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ABSTRACT

This paper uses a KS standard-based artificial intelligence complex environmental control system. In the
automatically acquired crop image data, the environmental information from inside the greenhouse is used to
predict the occurrence of diseases. In addition, by using light environment information such as insolation, light
transmittance, and scattered light, crop diseases that were difficult to detect in the greenhouse demonstration
environment were solved by applying pre-processing techniques such as the image conversion enhancement

technique and fine parameter adjustment. As a result, the disease detection rate, which was 92.5% in 2020 in the
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existing demonstration environment, was raised to 95.2%.

This was improved by more than 6.2%p when

compared with the 89% maximum detection accuracy of the deep learning disease prediction model using keras.

In other words, considering that the unseen data acquired from an external environment rather than an

environment controlled by a laboratory was used (Practical outcome), it can be said that the disease classification

accuracy is very high.
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