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Abstract

To address the problems of poor manual detection environment, error-prone, difficulty and low
efficiency of garbage classification, a method of domestic garbage classification using deep trans-
fer learning is proposed. Firstly, image datasets for garbage classification are constructed while
data augmentation, secondly, deep convolutional neural networks ResNeXt and MobileNetV2 are
built to fine-tune the network transfer parameters to suit the garbage classification task, and fi-
nally, the effects of network freezing layers and learning rate on the network structure caused by
different magnitudes are explored under the convolutional neural networks based on deep migra-
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tion learning. The results show that ResNeXt is more strongly influenced by the learning rate and
MobileNetV2 is more influenced by the number of network freeze layers, and the best network
freeze layers for both are 50 and 80 layers, respectively, and the best learning rates are 0.0003
and 0.0001, respectively, which effectively improve the model accuracy and achieve the effective
classification of many kinds of common garbage.
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Figure 1. ResNeXt module (base C = 32)
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Figure 2. MobileNetV2 module
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Figure 3. Data augmentation example
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Figure 4. Garbage classification flow chart based on deep transfer learning
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Table 2. Parameter settings of network freezing layers and learning rate
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Table 3. ResNeXt network freezing layer results
% 3. ResNeXt M4 R ER H LR

REE 2 HERI 1% RS2 H iRIIESL
20 91.96 90 91.10
30 92.35 100 90.48
40 92.12 110 91.41
50 92.35 120 91.18
60 92.12 130 90.09
70 91.57 140 89.78
80 91.88 150 87.20
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Figure 5. Change curve of ResNeXt training model
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Table 4. MobileNetV2 network freezing layer results
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Figure 6. Change curve of MobileNetV2 training model
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Table 5. ResNeXt and MobileNetV2 different learning rate results
# 5. ResNeXt 5 MobileNetV2 F[E]% 5 R4t R

it S p TER 2% i 23R T 2/%
0.001 91.41 0.001 88.29
0.003 88.76 0.003 86.42
0.005 83.93 0.005 84.55
ResNeXt MobileNetV2
0.0001 92.35 0.0001 89.71
0.0003 93.21 0.0003 88.06
0.0005 92.48 0.0005 88.76
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Figure 7. ResNeXt confusion matrix
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Figure 8. Comparative experiment of four models
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