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Abstract: Objective Remote sensing images are a type of earth observation data with wide coverage, rich spectral informa-
tion, and variable target structures. The advancement of computer technology has steadily increased the demand for accu-

rate and efficient extraction of buildings across diverse domains and industries. Meanwhile, the application prospects of
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semantic segmentation techniques in remote sensing image have progressively demonstrated substantial practical signifi-
cance. By utilizing the semantic segmentation technology for remote sensing images, detailed information such as the spa-
tial distribution and density of buildings and other infrastructures can be efficiently extracted. This information will play a
crucial role in land surveying, urban planning, and post-disaster assessments. However, this advancement has simultane-
ously increased the complexity of semantic segmentation for buildings in remote sensing images. Consequently, the chal-
lenge of efficiently and accurately extracting building information from high-resolution imagery has emerged as a pivotal con-
cern in the field of semantic segmentation of remote sensing images, which demands urgent attention and resolution. In
recent years, deep learning has notably advanced in the field of semantic segmentation of remote sensing images. These
advancements are due to its ability to learn any data distribution without requiring prior statistical knowledge of the input
data, its capacity for self-learning target features, and its strong generalization capabilities. However, the process of
semantic segmentation for remote sensing images of buildings faces substantial obstacles, which are primarily due to robust
interferences such as varying lighting conditions, seasonal changes, and complex background information, as well as the
intricate architectural structures and edge details of the buildings themselves. To address these challenges, this study pro-
poses a global perception and detail enhancement asymmetric-UNet (GPDEA-UNet) network for building semantic segmen-
tation in remote sensing images. Method First, the proposed network using UNet architecture constructs a feature encoder
module based on the selective state space module. This module is specifically designed to meticulously extract the texture,
boundary, and deep semantic features of buildings in remote sensing images. It leverages the visual state space as its funda-
mental building block and incorporates dynamic convolution decomposition (DCD) to significantly enhance the extraction
of intricate features and context information in the remote sensing images while effectively reducing computational over-
head. Second, a multi-scale dual cross-attention (MDCA) module is introduced to further broaden the global receptive
field of the network and tackle the semantic discrepancy challenges posed by the codec during skip connections. MDCA
represents an advanced attention-weighting mechanism that harmoniously integrates cross-channel attention and cross-
spatial attention. This module substantially enhances the capability of the network to extract and fuse feature information
pertinent to the region and boundary of the segmented target. Meanwhile, it effectively resolves the interdependencies
among multi-scale encoder features in channel and spatial dimensions, which bridges the semantic gap between encoder
and decoder features. Finally, a detail enhancement decoder module is designed to restore the resolution of the extracted
feature maps, with the aim of addressing the issue of image detail information loss during the upsampling phase. This mod-
ule builds upon the principles of DCD and incorporates a cascade upsampling (CU) module. The CU is specifically engi-
neered to capture richer semantic information, retain feature details and semantic integrity, and ultimately ensure the high
accuracy and delicate precision of the segmentation results. Our network achieves a highly specialized and nuanced seg-
mentation of remote sensing building images by integrating these sophisticated components. Result Experimental results
demonstrate the exceptional robustness of the GPDEA-UNet network introduced in this study across various datasets. Spe-
cifically, on the WHU Aerial Imagery Dataset (WHU ), the network achieves an intersection over union (IoU) of 91. 60%,
precision of 95. 36%, recall of 95. 89%, and an Fl-score of 95. 62%. Similarly, on the Massachusetts Building Dataset,
the network attains an loU of 73. 51%, precision of 79. 44%, recall of 86. 81%, and an F1-score of 82. 53%. When com-
pared with other state-of-the-art networks, the quantitative indicators reveal that the GPDEA-UNet network attains optimal
performance on the WHU dataset and either optimal or near-optimal performance on the Massachusetts Building Dataset.
Furthermore, qualitative analysis demonstrates that the proposed network achieves superior segmentation results on the
WHU and Massachusetts Building Datasets. The network maintains high-quality segmentation even for remote sensing
images with inferior imaging quality, such as those with low resolution, noise, or occlusion. Conclusion An asymmetric
remote sensing building segmentation network with global perception and detail enhancement is proposed by combining a
selective state space module and a multi-scale dual cross-attention mechanism. Experiments on two remote sensing datasets
show that the proposed network can effectively improve the accuracy and visualization effects of remote sensing building seg-
mentation. Furthermore, the network exhibits remarkable robustness and versatility. The high precision and recall rates
achieved in our experiments highlight its capability to excel not only in high-quality remote sensing building segmentation

but also in challenging scenarios. This study shows that the proposed network has excellent universality and application
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potential in remote sensing image segmentation and provides a new research idea and method for the research and applica-

tion of remote sensing image processing.

Key words: remote sensing images; building segmentation; visual state space; dynamic convolution decomposition

(DCD) ; cross-attention; detail enhancement
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Fig. 7 Sample images and labels of WHU Aerial

Imagery Dataset
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Fig. 8 Sample images and labels of Massachusetts

Building Dataset
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1.70% (IoU) . 1. 22% (precision) . 0. 21% (recall) F1
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Table 1 Variant structure of GPDEA-UNet
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Table 2 Ablation experimental results

/%

Ik baseline DCD MDCA SSM CU IoU  precision recall Fl-score
baseline N - - - - 8826 9435 9366 93.77
baseline + DCD N N - - - 8875 9601 9214 9404
baseline + MDCA N - N - - 8939 9528  93.53  94.40
baseline + SSM N - - V- 8996 9557 9387 9471
baseline + CU N - - - v 9044 9472 9524 9498
baseline + DCD + MDCA N N N - - 9071 9519 9506  95.13
baseline + DCD + SSM N N - v - 9094 9536 9515 9525
baseline + MDCA + SSM N - N v - 9138 9525 9573 9549
baseline + DCD + MDCA + SSM N N N v - 9156 9539 9579 9559
baseline + DCD + MDCA + SSM + CU(4<30) N N N vV 9160 9536 9589  95.62
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Fig. 9  Visualization results of modules of GPDEA-UNet
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Fig. 10  Visualization results of region attention module of GPDEA-UNet( (a)original images; (b) UNet-Stagel ;
(¢)GPDEA-UNet(ours )-Stagel; (d) UNet-Stage3; (¢) GPDEA-UNet(ours)-Stage3; (f) ground truth)
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2.4 FFEERLE

N T ¥ i 2 GPDEA-UNet 2% (19 F 201 , 5
FRTE LAy EI 25 /E WHU Aerial Imagery Dataset £l
Massachusetts Building Dataset | #E47 T #4453 &

XF L S o X HG 5 43 45 UNet (Ronneberger 45
2015) . PSPNet (pyramid scene parsing network ) (Zhao
4,2017) .HR-Net (high-resolution network ) (Sun %5 ,
2019) . Res-UNet (Diakogiannis %5 , 2020) . DR-Net
(dense residual neural network) (Chen % , 2021b) |
UNetFormer (Wang 45 , 2022) . MSL-Net (multi-scale
level network) (Qiu %%, 2022) . PPANet (parallel path
attention net) (# % 4¢ 4, 2023) . RH-CUNet (ridge
and corner-embedded hierarchical convolutional U-
Net) (R FFE Y %5, 2024) fl EAMFNet (edge-attention
guided multi-scale fusion network ) (FEZ% 45,2024 .
2.4.1 WHU Aerial Imagery Dataset

Bl 11 2k 4 255 5 75 78 WHU Aerial Imagery
Dataset I #873 EIR B 43 #1245 4L, B 11 (a) Ry g A

el

(b) FCN (¢) UNet  (d) SegNet (e) DeeplabV3 (f) PSPNet (g) HR-Net  (h) Res-UNet (i) A3 Q) B
11  WHU Aerial Imagery Dataset 5 4 X b 52 56 25 1R
Fig. 11 Qualitative comparison results of WHU Aerial Imagery Dataset( (a)original images; (h)FCN; (¢)UNet; (d)SegNet;

(e)DeeplabV3; (f)PSPNet; (¢) HR-Net; (h)Res-UNet; (i)ours; (f) ground truth)
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2) w5 . AIE T AE WHU Aerial Imagery
Dataset £ 5 |- 73 #1285 B 09 it 40 A W& 3
7N, 78 A iR B R AR 32 2 0 5291 L (ToU) K
fify B (precision) . £ [ #& (recall) Al F1 43 %% (F1-
score) o H1 3¢ 3 A] H1, 42 11 1Y GPDEA-UNet 7E Aerial
Imagery Dataset 2{#i£E I IoU " 91. 60%, precision
95.36%, recall 2} 95. 89%, 5 1~8 1743 Jll Jy UNet ,
HR-Net, Res-Unet, DR-Net, UNetFormer, MSL-Net
PPANet, RH-CUNet 55 X LE J7 ¥ 1 7 X 53 ) & {45
Pro SEHGFEH  HH%EF UNet .HR-Net .Res-UNet .DR-
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Table 3 Quantitative comparison results of WHU
Aerial Imagery Dataset
1%

ik ToUT  precisionT recall T Fl-score T
UNet 88.26 94.35 93.66 93.77
HR-Net 86.51 92.67 93.66 93.16
Res-UNet 88.05 94.48 92.84 93.65
DR-Net 88.30 94.30 94.30 93.80
UNetFormer  89.66 94.82 94.34 94.57
MSL-Net 90.40 95.00 95.10 94.80
PPANet 90.45 94.90 95.07 94.98
RH-CUNet 90.52 90.56 90.63 90.83
AL 91.60 95.36 95.89 95.62
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Table 4 Quantitative comparison results of Massachusetts

Building Dataset
1%
WIRZS lIoU precision  recall  Fl-score

UNet 69.98 80.36 84.40 82.34
PSPNet 68.04 79.76 82.24 81.00
HR-Net 67.89 79.51 82.28 80.87
Res-UNet 66.21 76.97 82.58 79.67
UNetFormer 71.83 83.60 85.33 81.95
MSL-Net 70.90 83.00 81.90 84.10
PPANet 72.84 84.81 81.91 84.29
EAMFNet 71.60 80.13 80.61 82.45
AL 73.51 79.44 86.81 82.53
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0.19%.1.53%.1. 66%.2. 86% .0. 58% .0. 08%.

MO 35 Bs AT R, AN SCH 2 GPDEA-UNet £E
Massachusetts Building Dataset |, 5 4R {E precision |
W& A5 KA, {HFE ToU  recall Fl F1-score #4135 3] T H i
R ALIKF-

2.4.3 B SRR

N T E PP A 52 % B S RO AR SOR
B FP WAL (frames per second, FPS) 155 5 2 %
(Params , FL07 M) 45 Ar i 1 B &2 29 J8 5 200R . i
AR BRI, ] T B i ALY (Y SN B s S 8
RFRBER AT R S S En B, T A i R Y
SIREE . AFIJTEREE SSE0E RS,

x5 FEMBEESSHELR
Table 5 Comparison of speed and computational

amount of different models

T IR RS R 2 5 R A4 2R

H1 2% 4 A 41, AH#Z T UNet . PSPNet . HR-Net , Res-
UNet ., UNetFormer . MSL-Net . PPANet . EAMFNet % X
L7, AR S 28 5% L 48 A ToU 43 51 2 - 3. 53%
5.47%. 5.62%. 7.30%. 1.68%. 2.61%. 0.67%.
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4.23%. 1.48%. 4.91%. 4.90%. 6.20%; i % T

i FPS/(i/s) Params/M
UNet 41.08 17.26
SegNet 39.10 29.44
DeeplabV3 - 25.31
PSPNet 25.45 53.51
HR-Net 30.50 29.53
Res-UNet 20.71 13.04
PPANet - 26.43
AL 26.22 24.23
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