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ABSTRAK

Perbandingan Performa Algoritma Random Forest dan Support Vector
Machine (SVM) dalam Klasifikasi Status Mutu Air Sungai (Oleh: Meyrlin
Alinka Viandari; Pembimbing: Dewi Anggraini dan Yuana Sukmawaty, 2026;
44 halaman)

Air bersih berperan penting dalam menjaga kualitas lingkungan hidup dan
keberlanjutan pembangunan, sebagaimana tercantum dalam target 6
Sustainable Development Goals (SDGs) 2030. Kondisi mutu air sungai di Daerah
Khusus Jakarta sebagai wilayah perkotaan dengan nilai Indeks Kualitas Air
(IKA) terendah kedua di Indonesia menuntut adanya upaya klasifikasi status
mutu air guna mendukung pengambilan kebijakan pengelolaan lingkungan.
Perhitungan klasifikasi status mutu air saat ini masih dilakukan secara manual
sehingga perlu dilakukan upaya perhitungan yang lebih efisien salah satunya
menggunakan pendekatan komputasi melalui machine learning. Penelitian ini
menggunakan metode machine learning sebagai pendekatan untuk
meningkatkan efisiensi dalam klasifikasi status mutu air yang sebelumnya
dilakukan secara manual. Penelitian ini bertujuan untuk membandingkan
performa algoritma Random Forest dan Support Vector Machine (SVM) dalam
klasifikasi Status Mutu Air Sungai di Daerah Khusus Jakarta. Status mutu air
dapat diidentifikasi dengan 8 parameter, yaitu derajat keasaman (pH), oksigen
terlarut (DO), kebutuhan oksigen biologi (BOD), kebutuhan oksigen kimiawi
(COD), padatan tersuspensi total (TSS), nitrat (NO3-N), total fosfat (Total-P),
dan fecal coliform (Fecal Coli). Penelitian ini melibatkan analisis deskriptif
untuk memahami pola distribusi kualitas air, penanganan ketidakseimbangan
data menggunakan Synthetic Minority Oversampling Technique (SMOTE),
implementasi algoritma Random Forest dan Support Vector Machine (SVM),
serta evaluasi performa model berdasarkan recall, precision, dan F1-score.
Hasil analisis deskriptif menunjukkan bahwa status mutu air di Daerah Khusus
Jakarta sebagian besar berada pada status cemar berat, yang memiliki
proporsi tertinggi dibandingkan status cemar sedang dan cemar ringan.
Algoritma Random Forest menunjukkan performa terbaik dengan recall
sebesar 0.9583, precision sebesar 0.967, dan FI-score sebesar 0.96,
dibandingkan Support Vector Machine (SVM) dengan recall sebesar 0.7291,
precision sebesar 0.7450, dan F1-score sebesar 0.7352.

Kata Kunci: Random Forest, Support Vector Machine, Status Mutu Air, Daerah
Khusus Jakarta



ABSTRACT

Performance Comparison of Random Forest and Support Vector Machine
(SVM) Algorithms in River Water Quality Status Classification
(By: Meyrlin Alinka Viandari; Advisors: Dewi Anggraini and Yuana
Sukmawaty, 2026; 44 pages)

Clean water plays a crucial role in maintaining environmental quality and
supporting sustainable development, as outlined in Target 6 of the Sustainable
Development Goals (SDGs) 2030. The condition of river water quality in the
Special Region of Jakarta, an urban area with the second-lowest Water Quality
Index (WQI) in Indonesia, highlights the need for water quality status
classification to support environmental management policymaking. The
classification of water quality status is currently still performed manually;
therefore, a more efficient computational approach is needed, one of which is
through the use of machine learning. This study aims to compare the
performance of the Random Forest and Support Vector Machine (SVM)
algorithms in classifying river water quality status in the Special Capital
Region of Jakarta. Water quality status is identified using eight parameters:
potential of hydrogen (pH), dissolved oxygen (DO), biochemical oxygen
demand (BOD), chemical oxygen demand (COD), total suspended solids (TSS),
nitrate (NOs-N), total phosphate (Total-P), and fecal coliform (Fecal Coli). The
study involves descriptive analysis to examine water quality distribution
patterns, handling data imbalance using the Synthetic Minority Oversampling
Technique (SMOTE), implementation of Random Forest and Support Vector
Machine (SVM) algorithms, and evaluation of model performance based on
recall, precision, and F1-score. The descriptive analysis results indicate that
river water quality in the Special Region of Jakarta is predominantly classified
as heavily polluted, with the highest proportion compared to moderately and
lightly polluted statuses. The Random Forest algorithm demonstrates superior
performance, achieving a recall of 0.9583, precision of 0.967, and F1-score of
0.96, outperforming the Support Vector Machine (SVM), which attains a recall
of 0.7291, precision of 0.7450, and F1-score of 0.7352.

Keywords: Random Forest, Support Vector Machine, Water Quality Status,
Special Region of Jakarta.
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: Data sintesis

: k-nearest neighbors untuk x;
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: Himpunan data
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