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Abstract: To addre:

as well as the limitaty

fficiency and accuracy of potato tuber variety recognition under natural conditions,
hemical analysis methods, this study proposes an identification approach based on an
improved ResNet50 modeM®The method incorporates several enhancements: introducing an attention module into the
backbone network, adjusting the network structure, adopting the AdamW optimizer, and integrating transfer learning.
These improvements significantly boost model performance. Experiments were conducted on a dataset comprising
30 930 images across 69 potato varieties. The final recognition accuracy reached 99.42%, with outstanding results in
precision, recall, and Fl-score. Compared to MobileNet V2, GooglLeNet, and the original ResNet50, the proposed
model demonstrates substantial improvements, offering reliable technical support for intelligent management in the
potato industry.
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potato tuber recognition network)
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Tab. 1 Training results of different models

. VIgRik/  CEMEmS,  eraderig/
A %k o o
MobileNet_V2 100 91.97 92.30
Googl.eNet 100 95.35 95.40
ResNet50 100 96.37 97.12
ResNet50-CBAM 100 97.45 98.43
ResNet50-# B 25 1) 100 98.10 98.99
LIRS 100 99.42 99.99
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Tab.2 Comparison of evaluation criteria of different models

HEmiE/ W%/ fAlR/ RRE/ FUE/
VoSl o o o o o
MobileNet V2 91.97 91.46 91.63 96.62  89.93

GoogLeNet 95.35 95.59 95.36 99.94  95.30
ResNet50 96.37 96.48 96.34 99.96  96.35
ResNet50-CBAM ~ 97.45 97.64 97.41 99.97  97.44
ResNet50-JH #4544 98.10 98.20 98.09 99.98  98.09
AW T 99.42 99.44 99.42 99.99  99.43
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Fig. 7 The confusion matrix of this research method
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