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INTISARL

Klasifikasi cusca merupakan aspek penting dolam pengambilan keputusan
el berbagan sektor seperti pertanian, transportasi, dan mitigasi bencana, Penelitian
ini membandingkan performa empat metode machine learning, vaitu Regresi
Linier, Regresi Logistik, Decision ¢, dan Random Forest, dalam
mengklasifikasikan kon g, Dutaset yang digunakan
mencakup varighel 1 suhu  minimum
 suhu), rata-rata
shari (dur_surya),
label hujan

1 I.s\i cunca i

Imrgetklﬂlﬁkmﬂllldlpm

mmmmmum
i - nwmdn‘km*l‘ntﬁt 1
nilai AUC, almmm.iimdﬂ{rmuﬂfdmn
Logistik. dan.

Klasifikasi cuaca di wilaysh perkotaan seperti
dapat memberikan ko : :
lebih akurat di Indonesia.

Kata kunei: Klasifikasi cusca, Regresi Linier, Regresi Logistik, Decision Tree,
Random Forest, PySpark, data meteorologi, Kota Semarang.



ABSTRACT

Weather classiffearion i a oricial aspect in decisfon-making  across
varles sectars sl o agrionlture, wansportation, and disaster mitigation. This
sty compares the performance of four machine learning methods—Linear
Regression, Logistic Regression, Decisign Tree, and Random Forest—in
elassifving  weather conditions  in 8 r City. The datuser  includes

it dite, minimum  temperature
s temperdarire
af  sunlight

Keywords: weather classification, Linear Regresvion, Logistic  Regression,
Deciston Tree, Random Forest, PySpark, meteorological data, Semarang City,
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