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ABSTRACT - Plant diseases are a problem that has a huge impact on farmers. Detection of plant
diseases at an early stage to effectively control the spread of germs Therefore, it plays an important
role in the agricultural industry. However, traditional approach requires extensive knowledge of
the expert. It is expensive and requires a lot of labor. Nowadays, with the advancement of
information technology, machine learning and deep learning has been applied to automatic
identification of plant disease. Currently, convolutional neural network methods is a method that
has been recognized for its efficiency in image classification. The objective of this research is to find
appropriate values for the ResNet50 method with optimization algorithms, including AdaDelta,
AdaGrad, Adam, RMSprop, and SGD, and activation functions including ReL.U, Sigmoid, and
Tanh ,for plant disease classification by using plant leave image. Evaluated performance of plant
disease classification by using the PlantVillage dataset. The results showed that the ResNet50
method with RMSprop optimizer and Sigmoid activation function gave the highest Accuracy value
of 0.94, Precision value of 0.94, Recall 0.93, and F -measure is equal to 0.93. Therefore, it can be
concluded that in selecting a model for learning to achieve the most efficient results should consider
additional factors including algorithms to increase the efficiency of the model and stimulation
functions
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2.1.1 Convolution layer
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2.2 Deep residual Network
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2.3.1 SGD (Stochastic Gradient Descent)
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2.3.3 AdaGrad (Adaptive Gradient Algorithm)
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2.3.4 Adam (Adaptive Moment Estimation)
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2.4.1 ReLU (Rectified Linear Unit)
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