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Design of Swin Transformer for semantic
segmentation of road scenes

Hang Hao, Huang Yingping", Zhang Xurui, Luo Xin

School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai
200093, China

Abstract: Road scene semantic segmentation is a crucial task in autonomous driving environment perception. In
recent years, Transformer neural networks have been applied in the field of computer vision and have shown
excellent performance. Addressing issues such as low semantic segmentation accuracy in complex scene images
and insufficient recognition capabilities for small objects, this paper proposes a road scene semantic segmentation
algorithm based on Swin Transformer with multiscale feature fusion. The network adopts an encoder-decoder
structure, where the encoder utilizes an improved Swin Transformer feature extractor for road scene image feature
extraction. The decoder consists of an attention fusion module and a feature pyramid network, effectively
integrating semantic features at multiple scales. Validation tests on the Cityscapes urban road scene dataset show
that, compared to various existing semantic segmentation algorithms, our approach demonstrates significant
improvement in segmentation accuracy.

Keywords: semantic segmentation; Swin Transformer; attention mechanism; autonomous driving; deep learning
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& 2 A EHAE Cityscapes #4% %& 49 loU 4= MloU

Table 2 loU and MloU of various models on the Cityscapes dataset

Classes FCN PSPNet UNet DeeplLabv3 SwinT Ours
Road 97.1 98.0 98.0 98.1 98.0 98.1
Sidewalk 79.9 81.8 84.2 84.5 84.7 86.2
Building 89.3 91.1 91.1 91.7 91.4 91.6
Wall 44.2 48.2 48.7 51.2 54.4 55.5
Fence 48.3 50.3 51.5 53.6 57.3 59.9
Pole 30.6 457 48.2 50.3 55.5 57.2
Traffic Light 447 50.0 51.7 53.7 61.9 63.2
Traffic Sign 56.8 62.3 65.8 68.2 73.5 74.4
Vegetation 87.1 89.2 90.1 90.1 90.2 924
Terrain 60.4 62.8 65.3 64.2 61.3 63.2
Sky 90.8 94.2 93.8 95.3 94.2 95.1
Person 64.1 71.2 72.6 74.5 75.5 76.9
Rider 38.2 456 46.1 495 55.7 55.9
Car 90.4 92.0 92.2 92.6 93.8 93.5
Truck 51.3 68.5 63.4 74.4 73.6 725
Bus 72.0 80.3 77.6 83.2 79.4 79.9
Train 74.4 77.4 78.5 81.5 7.7 78.1
Motocycle 52.5 50.1 55.5 53.5 56.5 59.2
Bicycle 59.1 60.1 63.4 64.2 71.2 73.2
MloU/% 64.92 69.28 70.45 73.71 73.17 75.18

%3 A £AA 4 Cityscapes %ki% 4 49 PA #2= MPA

Table 3 PA and MPA of various models on the Cityscapes dataset

Classes FCN PSPNet UNet DeeplLabv3 SwinT Ours
Road 98.1 98.5 98.8 99.1 99.1 99.1
Sidewalk 89.9 89.3 90.2 92.0 91.2 92.7
Building 96.3 94.7 96.1 96.2 96.5 96.8
Wall 52.2 721 60.7 731 71.4 723
Fence 60.3 69.3 68.5 725 71.4 74.6
Pole 36.6 74.7 59.2 74.3 741 77.7
Traffic Light 56.7 72.0 62.7 69.2 70.4 721
Traffic Sign 68.8 79.3 75.8 76.5 76.7 79.3
Vegetation 94.1 93.2 95.1 93.6 95.3 97.7
Terrain 74.4 79.8 78.3 781 79.2 80.3
Sky 95.8 97.2 97.8 97.5 97.5 97.9
Person 771 82.2 84.6 84.2 86.3 87.9
Rider 58.2 68.6 55.1 71.2 72.4 73.7
Car 96.4 96.0 96.2 96.3 97.6 97.6
Truck 62.3 79.5 76.4 75.5 73.5 76.2
Bus 85.0 87.3 89.6 91.7 85.6 87.7
Train 78.4 83.4 92.5 88.4 79.3 829
Motocycle 66.5 735 67.5 775 77.3 79.2
Bicycle 771 73.1 80.4 76.2 80.3 84.2
MPA/% 74.64 79.97 80.06 82.31 81.59 84.83
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Table 4 Performance comparison of various semantic segmentation algorithms

Frik MloU/% MPA/% Param/M FLOPs/G FPS
FCN 64.92 74.64 34.90 66.38 58.61
PSPNet 69.28 79.97 51.86 152.97 81.25
UNet 70.45 80.06 49.10 166.92 54.52
DeepLabv3 73.71 82.31 68.37 235.37 36.59
SwinT 73.17 81.59 121.25 297.57 12.22
Ours 75.18 84.83 123.77 305.46 14.83

R HARBAFE, A DIA ROk 58 HARBY AR5 5 8 o
PRUHCAR SCO7 95 T LS - B IBORI A F PR AOASAE, A
R FEIPEREEAL o

JAEBATRIRI IR BT, AR 4l
BT FATER SRR, R R EA, Sem
Pe—f, Wik EIHFEEZ N fEPRMHH, A
T TR AL B, BEARSHGR

4.5 BBEUZETRAIMULERSHT

T R AE M B FRA AR A T R S A 4 1Y
PL, AT AL T ARISEETE Cityscapes &5 1Y
g mE 7 o, W17 RIEE LAl s A
J I . FCN k4% 73 FI 45 5] . PSPNet M 2% 73 #1445 51

K. UNet M8 #|25 B E | DeepLabv3 W 4% # 4%
S . Swin Transformer ¥ 45 43 %) 45 5 & DA B A S0
VEAYFELT Swin Transformer AU S 25 HLA]

M (@) AT LU Y, AT EFEHRLZRAT . BT
FFF . ERFFRX AR EDE LA LT 0 2 EI380R
M (b) AT LA Y, AR SCT7 A BT A ) D 28 7
MNATIE R ER A DRCR LS, o DA ECh 583
TR TR o Bk . TR T A E S
AR, AT DL NS a0 2 B M . (HX T
B R AT ARG ISR 7 A ATiE, AR s
KIS . M (o) AT LAE H, XA A
AEIRAL A S5 5 P LASSE R T Wb by b 328 sy 4 e 40

2] [&] [€]
T e
e Lo
5 ‘

o
PSPNet P

E]- 4
DeeplLabV3 ==k — D
i . ! .
SwinT ¥-aEsss - -l L s Iz
' n

ik ; ¥ !
Ours V" Smigy. WIS & e 4
.,

B 7 Cityscapes %% ¥ % # 7 ik 5 F| Rt L B

Fig. 7 Comparison of segmentation effects of multiple methods in Cityscapes scenes
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Fig. 8 Comparison of ablation experiment effects
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Design of Swin Transformer for semantic
segmentation of road scenes
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Overview: Semantic segmentation of road scenes is a crucial task for the perception of autonomous driving
environments. In recent years, deep learning technologies have elevated research in semantic segmentation, leading to
the emergence of numerous new algorithms. Methods based on deep learning train models with extensive data
automatically extract data features and become the mainstream approach for semantic segmentation. Currently, deep
learning algorithms applied to image semantic segmentation primarily fall into two categories: those based on CNN and
those based on Transformer. CNN-based image semantic segmentation algorithms such as FCN, PSPNet, U-Net, and
DeepLab have made significant contributions to the field. Transformer is a novel architecture based on self-attention,
initially applied in the NLP domain. With powerful feature extraction capabilities, Transformer can capture long-range
dependencies between feature vectors, acquiring richer contextual information. Researchers have gradually adapted
Transformers to the computer vision domain, forming various Visual Transformers. Subsequently, the Swin
Transformer stands out, employing a hierarchical structure to output multi-scale features, calculating local self-attention
within a window, achieving information interaction between windows through shift-window operations, and
demonstrating excellent performance in various visual tasks. Despite extensive research on semantic segmentation
algorithms for road scenes, existing methods still face challenges in practical applications. Addressing issues such as low
segmentation accuracy in complex scene images and inadequate recognition of small targets, this paper proposes a road
scene semantic segmentation algorithm based on the SwinTransformer with multi-scale feature fusion. The network
adopts an encoder-decoder structure, where the encoder employs an improved SwinTransformer feature extractor for
feature extraction in road scene images, reducing information loss during downsampling and retaining as many edge
features as possible. The decoder consists of an attention fusion module and a feature pyramid network, effectively
integrating multi-scale semantic features and efficiently restoring fine-grained details in urban road images. We conduct
quantitative and qualitative experiments on the Cityscapes urban road scene dataset. The results show that, compared to
varjous existing semantic segmentation algorithms, our method exhibits significant improvements in segmentation
accuracy. However, our network structure is relatively complex, with a large number of computations and parameters.
In practical applications, further refinement, optimization of the network structure, and lightweight processing to
reduce parameters and computations are still required.

Hang H, Huang Y P, Zhang X R, et al. Design of Swin Transformer for semantic segmentation of road scenes[J]. Opto-
Electron Eng, 2024, 51(1): 230304; DOI: 10.12086/0ee.2024.230304
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