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[ Abstract] As one of the key technologies in the field of computer vision, images semantic segmentation technology can identify
and understand the content of each pixel in an image, and is used in many scenarios such as autonomous driving, medical diagnosis,
geographic information systems, and images search. Compared with deep convolutional neural networks, the Transformer model is
based on a pure attention mechanism without any convolutional or recurrent neural network layers. Improvements have been
implemented on the basis of Swin Transformer, and a new network structure SwinLab is proposed in this paper. The experimental
results show that the segmentation accuracy of the improved SwinLab model is comparable to that of the deep convolutional neural
network model algorithm and the original Swin Transformer model, and the mloU can reach 80.1. At the same time, a comparative
experiment is also carried out on the CityScapes dataset, so the effectiveness and generalizability of this structure is furtherly
demonstrated. In summary, this paper has performed related work on the basis of Swin Transformer as the backbone network, so that
the model structure is simpler, the training and inference speed is faster, and the accuracy rate is also considerable.
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Fig. 2 Overall model structure of the network
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Fig. 3 Encoder structure diagram

MLP
Block

Dropout

Linear

Dropout

GELU

Linear

B4 MLPZHE
Fig. 4 MLP structure diagram



11 BMEE:, 5. T Transformer [FIE #3750 4 B LA 5T 207

ASPP+ l

D R R

Fi Ey d AdaptiveAvgPool2d :

: Conv2d P . %0n3\/2d . I I Conv2d P i

: k=1x1 - =3X3, s= I k=3%3, s=1 I H

s=1 N RS EVE YT k=Cl(;<n1V,25d=1

I T e T

.......... l... O ——- Bilinear Interpotad -
g T PP, 1 ------------ .

Self Attention

—
e

£ Conv2d : :
: k=3x3, s=1 L
R

Layer Norm

Conv2d
k=1x1,s=1
Prediction Head

Bilinear
Interpolate

v

Output

5 BRERANE

Fig. 5 Decoder structure diagram



208 /ORI B NS5 NMOA E RV

s ECR IR 6 B 7 iR, 6 B 7 H, M
GH_\I e N ’
3 KHEEROM (a) 3 (d) R 5% DeepLabv3 Fuil DA K
TE Pascal VOC2012 FHEEEFN Cityscapes F(HE4E SwinLab il 5] ,

(b) #7%

(¢) DeepLabv3 Tl

(d) SwinLab T &

Bl 6 Pascal VOC2012 ${#E%
Fig. 6 Pascal VOC2012 dataset

4 ZERIE

BEXTIE #7555, AR SO T — R AT
Transformer [ SwinLab BIRIZLHE | 2% W) 45 R4 1 i
TMERAEZ R 22250 73 0 I A & e, ) i 8
FHASTR] ) SR A L 91 15 52 B 2 IBURR AR, 5 mT DAAE

() ZARUE BHFR LTSRS R R, T
Transformer F4J#:f%) SwinLab #5784 5 4% AH Lt 1% 5¢ Sk

TR N2 T o BB ZOR | Kk he

() DeepLaby3 HU P Tt, AN B SOTA  {HAE Pascal VOC2012 ¥
£ I mloU 7]k 80.1,7E Cityscapes (4 % LA A
FRRRCR . BRI Z A, A SCH G OGHE B 2R B2
R8T WENGE X TR SN R A &SRS 5 R
Lo G3A A Y R S Bk S A A BB 3090
(N5 215 TT)

(d) SwinLab i (5]
7 Cityscapes 185
Fig. 7 Cityscapes dataset



