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Image Generation Techniques for Practical Plant Disease Diagnosis

Hitoshi Iyatomi”

In recent years, data “generation” techniques using generative adversarial networks (GANs), in which multiple
neural networks learn in an adversarial manner, have achieved remarkable results in many fields. The authors are
participating in a project commissioned by the Ministry of Agriculture, Forestry and Fisheries (MAFF) called the
“Artificial Intelligence Future Agriculture Creation Project” and are working on the development of automatic
diagnosis of plants based on images and related technologies. In this paper, we introduce the trend of automatic
diagnosis technology for plant diseases, the unique difficulties of this task, and the remarkable effect of GAN’s image

generation technology on it.
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(a) anthrax

(b) powdery mildew

(c) healthy

Fig. 1 Examples of diseases that occur on strawberry vines (top row), the results of
extracting vine regions using a GAN-based region extraction method[16]
(bottom row), and the results of visualizing the diagnostic basis for each. From

left to right: anthracnose, powdery mildew, and healthy case. The discriminator
focuses on the red region to make a diagnosis
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Fig.2 Example of super-resolution of cucumber leaves. From left to right: low-resolution
image (Bicubic interpolation), ESRGAN[10], LASSR (proposed by the authors)[17],

(unknown) high-resolution image (HR)
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Fig.3 Healthy image of cucumber (left) and examples of images generated by CycleGAN (conventional
method)[9], LeafGAN[18] (our method) for Brown Spot, MYSV (viral disease name), and Powderly
mildew (PM) diseases

Original

Generated

Fig. 4 Sample of generated image using PPIG[19]
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