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AN ATTEMPT AT DOMAIN ADAPTATION IN AUTOMATIC PLANT DISEASE DIAGNOSIS SYSTEMS

REEK
Shunta NAGASAWA
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In the automatic diagnosis system of plant diseases, there is a problem that the classification performance
of the data obtained in the same field as the training data is high, but that of the data in the field not used
for training is greatly reduced. The reason for this is that images taken in the same environment often have
similar backgrounds, disease appearance, etc., and the same photographic equipment is often used, so the
system overfitting on information specific to these fields. In recent years, the field of domain adaptation
has been studied in order to maintain the performance on such different training data and data obtained
from different distributions. In this paper, we implemented one unsupervised domain adaptation method
and two domain standardization methods in a practical setting for the task of automatic plant disease
diagnosis, and compared and verified the results. The results showed that the domain adaptation method
improved the performance of the task by a small amount, but did not lead to a significant improvement. We
also checked whether the current automatic plant disease diagnosis system has the information of the field
where the images were taken, and investigated how much the current model depends on the information
of the field. From the experiments, it was confirmed that the current disease classification model has a lot
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of field information and may be using the field information for disease classification.
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Tablel FavVUDF—Xty b OHE
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00_HEALTHY 17,786 5 4,448

01.PM 1,065 4 1,813

02_.GM 643 1 150

08.DM 3,145 3 1,091

09_CLS 5,041 4 1,806

17_-GSB 0 2 100

20 BS 0 2 1,147

22.CCYV 5,969 1 179

23_MD 26,860 1 1,626

24 MYSV 15.344 4 1,004
RATTH 5.
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Table 2 B O%K2 7 2D F1 227 (EfficientNet-B4)

method O00_HEALTHY 01.PM 02.GM 08 DM 09_CLS
baseline 0.7502  0.7840  0.0000  0.6320 0.7216
DAN 0.6337 0.6498 0.3390 0.7818 0.6874
MDAN 0.7394 0.8050 0.0621 0.6779 0.7576
JiGen 0.7539  0.7297 0.2111  0.7005 0.8220
method 17_-GSB 20_BS 22 CCYV 23.MD 24 MYSV macro-avg
baseline  0.2778  0.0042 0.6877 0.5644 0.6613 0.5083
DAN 0.1550 0.0062 0.3555  0.4300 0.5638 0.4601
MDAN 0.1575  0.0031 0.6634  0.5168 0.5698 0.4953
JiGen 0.1812  0.0016 0.6295  0.5632 0.6199 0.5213
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