model- \/ \
based clustering
Unsupervised classification of stellar ~ Hierarchical clustering, density- N
populations based clustering
Identification and analysis of new stellar Model-based clustering, partition- N
populations based clustering
Stellar and cluster Advanced clustering in large-scale Model-based clustering, density- N N
classification(3-5:10,24.27.30-52] astronomical surveys based clustering
Automated stellar spectral classification Spectral clustermg, model-based Y
clustering
Structural analysis of star clusters Hierarchical clusterlqg, density- Y
based clustering
. . Partition-based clustering, density-
Large-scale stellar population analysis based clustering Y
Discovery and analysis of new star Model-based clustering, density- N
clusters based clustering
Galaxy structure and large-scale Density-based clustering, N N
cosmology hierarchical clustering
Galaxy morphology and dynamics Partition-based clustering, others
Galaxy and large-scale structure Yy morphology Y clustering
analysis(® 11,17,20,22,23,25-29,34,53-701  (Galaxy clustering and halo mass Density-based clustering, model- N N
function based clustering
Cosmological structure and redshift Others clustering, density-based A
studies clustering
Detection of tidal debris and galactic Hierarchical clustering, density- N
Detection of galactic halo studies based clustering
and interstellar . hical cl o in ealactic and Density-based clustering, model-
featuresl15-16,19.21,24.29.71-76] Hierarchical clustering in galactic an based clustering, hierarchical y
dust cloud structures >
clustering
Gamma-ray and high-energy studies RS ATEELC eI I \ \
based clustering
. Exoplanet detection and classification LI oE clqstermg, Gl \
High-energy and exoplanetary clustering
iegl34,61,72,77-84] q i i
studies Planetary, exoplanet, and solar studies Hierarchical clusFerlng, others A
clustering
Supernova detection and classification WDieins st ellusiie o, medlel y
based clustering
Clustering methodology and Stellar and galactic research Density-based clustering, partition- Y
.5 based clustering
applications(13-14.22.81.85] . . .
Overview of clustering techniques All methods Y \/
Ang;rt‘zgisgg&;ﬂher Detection of outliers and anomalies Dens1ty-baielzgsillr1is;;rmg, ChE y \
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clustering algorithms to tackle various challenges in astro-
nomical data analysis. For example, density-based meth-
ods like DBSCAN and OPTICS are adept at identifying
non-convex and noisy structures, making them invaluable
for studying stellar streams and galactic halos. Model-
based methods, such as GMM, excel in scenarios involv-
ing overlapping populations, aiding in quasar and tidal
tail identification. Partition-based approaches, like K-
means and SOM, are efficient for large datasets, facilitat-
ing stellar and galaxy classification.

Advanced techniques, such as deep learning and trajec-
tory-based clustering, address high-dimensional and tempo-
ral data, pushing the boundaries of astronomical research.
The distribution of clustering methods used in astronomi-
cal studies is shown in Fig. 1, highlighting the range of
techniques available.

Hierarchical
Partition-based clustering
clustering Model-based
7.9% clustering
14.9%
24.8%
Density-based
clustering Others
clustering

Fig. 1. Distribution of clustering methods used in astronomy.

Astronomical spectral data, because of their high-dimen-
sional features, are exponentially sparsely distributed in
high-dimensional space, bringing about the “curse of dimen-
sionality”, which makes distance metrics ineffective. Addi-
tionally, the complex noise in such data leads to non-sta-
tionary noise problems, reducing clustering stability. A
third problem is that heterogeneous physical attributes
result in violations of intra-cluster consistency, disrupting
consistency across physical types. In real-world scenarios,
these three issues frequently arise, posing a significant chal-
lenge to clustering.

In this section, we focus on the above three core
challenges in astronomical spectral clustering and iden-
tify three key issues: high-dimensional feature compres-
sion[14.17.71,73.80]: noise robustness!!3:36,39:64.70.85.87]: and sam-
ple and computational constraints[26:33.48.82] We examine
the adaptation of clustering strategies to different data struc-
tures, proposing an algorithm selection framework that
emphasizes data structure adaptability and is driven by sci-
entific task demands. This approach provides theoretical
and methodological guidance for automated processing
and discovery in complex astronomical spectral data.

The high-dimensional nature of astronomical spectro-
scopic data leads to increased computational costs and
weakened similarity measures, which both impact cluster-
ing performance. Distance-based methods struggle with
inter-class distinctions, density-based methods face instabil-
ity, and graph-based methods suffer from structural distor-
tion due to sparse similarity matrices. These challenges
affect various algorithms, with common issues like distan-
ce metric breakdown and algorithm-specific sensitivities.

To address these challenges, existing studies have
explored solutions from two main directions: representa-
tion learning and dimensionality reduction. (1) In representa-
tion learning, Yang et al.l'”] proposed the NAPC algo-
rithm, which addresses the issue of ineffective distance met-
rics in high-dimensional data, using divergence-based dis-
tance measures to enhance local discriminability and incor-
porating an adaptive thresholding strategy. This makes the
density peak clustering (DPC) algorithm more applicable
to the LAMOST spectra, improving the clustering perfor-
mance in high-dimensional spaces. Iwasaki et al.[’ll com-
bined Variational Autoencoders (VAE) with GMM. By
leveraging nonlinear embeddings, they captured latent struc-
tures in complex spectral patterns, which effectively
addressed the problem of similarity degradation from high
dimensionality and achieved a 30% improvement in classifi-
cation robustness. (2) Regarding dimensionality reduction
strategies, for stellar continuum spectra dominated by lin-
ear features, the Principal Component Analysis (PCA)+K-
means++ pipeline is effective in reducing problems aris-
ing from higher dimensionality and enabling more effi-
cient clustering. The Factor Adjusted Spectral Clustering
(FASC) method used by Tang et al.ll4l further reduces
redundant information through factor modeling. It helps
maintain consistency across physical types by handling
the heterogeneous physical attributes of data, keeping the
misclassification rate below 1% provided the signal-to-
noise ratio (SNR) is below 10. Probabilistic models such
as GMM and the Normalized Gaussian Mixture Model
(NGMM)[73:80] show strong adaptability to multimodal Gaus-
sian distributions, such as gamma-ray burst (GRB) parame-
ters, and can explicitly model covariance structures and
cluster overlap, which is useful for dealing with the break-
down of intra-cluster consistency due to physical hetero-
geneity. Therefore, in high-dimensional spectral data, the
performance of clustering strategies is highly dependent
on the expressive power of the feature structure in the
data being analyzed and the suitability of the dimensional-
ity reduction methods. Effectively integrating dimensional-
ity reduction, modeling approaches, and physical struc-
ture assumptions is key to enhancing clustering perfor-
mance in high-dimensional spectral analysis.

Current research widely uses linear dimensionality
reduction and deep embedding to address high-dimen-
sional challenges; however, several approaches remain
under-explored. Subspace clustering can uncover local
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low-dimensional structures, addressing spectral overlap
and multiple physical components. Sparse representation
learning aids in feature compression and robust modeling,
while graph-based methods, like graph neural networks,
excel at modeling non-Euclidean relationships. Multi-scale
embedding balances local and global feature extraction. Inte-
grating these strategies offers more adaptive and scalable
solutions for complex spectral data. Future research
should focus on the structural adaptability of algorithms,
analyzing the performance of different clustering methods,
and promoting the integration of subspace modeling and
deep embedding in astronomy.

Noise is one of the most prevalent and complex prob-
lems with astronomical spectral data, especially in large-
scale sky surveys such as SDSS and Gaia, where low
SNR spectra are widespread. These noisy spectra signifi-
cantly interfere with the recovery of clustering structures
and the delineation of cluster boundaries. Spectral noise
can be broadly categorized into static noise, high-fre-
quency structured noise, and temporally evolving noise,
and each type poses distinct challenges to the robustness
of clustering algorithms.

In astronomical spectroscopic data, static noise
obscures the overall signal, leading to blurred structural
boundaries.

Fustes et al.[#7] proposed a multi-scale strategy that
combines Fast Fourier Transform (FFT), wavelet transfor-
mation, and Self-Organizing Maps (SOMs), enhancing fea-
ture representation and improving the recall rate of
anomaly detection in Gaia by 25%. Wu et al.’% com-
bined PCA denoising with Clustering by Fast Search and
Find of Density Peak (CFSFDP) clustering, significantly
increasing the accuracy of rare object identification and
improving recognition efficiency by 40%. These methods
are well-suited for scenarios where signals are compress-
ible and noise is evenly distributed.

High-frequency interference noise, characterized by
locality and structural patterns, requires signal separation
strategies. Seo et al.[83] working with Stratospheric Tera-
hertz Observatory 2 (STO2) data, combined Asymmetric
Least Squares (ALS) and Independent Component Analy-
sis (ICA), using DBSCAN to eliminate outlier samples,
achieving a recovery precision of 1-10 K. Lovdal et al.[30]
used single-linkage hierarchical clustering and Hierarchi-
cal Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN) to build a density tree structure, effec-
tively identifying multi-density orbital debris layers.

Non-stationary, temporally evolving noise demands
clustering models with dynamic adaptation capabilities.
Yang et al.[13] proposed the TAD algorithm, which incorpo-
rates a noise tolerance factor and local density monitor-
ing, and uses a sliding window mechanism to achieve incre-
mental clustering updates of light curves, improving the
Fl-score to 0.93. The TimeTubesX system used by
Sawada et al.[’0l, which integrates Dynamic Time Warp-
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ing (DTW) and interactive visualization, enhanced the effi-
ciency of detecting sudden events and anomalous trajecto-
ries by approximately 30%. Lapi et al.[®¥ introduced a
time-dependent Fokker-Planck equation in cosmic evolu-
tion modeling, highlighting the importance of dynamic mod-
eling in identifying dark matter halos at high redshifts.
These studies, based on different types of noise, systemati-
cally demonstrate the strengths and applicable scenarios
of specific algorithms and strategies in handling static, struc-
tured, and evolving noise. They not only expand the adapta-
tion boundaries of clustering methods in astronomy but
also provide support for building more robust clustering
frameworks.

Different types of noise impact clustering robustness
in distinct ways. Current methods target specific noise
types, but several generalizable strategies remain under-
explored. For static noise, robust feature learning meth-
ods like low-rank reconstruction and sparse autoencoders
can filter background interference while preserving the
data structure. High-frequency structured noise can be
addressed using multi-resolution techniques like tensor
decomposition and spectral filtering. Non-stationary, evolv-
ing noise requires dynamic clustering approaches, poten-
tially enhanced by Markov modeling, graph-evolution clus-
tering, and time-driven frameworks. Multimodal anomaly
learning and joint reconstruction optimization are also
promising methods. Overall, static noise benefits from
dimensionality reduction and density estimation, high-fre-
quency noise from signal separation, and evolving noise
from dynamic modeling. Techniques like density land-
scape modeling and multi-scale kernel methods should be
further explored.

The sparse samples in astronomical spectra (e.g.,
boundary spectra, rare celestial objects) are often insuffi-
cient for analysis, which limits the stability and inter-
pretability of unsupervised clustering methods. The two
main ways to address these challenges are to use semi-
supervised clustering to introduce a small amount of
labeled information, to guide the initial clustering struc-
ture, and to use transfer learning to transfer feature knowl-
edge from external datasets to the target domain to
enhance expressive capability.

Cai et al.133] proposed an influence space-based cluster-
ing method that preprocesses boundary spectra by combin-
ing K-Nearest Neighbors (KNN) and Recurrent Neural Net-
work (RNN) intersections to reduce noise and dimensional-
ity. This approach improves initial cluster center selec-
tion and addresses ambiguous boundary clustering. Experi-
ments on 20000 LAMOST spectra achieved efficient com-
putation via feature line extraction (for lines such as Ha
and HP) and merged sorting with a time complexity of
O(nlogn). Pantoja et al.[821 employed a Uniform Manifold
Approximation and Projection (UMAP) + hierarchical clus-
tering strategy, achieving a 90% classification accuracy
and an 80% subclass purity with only 5% labeled data.



These methods emphasize guiding optimization based on
manifold structures and are suitable for spectral classifica-
tion tasks with ambiguous structural boundaries or signifi-
cant inter-class overlap.

By contrast, transfer learning focuses more on fea-
ture transfer rather than label guidance. Castro-Ginard
et al.[8] pre-trained a deep neural network (DNN) on simu-
lated data and applied it to the Gaia dataset. After apply-
ing DBSCAN clustering, they successfully identified 628
new star clusters, with an overall detection efficiency
improvement of 50%. Balaguera-Antolinez transferred hier-
archical features of dark matter halo mass functions to
low-redshift observations!20l, successfully reconstructing
bias signals and reducing parameter errors by 30%. These
studies highlight two approaches to improving clustering
robustness in small-sample spectral data: label constraint
guidance and cross-domain feature transfer. Semi-super-
vised methods optimize complex data structures with mini-
mal labels, while transfer learning enables quick adapta-
tion in sparse target domains through knowledge transfer.
Both approaches complement each other, with semi-super-
vised methods enhancing similarity learning in labeled
domains and transfer learning facilitating generalization
across domains with shared structures. Future work can
potentially combine both strategies to form a more robust
joint modeling approach.

Small sample sizes and limited computational
resources are key challenges in astronomical spectral clus-
tering. Current methods primarily focus on semi-super-
vised and transfer learning approaches for sparse sample
distributions, but many underused strategies remain worth
exploring. For example, graph contrastive learning can
build robust, structure-aware representations without
labels, naturally adapting to sparse sample scenarios.
Meta-learning methods, by learning fast adaptation capabili-
ties, are suitable for efficient generalization in cases with
few category samples. Additionally, low-rank approxima-
tion clustering and core set compression strategies can
reduce computational overhead without sacrificing cluster-
ing accuracy, making them particularly useful for real-
time and resource-sensitive observational tasks.

The evolutionary path of spectral clustering methods
should not stop at algorithm stacking, but should be system-
atically designed, based on a three-dimensional collabora-
tive system of feature structure-expression model-physi-
cal constraints. This approach not only provides method-
ological support for the intelligent processing of current
large-scale spectroscopic databases but also lays the theoret-
ical foundation for future astronomy data-driven research
aimed at knowledge discovery.

Different clustering algorithms have been applied to

tackle key astronomical challenges such as stellar classifica-
tion, galaxy structure, high-energy astrophysics, and exo-
planet detection. Although some of these methods are not
directly based on spectroscopic data, they use complemen-
tary approaches, such as physical property analysis, to pro-
vide a more comprehensive understanding of astronomi-
cal phenomena. By integrating these methods with spec-
tral analysis, they further enhance the accuracy of cluster-
ing results and the potential for scientific discovery.
These studies highlight the strengths and limitations of vari-
ous techniques, emphasizing the need for more efficient
and scalable solutions to handle large and complex
datasets in astronomy.

Fig. 2 shows the distribution of clustering methods in
six areas of astronomy. It highlights their diverse use in
the handling of astronomical data analysis challenges.

Detection of galactic and
interstellar features

Stellar and
cluster High-energy
classification and exoplanetary

studies

29%
Clustering
9% methodology
2% and applications

Anomaly and

0,
35% outlier detection

Galaxy and large-scale
structure analysis

Fig. 2. Proportion of publications applying clustering methods
to astronomical applications.

The data in Fig. 1 and Fig. 2 were gathered from the
astronomical literature using the Astrophysics Data Sys-
tem (ADS). Based on our selection criteria, we focused
on studies that used clustering published from 2014 to
2024. A total of 84 papers were selected; broken down by
year: in 2014, there were 4 papers; in 2015, there were 5
papers; in 2016, there were 7 papers; in 2017, there were
5 papers; in 2018, there were 7 papers; in 2019, there
were 6 papers; in 2020, there were 8 papers; in 2021,
there were 4 papers; in 2022, there were 22 papers; in
2023, there were 4 papers; and, in 2024, there were 12
papers.

In the field of star and cluster classification, current
research trends increasingly favor the use of advanced algo-
rithms and machine learning techniques, as well as data-
driven exploration methods. These approaches can reveal
hidden structures and evolutionary relationships, improve
classification accuracy, and expand the overall body of
knowledge. However, the field still faces many chal-
lenges, including ensuring correlation with spectroscopic
data, dealing with data complexity, and rationalizing the sci-
entific validity of algorithmic choices.
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Clustering algorithms play a crucial role in classify-
ing stars and clusters within large datasets. For example,
Ma et al.l*”! proposed a parallel hybrid clustering algo-
rithm for the screening of pulsar candidates, which ana-
lyzes the spectral features of pulsars. When applied to the
High Time Resolution Universe Survey (HTRU) 2 and
Actual Observation Data from FAST (AOD-FAST)
datasets, the algorithm achieved precision and recall val-
ues of 0.946 and 0.905, and 0.787 and 0.994, respec-
tively, demonstrating high accuracy. Sasdelli et al.34 used
deep learning to uncover diversity in supernova spectra,
demonstrating the versatility of clustering and its contribu-
tion to stellar studies.

Clustering techniques have been remarkably effec-
tive in identifying stellar populations based on chemical
abundances and morphological features. In the analysis of
APOGEE datal?], Garcia-Dias et al. employed an unsuper-
vised clustering algorithm to distinguish stellar popula-
tions according to their chemical abundance. It was found
that DBSCAN achieved the best homogeneity score of
0.85. Ordovas-Pascual et al.[32! and Meusinger et al.[*] sys-
tematically classified star clusters using the K-means and
Kohonen SOM algorithms. The former was tested on the
SDSS-DR7 spectral database, and the results showed that
the single-pass K-means algorithm is 20% to 40% faster
than the conventional K-means algorithm, while the classifi-
cations are statistically equivalent. The latter demon-
strated the effectiveness of SOM in identifying galaxies
with similar spectral features. Moreover, Moranta et al.[37]
used the HDBSCAN algorithm to cluster the Gaia Early
Data Release 3 (Gaia EDR3) data to identify new stellar
kinematic groups and cluster coronae. Lovdal et al.3¢] con-
ducted data-driven clustering using a single-link hierarchi-
cal clustering algorithm in the kinematic integral space of
the stars. They identified 67 clusters and 232 sub-clusters.
Price-Jones and Bovy!*l applied the DBSCAN algorithm
to cluster stars. Their results indicated that DBSCAN
could recover over 40% of the clusters with high homogene-
ity and completeness.

Clustering algorithms are of great significance in the
unsupervised classification of stellar populations, as demon-
strated by various studies applying them to analyze differ-
ent aspects such as astronomical object classification, star
formation histories, and globular cluster analysis. Simi-
larly, Thoresen et al.l*] not only proposed an unsuper-
vised clustering method for lunar mineralogy research but
also used a convolutional VAE to reduce the dimensional-
ity of spectral data and then applied the K-means algo-
rithm to cluster the latent variables into five different
groups, which corresponded to the main mineral compo-
nents on the lunar surface. They used hyperspectral data
from the Moon Mineralogy Mapper (M3) to analyze the dis-
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tribution of minerals. Logan and Fotopouloul3®] had previ-
ously used the HDBSCAN algorithm to classify stars, galax-
ies, and quasars. Using a dataset of approximately 50000
spectrally labeled objects, they achieved F1 scores of
98.9, 98.9, and 93.13 for stars, galaxies, and quasars,
respectively. In the study of the orion region!*Z, cluster-
ing was applied to explore the star formation histories
within the Orion OB Association. Chen et al.[*!] used chem-
ical dynamics clustering to analyze globular clusters in
the APOGEE data. The results showed a recovery rate of
95.8% for M13, which demonstrated the effectiveness of
this method in identifying members of globular clusters,
deepening understanding of stellar population dynamics.
Fig. 3 illustrates the stars identified by a new Shared Near-
est Neighbors (SNN) clustering algorithm.
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Fig. 3. Two-dimensional projections of abundance distribution
using the SNN algorithm in chemical and radial velocity space.
APOGEE background stars and known globular cluster
members are shown, with SNN recovered members marked in
black circles*!l,

Clustering algorithms have played a crucial role in iden-
tifying new stellar populations and giving insight into star
cluster properties. Castro-Ginard et al.l*8] applied the
Open cluster (OC) finder algorithm to Gaia EDR3 data,
resulting in the identification of 628 new open clusters, veri-
fying the effectiveness of DBSCAN and giving insight
into the star formation history of the Milky Way. Addition-
ally, Tarricq et al.’ll employed the HDBSCAN algo-
rithm to analyze the Gaia EDR3 data. By identifying a
large number of cluster coronae and tidal tails, they demon-
strated that HDBSCAN is highly effective when dealing
with large-scale data.

Logan et al.[38] used the HDBSCAN algorithm to sys-
tematically classify 50000 celestial objects, achieving
high-precision recognition of stars, galaxies, and quasars
and demonstrating the powerful performance of unsuper-
vised learning techniques in celestial object classification.



Similarly, Garcia-Dias et al.BO effectively distinguished
stellar populations based on chemical abundance features
using clustering algorithms, while Zari et al.[42] employed
clustering analysis of kinematics and age distributions of
young stellar objects, revealing a complex star formation
history. Blanco-Cuaresma et al.[?7] verified the feasibility
of this technique by analyzing spectroscopic data from
open clusters. The clustering of stars using the K-means
algorithm provides important clues for understanding the
chemical evolution of the Milky Way (shown in Fig. 4).
In addition, Chen et al.l5] used the K-means algorithm to
cluster the line indices of 144340 A-type stars in LAM-
OST to identify anomalous spectra, studying the physical
properties of the stars and their evolutionary patterns in
depth. Together, these studies highlight the central role of
clustering algorithms in stellar population analysis, object
classification, and stellar evolution studies.
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Fig. 4. Dwarf stars represented using the first two components
of PCAR7, Background colors correspond to the clusters
found by the K-means algorithm. Centroids are marked with
white crosses.

Recent advances in stellar and galaxy spectral classifi-
cation demonstrate the growing significance of machine
learning and clustering techniques. The SDSS-DR12 Bulk
Stellar Spectral Classification[?4] adopted Probabilistic Neu-
ral Network (PNN), Support Vector Machines (SVM),
and K-means clustering to conduct automated classifica-
tion of stellar spectra. Experimental results show that
PNN outperforms K-means and SVM in automatic classifi-
cation. After reducing the data dimensions using PCA, the
classification errors of PNN, SVM, and K-means are
1.391, 1.529, and 1.654, respectively. PCA has also been
used to reduce the data dimensionality for enhanced effi-
ciency, and the PNN exhibited higher accuracy compared
with other methods. Mosby and Tremonti et al.[33] intro-
duced a diffusion K-means technique to retrieve the star for-
mation history from galaxy spectra with a low SNR. This
technique worked effectively for high-redshift objects and
integrated field surveys, enabling better modeling of qua-
sars and their host galaxies. Moreover, Olivares et al.3!]
employed deep learning and clustering techniques to

group a large number of stellar spectral models, aiming to
reduce the search time and complexity. The experimental
results show an accuracy of 85% and the algorithm execu-
tion time varies depending on the classified clusters, rang-
ing from 6 to 13 minutes.

Gaol®! and Gao et al.l52] applied DBSCAN to iden-
tify members of NGC 188 (472 stars) and NGC 6819
(537 stars), using high-precision proper motion and radial
velocity data. It effectively distinguished cluster members
from field stars and assisted in determining physical param-
eters of the clusters, like those related to NGC 6819 (with
the stellar distribution shown in Fig. 5). Meanwhile, Moe
et al.’% used K-means and k-Shape for clustering pro-
files. These studies display the robustness of DBSCAN in
uncovering open cluster membership and structural fea-
tures for precise galactic mapping.
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Fig. 5. Vector point diagram showing the proper motion of 472
member stars derived by the DBSCAN clustering

algorithm!*}l. The plus signs show 472 member stars, and the
dots show 574 field stars.

The LAMOST DRI data releaseB3! plays a crucial
role in stellar classification by providing an expansive
dataset of stellar spectra. These spectra have been used in
numerous clustering studies to understand stellar popula-
tions across the Milky Way. Furthermore, Hogg et al.[l0]
used a similar clustering method to identify stars, with
experimental results showing an accuracy of about 0.04
dex, successfully identifying numerous known structures
and identifying others of interest.

In recent years, significant progress has been made in
the study of evacuated clusters with the release of the
Gaia EDR3. Castro-Ginard et al.[48] applied DBSCAN clus-
tering algorithms to identify new open clusters in the
Gaia EDR3 data, leading to the discovery of 628 new
open clusters. These clusters were analyzed in terms of
their age, distance, and extinction properties, with the
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method proving especially effective for detecting both
young and old star clusters located across the Milky Way.

In the field of galaxy and large-scale structure analy-
sis, trends include multi-technique integration, a focus on
dark matter and cosmology, and automation or optimiza-
tion. This provided insight into the role of clustering in
understanding complexity, galaxy properties, and cosmol-
ogy, while also identifying challenges such as complex inter-
actions, data-related issues, and modeling uncertainties.

Secondary Halo Bias Through Cosmic Time 11261 and
the re-creation of new high-redshift quasar populations(33!]
use clustering to analyze dark-matter halo properties and
high-redshift quasar populations, respectively. Among
these, the GMM approach reduces the acceptance rate of
contaminants by 86% while retaining a similar number of
candidates for quasars.

Clustering and dimensionality reduction techniques
play a pivotal role in the analysis of galaxy morphology
and dynamics. Rosito et al.[%] integrated PCA with cluster-
ing algorithms, achieving precise classification of galac-
tic motion structures. Karademir et al.’7] used clustering
techniques to significantly enhance the accuracy of red-
shift estimation, while Rahmani et al.[20] effectively classi-
fied galaxy spectra using clustering algorithms, with the
results illustrated in Fig. 6.
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Fig. 6. Clustering the K96 template spectra using K-means

clustering/2’l, Note that both methods randomly assign the

initial values for their analysis.

Fielding et al.[7] and Li et al.[3*] enhanced the cluster-
ing accuracy using a novel initial cluster center selection
algorithm. Experiments conducted on 12 typical bench-
mark datasets and the LAMOST survey spectral data indi-
cate that this novel algorithm outperforms the other six
algorithms in initial cluster center selection. For example,
when applied to the Iris dataset, it achieves an accuracy
of 0.9533, a precision of 0.9544, and a recall of 0.9533.
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This algorithm simplifies the data processing flow via auto-
matic galaxy morphology identification and an optimized
cluster center selection strategy. Moreover, the ICCS K-
means algorithm shows greater advantages than the other
algorithms in terms of time efficiency.

Finally, Tramacere et al.[’8] applied the DBSCAN and
Density-based Clustering (DENCLUE) algorithms to the
Galaxy Zoo 2 dataset. The experimental results revealed
an accuracy of 93%, with a precision of 92.6% and a
recall of 93.5%. This validates the practical application
value of these methods in galaxy classification research.

Clustering techniques have been instrumental in enhanc-
ing our understanding of galaxy properties and dynamics.
For example, Beck et al.[>3] used K-means for spectral clas-
sification to analyze the correlation between emission
lines and stellar continuum spectra of galaxies, and the
experimental results showed that only about 6% of the sam-
ples were misclassified, which provides valuable informa-
tion for us to understand the spectral properties of galax-
ies and their intrinsic dynamics. Similarly, clustering the
color distributions of point sources in the Messier 83
galaxy[®%] helps to identify distinct stellar populations and
star clusters, yielding information into the star formation
history and spatial distribution of star populations in this
galaxy.

Clustering research has significantly advanced our
understanding of galaxy clustering properties and halo
mass functions. DeRose et al.l'll used the SHAM model
for redshift-space clustering of spectroscopic data, signifi-
cantly improving the efficiency of the analysis.

In addition, through spectroscopic classification of the
clustering properties of AGN, Cordova et al.[?5] showed
that unobscured Broad Line AGN (BL AGN) have an aver-
age halo mass approximately 5.5 times higher than that of
obscured AGN. Additionally, Eltvedt et al.[®8] offer
insights into quasar halo masses and Li et al.[*] improved
clustering accuracy in large datasets. Gonzéalez-Moran et
al.l92l used an unsupervised machine learning clustering
method, GMM, to classify the spectral energy distribu-
tions (SEDs) of galaxies in the PAU Survey. Collectively,
these studies demonstrate the role of clustering in under-
standing galaxy evolution, halo mass, and dark-matter struc-
tures, which are essential for modeling large-scale cos-
mic structures.

Clustering techniques can be applied effectively to
the precise measurement of redshifts and the analysis of
large-scale cosmological structures. In the realm of red-
shift space corrections, research on relativistic redshift
space distortions!?8] has significantly enhanced correction
accuracy. For high redshift quasar studies, Wagenveld
et al.[3] effectively screened candidate samples and
improved redshift measurement precision through GMM.



In the field of detecting galactic and interstellar fea-
tures, trends include expanding clustering applications, com-
bining them with other techniques, and using them in
large-scale data analysis. Insights are used to uncover hid-
den structures, understand galactic evolution, and support
theoretical models. The challenges involve the complex-
ity of celestial objects, data quality and quantity, and inter-
pretation of results.

Density-based clustering algorithms, such as OPTICS
and DBSCAN, play a pivotal role in identifying tidal
debris and classifying stellar structures, providing essen-
tial tools for reconstructing galaxy merger histories.
Fuentes et al.['3] and Sapozhnikov et al.l'6l applied the
OPTICS and DBSCAN algorithms to successfully detect
stellar streams and tidal debris, offering unique insight
into the formation history of the Milky Way. Further-
more, Iwasaki et al.[’!l clustered X-ray spectral data of
the Tycho supernova remnant using a VAE in combina-
tion with a GMM. Gaol!®l combined PCA with GMM, iden-
tifying 2301 stars potentially associated with NGC 2506,
of which 147 are likely to be on the tidal tail, providing
dynamical interactions of clusters and mass-loss mecha-
nisms together with new insights. Oliver et al.2!l effec-
tively identified tidal stream structures by integrating kine-
matic and metallicity data, advancing our understanding
of the formation processes of galactic halos.

Hierarchical clustering techniques provide a critical per-
spective for understanding the multi-scale structure of the
universe. Kheirdastan et al.[?*] conducted experiments show-
ing that the classification errors are 1.391 for PNN, 1.529
for SVM, and 1.654 for K-means. Hierarchical clustering
methods have validated the hierarchical formation theory
of cosmic structures. Yu et al.l’7¥ discussed examples of
the application of hierarchical clustering to the process-
ing of astronomical spectroscopic data and systematically
summarized wide-ranging applications of this technique
on scales from asteroids to galaxies. A clustering analy-
sis of KiDS-DR3 data using the AMICO algorithm!7®] has
further refined constraints on cosmological parameters.

Hierarchical clustering techniques have also been
used to map interstellar dust clouds. The Spectral Cluster-
ing for Interstellar Molecular Emission Segmentation
(SCIMES) algorithm for clustering molecular clouds(?’!
also helps characterize their physical properties and star for-
mation potential.

In high-energy and exoplanetary studies, trends show
the wide application of clustering. Insights have been
revealed into its role in uncovering patterns and distinguish-
ing signals, while challenges identified include accurate
classification and handling high-dimensional data.

Jin et al.[83] demonstrated how clustering can iden-
tify and classify exoplanet candidates, uncovering new pat-
terns among exoplanetary systems. Such studies highlight
clustering’s role in advancing knowledge in exoplanetary
and high-energy astronomy.

Clustering methods play a pivotal role in high-energy
astrophysics, particularly in areas such as gamma-ray
burst identification; for example, Mehta et al.[80] ana-
lyzed the spectral properties of gamma-ray bursts (GRBs)
using an unsupervised clustering algorithm (Nested Gaus-
sian Mixture Model, NGMM). Currently, Armstrong
et al.ll] are applying DBSCAN to data from the Fermi
Large Area Telescope (Fermi-LAT), achieving precise iden-
tification of AGN and new radiation sources. Addition-
ally, T6th et al.[”2] conducted systematic studies on magne-
tars and GRBs using clustering techniques, substantially
advancing our understanding of cosmic high-energy explo-
sive phenomena and extreme physical processes.

Clustering techniques play an indispensable role in
planetary science and solar system research. Guez and
Clairel”™] proposed a method for clustering spectra of plane-
tary atmospheres that is independent of specific molecu-
lar features. The spectra are clustered using the HDB-
SCAN algorithm. Experimental results show that
Molecule Agnostic Spectral Clustering (MASC) can effec-
tively separate data at low resolution. Pantoja et al.[82] pro-
posed a combination of semi-supervised hierarchical classifi-
cation and clustering analysis for variable star classifica-
tion. Furthermore, Hayes et al.l’7! used transmission spec-
tra to train a classifier and generate a priori information
for atmospheric inversion by combining PCA with the K-
means algorithm. At R = 100 with a 1% noise level, the nu-
mber of iterations using the classification method was redu-
ced by 41%, saving approximately 3.3 hours of CPU time.

Sasdelli et al.[34l applied the K-means algorithm for
unsupervised learning, to analyze the spectra of type Ia
supernovae, with their findings suggesting that subtypes
may form a continuous distribution rather than discrete cate-
gories. Fig. 7 illustrates the isomap space with K-means
clusters, showcasing the effectiveness of combining deep
learning with unsupervised algorithms for high-dimen-
sional data visualization. Similarly, Rubin et al.[’8] applied
K-means clustering to classify supernova light curves, con-
tributing to the understanding of stellar life cycles and ener-
getic processes in high-energy astrophysics.

Research trends indicate the continued emergence and
development of new methodologies with respect to employ-
ing clustering for stellar or galactic research. Insights
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al.bol,

include improved analysis and task support, while the main
challenge is choosing the most appropriate technique.

Clustering methods are vital for analyzing multidimen-
sional astronomical data. Chattopadhyay et al.[81] studied
mixture models in astronomy. The TAD Algorithm('3] iden-
tifies key “stay points” in celestial object trajectories,
where stay points refer to specific positions or regions at
which celestial objects remain stationary or exhibit pro-
longed stays. The algorithm uses Neighborhood Move Abil-
ity and Stay Time (NMAST) density functions and Noise
Tolerance (NT) factors for spatial-temporal modeling.
Applied to LAMOST data, it supports efficient observa-
tion planning.

Saxena et al.l?2] provides a comprehensive overview
of clustering methods, guiding astronomers in selecting
the best techniques for tasks such as galaxy classification,
cluster identification, spectral analysis, and streamlining
research in various astronomical fields. Different cluster-
ing methods reportedly show different results when deal-
ing with high-dimensional and noisy data. For example,
hierarchical clustering has high computational complexity
when dealing with large-scale datasets, while partitional
clustering such as K-means performs better when dealing
with spherical clusters.

In the field of anomaly and outlier detection in astron-
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omy, trends show the use of improved algorithms for data
refinement. Insights are that outlier detection is crucial for
data accuracy and discovery, while challenges include the
effective application of clustering algorithms to different
areas for the detection of outliers and anomalies.

Fustes et al.[87] used a novel SOM ensemble approach
for unsupervised outlier analysis of astronomical spectro-
scopic data in the Gaia Survey. It improves outlier detec-
tion by combining multiple SOM models, enabling the iden-
tification of rare objects. Additionally, Tiwari et al.[3¢]
applied the hierarchical K-means clustering method to clus-
ter in the PCA feature space and identify quasar spectral
anomalies in SDSS DRI16. In a study on carbon stars(88],
an outlier detection method based on morphological fea-
ture extraction and interval representation was used to iden-
tify 88 carbon stars with emission lines from 3546 spec-
tra, providing insights into their stellar activity.

Fig. 8 illustrates the evolution of clustering applica-
tions in astronomy from 2014 to 2024 in six distinct
areas: stellar and cluster classification, galaxy and large-
scale structure analysis, detection of galactic and interstel-
lar features, high-energy and exoplanetary studies, cluster-
ing methodology, and anomaly detection. The figure highli-
ghts the most highly cited literature in each respective year.

This section focuses on astronomy clustering algo-



- Stellar and cluster classification
- Galaxy and large-scale structure analysis
- Detection of galactic and interstellar features
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rithms, their role in handling complex data, and methods
like hierarchical clustering and DBSCAN. It also
addresses data quality and scalability, and calls for better
techniques for sparse, unlabeled data. Future research
should focus on semi-supervised learning and Large Lan-
guage Model (LLM) integration, considering current
achievements and challenges.

Although clustering techniques in astrophysics hold
immense promise, they face significant challenges. A
major hindrance is that the scarcity of high-quality observa-
tional data, such as high-resolution spectra and precise kine-
matic information, limits the accuracy of clustering analy-
ses. Another concern is that the exponential growth in
dataset sizes has led to a dramatic increase in computa-
tional complexity, particularly evident in the data process-
ing of large-scale surveys like Euclid and the Large Synop-
tic Survey Telescope (LSST). Traditional clustering meth-
ods, such as K-means, often underperform when han-
dling non-spherical clusters and imbalanced data distribu-
tions, falling short of the precision required for modern
astrophysical research. Moreover, the severe lack of
labeled data for rare celestial objects, such as high-red-
shift quasars, underscores the urgent need for semi-super-
vised and unsupervised learning approaches. To address
these challenges, the development of novel clustering algo-
rithms is imperative. These algorithms should be able to
efficiently process large-scale datasets, adapt to diverse
data distributions, integrate multi-source heterogeneous
data, and be capable of handling dynamic streaming data.
Only through such algorithmic innovations can fully har-
ness the physical insights embedded in astronomical data,
driving transformative advancements in astrophysics.

Future astronomical clustering research should focus

on improving multimodal data analysis methods in four
key areas: scalability, robustness, accuracy, and generaliz-
ability. Currently, various clustering methods have dis-
tinct characteristics. PCA-based hierarchical clustering
offers high precision but is computationally intensive; K-
means and DBSCAN are highly efficient but require param-
eter tuning; density-based methods are fast but may compro-
mise accuracy; and DBSCAN for solar filament
detection[®! is highly sensitive to data quality. LLMs
have shown great potential in astronomical analysis. They
can handle large-scale and diverse astronomical data,
assist in feature extraction, and improve the accuracy of
astronomical analysis. For example, in the task of galaxy
classification, the StarWhisper LightCurve (LC) series mod-
els—including three LLM-based models: the Large Lan-
guage Model (LLM), the Multimodal Large Language
Model (MLLM), and the Large Astronomy Language
Model (LALM)—significantly reduce the reliance on
explicit feature engineering(®?l. With their development,
they are expected to bring revolutionary changes to astro-
nomical clustering analysis, promote precise classifica-
tion research, help discover new astronomical phenomena,
and can also be combined with gravitational wave detec-
tion technology for real-time analysis. In this context, Wu
et al.®! designed an evaluation framework and collected
data with the help of a Slack chatbot based on Retrieval-
Augmented Generation (RAG) to provide support for the
evaluation and improvement of LLMs and promote the
development of efficient algorithms. Fouesneau et al.[%2]
explored various application scenarios of LLMs in astro-
nomical research through experiments and surveys, clari-
fied their advantages and disadvantages, and provided prac-
tical guidance. Li et al.’% used deep learning and LLMs
to conduct classification research on variable star light
curves, demonstrating the ability of LLMs to handle astro-
nomical time series data. Pan et al.[%%] quantitatively evalu-
ated LLMs in the field of astronomy, proposed new mod-
els, and analyzed factors affecting performance, provid-
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ing a theoretical basis for optimization. Smirnov(®¥! demon-
strated the excellent capabilities of LLMs in tasks such as
asteroid classification, providing new ideas for their applica-
tion in astronomical pattern recognition.

To address these challenges—including limited multi-
modal data integration, poor scalability, low robustness,
insufficient generalization, and the early-stage adoption of
LLMs—research efforts should shift toward semi-super-
vised learning, unsupervised learning, and hybrid deep clus-
tering techniques while integrating active learning, cloud
computing, and LLMs to enhance pattern recognition capa-
bilities. Specifically, priority should be given to explor-
ing the deep integration of LLMs with traditional cluster-
ing algorithms, leveraging their strengths in natural lan-
guage processing and knowledge reasoning. Building on
their successful applications in astronomical literature analy-
sis and code generation, these approaches can be extended
to clustering scenarios such as variable star light curves
and gravitational wave data. Furthermore, a systematic eval-
uation framework should be established to guide method-
ological optimization and ensure robust performance
across diverse astronomical datasets.

Clustering algorithms play a pivotal role in the analy-
sis of astronomical survey datasets and multidisciplinary
research. Here, we systematically review various cluster-
ing methods, highlighting their strengths and limitations
in practical applications. Traditional approaches, such as
DBSCAN’s limitations in low-density regions and the
high computational costs of hierarchical methods, strug-
gle to meet the demands of large-scale sky surveys, particu-
larly in low-signal scenarios like exoplanet research,
because of challenges posed by data dimensionality,
noise, and sparsity. When selecting clustering algorithms,
it is necessary to fully consider the characteristics of spec-
tral data, such as resolution, noise level and sample size.
For high-dimensional data, algorithms like NAPC can be
used in combination with dimensionality reduction and ini-
tial-center-optimization strategies. For noisy data, algo-
rithms such as SOM integration can be chosen according
to their characteristics. For small-sample data, methods like
hierarchical clustering with migration can be considered.

Future research should focus on developing more effi-
cient, scalable and adaptive clustering techniques, includ-
ing kernel spectral clustering, hybrid methods and cloud-
based processing platforms. Meanwhile, semi-supervised
and unsupervised learning are crucial for solving the
sparsely labeled data problem. As astronomical datasets con-
tinue to grow, clustering analysis will remain a fundamen-
tal approach. Future technological innovations must priori-
tize the dynamic nature of astronomical data, which will
not only deepen our understanding of the universe, but also
expand the scope of clustering applications in astronomy.
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