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Abstract: Aiming at the problems of low accuracy and large model size of interfield potato varieties in complex environment, a
lightweight convolutional neural network ( LRnet) based on multi—feature fusion was proposed. LRnet network cuts ShuffleNetV2
and MobileNetV?2 as the backbone of the two—branch network structure, extracts the image features of potato leaves and potato tubers
respectively, and then fuses the features through the proposed fusion strategy to classify the 29 varieties of potato. Experimental
results show that compared with ShuffleNetV2, MobileNetV2 and ResNet using potato leaves for classification, the proposed LRnet
not only significantly improves the classification accuracy of potato varieties, but also has a small model and is easy to be deployed
end-to—end. This method also shows that the multi—part feature fusion method can significantly improve the accuracy of species
identification, which provides technical reference for potato variety identification, and its fusion strategy can also provide certain
research ideas for relevant researchers.
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Table 1 The 29 potato varieties used in this paper
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1 Perg15-8

2 0726-205

3 JE15-11-25

4 1y1520-9

5 L1630-6

6 D1004-318

7 L16101-11

8  D0904-11

9 JE15-1-16

10 X 14-20-18
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Fig. 1 Potato dataset images from different angles
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Fig. 2 Data augmentation strategy
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Fig. 5 LRnet fusion strategy
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Fig. 6 Early fusion policy
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Table 2 Training configuration of the model

YIZRAL & [N 2
Optimizer Adam

Loss function CrossEntropyLoss
Batch size 32

learning rate [0.005,0.001,0.000 5,0.000 1,0.000 05 ]

num_workers 4

epochs 100
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Fig. 9 Accuracy of LRnet and comparison models on the test set
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Table 3 Comparison of model data

s SR/ M KWL/ %
LRnet 7.60 98.34
LRnet_early 25.55 96.80
LRnet_late 11.75 96.80
ShuffleNetV2 8.75 91.11
MobileNetV2 13.50 90.64
RestNet50 97.69 84.90
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