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KLASIFIKASI PENYAKIT ALTERNARIA, CUCUMBER MOSAIC VIRUS,
DOWNY MILDEW, DAN POWDERY MILDEW PADA TANAMAN

MELON MENGGUNAKAN CONVOLUTIONAL NEURAL NETWORK

Wahyu Dwi Setio Wibowo

ABSTRAK

Produksi melon di Indonesia memiliki tantangan yaitu penyakit seperti Alternaria,
CMV, Powdery Mildew, dan Downy Mildew, dengan produksi 2021 hanya 129.147
ton (38,8% kebutuhan). Penelitian ini mengimplementasikan Convolutional Neural
Network (CNN) untuk deteksi penyakit melon menggunakan 1.218 gambar dari
Roboflow yang dibagi menjadi 80% data latih, 10% validasi, dan 10% uji.
Tiga arsitektur dibandingkan: ResNet-50, EfficientNet-B0, dan MobileNetV3-
Small, masing-masing dilatih pada dua konfigurasi: 20 epoch tanpa patience
dan 100 epoch dengan patience 25. Hasil terbaik diperoleh MobileNetV3-
Small (akurasi 94,82%), diikuti ResNet-50 (akurasi 93,78%), dan EfficientNet-B0
(akurasi 91,71%). ResNet-50 menunjukkan performa paling konsisten dan efisien.
CNN terbukti efektif dalam deteksi penyakit melon, dengan ResNet-50 sebagai
pilihan optimal untuk aplikasi praktis.

Kata kunci: CNN, Klasifikasi, Melon, Penyakit
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CLASSIFICATION OF ALTERNARIA, CUCUMBER MOSAIC VIRUS,
DOWNY MILDEW, AND POWDERY MILDEW ON MELON PLANTS USING

CONVOLUTIONAL NEURAL NETWORK

Wahyu Dwi Setio Wibowo

ABSTRACT

Melon production in Indonesia faces challenges from diseases such as Alternaria,
CMV, Powdery Mildew, and Downy Mildew, with 2021 production reaching only
129,147 tons (38.8% of demand). This study implements Convolutional Neural
Networks (CNN) to detect melon diseases using 1,218 images from Roboflow, split
into 80% training, 10% validation, and 10% testing. Three architectures were
compared: ResNet-50, EfficientNet-B0, and MobileNetV3-Small, each trained with
two configurations: 20 epochs without patience and 100 epochs with patience 25.
The best performance was achieved by MobileNetV3-Small (94.82% accuracy),
followed by ResNet-50 (93.78%) and EfficientNet-B0 (91.71%). ResNet-50 showed
the most consistent and efficient results. CNN models proved effective for
melon disease classification, with ResNet-50 offering the best balance between
performance and training efficiency, making it a suitable option for practical
applications.

Keywords: CNN, xClassification, Disease, Melon
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