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ABSTRACT

It is worth verifying the effectiveness of data integration between data with different features. This study
investigated whether the data integration affects the accuracy of deep neural network (DNN), and which integration
method shows the best improvement. This study used two different public datasets. One public dataset was taken in an
actual farm in India. And another was taken in a laboratory environment in Korea. Leaf images were selected from two
different public datasets to have five classes which includes normal and four different types of plant diseases. DNN
used pre-trained VGGI6 as a feature extractor and multi-layer perceptron as a classifier. Data were integrated into
three different ways to be used for the training process. DNN was trained in a supervised manner via the integrated
data. The trained DNN was evaluated by using a test dataset taken in an actual farm. DNN shows the best accuracy
for the test dataset when DNN was first trained by images taken in the laboratory environment and then trained by
images taken in the actual farm. The results show that data integration between plant images taken in a different
environment helps improve the performance of deep neural networks. And the results also confirmed that independent
use of plant images taken in different environments during the training process is more effective in improving the
performance of DNN.
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Table 1. Number of image data for train, validation, and
test dataset

Train | Validation | Test
AS 155 39 10
Blue bug IS 15 9 —
AS 434 108 10
Leaf mold - =rea 108 -
Leaf AS 215 54 10
powdery | o | g5 54 -
mildew
AS 434 108 10
Leaf spot P e e 108 -
AS 434 108 10
Normal - re ™3 108 -
* AS: Image data taken at Agricultural Site
* LS: Image data taken at Laboratory Setup
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