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Tomato Crop Disease Classification Using an Ensemble
Approach Based on a Deep Neural Network

Min-Ki Kim'

ABSTRACT

The early detection of diseases is important in agriculture because diseases are major threats of
reducing crop yield for farmers. The shape and color of plant leaf are changed differently according to
the disease. So we can detect and estimate the disease by inspecting the visual feature in leaf. This
study presents a vision—based leaf classification method for detecting the diseases of tomato crop.
ResNet-50 model was used to extract the visual feature in leaf and classify the disease of tomato crop,
since the model showed the higher accuracy than the other ResNet models with different depths. We
propose a new ensemble approach using several DCNN classifiers that have the same structure but have
been trained at different ranges in the DCNN layers. Experimental result achieved accuracy of 97.19%
for PlantVillage dataset. It validates that the proposed method effectively classify the disease of tomato

crop.
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Fig. 1. Residual learning: a bottlenect block [15].
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Table 1. Back—end architecture for transfer learning

Input (7, 7, 512) or (7, 7, 2,048)

Pooling Layer (7, 7) Avg. Pooling, Flatten

Fully Connected

Units: 128, ReLU
Layer

Fully Connected

Units: n_classes, Softmax
Layer

Image

< result
PL - FCL(RelU) —FCL(Softmax) }—9‘

Fig. 2. Transfer learning with a classical fine tuning.
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ResNet-18 84.42 0.72
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Fig. 6. Classification results with different bottlenect
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