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Road Scene Semantic Segmentation Network Based on Multi-Scale
Transformer Features

Peng Yang, Wu Wenhuan, Zhang Haokun

(School of Intelligent and Connected Vehicle, Hubei University of Automotive Technology, Shiyan 442002, China)

Abstract: Image contents in road scenes are usually complex, with significant differences in scale and shape be-
tween different objects, and lighting and shadows can make the scenes difficult to recognize. However, existing
semantic segmentation methods often fail to effectively extract and fully integrate multi-scale semantic features,
resulting in poor generalization ability and robustness. To address these issues, this study proposes a semantic
segmentation network model that fuses multi-scale Transformer features. Firstly, the CSWin Transformer was
employed to extract semantic features at various scales, accompanied by the introduction of a feature refinement
module (FRM) to enhance the semantic discrimination capability of deep, fine-grained features. Secondly, an at-
tention aggregation module (AAM) was adopted to separately aggregate features across scales. Finally, by inte-
grating these enhanced multi-scale features, the semantic expression ability of the features was further enhanced,
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thereby improving segmentation performance. Experimental results demonstrate that this network model

achieves an accuracy of 82.3% on the Cityscapes dataset, outperforming SegNeXt and ConvNeXt by 2.2 percent-

age points and 1.2 percentage points, respectively. Moreover, it attains an accuracy of 47.4% on the highly chal-

lenging ADE20K dataset, surpassing SegNeXt and ConvNeXt by 3.2 percentage points and 2.8 percentage

points, respectively. The proposed multi-scale Transformer feature fusion model not only achieves high semantic

segmentation accuracy, accurately predicting pixel semantic categories of road scene images, but also has strong

generalization performance and robustness.

Key words: semantic segmentation; Transformer features; feature fusion; spatial expectation maximizes atten-

tion; channel attention
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Tab.3 Results of different methods with the same
experimental setup on the ADE20K validation set

Jrik Backbone mloU/% FPS/(1Wi/s) (Ilalrggli/)
EncNet ResNet50 40.1 14.87 35.89
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