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ABSTRAK

K-MEANS CLUSTERING PADA PEMETAAN DAERAH RAWAN
KRIMINALITAS BERDASARKAN JENIS KRIMINALITAS Dl
INDONESIA (Oleh: Uswatun Hasanah; Pembimbing: Akhmad Yusuf,
Mochammad Idris; 2025, 71 halaman)

Tingginya angka kriminalitas di Indonesia menyulitkan aparat penegak hukum
dan masyarakat dalam menentukan prioritas penanganan dan alokasi sumber daya
keamanan secara efektif. Belum adanya pemetaan wilayah rawan kriminalitas
berdasarkan jenis kejahatan menyebabkan kebijakan keamanan kurang tepat
sasaran. Untuk mengatasi permasalahan tersebut, peneliti melakukan
pengelompokan wilayah administratif di Indonesia berdasarkan tingkat kerawanan
terhadap sembilan jenis kasus kriminal menggunakan metode K-Means
Clustering. Peneliti menerapkan dua pendekatan inisialisasi centroid awal, yaitu
secara acak (random) dan metode Pillar. Evaluasi jumlah cluster optimal
dilakukan menggunakan Elbow Method dan Silhouette Coefficient. Hasil
penelitian menunjukkan bahwa pada inisialisasi acak, jumlah cluster optimal
menurut Elbow Method adalah tiga cluster, sedangkan Silhouette Coefficient
tertinggi sebesar 0,5686 diperoleh pada dua cluster. Pada metode Pillar, Elbow
Method mengindikasikan empat cluster dengan nilai Silhouette Coefficient
tertinggi sebesar 0,6382. Struktur cluster yang dihasilkan kedua metode berbeda,
di mana metode random menghasilkan kategori rendah, sedang, dan tinggi,
sedangkan metode Pillar mampu mengidentifikasi kategori tambahan “sangat
tinggi.” Peneliti menemukan bahwa kejahatan kesusilaan, terhadap nyawa,
narkotika, dan kekerasan terhadap hak milik menjadi indikator dominan
pembentukan cluster, sementara kejahatan terhadap fisik/badan, hak milik tanpa
kekerasan, dan penipuan berkontribusi kecil. Secara keseluruhan metode Pillar
lebih sensitif dalam mengidentifikasi wilayah dengan tingkat kriminalitas
ekstrem.

Kata kunci: Kriminalitas, K-Means, Elbow Method, Silhouette Coefficient,
Pemetaan Kejahatan



ABSTRACT

K-MEANS CLUSTERING FOR MAPPING CRIME-PRONE AREAS BASED
ON CRIME TYPES IN INDONESIA (By: Uswatun Hasanah; Supervisors:
Akhmad Yusuf, Mochammad Idris; 2025, 71 pages)

The high crime rate in Indonesia poses challenges for law enforcement officers
and the community in effectively prioritizing crime prevention and allocating
security resources. The absence of crime-prone area mapping based on crime
types results in less targeted security policies. To address this issue, the
researchers grouped administrative regions in Indonesia according to their
vulnerability levels to nine types of criminal cases using the K-Means Clustering
method. Two centroid initialization approaches were applied: random
initialization and the Pillar method. The optimal number of clusters was evaluated
using the Elbow Method and Silhouette Coefficient. The results show that with
random initialization, the EIbow Method suggests three optimal clusters, while the
highest Silhouette Coefficient value of 0.5686 was obtained with two clusters.
Using the Pillar method, the Elbow Method indicates four optimal clusters, with
the highest Silhouette Coefficient of 0.6382 also at four clusters. The cluster
structures generated by the two methods differ; the random method produces
clusters categorized as low, medium, and high, whereas the Pillar method
identifies an additional "very high" category. The researchers found that crimes
against decency, life, narcotics, and violent property crimes are dominant
indicators in cluster formation, while crimes against the body, non-violent
property crimes, and fraud contribute less. Overall, the Pillar method is more
sensitive in identifying regions with extreme crime levels.

Keywords: Crime, K-Means, Elbow Method, Silhouette Coefficient, Crime
Mapping
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