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Efficient Classification of Strawberry Diseases Using
Fusion of Foreground and Background Information
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ABSTRACT

Research related to the application of artificial intelligence models to the agricultural area is very active. In
this paper, we propose a model that efficiently classifies strawberry diseases with the simplified network of fewer
parameters due to the fusion of foreground and background information in a deep learning model. The proposed
model divides learned image features into foreground and background ones, and captures the mutual relations
between two areas, so that the classification might be efficient even with fewer parameters. In the proposed
method, data augmentation is applied to train a network from a small amount of gathered strawberry image
data, and fine-tuning is performed after transfer learning of the weights pre-trained with ImageNet dataset. The
proposed method has achieved an accuracy of 95.6% in the classification problem of strawberry diseases of

seven categories.
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Fig. 1. Diseases that can be confused (Left:angular leaf
spot, Right:leaf spot)

Fig. 2. Identical  diseases  with  large  distribution

differences
mildew-fruit)

(left:powdery ~ mildew-leaf,  right:powdery
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Fig. 3. Data configured to cover a wider range

(left:powdery mildew-leaves, right:powdery mildew - fruit,
yellow line means existing bounding box)
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Fig. 4. Left:Gaussian mask(G-mask), Right:Static value
mask(S-mask)
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