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 This study segments Indonesian provinces based on district road stability 

characteristics using K-Means and Hierarchical Clustering approaches. 

We analyzed district road stability data from 34 provinces during 2016-

2023, including total road length, stable road conditions, and unstable 

road conditions. Data preprocessing included cleaning, normalization 

using min-max scaling, and feature selection. Results showed optimal 

clustering with k=4, achieving silhouette coefficient of 0.647 for K-

Means and 0.623 for Hierarchical Clustering. Four distinct provincial 

clusters emerged: Optimal Infrastructure Provinces (>80% stability), 

Developing Infrastructure Provinces (60-80% stability), Infrastructure 

Challenge Provinces (<60% stability with extensive networks), and 

Limited Infrastructure Provinces (small networks with variable stability). 

The Adjusted Rand Index of 0.78 demonstrated high agreement between 

methods. This segmentation provides evidence-based insights for 

targeted infrastructure policy formulation in Indonesia.  
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1. Introduction 

Transportation infrastructure serves as the backbone of economic development in Indonesia, with 
district roads playing a strategic role in supporting local connectivity and community development. 
The quality and stability of district roads significantly impact regional economic growth, access to 
public services, and overall quality of life. Indonesia's district road stability data reveals substantial 
variations across provinces, with considerable disparities influenced by geographical characteristics, 
fiscal capacity, and infrastructure management effectiveness. 

Road stability assessment in Indonesia follows the International Roughness Index (IRI) 
methodology, where roads with IRI values ≤8 m/km are classified as stable, while roads exceeding 
this threshold are considered unstable [1]. This standardized measurement enables consistent 
evaluation across provinces and facilitates comparative analysis of infrastructure conditions 
nationwide. 

Recent advances in machine learning have revolutionized infrastructure analysis and policy 
formulation. Clustering algorithms, particularly K-Means and Hierarchical Clustering, have 
demonstrated effectiveness in transportation infrastructure analysis by identifying hidden patterns 
and grouping regions with similar characteristics [2], [3]. These unsupervised learning techniques 
enable evidence-based policy development by revealing natural groupings within complex 
infrastructure datasets. 
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Previous infrastructure studies in Indonesia have predominantly focused on technical aspects with 
limited comprehensive analysis using machine learning approaches for provincial clustering. 
International studies have successfully applied clustering techniques for transportation infrastructure 
analysis, demonstrating significant potential for policy applications [4]. This study addresses the gap 
by applying machine learning clustering to segment Indonesian provinces based on district road 
stability characteristics, providing evidence-based insights for targeted policy formulation and 
resource allocation strategies. 

2. Method  

2.1. Data Collection 

This study employs a quantitative research approach with exploratory design to identify patterns in 
Indonesian district road stability data using unsupervised machine learning techniques [5]. The 
research utilizes secondary data from the Directorate General of Highways, Ministry of Public Works 
of the Republic of Indonesia, ensuring reliability and consistency in measurement methodologies. 

The study population comprises all 34 Indonesian provinces during 2016-2023, capturing recent 
infrastructure development trends. The dataset comprises six key variables: province code, province 
name, total district road length (kilometers), stable road length (kilometers), stable road percentage, 
unstable road length (kilometers), and unstable road percentage. Data validation included 
completeness verification, internal consistency checks, and temporal consistency analysis. 

2.2. Data Preprocessing 

Data preprocessing procedures include data cleaning, missing value imputation, outlier detection and 
treatment, and normalization [6]. Missing value analysis revealed less than 5% missing data across 
variables. Missing value treatment employed temporal interpolation for random missing values and 
mean imputation based on similar provinces for systematic missing data. 

Outlier detection using Interquartile Range methods identified potential anomalies, which underwent 
contextual analysis considering geographical and administrative factors. Data normalization 
employed min-max scaling to transform all numerical variables to [0,1] range using the formula (x - 
min)/(max - min), ensuring equal contribution of all variables in distance-based clustering 
algorithms. 

2.3. Clustering Implementation 

Clustering implementation utilized Python programming environment with scikit-learn, pandas, and 
numpy libraries [7]. K-Means clustering implementation began with optimal cluster determination 
using elbow method analysis, examining Sum of Squared Errors values for k ranging from 2 to 10 
[8]. Silhouette analysis validated cluster number selection by considering both cohesion and 
separation aspects. 

Algorithm configuration employed k-means++ initialization with maximum iterations of 300 and 
convergence tolerance of 1e-4. Multiple random initializations (10 runs) addressed initialization 
sensitivity. Hierarchical clustering implementation utilized agglomerative approach with Ward 
linkage method, which minimizes within-cluster variance and produces balanced clusters [9]. 

2.4. Evaluation and Validation 

Clustering evaluation employed multiple validation metrics including silhouette coefficient, Davies-
Bouldin index, and Calinski-Harabasz index. Silhouette coefficient measures clustering quality by 
comparing average intra-cluster distance with average nearest-cluster distance [10]. Davies-Bouldin 
index provides complementary assessment by measuring the ratio of within-cluster scatter to 
between-cluster separation [11]. Stability validation assessed clustering consistency across different 
algorithm runs and parameter settings using Adjusted Rand Index [12]. 

3. Results and Discussion 

3.1. Optimal Cluster Determination and Clustering Results 

Optimal cluster number determination through elbow method analysis revealed clear inflection point 
at k=4, where Sum of Squared Errors reduction began to level off significantly. Silhouette analysis 
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corroborated this finding, demonstrating maximum average silhouette coefficient of 0.647 for k=4 
configuration, indicating reasonable to good clustering structure. 

K-Means clustering with k=4 successfully segmented the 34 provinces into four distinct clusters with 
balanced distribution: Cluster 1 (9 provinces), Cluster 2 (8 provinces), Cluster 3 (10 provinces), and 
Cluster 4 (7 provinces). Hierarchical clustering produced comparable results with slight variations in 
provincial assignments, particularly for provinces with boundary characteristics. 

The first cluster is optimal infrastructure provinces, comprising 9 provinces characterized by high 
road stability rates exceeding 80% and moderate total road lengths. This cluster includes several 
Java-based provinces and regions with advanced infrastructure development programs. The second 
cluster is developing infrastructure provinces, including 8 provinces with moderate road stability 
rates (60-80%) and steady improvement trends. The third cluster is infrastructure challenge 
provinces, containing 10 provinces featuring extensive district road networks but relatively low 
stability rates below 60%. The fourth cluster is limited infrastructure provinces, encompassing 7 
provinces with smaller total road networks but variable stability rates. 

3.2. Method Comparison and Policy Implications 

Comparative analysis between K-Means and Hierarchical clustering demonstrated high agreement 
with Adjusted Rand Index of 0.78, indicating substantial consistency between methods. Performance 
evaluation showed K-Means achieving silhouette coefficient of 0.647 and Davies-Bouldin index of 
0.89, while Hierarchical clustering achieved 0.623 and 0.95 respectively. K-Means demonstrated 
superior computational efficiency (0.23 seconds vs 1.47 seconds) and cluster compactness. 

The clustering results provide strong evidence base for differentiated policy approaches tailored to 
specific provincial characteristics. For Cluster 1 provinces, policy focus should emphasize 
knowledge sharing and capacity building to support other provinces' development. Cluster 2 
provinces require sustained support for ongoing development initiatives with attention to maintaining 
improvement momentum. Cluster 3 provinces demand comprehensive restructuring of infrastructure 
management approaches, combining increased resource allocation with technical capacity 
development. 

The four-cluster structure reveals meaningful patterns that align with known geographical, economic, 
and administrative characteristics across provinces. The clustering pattern demonstrates that 
provinces with larger road networks do not automatically achieve better stability rates, suggesting 
that expansion strategies must be balanced with maintenance capacity development. This finding has 
significant implications for infrastructure policy, emphasizing sustainable development approaches 
considering long-term maintenance requirements. 

4. Conclusion 

This study demonstrated the effectiveness of machine learning clustering approaches for segmenting 
Indonesian provinces based on district road stability characteristics. The analysis revealed four 
distinct provincial clusters with clear policy implications: Optimal Infrastructure Provinces, 
Developing Infrastructure Provinces, Infrastructure Challenge Provinces, and Limited Infrastructure 
Provinces. 

Both K-Means and Hierarchical clustering methods proved effective, with K-Means demonstrating 
superior computational efficiency and cluster compactness, while Hierarchical clustering provided 
superior visualization through dendrograms. The high agreement between methods validates the 
robustness of identified provincial groupings and supports confident policy recommendations. 

The clustering results provide evidence base for differentiated policy approaches tailored to each 
cluster's specific characteristics rather than uniform national policies. This segmentation transcends 
simple geographical divisions, revealing patterns influenced by economic capacity, administrative 
efficiency, and geographical challenges. Key recommendations include establishing knowledge 
sharing mechanisms, providing sustained technical assistance, implementing comprehensive 
infrastructure management restructuring, and developing tailored approaches for different provincial 
segments. 



Online-ISSN 3025-3125 Information Technology International Journal                                81 
 Vol. 3, No. 2  November 2025, pp. 78-81 

Heldiansyah et.al (Provincial Segmentation Based on District…) 

Future research opportunities include extending analysis to multimodal transportation systems, 
incorporating additional performance indicators, and conducting longitudinal studies to assess 
clustering stability and policy impact over time. 
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