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Classification and recognition method of walnut shell and kernel based
improved ShuffleNet V2

on

ZHANG Chao-yu, WANG Ying-biao, YAN Xu, WANG Zhou-mei, LI Jiu-feng, LIU Meng-di, ZHOU Dan

(College of Mechanics and Transportation, Southwest Forestry University, Kunming 650224, China)

Abstract: The efficient and non-destructive classification and detection of shell and kernel materials after walnut shell
breaking is a key technical gap in the processing of deep-grained walnuts in Yunnan. In this study, the ShuffleNet V2-0.5 network
model was improved to C-ShuffleNet network model by using optimization strategies such as a separate down-sampling module, no
deep convolution in the shallow layer of the network, and H-Swish activation function instead of Relu activation function in the
deep layer of the network to realize lightweight classification detection of walnut shell and kernel. Then, the walnut shell and ker-
nel data set was trained with ShuffleNet V2-0.5 model and C-ShuffleNet model, and C-ShuffleNet model was evaluated and tested
accordingly. Finally, C-ShuffleNet model was compared with classical classification network models such as AlexNet, ResNet, Ef-
ficientNet and MobileNet. The results showed that the size of the improved C-ShuffleNet model was 8.9 % smaller than that of the
ShuffleNet V2-0.5, and the accuracy of the test set reached 98.34% , which was 1.28 percentage points higher than that before the
improvement. There was no significant difference in the inference speed between the two models. Compared with AlexNet, Res-

Net, EfficientNet and MobileNet, the C-ShuffleNet model
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ESTE . F% 0 AR5 40 H (52165038 ) s = 1 8 5 T RLE could not only ensure higher recognition accuracy, but also

WESE 3L 4 000 [ (2002Y574) s 75 5 4 A L B & & 000 occupy less memory space and shorter recognition time,
(202101BD070001-062) which was more suitable for the development and application

TEE R BT (1998—) B LIS O A, B WFoe A BRSE on embedded platforms. The results of this study provide al-
PR E SR 5 B bRk sk e e b i R . (E- gorithm support for the development of automatic classifica-
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Table 3 C-ShuffleNet network ablation experiments
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v vV x 98.10 0.67 104 2.67
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Fig.11 Evaluation results ( confusion matrix) of test-dataset based on C-ShuffleNet model and ShuffleNet V2-0.5 model
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Table 4 Test set evaluation results of C-ShuffleNet and ShuffleNet V2-0.5

- SSSEES T4 [l % F1 475 B BEFII/N
- (%) (%) (%) (%) (MB)
ShuffleNet V2-0.5 97.08 97.03 97.05 97.06 1.46
C-ShuffleNet 98.37 98.37 98.37 98.34 1.33
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Table 5 Comparison of different models on the classification performance of walnut shell-breaking materials

o _ i RS e TR SHO AR/ CPU RHIEUE  RAREIRRE I
R (%) FLM0(%)  HERIR(%) (x10°) (x10°) (MB) (ms, 15K) (ms, 15K)
AlexNet 98.10 97.47 97.44 710 57.00 217.00 16.94 409.70
ResNet101 98.60 98.49 98.47 7831 42.50 162.00 132.55 3536.39
ResNet50 98.60 97.86 97.83 4100 23.50 90.00 80.72 1861.27
EfficientNet V2 99.60 98.50 98.47 2 900 20.10 77.80 122.59 9 150.39
MobileNet V2 99.60 98.86 98.84 310 2.21 8.34 48.83 2 989.64
ShuffleNet V2-1.0 99.40 98.08 98.08 147 1.26 4.96 32.89 2 739.46
ShuffleNet V2-0.5 98.70 97.05 97.06 41 0.34 1.46 16.94 1923.94
C-ShuffleNet 99.80 98.37 98.34 98 0.31 1.33 17.94 1764.97
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