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Classification Method of Harmful Garbage Images Based on Improved EfficientNetV2
YUAN Hui-lin! , LIU Jun-tao* , HUANG Bi* , HAN Zhen® and FENG Chong?

1 College of Management, Northeastern University at Qinhuangdao, Qinhuangdao, Hebei 066004 , China

2 College of Information Science and Engineering, Northeastern University,Shenyang 110819, China

Abstract With the rapid development of industry, the amount of waste generated has also exploded, making waste disposal a
worldwide problem. The Chinese government’s concern for the environment has gradually deepened,and various garbage classifi-
cation policies and laws and regulations have been continuously introduced to supervise citizens’ garbage classification. Garbage
disposal,especially hazardous garbage such as electronic waste,if it is improperly handled, will result in bad influence. Hazardous
garbage image data has the characteristics of low data quality and unclear images. The image samples collected from different de-
vices have obvious differences. Therefore, the image processing of hazardous garbage faces huge challenges. At the same time, the
classification results of hazardous waste are related to environmental pollution issues. The amount of waste produced is huge,re-
quiring high processing speed and accuracy. This paper proposes a garbage image classification method based on convolutional
neural network and hybrid attention mechanism. This method does not need to manually extract features from the input image.
Through the deep learning model framework,it overcomes the shortcomings of traditional image processing algorithms,achieves
accurate and efficient classification of hazardous waste, and can better identify multiple types of hazardous waste. Experiment
shows that the proposed method has an accuracy rate of 97.47% on the harmful-waste data set,the model training time is shor-
ter,and its performance is better than other algorithm models. Using deep learning methods to deploy automated garbage classifi-
cation models is of great significance to environmental protection.

Keywords Convolutional neural network, Attentional mechanism,Deep learning,Garbage classification,Image classification
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Table 1 Sample distribution of Harmful-waste dataset
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Table 2 Test accuracy of each model in common data set

AT %)
models As Ac
ResNet50 78.65 77.58
ResNext50 80.49 80.58
ResNet101 89.32 88. 04
MobileNetV3 81.13 66. 81
EfficientNetV2 86.62 86. 45

Ours 88. 56 87.05
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Table 3 Comparison of training results of each model on self-built

dataset in this paper

models A/% Ti/ms Tr/min
ResNet50 92.35 145 12.5
ResNext50 93. 89 130 16.3
ResNet101 96.93 265 26.2
MobileNet V3 91. 82 58 10.5
EfficientNetV2 96. 32 65 13.5
Ours 97. 47 89 16.7
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Fig. 10 Harmful waste images recognition effect
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