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Abstract It is challenging to directly obtain global information of existing deep learning-based remote sensing intelligent
interpretation methods, resulting in blurred object edges and low classification accuracy between similar classes. This
study proposes a semantic segmentation model called SRAU-Net based on Swin Transformer and convolutional neural
network. SRAU-Net adopts a Swin Transformer encoder-decoder framework with a U-Net shape and introduces several
improvements to address the limitations of previous methods. First, Swin Transformer and convolutional neural network
are used to construct a dual-branch encoder, which effectively captures spatial details with different scales and
complements the context features, resulting in higher classification accuracy and sharper object edges. Second, a feature
fusion module is designed as a bridge for the dual-branch encoder. This module efficiently fuses global and local features in
channel and spatial dimensions, improving the segmentation accuracy for small target objects. Moreover, the proposed
SRAU-Net model incorporates a feature enhancement module that utilizes attention mechanisms to adaptively fuse features

from the encoder and decoder and enhances the aggregation of spatial and semantic features, further improving the ability
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of the model to extract features from remote sensing images. The effectiveness of the proposed SRAU-Net model is

demonstrated using the ISPRS Vaihingen dataset for land cover classification. The results show that SRAU-Net

outperforms other models in terms of overall accuracy and F1 score, achieving 92.06% and 86.90% , respectively.

Notably, the SRAU-Net model excels in extracting object edge information and accurately classifying small-scale regions,

with an improvement of 2. 57 percentage points in the overall classification accuracy compared with the original model.

Furthermore, it effectively distinguishes remote sensing objects with similar characteristics, such as trees and low

vegetation.
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Fig.1 Overall architecture of SRAU-Net
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Table 1 Class distribution and weight calculation of Vaihingen

dataset

Class name Nun}bcr of Class Weight

pixels frequency
Impervious surface 46792757 0.2780 0.7939
Building 43779851 0.2601 0. 8486
Low vegetation 35766767 0.2125 1. 0387
Tree 38534748 0.2290 0.9641
Car 2096078 0.0125 17.7239
Clutter/background 1317670 0.0078 28.1943
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Table 2 Class distribution and weight calculation of GID dataset

Number of Class

Class name pixels frequency Weight
Building 651080927 0. 0899 1.0996
Water 780799058 0.1079 0.9169
Forest 277330405 0.0383 2.5815
Farmland 2222929336 0.3071 0.3221
Meadow 144943831 0. 0200 4.9394
Others 3162486239 0.4368 0.2264
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Table 4 Comparison of segmentation results of different models on Vathingen dataset
ToU /%
Method - — : MIoU /%  OA /% F1/%
Impervious surface Building Low vegetation Tree Car
FCN 65.96 86. 34 67.09 75.63 67.17 72.44 85.67 76.56
U-Net 80.40 88.07 70.32 77.78 74.16 78.15 89.57 82.59
DeeplabV 3+ 81.15 88.62 69.97 78.32 73.95 78.40 89.39 82.93
TransUNet 81.26 89.79 71.01 78.49 74.95 79.10 90. 02 83.64
SRAU-Net 83. 88 90. 97 73.22 80. 95 77.71 81. 35 92. 60 86.90

h 56 3IE I B SRAU-Net 35 51 3 &% & 1% b A 5]
Yy BE 1, R [ A Y M B 1R A SRR AT T e A
B, N TR B S A Vaihingen 04 42 v Bl AL 2% LAY 4 1%
EAG AT a Ak, 85 R 6 s . ATRAAE i T
FON & A % J& 538 B R PG R Z ] A OGPk, e ik
O3 R 2%, 0B e PG AR s AT RS R B A 2
B 4S5 DL 22 s U-Net B4R 73 2 25 by H =
AR e B RS B A R
DeeplabV 3+ 2R JH# 7k & B, MM 3545 5 K A9 237 BF
A F FON, 0 R85 1A KR HE T, (0 % A 30 1
e Hby By B S 08 P A, 2 U R EHR B9 A AR s 2

2 P 0 AN 37 7K TH B 4y R BT TransUNet 3815 L
DeeplabV 3+ B 4 1% 43 B %0 SR (5 TG 32 o ff 43 %1 32 Jak
PG ) i A 8, A = e RIS vh B A o ff ) 1
=N BRR TG s BT CNIN 923 E B R B % o 47
T PE 2 AL o0 A0 0 B SR AR AR, o BIAE AR R B 4, 5
HABAL R AH e, SRAU-Net /N T 45 5352 22 |, 4% 501 2 %)
Vaihingen % 45 £ A LB @& 9 H ¥, CNN 5
Transformer (4 47 45 44 7] 78 43 A H AR [5] RUEE (1) 25 1]
5 R AR T M) i S F BB HLAE

by wE— A 3E B I 3 SRAU-Net 94 it , 78 GID
K Eb B RUE s 45 b iE AT S0 0, AR o R 45 R an 5k 5 7
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Fig. 6 Visualization of segmentation results of different models on Vaihingen dataset
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Table 5 Comparison of segmentation results of different models on GID dataset
IoU /%
Method MIoU /% OA /% F1/%
Building Water Forest Farmland Meadow
FCN 47.03 72.50 46.72 49.11 43.08 51.69 70. 85 65.11
U-Net 62.21 81. 22 51.07 68.79 64. 08 65.47 82.80 69. 05
DeeplabV 3+ 63.22 79.49 53.23 67.53 60. 93 64.88 80. 66 67.14
TransUNet 63.03 80. 35 55.02 68.93 64.24 66.31 82.91 69.12
SRAU-Net 64. 58 80. 82 55.73 70. 11 65.52 67.35 84. 26 71. 84
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7~ o H A (a) F 78 Swin Transformer £ Bt 2H Bl 19 U-
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Fig. 7 Visualization of segmentation results of different models on GID dataset
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Table 6 Ablation experiment setting of SRAU-Net

Model name  Baseline  Residual block ~ FFM FEM
(a) v/
(b) N, N/
(¢) N, N/ N
(d) N, N N
(e) N/ N N N

Y (a) 1 56 Atk b W3S T 5% 25 A5 K 4 1 i B 4 A 88 L WA T
TZREZEEEE, 588 (a) M MIoU#F+ T 1. 91
T, B (o) ZEARE R (b) iy Al BRI T FFEM,
FEM X} = 4 it 2% 5 5 Bh 2 1) 8 42 B2 19 42 )5 15 B R0
Jay B A% AVREAE SEAT AT RRh A, 5 %A R AE ml A A
FERY (b)) A He MIoU B8 /in 1 0. 18 /43 s o 247 SRAU-

Net HE 28 v 25 [ FFM B, % 28 570 28 500 14 43 HORS B2 42 &5
R ToU S5 T 0. 73 A 43 a5, Hk & A 35 K 2 1 25
LB T 0. 12 H 4 A BB (d) ZEREAY (b) Y S Al |
N T FEM, 54 FEM (1 A &4 P, 45 5 2 01 7%
FEM J5 588 (b) # o, MIoU #4 /i1 T 0. 22 H 43 f .
KA (o) — U N T FEM Bl FEM, Sk & 2 52 55 (1)
SRAU-Net #5# , N 3% 7 7] DL &} , FEM X} Vaihingen
€ LR S A IRk R AN Y e S S B i
HET T P R A HUE A R o

Jr# SRAU-Net B [R A AE Vaihingen 504 £
LR AR S R E 8 s . IR 8 W LA i, U sk
22 e (1 Jaly B G B 88 A 2 T R AR OG R 1 [ B
Jei ¥R 2s [ A5 B, (T G2 10 s % 28 45 58 13t B, 40 565 108
FUG 22 F IR W Y i 2 . A58 (o) K FFEM R

7 FE Vaihingen £ 45 10T mil 5% 56 45 R

Table 7 Result of the ablation experiment on Vaihingen dataset

IoU /%

Method MIoU /% OA /% F1/%
Impervious surface  Building ~ Low vegetation Tree Car

(a) 82. 66 89. 37 70.07 77.03 75.12 78.85 90.03 85.55

(b) 83.68 90. 09 73.02 80.67 76.33 80.76 91.25 86.38

(¢c) 83.80 90. 82 73.05 80.69 76. 36 80.94 92.35 86.62

(d) 83.78 90. 87 73.14 80.72 76.43 80.98 92.37 86.68

(e) 83.88 90.97 73.22 80.95 77.71 81.35 92.60 86.90
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Fig.8 Visualization of the ablation experiment results. (a) baseline; (b) baseline—+residual block; (c¢) baseline+residual block-+FFM;
(d) baseline+residual block+FEM; (e) baseline+residual block+FFM+FEM
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