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DETEKSI PENYAKIT POWDERY MILDEW PADA DAUN
LABU MELALUI PENERAPAN ALGORITMA

CONVOLUTIONAL NEURAL NETWORK

Wilson Alvis

ABSTRAK

Penyakit Powdery Mildew merupakan salah satu ancaman utama bagi produktivitas
tanaman labu di Indonesia. Penelitian ini bertujuan untuk mendeteksi penyakit
tersebut secara dini dari citra daun menggunakan algoritma Convolutional Neural
Network (CNN). Dataset yang digunakan terdiri dari 2.000 citra daun labu yang
terbagi dalam lima kelas, yang kemudian diklasifikasikan secara biner: Powdery
Mildew dan Not Powdery Mildew. Dua model dikembangkan, yaitu CNN buatan
dan model berbasis VGG16 dengan fine-tuning. Eksperimen dilakukan pada tiga
skema pembagian data: 72:18:10, 80:10:10, dan 70:15:15. Hasil menunjukkan
bahwa model VGG16 secara konsisten unggul, dengan akurasi tertinggi 95,75%
dan recall kelas Powdery Mildew mencapai 0,89. Sebaliknya, CNN buatan
memiliki akurasi tertinggi 94,75% namun menunjukkan penurunan recall pada
kelas minoritas. Temuan ini menegaskan pentingnya mempertimbangkan recall
dalam konteks deteksi dini penyakit tanaman. Model VGG16 terbukti lebih andal
dalam mengidentifikasi kasus positif dan berpotensi digunakan sebagai alat bantu
pertanian presisi.

Kata kunci: CNN, Deteksi Dini, Powdery Mildew, Daun Labu, VGG16
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Detection of Powdery Mildew on Pumpkin Leaves Using Convolutional Neural
Network Algorithm

Wilson Alvis

ABSTRACT

Powdery Mildew disease is one of the main threats to pumpkin crop productivity
in Indonesia. This study aims to detect the disease early from leaf images using a
Convolutional Neural Network (CNN) algorithm. The dataset used consists of 2,000
pumpkin leaf images divided into five classes, which were then binarily classified
into Powdery Mildew and Not Powdery Mildew. Two models were developed: a
custom CNN model and a fine-tuned VGG16-based model. Experiments were
conducted using three data split schemes: 72:18:10, 80:10:10, and 70:15:15.
Results show that the VGG16 model consistently outperformed the custom CNN,
achieving the highest accuracy of 95.75% and a recall of 0.89 for the Powdery
Mildew class. In contrast, the custom CNN model reached a maximum accuracy
of 94.75% but showed a decline in recall for the minority class. These findings
highlight the importance of recall in the context of early plant disease detection.
The VGG16 model has proven to be more reliable in identifying positive cases and
shows potential as a tool for precision agriculture.

Keywords: CNN, Early Detection, Powdery Mildew, Pumpkin Leaf, VGG16
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