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INTISARI

Penelitian ini bertujuan untuk memprediksi kondisi cuaca berdasarkan data historis
meteorologi menggunakan algoritma K-Nearest Neighbors (KNN) serta
mengevaluasi dan membandingkan performanya dengan algoritma Naive Bayes
yang telah diterapkan pada penelitian sebelumnya. Data yang digunakan mencakup
variabel precipitation, temp max, temp min, dan wind. Model KNN dibangun
untuk mengklasifikasikan kondisi cuaca menjadi beberapa kategori, yaitu drizzle,
rain, sun, snow, dan fog. Proses pengolahan data melibatkan tahapan pembersihan
data, normalisasi menggunakan metode Min-Max, serta transformasi data
kategorial menjadi numerik melalui label encoding. Selanjutnya, data dibagi ke
dalam beberapa rasio pelatihan dan pengujian, yaitu 70:30, 80:20, dan 90:10 untuk
menguji kestabilan performa model terhadap perubahan proporsi data latih. Hasil
evaluasi menunjukkan bahwa akurasi model KNN meningkat seiring bertambahnya
jumlah tetangga (nilai k) dan proporsi data pelatihan yang lebih besar. Akurasi
tertinggi dicapai sebesar 85% pada rasio 90:10 dengan nilai k=6 dan k=9. Selain
akurasi, metrik evaluasi lainnya seperti precision, recall, dan Fl-score juga
dianalisis, yang masing-masing bernilai 34%, 39%, dan 36%. Jika dibandingkan
dengan algoritma Naive Bayes yang memperoleh akurasi 84,26%, KNN
menunjukkan performa yang lebih baik dalam menangkap pola-pola non-linear
pada data cuaca. Hasil ini mengindikasikan bahwa KNN memiliki potensi sebagai
alternatif yang lebih unggul dalam klasifikasi kondisi cuaca berbasis data historis.
Oleh karena itu, pemilihan algoritma prediksi perlu disesuaikan dengan
kompleksitas data serta tujuan akhir dari prediksi yang diinginkan. Temuan ini
diharapkan dapat memberikan kontribusi terhadap pengembangan sistem prediksi
cuaca yang lebih akurat, adaptif, aplikatif, efisien, dan relevan untuk kebutuhan di
berbagai sektor industri dan masyarakat.

Kata kunci : Prediksi cuaca, K-Nearest Neighbors (KNN), data historis
meteorologi, klasifikasi cuaca.
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ABSTRACT

This study aims to predict weather conditions based on meteorological historical
data using the K-Nearest Neighbors (KNN) algorithm and evaluate and compare
its performance with the Naive Bayes algorithm that has been applied in previous
studies. The data used included the variables precipitation, temp_max, temp_min,
and wind. The KNN model was built to classify weather conditions into several
categories, namely drizzle, rain, sun, snow, and fog. The data processing process
involves the stages of data cleaning, normalization using the Min-Max method, and
the transformation of categorical data into numerical through label encoding. Next,
the data was divided into several training and test ratios, namely 70:30, 80:20, and
90:10 to test the stability of the model's performance against changes in the
proportion of the training data. The results of the evaluation showed that the
accuracy of the KNN model increased as the number of neighbors increased (k-
value) and the proportion of training data increased. The highest accuracy was
achieved at 85% at a ratio of 90:10 with values of k=6 and k=9. In addition to
accuracy, other evaluation metrics such as precision, recall, and Fl-score were
also analyzed, which were valued at 34%, 39%, and 36%, respectively. When
compared to the Naive Bayes algorithm which obtained an accuracy of 84.26%,
KNN showed better performance in capturing non-linear patterns in weather data.
These results indicate that KNN has the potential to be a superior alternative in the
classification of weather conditions based on historical data. Therefore, the
selection of prediction algorithms needs to be adjusted to the complexity of the data
as well as the final goal of the desired prediction. These findings are expected to
contribute to the development of weather prediction systems that are more
accurate, adaptive, applicative, efficient, and relevant to the needs of various
industrial sectors and society.

Keywords: Weather prediction, K-Nearest Neighbors (KNN), historical
meteorological data, weather classification
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