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AOP: An Anti-overfitting Pretreatment for Practical Image-based Plant Diagnosis
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In image-based plant diagnosis, clues related to diagnosis are often unclear, and the other factors such as

image backgrounds often have a significant impact on the final decision. As a result, overfitting due to latent

similarities in the dataset often occurs, and the diagnostic performance on real unseen data (e,g. images from

other farms) is usually dropped significantly. However, this problem has not been sufficiently explored, since

many systems have shown excellent diagnostic performance due to the bias caused by the similarities in the

dataset. In this study, we investigate this problem with experiments using more than 50,000 images of

cucumber leaves, and propose an anti-overfitting pretreatment (AOP) for realizing practical image-based plant

diagnosis systems. The AOP detects the area of interest (leaf, fruit etc.) and performs brightness calibration as

a preprocessing step. The experimental results demonstrate that our AOP can improve the accuracy of

diagnosis for unknown test images from different farms by 12.2% in a practical setting.
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X, region of interest
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Disease Disease classification dataset

Training Validation Test (Different farm)

Viral MYSV 7,448 827 2,596
disease  ZYMV 9,189 1,021 3,364
CMV 4,109 456 563

WMV 2,511 279 306

Fungal Brown Spot 2,014 224 654
disease Downy Mildew 1,311 146 380
Powdery Mildew 2,204 245 114

Healthy 6,908 768 1,138

Total 35,694 3,966 9,115
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Table 3.1 AOP 12 Lk BB/ A v F—3 g VKSEE

Precision [%] Recall [%] F1-score [%]

AOPMAEprob 100.0 95.8 95.8
AOPy\ae 98.4 97.1 97.8
(Proposed)AOPgssiv 98.6 97.5 98.1

(a) (d

Fig 3.1 AOP |Z X 2 B H OFE R (a: original, b:
AOPMAEpmh, c: AOPyag, d: AOPggpy)
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Average Accuracy [%] (8 Classes)

Diseaseuaining Diseaseaidation Diseagetset
w/o AOP 98.2 97.5 40.3
AOPMAEprob 98.2 97.2 48.8
AOPyiag 98.0 97.1 49.7
AOPgssiv 98.0 97.4 52.5
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