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Continuous classification of garbage based on the elastic weight
consolidation and knowledge distillation

. 1 . . 1 1 . 2
ZHANG Jingyu , XU Xinying , XIE Gang , LIU Huaping
(1. College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China; 2. Department of Com-
puter Science and Technology, Tsinghua University, Beijing 100084, China)

Abstract: The current garbage classification methods focus on the classification of common domestic garbage of fixed
classes, which cannot meet the dynamic and continuous classification requirements brought by the growth of the num-
ber of garbage classes. To solve this problem, the paper proposes an elastic weight consolidation and knowledge distilla-
tion (EWC-KD) continuous garbage classification method. The method enhances the memory ability of the model
through EWC regularization loss function and distillation loss function. EWC regularization loss function limits the up-
date range of important parameters, and the distillation loss function with temperature coefficient enhances the general-
ization ability of the model by protecting the class information carried in the class label. Experiments on five garbage
classification tasks show that the performance of this method is better than that of the comparison method. Our method
can maintain high classification accuracy and low backward transfer value on all tasks, and can enhance the continuous

classification ability of the garbage classification system.
Keywords: domestic garbage; image classification; continuous learning; deep learning; knowledge distillation; regular-
ization; temperature coefficient; generalization capability
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Fig. 5 Forgetting curves of knowledge distillation method
on five garbage classification tasks under different
temperature coefficients
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Table 2 ACC of different methods after the training of

five garbage classification tasks in turn and the

BWT after the training of the fifth garbage
classification task %

. NAMEES IS ACC
Tk BWT
£451 1152 {1453 {154 {155

fine-tuning  90.08 68.14 64.11 5677 55 —37.82
EWC  90.08 7637 6945 7357 7393 -887
KD 90.08 829 8141 77.87 76.02 —10.21
LWF  90.08 8046 73.05 7091 6834 —17.04
EWC-KD 90.08 884 8133 81.93 81.51 -0.84
MTL  90.08 8623 86.78 83.88 86.12 —0.65

STL 90.08 85.53 62.92 8148 83.94 —
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