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EVALUATION AND INVESTIGATION OF AN AUTOMATIC PLANT DISEASE DIAGNOSIS SYSTEM

USING A LARGE DATASET
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Although many image-based plant disease diagnosis systems have reported high diagnostic performance
recently, most of them do not seem to have a proper separation between the training and evaluation images.
Because of the potential similarity of images taken in the same field, the true performance of a system
where the same field is used training and evaluation images is much worse than it appears. However, no
systematic evaluation based on large-scale data has been conducted so far. To suppress overfitting due
to such similarity, several attempts have been made to detect regions of interest (ROI), such as leaves, in
advance, but no systematic studies have been conducted on their effectiveness. In addition, many of our
collaborators have reported a decrease in accuracy due to shooting distance. In this study, we used a total of
221,842 leaf images of four crops from 24 prefectures with reliable labels to investigate (i) the performance
bias due to evaluation within the same farm, (ii) the effect of the ROI detection on the performance and (iii)
the effect of shooting distance compensation. As a result, even if a large number of training images with
sufficient resolution are prepared, diagnostic performance for images in fields different from the training
images is greatly degraded due to large differences in image characteristics, i.e., covariate shift. In this
situation, the benefit of ROI detection became smaller. A slight improvement in accuracy was confirmed
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by correcting the shooting distance, but it was not a significant improvement.
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‘ Tomato Strawberry Cucumber Eggplant
D/ Neme ‘ Train Test Train Test Train Test Train Test

‘ Same  Other Same  Other Same  Other Same  Other
0_HE 7,307 (6) 813 2,994 | 9,440 (6) 1,032 578 | 14,383 (5) 1,633 9,606 | 9,784 (4) 1,122 831
1.PM 4,009 (5) 481 4,250 | 1,770 (6) 182 893 | 6,211 (4) 667 4,265 | 6,782 (4) 772 861
2.GM 8,427 (3) 900 571 581 (1) 62 196 | 920 (1) 104 166
3_AN 3333 (5) 368 609
4 CLM 3,504 (3) 370 1,809
5. LM 2,462 (3) 261 151 2,363 (2) 260 326
6_LB 1,841 (1) 198 640
7_DM 6,244 (3) 709 3,965
8_CLS 6,364 (4) 701 3,949
9.CTS 1,547 (2) 185 1,350
10.LS 4,847 (3) 505 118
11.FW 2,316 (5) 292 227
12.GSB 1,320 (2) 163 957
13.VW 2,856 (2) 320 290
14_ BW 1,972 (4) 214 412 3,093 (3) 322 450
15_BS 3,914 (2) 414 1274
16 BC 3,535 (1) 404 33
17.CCYV 5,339 (1) 630 444
18_MD 24209 (1) 2,651 2,142
19.MYSV 13,780 (4) 1,576 7,335
20.YLC 4,044 (4) 469 1,746
Total | 38648 4205 13956 | 16,859 1,874 2307 | 82,845 9206 34,133 | 30,645 3405 3,042
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Table 2 ZWFEEOLE. (+ROI) & AOP IZ X2 ERBREZATLEE LTHWEHEZRL TV,
Metric Test Field Tomato (10 class) Strawberry (4 class) Cucumber(10 class) Eggplant (6 class)
same farm 99.1 99.6 98.8 98.9
Micro Acc. [%]  other farm 84.1 88.3 61.7 81.6
other farm (+ROI) 83.6 86.5 63.9 82.2
same farm 99.0 99.5 98.2 98.9
Macro F1. [%]  other farm 65.2 87.6 45.3 76.3
other farm (+ROI) 66.4 85.0 48.1 76.0
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Metric Test Field Strawberry(4 class) Cucumber(10 class)
other farm 88.3 61.7
Micro Acc. [%] other farm (+ROI) 86.5 63.9
other farm (4 FEEERHIE) 89.5 63.6
other farm 87.6 45.3
Macro F1. [%]  other farm (+ROI) 85.0 48.1
other farm (+ BEEEARIE) 88.8 47.9
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