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Abstract

Indonesia, as an archipelagic country, relies heavily on air transportation to support
interregional connectivity. Airports play an important role in supporting community
mobility, economic activities, and equitable regional development. However, the level of
air transportation activity at each airport in Indonesia varies and may change over time.
This study aims to cluster airports in Indonesia based on domestic air transportation
activity using the K-Means algorithm. The dataset used in this study consists of historical
data from the period 2015-2023, including aircraft movements, passenger traffic,
baggage volume, cargo volume, and mail shipments obtained from the HUBNET system
of the Ministry of Transportation. The analysis process includes exploratory data analysis,
data preprocessing, feature selection, and clustering modeling using the K-Means
algorithm. The number of clusters is determined using the Elbow and Silhouette methods,
resulting in candidate values of K = 2, 3, and 5. The evaluation results show that K = 2
has the best quality with a Silhouette Score of 0.6254, a Calinski Harabasz Index of
2635.59, and a Davies Bouldin Index of 0.5938. However, K = 3 is chosen as it is more
representative, consisting of 260 low-activity airports, 1063 medium, and 627 high.
Temporal analysis shows 233 cluster transitions across 123 airports, with the highest
increase in 2016 (31 airports) and the highest decrease in 2018 (23 airports). The results
indicate that airport activity is dynamic and that clustering can be used as a basis for
data-driven airport planning and evaluation.
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1. INTRODUCING

Airports function as gateways for economic activities that support growth, stability, and
balanced development at both national and regional levels. In addition, airports enhance
regional accessibility and play a significant role in supporting industrial, trade, and tourism
sectors[1]. Airports also contribute to improving regional connectivity and facilitating
economic interactions between regions. Their role in supporting mobility and strengthening
transportation networks makes airports an important component of national infrastructure
and regional development[2].

According to the Air Transportation Statistics 2023, there are 220 active airports
operating under the management of PT Angkasa Pura I, PT Angkasa Pura II, Unit
Penyelenggara Bandar Udara (UPBU), and Badan Usaha Bandar Udara (BUBU)[3]. The
report indicates that during the period 2019-2023 the number of domestic aircraft
movements decreased by an average of 4.88% per year, followed by a decline in passenger
traffic by 4.75% per year and postal shipments by 43.73% per year, while cargo and
baggage volumes increased by 0.93% and 3.03% per year, respectively[3]. These
differences in activity trends indicate variations in the level of air transportation activity
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among airports, highlighting the need for data-driven analysis to understand the
characteristics and patterns of air transportation traffic at each airport in Indonesia.

Within the national air transportation system, airports have different roles and activity
levels, functioning as hub airports, feeder airports, or regional airports, which are reflected
in passenger volumes and flight movements[4]. These activities are influenced by several
factors, including regional economic development, demand for air transportation, and
macro-environmental conditions, causing airport roles and activity levels to change over
time[5][6]. These changes indicate the importance of historical data-based analysis to
objectively understand airport activity patterns.

In the transportation sector, several studies have applied data mining approaches,
particularly the K-Means algorithm, to analyze marine transportation services by clustering
ports as a basis for improving service planning[7]. Similar approaches have also been used
to identify passenger density patterns at major airports in Indonesia and to group 21
airports based on operational and financial characteristics as a basis for adjusting
organizational structures and airport resource management[8][9].

However, most studies in the transportation sector still employ a cross-sectional
approach, which does not fully capture the patterns and characteristics of airports over
time [10]. Meanwhile, the distribution of passenger flows and interregional connectivity
patterns may change both spatially and temporally as air transportation systems evolve
[11][12]. Therefore, further analysis is required to understand airport activity patterns in
a more comprehensive manner.

This study performs clustering of airports in Indonesia based on domestic air
transportation activity using the K-Means algorithm by utilizing historical data from 2015-
2023, which include aircraft movements, passenger traffic, baggage volume, cargo
volume, and postal shipments. The clustering results are expected to identify patterns of
airport activity and the characteristics of each airport in Indonesia, which may serve as a
basis for evaluation, mapping, and decision-making in airport management and planning.

2. METHODOLOGY

Figure 1 presents the research framework describing the stages of the airport clustering
process in Indonesia using the K-Means algorithm.
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Figure 1. Research Framework
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2.1 Data Collection and Data Integration

The dataset used in this study was obtained from the HUBNET website, a
transportation service integration system managed by the Ministry of Transportation of the
Republic of Indonesia, which supports the digital transformation of the transportation
sector[13]. The data consist of aircraft movements, passenger traffic, baggage volume,
cargo volume, and postal shipments, which represent airport operational activities in
domestic flights[13].

The data collection stage aims to obtain data or information that is relevant to the
objectives of the study[14]. Initially, the data were available in separate files based on the
type of air transportation traffic and the year of observation. Therefore, a data integration
process was performed to combine these datasets in order to obtain more comprehensive
information[15]. This process follows the structure of the air transportation statistics
report, which categorizes air transportation traffic into aircraft movements, passenger
traffic, baggage, cargo, and postal shipments[16]. After the integration process, the
dataset consisted of eight variables, which are described as follows.

Table 1. Variable Description

Variabel Data Type Description
province object Province where the airport is located
airport_name | object Name of the airport
Year int64 Year of the observation
aircraft float64 Number of domestic aircraft movement
passenger float64 Number of domestic passengers
baggage float64 Volume of domestic baggage

transported

cargo float64 Volume of domestic cargo transported
mail float64 Volume of domestic mail and packages

2.2 Exploratory Data Analysis (EDA)

At this stage, data exploration is conducted through statistical summaries and
visualizations to identify patterns, relationships among variables, and the potential
presence of extreme values or anomalies in the dataset. This process aims to provide an
initial understanding of the data structure in order to determine appropriate data
processing steps before further analysis is performed[17]. Skewness is a statistical
measure used to indicate the degree of asymmetry in a data distribution relative to its
mean. Meanwhile, kurtosis describes the thickness of the distribution tails, which is
associated with the likelihood of extreme values occurring in the data[18].

2.3 Preprocessing

Data preprocessing is an initial stage of data processing aimed at transforming raw
data into data that are ready for modeling. This stage is performed to address issues such
as inconsistencies, missing values, noise, and differences in scale among attributes[19].
This stage includes several processes such as data cleaning, log transformation, feature
selection, data normalization, and adjustment of the data structure according to the
requirements of the analysis algorithm Missing values, usually represented as NaN, null,
or empty values, can reduce analysis quality and cause bias if not handled properly because
many machine learning algorithms cannot process incomplete data[20]. Log
transformation is used to stabilize data variance. The use of log(1+x) allows all data,
including zero values, to be transformed without producing undefined values, making this
method a commonly used approach in normalization and machine learning—-based data
analysis[21].

After the outlier handling process, feature selection was performed to identify the
most relevant variables for clustering. Feature selection plays an important role in
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producing models that are more robust, efficient, and have better generalization
capability[22]. This is in line with the concept of sparsity, where only a small subset of
features is truly relevant, while the remaining features can be ignored without significantly
reducing model performance[23]. In addition, correlation analysis using the Pearson
correlation coefficient was applied as part of the filter-based feature selection process[24].
Correlation analysis was conducted to identify relationships among features in the dataset.
This statistical method measures the strength of linear relationships between variables
using correlation coefficients ranging from -1 to 1 [25]. Although the dataset has no labels,
correlation analysis remains relevant in unsupervised learning because the analysis is
based on the intrinsic properties of the data, such as relationships and dependencies
among features. Correlation can be used to identify associations between variables and
detect potential information redundancy without requiring labeled data[26]. Data that have
undergone preprocessing are then transformed into a more suitable format so that they
can be used effectively in the subsequent analysis process[27].

2.4 K-Means Clustering

K-Means is an unsupervised learning algorithm used to group data into several
clusters based on feature similarity. The main objective of K-Means is to identify underlying
structures within the data, reduce the complexity of the dataset, and produce meaningful
segmentation, particularly for numerical features[28].

The distance between each data point and the centroid is calculated using the Euclidean
distance as follows:

d(xi,cj) = (1)

d(x;,¢;) = distance between the i-th data point and the j-th centroid
Xik = value of the i-th data point on the k-th variable

Cik = value of the j-th centroid on the k-th variable

m = number of variables

The cluster centroid is then updated by calculating the mean value of all data points within
the cluster:

nj
¢ = l X; (2)
=0
cj = centroid of cluster j
n; = number of data points in cluster j
X; = data point assigned to the cluster

2.5 Elbow Method

The Elbow method is used to determine the optimal number of clusters in the K-
Means algorithm by analyzing the value of the Sum of Squared Error (SSE) across different
numbers of clusters. SSE is calculated from the squared distance between each data point
and the centroid of its assigned cluster. The SSE value decreases as the number of clusters
increases. However, at a certain point, the rate of decrease becomes less significant. This
point is referred to as the elbow point and is considered an indication of the optimal humber

of clusters[29].
k
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C; = centroid of the i-th cluster
C; = set of data points in the i-th cluster

2. 6 Silhouette

The Silhouette method evaluates clustering quality by comparing the similarity of
data points within the same cluster with their dissimilarity to the nearest neighboring
cluster. The Silhouette value ranges from —1 to 1, where a higher positive value indicates
that the data point is well matched to its own cluster and poorly matched to neighboring
clusters. Conversely, negative values indicate a potential misclassification of the data point.
A higher average Silhouette value indicates a better clustering structure[30].

. b(i) — a(i)
SO =—F———"= 4
max(a(z), b(l))
S() = silhouette value of the i-th data point
a(i) = average distance between the i-th data point and other points within the same
cluster
b(i) = average distance between the i-th data point and the nearest neighboring cluster

2.7 Davies-Bouldin Index

The Davies-Bouldin Index (DBI) is an internal evaluation method used to measure
the quality of clustering results by considering the compactness within clusters (intra-
cluster similarity) and the separation between clusters (inter-cluster separation). A lower
DBI value indicates that the clusters have high internal similarity and clear separation from
other clusters, resulting in better clustering quality[29].

1% S, +S;
DBI = — E max (5
k_ 4 JE] Ml]
i=
= number of clusters

= average distance of all data points in cluster i to centroid i
= average distance of all data points in cluster j to centroid j
= distance between the centroids of clusters i and j

ij
. 8 Calinski-Harabasz Index

The Calinski-Harabasz Index (CH) is used to evaluate the quality of clustering
results by comparing the variation between clusters (between-cluster dispersion) and the
variation within clusters (within-cluster dispersion). The CH value is calculated as the ratio
between the Sum of Squares Between (SSB) and the Sum of Squares Within (SSW),
normalized by the number of data points and the number of clusters. A higher CH value
indicates better clustering quality, as it reflects greater separation between clusters and
higher compactness within clusters[31].

CH

N =Thh

_SSBXn—k
TSSW T k-1

(6)

SSB between-cluster variation
Ssw within-cluster variation

n = number of data points

k number of clusters

3. RESULT AND DISCUSSIONS

3.1 Exploratory Data Analysis (EDA)

Based on the data structure inspection, the dataset consists of 1,950 observations
and eight variables, including two categorical variables—province and airport hame—and
six numerical variables consisting of the observation year and five indicators of air
transportation traffic. Several numerical variables contain missing values, specifically 73
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values in the aircraft variable, 42 in passengers, 49 in baggage, 48 in cargo, and 39 in
mail, resulting in a total of 251 missing values in the dataset. In addition to missing values,
zero values were also identified in several air transportation traffic variables. The mail
variable has the highest percentage of zero values at 77.33%, followed by cargo (31.85%),
baggage (11.23%), passengers (7.90%), and aircraft movements (5.23%).
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Figure 2. Distribution of Data Variables
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The histogram results show that all variables tend to have right-skewed
distributions. Most airports are concentrated within lower activity ranges, while only a few
airports record very high activity levels, forming long tails on the right side of the
distributions. The aircraft and passenger variables indicate that air transportation activity
is unevenly distributed across airports. Similar patterns are also observed in the baggage
and cargo variables, where the majority of airports have relatively low activity volumes
compared to a small number of highly active airports.

In contrast, the mail variable exhibits the highest level of skewness among all
variables. Most observations are concentrated near very low values, and many contain zero
values, indicating that postal shipment activity is generally low and unevenly distributed
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across airports. Overall, these distribution patterns reflect disparities in airport activity
levels, highlighting the need for preprocessing before clustering in order to reduce the
influence of extreme values and improve clustering stability.
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Figure 3. Boxplot Outlier Visualization

To identify the presence of extreme values in each variable, boxplot visualizations
were performed. The results show that all air transportation traffic variables contain
outliers on the right side of the distributions, indicating that several airports have
substantially higher activity levels compared to most other airports. This pattern is
observed in the aircraft, passenger, baggage, and cargo variables, while the mail variable
exhibits the most extreme pattern because most observations are concentrated at very
low or zero values, with only a few observations showing very high values. Outlier detection
using the Interquartile Range (IQR) method indicates that the aircraft variable contains
271 outliers (13.90%), passengers 336 (17.23%), baggage 357 (18.31%), cargo 395
(20.26%), and mail 403 (20.67%). The high proportion of outliers suggests that the data
distributions are uneven or skewed, which is a common characteristic of air transportation
data due to significant differences in airport activity levels, meaning that the detected
outliers do not necessarily represent data errors but rather reflect actual variations in
airport operational activities.

Table 2. Skewness and Kurtosis

Variabel Skewness Kurtosis
aircraft 8.80 99.12
passenger 10.70 140.98
baggage 10.94 151.62
cargo 8.76 93.95
mail 22.98 704.19

The skewness and kurtosis calculations presented in Table 2 indicate that all
variables have high positive skewness values, ranging from 8.76 to 22.98. These values
indicate that the data distribution is not symmetrical and tends to be skewed to the right.
In addition, the very high kurtosis values suggest the presence of extreme differences
among data points, reflecting a significant imbalance in activity levels across airports.
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3.2 Preprocessing

The preprocessing stage was conducted based on the results of exploratory data
analysis (EDA), which revealed substantial differences in data scales and distributions that
tended to be imbalanced or right-skewed. Therefore, several preprocessing steps were
performed, including missing value handling, logarithmic transformation, feature selection,
and data normalization using MinMaxScaler.

Missing values were handled contextually based on each airport and observation
year. Missing values occurring before or after the operational period of an airport were
filled with 0, representing periods with no recorded activity. Meanwhile, missing values
located between observation periods were imputed using the median value of the
corresponding variable for the same airport in order to preserve the characteristic patterns
of each airport’s data.

After the data imputation process, a log transformation was applied to the aircraft,
passenger, baggage, cargo, and mail variables using the log(l + x) function. This
transformation aims to reduce the skewness of the data distribution and minimize the
influence of extremely large values.
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Figure 4. Distribution of Variables After Log Transformation

The histogram results after the log transformation show that the distributions of the
aircraft, passenger, and baggage variables become more balanced compared to their
distributions before transformation. In contrast, the cargo and mail variables still exhibit a
concentration of values within the lower range, indicating that most observations remain
clustered at relatively low activity levels.
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Figure 5. Boxplot Outlier After Log Transformation

The boxplot analysis results show that after the log transformation, outliers are still
present but are no longer dominant, and the data distribution becomes more concentrated.
This condition indicates that the log transformation is able to reduce the influence of
extreme values without removing important data. This finding is consistent with previous
studies stating that log transformation can compress large values so that they do not
dominate the analysis [32]. Therefore, the outliers were not removed because they were
considered to represent actual conditions, particularly for airports with high activity levels

Table 3 Skewness and Kurtosis After Log Transformation

Variabel Skewness Kurtosis
aircraft -0.820 0.652
passenger -0.737 0.237
baggage -0.953 0.229
cargo -0.059 -1.511
mail 2.151 3.215

Further distribution analysis was conducted using skewness and kurtosis values.
The results show that the skewness values of the aircraft (-0.820), passenger (-0.737),
baggage (-0.953), and cargo (-0.059) variables are close to zero, indicating that the data
distributions become more balanced after the log transformation. In contrast, the mail
variable still has a skewness value of 2.151, indicating that the distribution remains right-
skewed.
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The kurtosis values of the aircraft (0.652), passenger (0.237), and baggage (0.229)
variables are also close to zero, suggesting a more stable distribution shape after the log
transformation. The cargo variable has a kurtosis value of -1.511, indicating a flatter
distribution peak, while the mail variable has a kurtosis value of 3.215, which suggests the
presence of relatively extreme values. Overall, the log transformation helps improve the
data distribution, making it more stable for further analysis.

The outlier detection results after applying the log(1+x) transformation show a
reduction in the number of outliers for most variables, with aircraft decreasing to 185 data
points (9.49%), passengers to 196 (10.05%), baggage to 270 (13.85%), and cargo to O
(0.00%), while the mail variable remained at 403 outliers (20.67%). This condition
indicates that the distribution of the mail variable is still highly uneven. Therefore, further
treatment was performed using the Interquartile Range (IQR)-based winsorization method
by limiting extreme values within the lower and upper boundaries defined by Q1 — 1.5xIQR
and Q3 + 1.5xIQR without removing the data [33]. The winsorization results show that
the number of outliers in all variables became 0 (0%), indicating that the extreme values
were successfully controlled by adjusting them to the specified boundaries without
eliminating important data
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Figure 6. Winsorization Boxplot Visualization

The boxplot visualization after winsorization shows that no points remain outside
the whiskers and the data distribution becomes more stable. However, the mail variable
still exhibits a very narrow distribution because many extreme values were limited to the
same range. These results indicate that winsorization is effective in reducing the influence
of outliers without removing data.

In high dimensional data, features with high percentages of zero values may
indicate sparsity characteristics that can reduce model effectiveness, making feature
selection necessary [23]. The analysis was conducted by calculating the percentage of zero
values in each variable. The results show that the aircraft variable contains 8.97% zero
values, passengers 10.05%, and baggage 13.74%, indicating that these variables still have
sufficient data variation. Meanwhile, the cargo variable contains 34.31% zero values and
the mail variable 79.33%, indicating that most observations in these variables are zero.
The high percentage of zero values reflects sparsity characteristics that may reduce the
effectiveness of the clustering process.
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Figure 7. Heatmap Correlation

In addition to the zero-value analysis, Pearson correlation coefficient analysis was
performed to examine relationships among variables. The correlation results indicate that
most variables have strong positive relationships. The aircraft variable has correlations of
0.95 with passengers, 0.89 with baggage, and 0.86 with cargo. The passenger variable
also shows high correlations with baggage (0.94) and cargo (0.82), while baggage and
cargo have a correlation of 0.79. In contrast, the mail variable exhibits relatively low
correlations with the other variables, ranging from 0.25 to 0.31, indicating that postal
shipment activity is not strongly associated with other air transportation activities.

Based on the feature selection results, the cargo and mail variables were removed
from the dataset because they contain high percentages of zero values, while the mail
variable also shows relatively low correlations with the other variables. Therefore, both
variables were considered less informative for the clustering process using the K-Means
algorithm.

The normalization stage was performed using the Min-Max Normalization method
through MinMaxScaler to transform the value range of each variable into a scale between
0 and 1. This process aims to minimize scale differences among variables so that each
variable contributes more equally to the distance calculation in the K-Means algorithm and
does not dominate the clustering process.

3.3 Elbow and Silhouette Method
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Figure 8. Elbow and Silhouette Values

Based on the Elbow Method graph in Figure 8, the Within-Cluster Sum of Squares
(WCSS) value decreases sharply from K = 2 to K = 4, and the rate of decrease begins to
level off after K = 5. This pattern indicates that increasing the number of clusters beyond
this point does not result in a significant reduction in WCSS. Therefore, the values of K
around this point can be considered as potential candidates for the optimal number of
clusters.

Further evaluation was performed using the Silhouette Score to measure the quality
of separation between clusters. The results show that the highest Silhouette value is
obtained at K = 2 with a score of 0.625, followed by K = 3 with 0.528, K = 5 with 0.497,
and K = 8 with 0.476.

Based on the combination of these two methods, K = 2, K = 3, and K = 5 are
considered potential candidates for the optimal number of clusters, as they correspond to
the points where the WCSS reduction is still significant and where the Silhouette values
remain relatively higher compared to other values of K. The K-Means algorithm was then
applied using these cluster values to obtain clustering results and evaluate the
characteristics of the clusters formed.

3.4 Metric Evaluation

The comparison of clustering quality across several values of K was conducted using
three evaluation metrics: Silhouette Score, Davies—-Bouldin Index (DBI), and Calinski-
Harabasz Index (CHI). The evaluation results are presented in Table 4.

Table 4. Metric Evaluation

K | Silhouette Score | Davies-Bouldin Index Calinski-Harabasz Index
2 0.6254 0.5938 2635.59
3 0.5284 0.6061 3543.93
5 0.4975 0.7124 3742.02

Based on the evaluation results, K = 2 has the highest Silhouette Score (0.6254)
and the lowest Davies-Bouldin Index (0.5938), indicating the best cluster separation.
However, K = 3 still demonstrates good clustering quality with a Silhouette Score of 0.5284
and a Davies-Bouldin Index of 0.6061.

Although K = 2 provides more optimal metric values, this study uses K = 3 because
it provides a more detailed grouping of airports, allowing variations in air transportation
activity levels to be represented more clearly compared to using only two clusters.

3.5 Cluster Result Analysis
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Figure 9. 3D PCA Visualization of K-Means Clustering

The PCA visualization in Figure 9 shows that the three clusters exhibit distinct
distribution patterns within the three dimensional principal component space. Cluster O
forms the largest group and is concentrated around the center of the distribution, while
Cluster 1 appears more dispersed on the left side of the plot. In contrast, Cluster 2 forms
a denser group on the right side of the plot. This pattern indicates that the K-Means
algorithm successfully separates airport data into clusters with different activity
characteristics.
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Figure 10. Cluster Data Distribution
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The distribution of data across clusters shows that Cluster 0 contains the largest
number of airports with 1,063 observations, followed by Cluster 2 with 627 observations,
and Cluster 1 with 260 observations. These results indicate that the majority of airports
share relatively similar activity characteristics and are grouped within Cluster 0.

Cluster Distribution by Year (K = 3)

140 -

120 1

Cluster
L]
I}

2

121

131 129

139

4 99
100 o

80 7 78

60

Number of Data Points
]

401

2015
2016
2017
2018

g:2019
2020
2021
2022
2023

Figure 11. Cluster Distribution by Year

The yearly cluster distribution shows that Cluster 0 consistently contains the highest
number of airports across all observation years. The highest number in this cluster occurs
in 2023 with 139 airports, while the lowest occurs in 2016 with 96 airports. In Cluster 1,
the number of airports is relatively smaller compared to the other clusters. The highest
number occurs in 2015 with 47 airports, while the lowest occurs in 2019 with 14 airports.
Meanwhile, Cluster 2 represents a moderate level of airport activity. The highest number
in this cluster occurs in 2018 with 88 airports, while the lowest occurs in 2015 with 50
airports. These results indicate that airport activity levels vary across years, reflecting
changes in operational patterns within the Indonesian air transportation system.

3. 6 Airport Cluster Pattern Analysis (2015-2023)

The K-Means clustering results with K = 3 indicate that airports in Indonesia can be
grouped into three categories based on the level of air transportation activity: low,
medium, and high activity levels. This classification is based on the average values of the
aircraft, passenger, and baggage variables within each cluster.

Table 5. Cluster Characteristics Based on Average Values

Cluster aircraft passenger baggage Description
1 0.142 0.066 0.017 Low
0 0.478 0.492 0.517 Medium
2 0.711 0.742 0.761 High

The calculation results show that Cluster 1 has the lowest average values, with
aircraft = 0.142, passengers = 0.066, and baggage = 0.017, indicating airports with low
activity levels. Cluster 0 has average values of aircraft = 0.478, passengers = 0.492, and
baggage 0.517, representing airports with moderate air transportation activity.
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Meanwhile, Cluster 2 has the highest average values, with aircraft = 0.711, passengers =
0.742, and baggage = 0.761, representing airports with high air transportation activity.

After identifying the characteristics of each cluster, further analysis was conducted
to examine the airport cluster patterns from year to year during the period 2015-2023.
The results indicate that several airports experienced cluster transitions, reflecting
increases or decreases in air transportation activity levels.

Table 6. Airport Cluster Transitions During the Observation Period

Cluster Transition Number of Airports
0—-1 49
0—-2 62
150 70
1-2 6
2-0 46

Overall, 233 cluster transitions were recorded involving 123 airports. The most
frequent transition occurred from low activity to medium activity (1 — 0), involving 70
airports, followed by transitions from medium to high activity (0 — 2) involving 62 airports.
On the other hand, 49 airports moved from medium activity to low activity (0 — 1), while
46 airports moved from high activity to medium activity (2 — 0). Direct transitions from
low activity to high activity (1 — 2) occurred in 6 airports.

Table 7. Airport Cluster Changes per Year (2015-2023)

Year Increase Decrease Total
2015 0 0 0
2016 31 9 40
2017 15 18 33
2018 18 23 41
2019 7 20 27
2020 9 19 28
2021 13 11 24
2022 10 5 15
2023 14 11 25

When examined annually, the cluster pattern shows varying dynamics. The highest
increase in cluster level occurred in 2016, when 31 airports experienced an increase in
activity level, while the largest decrease occurred in 2018, when 23 airports experienced
a decline in activity level. Overall, these results indicate that airport activity levels in
Indonesia change from year to year, which is reflected in cluster transitions among several
airports.

4. CONCLUSION

This study aims to cluster airports in Indonesia based on domestic air transportation
activity using the K-Means algorithm. The optimal number of clusters was evaluated using
the Elbow and Silhouette methods, resulting in K = 2, K = 3, and K = 5 as potential cluster
candidates. Although K = 2 produced the best evaluation metrics with the highest
Silhouette Score (0.6254) and the lowest Davies-Bouldin Index (0.5938), K = 3 was
selected because it provides a more interpretable representation of airport activity
variations.

The clustering results indicate that airports in Indonesia can be grouped into three
activity categories: low, medium, and high activity levels. Most airports are classified within
the medium activity cluster, while the high activity cluster contains the fewest airports.
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Temporal analysis during the 2015-2023 period also reveals dynamic changes in airport
activity, reflected by 233 cluster transitions involving 123 airports. The highest increase in
activity occurred in 2016, while the largest decrease occurred in 2018. These findings
demonstrate that airport activity in Indonesia changes over time and highlight the
importance of historical-data-based clustering in understanding airport activity patterns.
The results of this study can serve as a reference for airport evaluation, transportation
planning, and data-driven decision-making related to air transportation development in
Indonesia.

For future research, it is recommended to incorporate additional variables related
to airport operations and regional characteristics, as well as to utilize more recent datasets
to obtain a more comprehensive analysis. Future studies may also compare different
clustering approaches to achieve more optimal clustering results.
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