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Abstract

In order to solve the technical bottleneck in the task of sorting fresh tea leaves, this paper proposes
an improved architecture based on AlexNet, which effectively breaks through the limitations of tradi-
tional methods through four core technologies. Firstly, the Squeeze-and-Excitation (SE) module was
embedded in the Conv3~Conv5 layers of the AlexNet model to adaptively adjust the feature response
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of the channel to enhance the model’s ability to express features. Secondly, a Batch Normalization
layer was added after the full convolutional layer, so that the training convergence rounds of the fresh
leaf dataset were optimized from 50 rounds to 20 rounds. In addition, the Global Average Pooling
(GAP) layer was added before the model outputlayer, and the model parameters were successfully com-
pressed from 178.39 M to 14.3 M. Experimental results show that the proposed improved scheme sig-
nificantly improves the training efficiency and generalization ability of the model under the premise
of ensuring classification accuracy.
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Figure 1. Data cropping
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Figure 2. Data augmentation
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Table 1. Classification dataset of fresh tea leaves
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Figure 3. AlexNet model
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Figure 5. Squeeze-and-excitation module
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Figure 6. Global average pooling
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Figure 8. Graphs of accuracy and loss values
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Table 3. Accuracy and loss values of the different models on the test set
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AlexNet 50 94.71 0.16 178.39
ResNet50 50 91.50 0.34 90.00
MobileNetV1 50 87.42 0.52 12.33
ShuffleNetV1 50 85.33 0.67 11.26
Improved AlexNet 50 98.84 0.05 3.67
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