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Abstract

The need for big data analysis and artificial intelligence for smart agriculture is continuously requested. It is
essential to collect and label large amounts of quality data for artificial intelligence research, but there is a relative
lack of data in the hydroponic cultivation area. In this paper the performance of growth diagnostic ML model with
original anti-cancer leaf lettuce data set was checked. Then ML model development and model performance
improvement experiment was proceeded with augmented data. First, ML model learning and testing was conducted
using DCGAN data only. As a result, the accuracy of ResNet was 61.2, DenseNet was 62.4. And model performance
improvement experiment was proceeded by adding augmented data to the original data. As a result, the accuracy of
ResNet increase from 86.5 to 88.2 and DenseNet from 92.9 to 94.7. In these experiments the possibility of using
augmented data and its influence are studied for developing and improving the performance of diagnostic ML model.
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