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Abstract

This study constructs public and field image datasets for pest and disease classification of Asian
pear Pyrus pyrifolia ‘Niitaka’ and evaluates pretrained ResNet, MobileNetV2, EfficientNet and DeiT
models under different data compositions to examine how data environments affect training
suitability and generalization performance. Mixed public plus field training Scenario B achieved the
highest mean accuracy of 93.34 percent on field data, whereas public only training Scenario A
achieved 72.11 percent, indicating that combining field with public data together with YOLOv11
based fruit region preprocessing and a lightweight classifier is effective for reliable pest and
disease recognition and for designing automatic sorting systems and domain adaptive integrated

models in real packing facilities.

B keywords : Oriental pear ; pest and disease classification ; public dataset ; on-site dataset ; classification model
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