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Abstract:

This study develops an intelligent plant disease diagnosis system using deep learning and transfer learning
techniques within the PyTorch framework. Models were trained on 21,481 images from the PlantVillage dataset,
covering 19 crop categories including grapes, peppers, potatoes, and tomatoes. Experiments included a
comparison between two convolutional neural network architectures, EfficientNet-B3 and MobileNetV3-Large,
to evaluate performance in terms of accuracy and computational efficiency. The results showed that the
MobileNetV3-Large model achieved the best performance with an accuracy of 99.31%, fewer coefficients, and
shorter training time, making it more suitable for mobile applications. The final model was integrated into a
Flutter-based mobile application that provides instant plant disease diagnosis, treatment recommendations,
preventative measures, and detailed disease information, making it an effective digital tool for supporting smart
agriculture and enhancing agricultural productivity.

Keywords: Diagnosis of Plant Diseases, Mobilenetv3-Large, Efficientnet-B3, Transfer Learning, Flutter Smart
Agriculture.
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Metric Value
Accuracy 99.31%
Precision 99%

Recall 99%
F1-Score 99%
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