CHEDE I PR LT TESETN Vol.40 No.9
2025 4E 9 A Chinese Journal of Liquid Crystals and Displays Sept. 2025

XEHS:1007-2780(2025)09-1333-14

SERNRERSER/HBME S E TR

IHTE 1,2

ap b2 %l’z*,ﬁ?*‘?%im
ZlEkF Mélffz Pl M A E R LB E, B T B 443002;
2.2k RF HENEEEXK ,/é}utﬁ 443002;

SEMNA¥Y HEEFEIR¥KR, B2 %M 350108)

E‘t@s

WEE L TR B 2 o) M A S AR BUR 8 SR SR — AT B WIS TT 10 o A RCOT A 1S3 Ak e R B IBORG i, 42 11 — i 4 Jl /1N i
A 5 4 Ja R R i A SR TN 4% . 195 K S EOE S R R SRR JE T 0 8 5 B A 4 — R A S R S R
e, DL a4 BUA SRR o IR, 51 A/IN I AR 0 R0 58 s TRV B, 0 D — el G0 S R AR, 1 R R 4% %o
FLW I TR RAEBE ) oI5 A5 B R i G0 AR R 0 R AL S 2 R A8 BSR4 — Al A Ry bR SO B
WE SR T T2 GURE A Rl A ROR B O T I 45 A B B B R AR BE T o SRR AR SR ], PR L A4 I 2% HE WHU Fil Inria 1
Ao TF RS PR BORCE 4R L IR 3O L (ToU) #5845 23 31 15 51 90. 08 26 A1 79. 16 %% , ] i A58 4 2 M4t (Params ) 2 3. 09M,
BFIE RSB AR (FLOPs) A 4. 93G i #l#E B 15 %) 30. 24 FPS. 5 Swin Transformer BuildFormer ,SDSCUNet ,EasyN-
et . HDNet L) & CaSaFormerNet 5 B A J7 A0 L % I R AE AR e TS B 20 BE T, S8 00 7 0 i 9 3 BBORS B2, 76 1S8R
PEHURE BE 2 18] SE 80 T S04 9 -

X B WAAHIRIGEBRIEARER DR TH;EHETL

FRESES . TP751;TP391 XERFRIRAE: A doi:10.37188/CJLCD.2025-0108  CSTR:32172.14.CJL.CD.2025-0108

%% B 83 : 2025-05-22; 81T H #§ : 2025-07-13.

ES DB HRARPHEEESE (No.41901341) ;1 1L 48 A A R4 4 (No.2024 AFB867) s 1L 45 F AR} 27 3 4 77 4F 2
4 (No.2024 AFB217) 5 [ 44 B U5 AR 1 J51 [ 47 i 00 o 3 5 46 2 JT i 2 48 (N0.2025NGCMO03)
Supported by National Natural Science Foundation of China (No0.41901341) ; Natural Science Foundation of
Hubei Province (No. 024AFB867) ; Youth Fund of Hubei Provincial Natural Science Foundation (No.
2024AFB217) ; Open Fund for Key Laboratory of Geographic State Monitoring of Ministry of Natural
Resources (No0.2025NGCMO03)

i {5 Bk & A, E-mail : panshao@whu.edu.cn



1334 W5 Bos 55 40 %

Lightweight building extraction network integrating wavelet
transform and global awareness

SHAO Wen'*, SHAO Pan"*", SONG Baogui’, XIONG Biao'*

(1. Hubei Key Laboratory of Intelligent Vision Based Monitoring for Hydroelectric Engineering ,
China Three Gorges University, Yichang 443002, China;
2. College of Computer and Information Technology, China Three Gorges University,
Yichang 443002, China;
3. College of Physics and Information Engineering , Fuzhou University, Fuzhou 350108, China)

Abstract: Building extraction based on deep learning is an important research direction in the field of
remote sensing. To effectively balance computational efficiency and extraction accuracy, a lightweight
building extraction network integrating wavelet transform and global awareness is proposed. First,
by integrating parameter sharing, star-shaped operations, and depthwise separable convolution, a star-
shared depthwise convolution block is proposed to efficiently and accurately extract building features.
Secondly, wavelet transform and frequency-domain spatial attention are introduced to propose an efficient
boundary enhancement module that enhances the network’ s ability to characterize building boundary
features. Finally, employing a lightweight non-local attention mechanism and a hierarchical feature
interaction strategy, a global context-aware module is proposed. This module significantly improves the
fusion effectiveness of hierarchical features and enhances the overall perception capability during the
network’ s decoding stage. Experimental results demonstrate that the proposed network achieves
Intersection over Union (IoU) scores of 90.08% and 79.16% on the publicly available WHU and Inria
building extraction datasets, respectively. Concurrently, the model maintains a low parameter count
(Params) of 3.09 million, FLOPs of 4. 93 billion, and an inference speed of 30. 24 frames per second
(FPS). Compared to existing methods such as Swin Transformer, BuildFormer, SDSCUNet, EasyNet,
HDNet, and CaSaFormerNet, the proposed method achieves higher extraction accuracy while maintaining
low computational complexity, achieving a superior balance between computational efficiency and
extraction accuracy.

Key words: building extraction; lightweight; boundary enhancement; wavelet transform; global context
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(8 GB A7) o ML LR Adam I8 Ak 25 IF 52 ik
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RUAE SE YN R4 AT 200 U1 25 S 399 DL o B
hz4.
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2 % (Precision) 28 7~ FUI Ay £ 50 90 1) B A v
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Tab.1 Network model deployment
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PRy
B 5
AR bR

PyTorch#E4%, NVIDIA GeForce RTX 4060 GPU (8 GB f.17)
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RN ACUNZR) L 20550E ) , 200 VI 255 3
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Precision ,Recall \F1-score .IoU .FLLOPs ,Params .FPS
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Fig.5 Building extraction maps for different models on WHU dataset
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Fig. 6 Building extraction maps for different models on Inria dataset
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FRBA AR DL R 42 Jry b SRR ASE He R Ak B8 B, 52
NP | B% W R C U ] T N VL A W £
EiEE 7/ RGBS i (TR O e S/ R SR T
RS OL (K 6 55 3 4 20) , KB Jr B AL 1 L T
R R ARG B . AH H T AR A A B 5 R
R LW GNet H i 20 FE 3 58 A58 B A7 24 b
Gl T AE O AE SRR A R A D B R A
Rt o

Shy T 0 b, B AN [) A AR AR BRORE TR ) R
B, 3 2 M3 373 3 51 4% BT A WHU K06 4 A1l
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Tab.2 Accuracy indicators of experiment results from different network models on WHU dataset

Methods Precision/%  Recall/ % F1/% IoU/% Params/M  FLOPs/G FPS
Swin Transformer 92.83 93.79 93.31 87.45 27.18 30. 88 22.71
BuildFormer 93. 80 94.32 94. 06 88.79 40.52 116. 36 15.28
SDSCUNet 93.92 94. 45 94.19 89.01 21.32 29.81 24.97
EasyNet 93.97 94.67 94.32 89.25 3.90 17. 30 28.67
HDNet 94.61 93.96 94.28 89.18 13.89 201. 37 9.89
CaSaFormerNet 93. 86 92.15 93. 00 86.91 4.44 1.99 29.93
LWGNet 94. 20 95.37 94.78 90. 08 3.09 4.93 30. 24
R3I FEMKEKE L LR Inria IR K LB EIER

Tab.3 Accuracy indicators of experiment results {rom different network models on Inria dataset
Methods Precision/%  Recall/ % F1/% ToU/% Params/M  FLOPs/G FPS
Swin Transformer 83.68 88.69 86. 11 75.61 27.18 30. 88 22.71
BuildFormer 85.79 88. 38 87.07 77.09 40. 52 116. 36 15.28
SDSCUNet 86.70 88.09 87.39 77.60 21.32 29.81 24.97
EasyNet 87.24 87.54 87.39 77.61 3.90 17.30 28.67
HDNet 87.61 86. 64 87.03 77.04 13.89 201. 37 9.89
CaSaFormerNet 87.51 85.48 86.48 76.19 4.44 1.99 29.93
LWGNet 87.50 89. 26 88. 37 79.16 3. 09 4.93 30. 24

NG5 FE AT, LWGNet 78 WHU %05 4 1
ToU Il F1 45 58 45 pr 4 R LA AL, H o ToU 34
] 90. 08% , 3 UK 4t 5 %I EasyNet 42 F+ 0. 83 % .
LWGNet 7& Inria 34 5 b 0 2 550 70 BT 55 H [
BB AR A PERE . F 4T SEBIEAS R AR L 1K
RERVIUAS T L5 R B - 4 2 (Precision) A 87. 50%

A 11 % (Recall) 4 89. 26 % \F1{H 4 88. 37% . %& If:
e (ToU) R 79. 16 % 45 A A5 1 & 1 J2& , H ToU
FERREL R BRI ER TL 1. 5590, 33 —f0 v i i B &
AL WHU 08 5 F a8 .

J4E LWGNet 7645 BE 35 b5 L R B 5, B AL
TS B By H A 3 2 3 1 P AT e A e LS AN (L
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FH BRI AR T e e . PR R A O B A
RS ORI 5 o A T R S B R AL
] 4 PHL Py DG B R i

TE Ry ikt - LWGNet B H 8.3 13
BRCRAE S SHCORAUH 3. 09M, 43 514 24 F Swin
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Transformer (27. 18M) #l1 BuildFormer (40. 52M)
1 11.4% H17.6% ; FLOPs & 4. 93G, {¢ iy HDNet
B 2. 4% ; ik B B 35 %) 30. 24 FPS, 78 fr 3 5t e
Jrik i R
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S AT 5 TSR R A ) S S BR R R s 0
T PR AL T HE S
4.3 HELIE

AMHFE LLFET MobileNet_V2 A Unet 3244 1E A
FEREAL R R 455 LAT T on il B 25 AR
R PR B (SSD-Block) 42 Ja | F SO
BLH (GCAM) A K i 55030 3 s B e (EBEM)
Xof A AR HAE R B AT 53803 D T Y DR AT A
G307, 56 E JHAE S 4R AR S5 P A RO 5
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Tab.4 Quantitative evaluation results of ablation experiments on the WHU dataset

Methods Precision/% Recall/%  F1/% IoU/%  Params/M FLOPs/G  FPS

baseline 93.08 93. 89 93.48 87.76 6. 60 13.50 24.18
baseline+EM 93.95 94.07 94.01 88.07 6. 60 13.53 23. 56
baseline+GM 92. 44 95. 35 93. 87 88.45 6.43 12.93 25.60
baseline+SSD 93.11 95. 37 94.23 89.09 3. 26 5.47 29. 84
baseline+ EM+GM 92.76 95. 50 94.11 88. 88 6.43 12.96 25.16
baseline+ EM -+ SSD 94. 04 94. 66 94. 35 89. 30 3. 26 5. 50 29.22
baseline+ GM -+ SSD 93. 68 95.27 94.47 89.51 3. 09 4.90 31.46
baseline+EM+SSD+CCSA 94. 81 94. 26 94.53 89.63 3.09 4.79 29. 56
baseline+EM+SSD+CSSA 94.01 94. 98 94. 50 89.57 3. 09 4.62 29.77
baseline+GM+EM+SSD(G=2) 94. 20 95. 37 94.78 90. 08 3.09 4.93 30. 24
baseline+ GM+EM-+SSD(G=1) 94.49 95. 14 94. 81 90. 13 5.07 6.75 29.27

PR AR S R Y SIS A5 SR (R A 24T) BUR
5| A EBEM B H 5, ToU $8 45 M 87. 76 % 42 T 2=
88.70% , WiE B T i A5 Bl 2ok /)N U A 4 5 A e s
(] 34 2 7 B W [ P A 300 53 R A 1 5 7 1T B
bk, HHEE RS EBEM A BN T 2. 8k
192 it BT O R B4 ) 1 5 803 () 2k vf
FRL () FPS A HLAL R AIG 0. 62, 78 LW GNet Z2 4
FPSKEMR 1. 22) , S5 TS BE 48 T ST AR 1
R AP Ay

FE bR SCHEEBTHL R A0y (3 455 347)
I A GCAM #5848 UNet H I 46 1 2 1t 75 Bk
PR 4 . SCREE R, 5l A GCAM 5, B 2
Brak 6. 60M [ 2 6. 43M, FLOPs i 13. 50G [
% 12.93G, TEPERE ) 1, BLH F 1A ToU 43 2 7t

% 93.87% F188.45% , [Al B} FPS 27+ % 25. 60, Ui
W] GCAM AR T T FFAE RGBTy, i H b fR F
TR RS A

FEFRAE BRI O A 5 T (3R 456 447) A
FEER X LR AR A R FH B SSD-Block #E47 T 2tk
g5 R R, ok S R BT B 50 6. 60M [ &
3. 26M (% i 50. 6% ) , 7T & B 13. 50G ¥k 2> =
5. 47G(F%MR 59. 5% ) . TEVEREFRI T 1H ,F 1 F1 ToU
F& bR A 4 TF 0. 75% A 1. 33 %, WE BH 1% 245 44 e
MobileNet_V 2§l A 511 (% 52 HURE g o [ Bif 4 2
B 24, I8 FPS#THZ 29. 84 FPS, ML M T
FRIESRIRCAE 7 34 i 5 BT R R i Ak 0 S AR Ak E A

TEW PRI YR G I e g (R A5 5,566
% 747) ,EBEM 5 GCAM #5551 41 4 1 Se i
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