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Review of semantic segmentation of road scene based on Transformer
HUANG Tianyun' ,XIANG Mingjian®, SHAO Shilin

(1.School of Mathematics , Southwest Minzu University , Chengdu 610225, China;
2.School of Computer and Artificial Intelligence , Southwest Minzu University , Chengdu 610225, China)

Abstract: In the field of autonomous driving, high-quality semantic segmentation of road scenes is crucial for ensuring the safe
operation of self-driving cars.In recent years,with the continuous improvement of autonomous driving technology , the demand has
been increasing for semantic segmentation models in terms of size ,computational cost,and segmentation accuracy , prompting re-
searchers to explore more advanced algorithms.This paper first introduced the significant progress and shortcomings of semantic
segmentation technologies under the rapid development of deep learning, leading to the discussion of Transformer-based methods
for road scene semantic segmentation. Compared to traditional deep learning algorithms, Transformers possessed the ability to
comprehensively understand contextual relationships in complex scenes, demonstrating significant advantages, particularly in
handling multi-objects and complex environments.Subsequently , based on different feature processing strategies and model archi-
tectures , the Transformer-based road scene semantic segmentation methods were categorized into four types: methods based on
global feature extraction, methods based on local feature enhancement, methods based on hybrid architectures, and methods
based on self-supervised learning. Finally,the paper analyzed and compared representative algorithms from each category, sum-
marizing their technical characteristics,advantages and disadvantages.
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Table 2 Representative methods based on local feature enhancement
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Table 6 Comparisons of road scene semantic segmentation methods based on Transformer
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