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Abstract

The problem of garbage classification is crucial for environmental protection and sustainable de-
velopment. Traditional garbage classification models face performance bottlenecks when dealing
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with complex scenes, while the ResNet network has achieved significant success in image recogni-
tion tasks due to its deep residual learning structure. In order to further enhance the performance
of garbage classification models, this paper improved upon the ResNet network by introducing at-
tention mechanisms and enhanced feature extraction strategies. Through training on a garbage
classification dataset, the improved ResNet network’s advantages in accuracy and generalization
performance for garbage classification were verified. The proposed model achieved higher classi-
fication accuracy for different garbage categories, demonstrating a 1.9% improvement in accuracy
compared to ResNet50. This research provides a more effective solution for the problem of gar-
bage classification and offers beneficial insights for other complex image classification problems.
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Table 1. Garbage classification data categories and quantity table
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Figure 1. Histogram of subcategories and quantities of garbage classification data
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Figure 2. Huawei garbage classification dataset
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Figure 3. Modified Huawei garbage classification dataset
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Figure 4. Histogram of subcategories and quantities of modified garbage classification data
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Figure 5. Schematic of general data enhancement effects
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Figure 7. Accuracy curve graph of different model
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Figure 8. Garbage recognition model architecture diagram
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Table 4. Comparison table of CBAM ablation experiment results
F 4. CBAM jHRASLIG A R B

KBRS BRENGLE ATES
1 1 93.12%
2 2 93.17%
3 3 93.42%
4 4 93.37%
5 1. 2 93.63%
6 1. 2.3 93.91%
7 1. 2. 3. 4 94.19%
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Table 5. Comparison table of loss method ablation experiment results
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1 Cross Entropy Loss 94.19% 97.23% 112 ms
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4 Focal Loss + Label Smoothing 94.9% 99.1% 110 ms
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Table 6. Model comparison results
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Figure 11. Confusion matrix
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Table 7. Classification model accuracy
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