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Abstract

Operationally used early warning systems for significant weather generally rely on conventional weighting-scoring
schemes, namely, fixed thresholds set based on empirical experience or expert meteorological consensus. The
fundamental limitation of conventional threshold-based methods and supervised classification models lies in their
reliance on labeled data, while extreme weather events are naturally rare and imbalanced in historical station
observation records. Such approaches are prone to generating false alarms. Therefore, a multilayered unsupervised
learning approach is needed to objectively classify upper-air thermodynamic patterns without relying on subjective
extreme-event labels. Although widely used, the K-Means algorithm has a fundamental weakness, namely its high
sensitivity to the initial centroid determination. This study applies hybrid metaheuristic techniques with K-Means,
namely GA-KMeans, PSO-KMeans, and GWO-KMeans, within a consistent evaluation framework, using the same
cluster validity index, and applied to the operational meteorological domain. The test results show that the best fitness
values are produced by the PSO-KMeans model with a WCSS value of 250.6012, followed by GWO-KMeans with
a WCSS value of 304.7890, and finally the GA-KMeans model with a WCSS value of 330.0701. The third model
used also consistently produces higher Silhouette Score values compared to the classical K-Means baseline and shows
that metaheuristic hybridization is proven to be effective in improving the quality of cluster structures. Specifically
within the field of computer science, the results demonstrate that employing appropriate cluster center optimization
techniques can improve both clustering quality and resource efficiency when grouping various types of data.
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1. INTRODUCTION

I Gusti Ngurah Rai International Airport is one of the busiest air transportation nodes in
Indonesia as well as the main gateway for international tourism to Bali, so the reliability of weather
information in this region has direct implications for the safety of flight operations. Extreme weather
phenomena such as convective storms, wind shears, and sudden turbulence have long been recognized
as one of the leading causes of aviation incidents, ranging from delays to high-risk go-around
procedures.

Significant weather early warning systems used operationally so far generally rely on
conventional weighting scoring schemes, which are fixed thresholds set based on empirical experience
or agreement of meteorological experts. This kind of approach is prone to generate false alarms when
the threshold is set too sensitive, or otherwise generate missed alarms. This phenomenon is known as
the cry-wolf effect, in which repeated exposure to inaccurate warnings systematically lowers user
confidence in the warning system itself, thereby in turn lowering the effectiveness of risk mitigation
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[1] Therefore, a multilayered unsupervised learning approach is needed that is able to objectively
classify upper air thermodynamic patterns without relying on subjective extreme event labels, as has
been demonstrated in the clustering of multilevel geopotential fields in the tropics [2]. Recent studies
show that machine learning models are capable of predicting go-around procedures as a critical safety
response to suddenly deteriorating meteorological conditions, developed through an ensemble
imbalance learning approach to handle weather data characteristics [3]. The impact of extreme weather
on air transport operations has been an ever-growing research topic globally, reflecting the urgency of
data-driven risk mitigation [4], including the success of machine learning in predicting large-scale
atmospheric phenomena for airport meteorological contexts [5]. In addition, machine learning-based
flight delay predictions that take into account weather variables have also been shown to improve the
accuracy of operational planning [6]. From a computer science standpoint, however, the core challenge
addressed in this study is not meteorological per se, but rather an algorithmic problem to unsupervised
learning. how to determine an optimal centroid initialization within a high-dimensional, unlabeled
feature space.

The fundamental limitation of both threshold-based conventional methods and supervised
classification models lies in their reliance on labeled data, while extreme weather events are naturally
rare and imbalanced in the historical records of observation stations. This dependence makes it difficult
to generalize models to new atmospheric patterns that have never been observed before. The K-Means
algorithm remains one of the most popular and widely adopted partition clustering methods across
application domains due to its simplicity of implementation as well as low computational
complexity[7]. The K-Means variants are continuously being refined, as summarized in a
comprehensive review of the K-Means algorithm, the analysis of the variants, and the quality of the
resulting clustering results [8], [9], [10]. The application of smart clustering to Indonesia's
meteorological data has also shown promising results in identifying similarities in climate patterns
between regions [11].

Although widely used, the K-Means algorithm has a fundamental flaw that has been widely
documented, namely its high sensitivity to the determination of randomly selected initial centroids
[12]. Various efforts to improve initialization schemes have been proposed, ranging from attribute
differentiation between agencies[13], more adaptive seed determination schemes for complex system
control applications[14], to outlier removal mechanisms in the early stages of clustering [15] and
distance optimization using the centroid rank order approach [16]. Nevertheless, local heuristic-based
approaches remain at risk of being stuck on suboptimal solutions. To overcome these limitations,
global search metaheuristic algorithms are widely integrated with K-Means to optimize centroid
position, as summarized in a comprehensive survey on nature-inspired metaheuristic techniques for
automatic clustering [17], hybridization of firefly algorithms with K-Means [18] and symbiotic
organisms search [19]. Particle swarm optimization, as one of the most mature family of herd
intelligence-based metaheuristics, has been extensively studied in recent comprehensive surveys[20].
However, new metaheuristic variants have not been balanced with standardized benchmarking
practices across application domains, so the selection of the most appropriate metaheuristics for
centroid optimization in specific tropical meteorological data needs to be tested.

In GA K-Means hybridization, much is directed at optimizing the initial centroid and cluster
membership function to accelerate convergence [21], as well as through systematic comparison of
hybrid methods based on genetic algorithms, minimum spanning trees, and hierarchical clustering
[22]. The latest PSO K-Means hybridization was applied to the clustering of digital population profiles
with Silhouette coefficient results that are significantly superior to conventional K-Means and GA K-
Means [23], in line with the algorithmic maturity of PSOs that have been extensively summarized in
previous comprehensive surveys [20]. The hybridization of GWO K-Means has been applied to the
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geoscience domain through the GWOKM algorithm to detect geochemical anomalies [24]. The three
clumps each have fundamentally different search mechanisms, but they are rarely tested equally within
a single evaluation framework [25]. GA, PSO, and GWO were deliberately selected in this study as
they represent three distinct metaheuristic search paradigms evolutionary computation, swarm based
social learning, and leadership hierarchy driven exploration, respectively. Each hybridization line,
however, carries a distinct limitation, GA based methods converge slowly due to repeated crossover
mutation cycles, PSO K-Means risks premature convergence when the inertia weight is poorly tuned,
and GWO K-Means remains untested beyond homogeneous, nonmeteorological domains.
Collectively, these three lines of research demonstrate considerable potential, but none has been tested
simultaneously on upper air thermodynamic data over tropical coastal regions, particularly for the
purpose of early detection of extreme weather at airports.

A review of the three research lines reveals a fairly basic research gap, namely the absence of
studies that explicitly compare GA-KMeans, PSO-KMeans, and GWO-KMeans in one consistent
evaluation framework, using the same cluster validity index, and applied to the operational
meteorological domain. The statistical objectivity of this kind of approach can be further measured
quantitatively through a cluster validity index that has been systematically summarized [8]. New
metaheuristic-related surveys have not been balanced with standardized benchmarking practices that
can be replicated across application domains[26]. This gap is even more relevant considering that a
comprehensive metaheuristic-based study confirms that the advantages of an algorithm are problem-
specific, so that generalization of results from other domains cannot be assumed to apply to air
thermodynamics data over tropical coastal areas [25].

The objective of this study is to develop a multi-model metaheuristic clustering framework that
integrates Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Grey Wolf Optimizer
(GWO) as equally weighted K-Means centroid optimization mechanisms, and to comparatively
evaluate their performance using WCSS and the Silhouette Score on multilevel upper-air
thermodynamic data from BMKG I Gusti Ngurah Rai Airport. The novelty of this study lies in the
preparation of a metaheuristic multi-model framework that integrates GA, PSO, and GWO as an equal
K-Means centroid optimization mechanism, and is applied specifically to the upper air observation
data from BMKG I Gusti Ngurah Rai Airport. In practical terms, the resulting framework is expected
to be the basis for the development of an extreme weather early warning system that is more objective
and minimal false alarm than conventional weighting scoring schemes, thereby increasing the
confidence of airport operators and air traffic controllers in the warning system used [1], and is in line
with the urgent need for a data-driven decision support system to support safety flight amid the
increasing frequency of extreme weather due to climate change [4].

2. METHOD

This model is proposed by comparing three metaheuristic techniques that will optimize
centroids for clustering models using K-Means. Figure 1 shows how the model works starting with the
input of a dataset that has been normalized using the Min-Max Scaler technique. Next is the
initialization of the swarm or population which is followed by forming a random population of agents
(particles/chromosomes/wolves) based on data samples. The next stage is a fitness evaluation cycle
using the K-Means Engine where for each agent, a K-Means sub-routine will be run to calculate the
Fitness Value (depicted in a dotted blue line). The final part is the agent position and convergence
update process as well as final mapping which will use the best centroids of the optimization results
to map all lines of data to their respective final clusters.
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Figure 1. Proposed model for clustering evaluation of upper-air thermodynamic patterns using
K-means centroid optimization with GA, PSO, and GWO algorithms.

Table 1 presents the parameters and configurations of the models used in this study, wherein K-

Means and three existing metaheuristic models are employed to process the available meteorological

data.
Table 1. Models Parameters
Category Algorithm Parameters Values
K-Means Core Number of Clusters 3
Distance Matrix Euclidean Distance
Data Normalization MinMaxScaler
Cluster Limitations Minimum Density
Constraint
Baseline Model Classic K-Means Centroid Initialization qudqm .
Initialization
Convergence Tolerance 1x10-4
Metaheuristics ~ All Combination Models  Population Size/Agent 40
Max Iteration/Epoch 100
PSO-KMeans Inertial Weight 0.8>04
Cognitive Coefficient 2.0
Social Coefficients 2.0
GA-KMeans Selection Strategy Roulet.te Wheel
Selection
Crossover Rate 0.8
Mutation Rate 0.05

GWO-KMeans

Control Parameter

2.0 = 0 (Linear)
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2.1. Dataset

The dataset we used in this study is upper air observation data (radiosonde) from the Ngurah
Rai Meteorological Station from 2022 to 2026. This data includes relative humidity (RH) parameters,
LFC/LCL height, total water precipitation (TPW), various air lability indices (SWEAT, Boyden, LI,
TT, KI), convective energy (CAPE, CIN, MVV), as well as conclusion columns (which are weight-
based predicted weather conditions applied such as Cloudy, Light Rain and Moderate Rain
accompanied by Lightning). Figure 2 shows a piece of the dataset used in this study.

Tanggal UTC RH 850 RH 700 RH_500 LFC LCL TPW SWEAT BOYDEN L 7T KI CAPE CIN MV
0 1/1/72026 0 85.0 54.0 770 9260 5170 565 213.3 959 1360102 421 290 14250 0.76 54.000000
1 1/1/2026 12 70.0 89.0 880 13030 6450 554 1752 979 1360102 427 360 19840 076 63.000000
2 1/2/2026 0 70.0 830 740 30420 6600 571 1729 96.8 1360102 408 337 2980 0.76 30.000000
3 1/2/2026 12 84.0 93.0 91.0 9480 2720 637 225.2 972 1360102 421 369 603.0 076 43.926484
4 1/3/2026 0 570 75.0 710 21660 3640 549 134.3 963 1360102 381 297 7000 0.76 40.000000

Figure 2. Dataset Snapshoot

The data used has a considerable range of values that differ significantly between existing
features, so we use data normalization techniques to adjust the range of values of all the features that
the model will process. The original data size of this dataset is 2260 instances with 17 features. Due to
the purpose of clustering, some columns or features are not used, and some incomplete rows of data
are also omitted, so the total data size that is ready to be processed by the model is 2202 instances with
14 features.

2.2. K-Means

K-Means is a distance based partitional clustering algorithm that aims to group a set of data
points into k clusters in such a way that the internal variance within each cluster is minimized. The
algorithm operates iteratively through two main stages: an assignment stage, in which each data point
is assigned to its nearest centroid based on Euclidean distance, and an update stage, in which centroid
positions are recalculated based on the mean of cluster members, until convergence is achieved [9]. In
the assignment stage, each data point x is assigned to its nearest centroid according to the Euclidean
distance, formulated as follows:

dx, w) = lx — i (1)

Where d(x, ui) denotes the Euclidean distance between data point x and centroid ui, and each data
point is assigned to the cluster whose centroid yields the minimum distance. Subsequently, in the
update stage, the centroid of each cluster is recalculated as the mean of all data points assigned to that
cluster, formulated as:

wi=(1/|Cl) Sxecx 2

Where ui is the centroid of the i ¢4 cluster, Ci is the set of data points belonging to the i ¢4 cluster,
and |Ci| denotes the number of members in that cluster. These two stages are repeated iteratively until
the centroid positions no longer change significantly, indicating that convergence has been achieved.

Although simple and computationally efficient, the performance of K-Means is highly dependent
on the random selection of initial centroids, which makes the algorithm prone to becoming trapped in
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local rather than global optima [12]. This limitation constitutes the primary motivation for developing
intelligent initialization schemes and metaheuristic hybridizations in this study.

2.3. Genetic Algorithm (GA)

GA is a population based metaheuristic optimization algorithm inspired by the mechanisms of
natural selection and biological evolution, in which each candidate solution is represented as a
chromosome within a population that evolves through selection, crossover, and mutation operators to
progressively generate more optimal solutions across successive generations [21]. Parent selection is
commonly performed using methods such as roulette wheel selection, where the probability of
selecting the i-th individual is given by:

P; :ﬁ/zj':]Nﬁ (3)

Where fi is the fitness value of each individual and N for the population size. The crossover
operator combines the genes of two selected parents with a probability Pc, while the mutation operator
randomly alters a portion of the genes with a probability Pm to maintain population diversity and
prevent premature convergence [22]. Through this evolutionary mechanism, GA is capable of
performing a global search across the centroid solution space, thereby offering the potential to
overcome the random-initialization weakness inherent in conventional K-Means.

2.4. Particle Swarm Optimization (PSO)

PSO is a swarm intelligence based optimization algorithm that emulates the collective social
behavior of bird flocks or fish schools in searching for food sources, in which each particle represents
a candidate solution that moves through the search space by updating its position based on its own best
experience [20]. The velocity and position of each particle i are updated at iteration 7+/ according to
the following equations:

vi(t+1) = wvit) + ciri(Poesii — Xi(t) + car2(pest — Xi(t)) 4)
xi(t+1) = xi(t) + vi(t+1) ®)

Where vi denotes the particle's velocity, xi denotes the particle's position representing a
candidate centroid, w is the inertia weight controlling the balance between exploration and
exploitation, ¢/ and ¢2 are the cognitive and social acceleration coefficients respectively, and »/ and
r2 are random numbers within the range [0,1].

2.5. The Grey Wolf Optimizer (GWO)

GWO is a metaheuristic algorithm inspired by the social hierarchy and hunting strategy of grey
wolf packs in the wild. GWO mathematically models the social hierarchy of wolves by designating
the best solution as Alpha (a). The second and third best solutions are designated as Beta () and Delta
(0), respectively, while the remaining candidate solutions are considered Omega (®). The optimization
process in the GWO algorithm is guided by a, B, and 9, with the ® wolves following them, with the
top three levels guiding the direction of the search toward the optimal solution [24]. The prey-
encircling process, which represents the movement of solutions toward the optimal centroid, is
formulated as:

D™= [CX (1) = X1 (6)
X{t+]) =X 1) —A°D" (7)
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with the coefficient vectors 4 and C computed as:

A =2a"r7—a, C =213 (8)

Where Xp denotes the position of the prey (the current best solution), X denotes the position of
an individual wolf, r; and r, are random numbers within the range [0,1], The final position of each
individual is updated based on the average position guided by alpha, beta, and delta, giving GWO a
favorable balance between global exploration and local exploitation. In the context of K-Means
optimization, GWO has been shown to produce more reliable clustering targets than conventional
algorithms on high-dimensional data [24].

2.6. Evaluation Method

The quality of clustering results in this study is evaluated through two primary approaches,
namely the Within-Cluster Sum of Squares (WCSS) and the Silhouette Score, both of which operate
without requiring true class labels and are therefore well suited to the unsupervised learning context
of this study [8]. WCSS measures the total intra-cluster variance, defined as the sum of squared
distances between each data point and its cluster centroid, and is commonly used both as the K-Means
optimization objective and as the basis for determining the optimal number of clusters through the
elbow method technique [27], [28]. WCSS is formulated as:

WCSS = Yiei* Seec I — il 9)

where the notations Ci is the set of members belonging to the i-#4 cluster, x is a data vector, and ui is
the centroid of the i-¢4 cluster. A smaller WCSS value for a given number of clusters indicates more
compact clusters.

In addition to WCSS, the Silhouette Score is used to evaluate clustering quality more
comprehensively, as it accounts for both intra-cluster compactness and inter cluster separation
simultaneously, and still widely adopted in clustering evaluation studies [29]. The Silhouette Score for
a given data point i is formulated as:

s(i) = (b(i) — a(i)) / max{a(i), b(i);} (10)

where a(i) is the average distance of point i to all other members of its own cluster (a measure of
cohesion), and b(i) is the smallest average distance of point i to members of the nearest neighboring
cluster (a measure of separation).

3. RESULTS

PSO-KMeans Cluster Result

mCO =« C1 =mC2

Figure 3. PSO-Kmeans Cluster Result
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In this section, we explain the results of the application of metaheuristic techniques, namely
PSO, GA and GWO as centroid search optimization techniques in the K-Means algorithm. Initial
testing was conducted using a combination of PSO and K-Means. The PSO-Kmeans model that was
applied, used the parameters as shown in table 1.

Figure 3 shows the results of clusters formed by the PSO-Kmeans model where with a target of
3 clusters, the first cluster managed to gather 553 members, the second cluster 1076 members and the
third cluster with 573 members.

Table 1 shows the results of the PSO-Kmeans cluster crosstabulation with the conclusion data

of the weighting results from manual calculations from the Ngurah Rai Meteorological Station.

Table 2. PSO-KMeans Cluster Results

Cloudy/Sun Light — Thunderstorm
Cluster Y ny Moderate %{ain / Lightning All
0 499 48 6 553
1 225 357 494 1076
2 347 168 58 573
All 1071 573 558 2202

From the table 2, we can see that PSO-Kmeans managed to group 499 Cloudy/Sunny data in
Cluster 0, with very minimal thunderstorm incidence only 6 data. Furthermore, in cluster 1, namely
with 494 out of 558 total thunderstorm events which represent very unstable conditions of the upper
air lability index.

To see the model's ability to optimize centroids, we measured the fitness value of the Within-
Cluster Sum of Squares (WCSS). The following figure 4 shows the convergence graph of this PSO-
Kmeans model.

Convergence Graph of K-Means Centroid Optimization Using PSO

310 A

300 A

290

280

270

Fitness Value (WCSS)

260 1

250 A

T
0 20 40 60 80 100
Epoch

Figure 4. PSO Convergence Graph

In addition to using PSO as a centroid optimization technique, we also use GA and GWO as
other population-based metaheuristic techniques used for cluster center optimization in K-Means.
Figure 5 shows the results of the GA-Kmeans cluster where with a target of 3 clusters, this model
managed to form 1141 members in the first cluster, 598 members in the second cluster, and 463
members in the third cluster.
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GA-KMeans Cluster Result

€

s CO0 mC1 mC2

Figure 5. GA-Kmeans Cluster Result

To see the capabilities of the GA-Kmeans model, we also performed a crosstabulation process
with the initial data as illustrated in table 2 below.

Table 3. GA-KMeans Cluster Results

Cluster Cloudy/Sunny Light — Moderate Rain Thunderstorm / Lightning All
0 249 380 512 1141

1 401 157 40 598

2 421 36 6 463

All 1071 573 558 2202

From table 3 above, it can be seen that in Cluster 0, in contrast to PSO, GA has strong convective
characteristics in the Cluster 0 index where this cluster absorbs 512 incidents of thunderstorm and 380
incidents of ordinary rain. For Cluster 1 and Cluster 2 which are more conducive to Stable and
Transitional weather characteristics, the GA-KMeans model breaks down the rest of the sunny and
cloudy days into these two clusters which 401 data in Cluster 1 and 421 data in Cluster 2.

Next is the test using the GWO-Kmeans model as shown in figure 6, the results of the GWO-
Kmeans cluster on the target of 3 clusters, this model succeeded in forming 418 members in the first
cluster, 656 members in the second cluster, and 1128 members in the third cluster.

GWO-KMeans Cluster Result

~

s C0 =C1 =C2

Figure 6. GWO-Kmeans Cluster Result

To see the capabilities of the GWO-Kmeans model, we also performed a crosstabulation process
with the initial data as illustrated in table below.
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Table 4. GWO-KMeans Cluster Results

Cluster Cloudy/Sunny Light — Moderate Rain Thunderstorm / Lightning All
0 253 125 40 418

1 574 74 8 656

2 244 374 510 1128

All 1071 573 558 2202

From table 4, we can see that GWO successfully isolated 574 Cloudy/Sunny days into cluster
1, with a very low number of storm occurrences of only 8 data. These clusters can be interpreted as
the best clean or safe weather or air conditions. In cluster 2 similar to cluster 1 in PSO-KMeans, GWO
puts an indication of extreme weather in Cluster 2 by locking 510 thunderstorm events, while Cluster
0 as an interpretation of transition characteristics, is used to accommodate the rest of the data with an
even distribution as the weather transition period.

4. DISCUSSIONS

Based on the results of the cross-test described in the previous section, the PSO-KMeans model
in Cluster 1 and the GWO-KMeans model in Cluster 2 showed very high consistency in detecting
atmospheric libility, where each model managed to lock 494 data or 88.5% and 510 data or 91.3% of
the thunderstorm or lightning event centrally in one special cluster. This characteristic proves that the
hybrid metaheuristic technique is able to recognize the multivariate radiosonde pattern that triggers
the growth of Cumulonimbus clouds at Ngurah Rai Airport with precision, while clearly separating it
from the characteristics of a stable atmosphere (Cluster 0 in PSO and Cluster 1 in GWO) which are
dominated by Cloudy/Sunny conditions. The GA model itself tends to group data based on a balanced
volume, so as seen in the previous section, the boundaries separating the weather between sunny days
and light rain in Clusters 1 and 2 overlap.

In terms of convergence values, we can see a comparison between these three metaheuristic
models, where these three models have a fitness value (WCSS) that is quite close at the end of the
iteration with the best value possessed by the PSO-Kmeans model which has a very stable curve from
the beginning of the iteration, compared to GA-Kmeans and GWO-Kmeans which produce quite high
values at the beginning of the iteration.

Comparison of Multimodel Metaheuristic-KMeans Convergence Curves

o o — PSO-KMeans (Final WCSS: 250.60)
5000 A \.. == GA-KMeans (Final WCSS: 330.07)
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Figure 7. Models Fitness Value Comparison
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As seen in figure 7, the best fitness value is produced by the PSO-Kmeans model with a WCSS
value of 250.6012, followed by GWO-Kmeans with a WCSS value of 304.7890 and finally the GA-
Kmeans model with a WCSS value of 330.0701.

Table 5. Comparison of Computational Performance

Models WCSS Silhouette Score  Computational Time
Classic K-Means 273.9908 0.2832 2.41 second
PSO-KMeans 250.6012 0.2851 1.98 second
GA-KMeans 330.0701 0.3003 3.75 second
GWO-KMeans 304.7890 0.2843 2.77 second

Table 5 shows the final comparison of the model test using the Silhouette Score and WCSS
metric, also with computational time. Silhouette Score results illustrate the good capabilities of the
three metaheuristic algorithms used. The three population-based models used, namely PSO-KMeans,
GA-KMeans, and GWO-KMeans, consistently produced higher Silhouette Score values compared to
the classic K-Means baseline.

Notably, PSO-KMeans demonstrated the most precise centroid optimization performance
among the metaheuristic group, reducing the WCSS value to 250.6012 while simultaneously
improving the Silhouette Score to 0.2851. Conversely, GA-KMeans achieved the highest level of inter-
cluster separation with a Silhouette Score of 0.3003, although it required a slightly longer computation
time 3.75 seconds, due to the complexity of biological evolutionary operators such as crossover and
mutation. Meanwhile, PSO exhibited the best execution time efficiency among the metaheuristic
algorithms evaluated.

Based on the study results, PSO-KMeans was selected as the optimal clustering model for
profiling atmospheric instability at Ngurah Rai Airport. Although GA-KMeans achieved the highest
Silhouette Score of 0.3003, indicating clear inter-cluster separation, it yielded a relatively high WCSS
value 0f 330.0701. In contrast, PSO-KMeans delivered the most optimal balance between inter-cluster
separation with Silhouette Score = 0.2851 and intra-cluster density with WCSS = 250.6012. This
superiority is further supported by cross-tabulation analysis of the original data, which showed that
PSO-KMeans most consistently and homogeneously isolated 88.5% of extreme weather events into a
single, specific convective cluster. These findings demonstrate that PSO-KMeans is not only
computationally superior but also the most relevant model for supporting aviation meteorological early
warning systems.

In the field of computer science, this results show that the metaheuristic hybrid technique is not
only oriented towards minimizing the internal distance of the group, but also successfully maximizing
the distance between the separators between clusters. Meteorologically, the stricter spatial boundaries
between these clusters are crucial, as they are able to separate the stable atmospheric profile as in
Cluster 2 and the extreme convective atmosphere such as in Cluster 1, in contrast without triggering
the data overlapping phenomenon that often occurs in conventional K-Means.

5. CONCLUSION

This study compares three metaheuristic techniques that will optimize centroids for clustering
models using K-Means. The dataset used in this study is upper air observation data from the Ngurah
Rai Meteorological Station from 2022 to 2026 with a total data size used by the model of 2202
instances with 14 features.

The test results showed that the best fitness value was produced by the PSO-Kmeans model,
followed by GWO-Kmeans and finally the GA-Kmeans model. All three models also consistently
produced higher Silhouette Scores compared to the classic K-Means baseline. The results of this study
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can show that metaheuristic hybridization has been shown to be effective in improving the quality of
the clsuter separation structure which is characterized by an increase in the Silhouette Score in all three
models used. In terms of applications, it can be seen that clusters with strict limits of optimization
results are proven to have a high physical correlation with real weather at Ngurah Rai Airport, where
cluster 1 manages to lock the majority of thunderstorm cloud events homogeneously.

Specifically within the field of computer science, this research provides insights into the
performance of metaheuristic algorithms capable of optimizing cluster centers in classical clustering
techniques such as K-Means. The results demonstrate that employing appropriate cluster center
optimization techniques can improve both clustering quality and resource efficiency when grouping
various types of data.

This study has limitations, such as the dataset being restricted to profiles from the Ngurah Rai
Meteorological Station based on conventional upper-air balloon observation intervals; consequently,
micro-scale atmospheric dynamics occurring outside the primary observation times were not captured.
Furthermore, the metaheuristic algorithm parameters and the number of clusters were kept constant
based on operational weather categorization, specifically using a value of k=3.

In future research, the need for the classification or clustering of meteorological data is
increasing, driven by the growing volume of available data. Consequently, various machine learning
techniques can be applied to meteorological tasks, specifically by employing diverse metaheuristic
optimization methods, to evaluate the accuracy achieved by the models. Development can also be
achieved by applying a dynamic k-value setting method or an exploratory hyperparameter search to
the metaheuristic algorithm employed.
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