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We have developed automated image-based diagnosis and various key
technologies for the early detection of plant diseases. We developed disease discriminators using
more than 200,000 images of four crops (cucumber, tomato, eggplant, and strawberry) taken at 24
prefectural agricultural research centers. Most of the obtalned discriminators have achieved more
than 90% disease discrimination by the cross-validation method, and we have made them available on
the web to our collaborators for use in the field.

We have also achieved a wide range of results, including various methods to reduce over-fitting in
real-world environments (extraction of regions of interest such as leaves and stems, various new
training methods, and methods for generating training data), diagnostic techniques that allow
simultaneous diagnosis from wide-angle images, and super-resolution techniques that reduce the loss
of accuracy in such situations.
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