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Lightweight dual-branch semantic segmentation algorithm
based on model pruning and knowledge distillation
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(1 School of Electrical Engineering, Guizhou University, Guiyang 550025, China;
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Abstract: In response to the challenge of balancing accuracy and real —time performance of existing semantic segmentation
algorithms in the context of autonomous driving, a lightweight semantic segmentation algorithm combining pruning and knowledge
distillation techniques is proposed. The model structure consists of a dual —branch architecture. The semantic branch employs
ResNet50 as the backbone network to extract semantic features from the images, incorporating Atrous Spatial Pyramid Pooling
( ASPP) modules to further extract features. The detail branch uses three stacked convolutional layers to extract detailed information
from the images. The information from both branches is input into a Multi — Feature Fusion Module ( MFFM ) for fusion and
upsampling to obtain the segmentation results. Pruning techniques are applied to trim redundant parameters of the model, and
knowledge distillation techniques are combined to restore and enhance the model accuracy. Experimental results demonstrate that on
the Cityscape dataset, the model achieves a parameter size of 10. 26 million, 76. 3% mloU, and an inference time of 64. 16
milliseconds. Compared to the BiSeNetV2 model, it achieves a 3. 09% higher accuracy with 6. 9 million more parameters and 18. 74
milliseconds slower inference time.
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Fig. 1 Overall model structure
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Table 1 Experimental platform parameters
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Table 3 Impact of different pruning rates on model performance
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0.4 14.74 75.5 185.93 83.75
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