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] T IR AR B 85 22 B 28031, DA B3 AR % 2 B3k
ol ) RTINS S T 52 0 R AORS T 5 YRR IR AR AR
fR N BEAIL AR bR 23 2 &5 T RE 23 ) B 4005 7Y R) R
[l e S 2y O RN (N e = SN S B A E ]
PR TR G AR IR B R I RGO (i 1 SR
AR PR R, TS (R B RS R X S 5t
TIE R RIS MR R A R, YR E e PR
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S5 P AIAFAE AN T E AR ) Fu S5V RIB T
— %4 R RUE 1 B T M 4% (dual attention network ,
DANet) FUREHRL, ]l e 35t 03 BT 55, 1A AL ik
TRCE I HLH], RRASHH H2 F 5 1Y b SR O
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Fig.1 BMNet network structure
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Fig.2 Mixed attention module
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BB F & F, LB B AanE 3 iR,
f— A R IE TS N

TERE AL 22 ROBERAAE 3 53 1) 5 515 S B - 109 -
Fnax =C0n7]1X1(GMP<F)> ’ (1>
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Fig.3 Channel attention module
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Fmea = LAP(F dlm = 1) (6)
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Fig.4 Spatial attention module
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F\' = Upsample( Conv,,(F,)) , (9)
P\' = Upsample( Sigmoid(P,)) , (10)
FY =CEB((1 -P") xF)) , (11)

F . =Relu( BN(F* —a x F))) , (12)
P, = Convy s(F ) (13)

X Mbs up b ERFEIRAE; BN At IH— 4k
( batch normalization ) #24F; Relu 18 1FE £ 14 H.oC
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Fig.5 Building mining module structure
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F, = COTLU;l:;(COI’LU]X]<COYLU]X|(F))) , (14)

F, = Convgff(Conv]x](F) + F}n) ,  (15)
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N T VR ER Y BMNet (PERE, L5 A5 1E T 3
AT R LSRR AR AT 92 56, A 3 DU A 3R
BAELE (https : //study.rsgis.whu.edu.cn/pages/ down-
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Tab.1 Combination structure of BMNet
£ LA

e bl
BM-0  JE£k. RV VGG-16 /£ £ T U-net M4
BM-1 LR + 25 A IR (SA)

BM-2  EZk 4+ ) B ARl R AL (SA+CA)
BM-3  :Zk+ SA+CA +BMM( VRN CEB Fitk)

BM-4  3#Zk+ SA+CA +BMM( %S/l CEB #ith)

BM-5  JEZR+EIAEE B (CA)

BM-6  ZZk+ CA+BMM(A¥EIN CEB)

BM-7  3Zk+ CA+BMM( ¥/ CEB)

BM-8  J:Zk+ SA+BMM(A¥IN CEB)

BM-9  J£k+ SA+BMM( ¥/l CEB)

BM-10  J:£k+BMM (%A CEB)

BM-11  J:£8+BMM( s/l CEB)
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Tab.2 Results of ablation experiment (%)
[ 2% 2H G loU F1 Precision Recall
BM-0 71.40 83.33 84.60 82.10
BM-1 72.67 86.96 89.36 84.68
BM-2 74.51 88.60 90.68 86.62
BM-3 79.78 89.35 91.35 87.44
BM-4 81.93 90.07 91.78 88.41
BM-5 73.28 85.06 85.96 84.17
BM-6 78.51 85.72 86.54 84.92
BM-7 80.66 86.45 87.02 85.88
BM-8 77.94 87.66 90.10 85.35
BM-9 80.09 87.30 88.92 85.74
BM-10 76.67 84.91 86.32 83.55
BM-11 78.82 85.69 86.79 84.62
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#F, BHAKMF,BM-1 7£ loU, F1, Precision , Recall
X 4 N HEhR EEE BM-0 25 T 1.78% ~5.63% ; BM-
27 4 AN F8FR L BM=-0 #2581 4.36% ~7.19%;
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Fig.6 Figures of intermediate results of ablation experiment
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Tab.3 Qualitative comparison experiment results of WHU Building Dataset

Mo B A U-net

DeeplabV3+ STT

ST—UNet

IR R A AE R A AR o F 4
ROEIePRE BT LR 4, 3k 4 750, $E 0
BMNet B IoU 5 91.73% , Precision 4 95.01% , Re-
call 5 95.27% ,Param 4 21.34 MB, SZE0 . #H
BT VGG16-U—-net, DeeplabV3+, STT 25 % L& vk,
XFELAR bR ToU 20342 FH T 5.54%,2.99% ,1.25%; 15
# Precision 3T+ T 0.17% ~5.09% ; $8%5 Recall 32T}
T 0.19% ~1.00%; $&45 F, 7 52T+ T 2.94%, 0.
97%M10.18% . MAESE =S T U-net #1 STT,/NF
DeeplabV3+H1 ST —Unet, ZE BT, 56 A
Eb, A SCHE H Y BMINet 35767 500K 27 8 SR BOH 4
FEABLFIRCR, BT S i 8
MBI, HR R TR R PR, &Y
Sl ) X 43 A W A, SR A 0 R LT I, BT

PATE AT RAR XS LS80 p 45 Rl BE 22 AN R
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Tab.4 Quantitative comparison experiment results of

WHU Building Dataset

ik 1oU/%  F1/% Precision/% Recall/% Param/MB
VGG16-U-net 86.91 92.42 90.41 94.52 18.26
DeeplLab V3+ 89.07  94.23 94.15 94.32 30.61
STT 90.48  94.97 94.85 95.09 21.02
ST-UNet 89.65 — 95.16 — 26.47
BMNet 91.73  95.14 95.01 95.27 21.34

5 N IER HOTT A B B ANl SR £
B AT A S B AR . R AT LA AR
PR TTIEAE IR 3 5K IE R UG T iRALA9 70 )
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Tab.5 Qualitative comparison experiment results of Massachusetts Buildings Dataset

Hi T FLAH

DeeplabV3+ BANet

ST-UNet

AR S TE s ZE M A S R 4 E A Tahn
R NLER 6, M 6 A, $#2 ) BMNet B ¥E7E T

A 87.02% ,Recallﬁﬂ84. 19% ,PammﬂJZI .34MB ,
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Tab.6 Quantitative comparison experiment results

of Massachusetts Buildings Dataset

VRS IoU/%  F1/% Precision/% Recall/% Param/MB
VGG16-U-net 66.92  80.65 79.15 82.21 18.26
DeepLab V3+ 69.16  81.38 83.85 79.05 30.61

BANet 7220 83.86 83.07 84.66 38.72

ST-UNet  71.26 — 86.49 — 26.47

BMNet 75.79  85.58 87.02 84.19 21.34

SIS FEH AT 4 AP ELREE  BMNet 7E ToU,
Precison 1 F1 3 N85 L XA T, 4% BMNet £F

Recall FB&AK T BANet, {H &5 5 T H 4y 0 o &0 vk
ZE L RTid 50 LB E, AR SCHE HS ) BMNet B
DR P 8N SR AR B B A A
R, TS HOE AR v B2 3 B, IF FLAH Fe H A
X LS RLAT b 2 B DL B E T BMNet 55780 (1% 65
HEAZ AR

7 RHAAZEX T EETE Inria TS BG4 LAY
ATRAL A ESE T e 7 BT AR SO 5 TR E Tn-
via L7258 B4 L BAT AP0 B 5  W/NEESR Y
Hbr BB H br i B IS SR ks 4, 43
RO T N TRV A M T A
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Tab.7

Qualitative comparison experiment results of Inria Aerial Image Labeling Dateset

HTH FLAE

U-net

DeeplabV3+

SwinUperNet ST-UNet

2 8 4y Inria fii 25 EIMG AR 1T B0 46 5 % L 52
a8 N AT LLE X F Inria AT %S BUS AR ICEL
PAE A SO 8 7 AT AR R R 1 S etk i v g, H:
IoU }y 81.93% ,F1 %% 90.06% .
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Tab.8 Quantitative comparison experiment results of

Inria Aerial Image Labeling Dateset

ViRiS 1oU/%  F1/% Precision/% Recall/% Param/MB

VGG16-U-net 70.92  83.12 85.07 81.26 18.26
DeepLab V3+ 74.52  83.47 81.82 85.19 30.61
SwinUperNet ~ 79.37 88.19 87.43 88.96 65.84
ST-UNet 70.14 — 91.36 — 26.47
BMNet 81.93  90.06 91.78 88.41 21.34
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Fig.7 Comparison graph of parameter count and IoU data
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tion and multi—scale context awareness based building extraction

Building extraction from high—resolution images using a hybrid attention
mechanism combined with multi-scale feature enhancement

QU Haicheng, LIANG Xu
( College of Software, Liaoning Technical University, Huludao 125105, China)

Abstract; Accurately extracting building information from high—resolution remote sensing images faces challenges
due to complex background transformations and the diversity of building shapes. This study developed a high -
resolution building semantic segmentation network — building mining net ( BMNet), which integrated a hybrid
attention mechanism with multi—scale feature enhancement. First, the encoder utilized VGG—16 as the backbone
network to exiract features, obtaining four layers of feature representations. Then, a decoder was designed to
address the issue of detail loss in high—layer features within multi—scale information. Specifically, a series attention
module ( SAM ), which combined channel attention and spatial attention, was introduced to enhance the
representation capabilities of high—layer features. Additionally, the building mining module (BMM ) with progressive
feature enhancement was designed to further improve the accuracy of building segmentation. With the upsampled
feature mapping, the feature mapping post—processed using SAM, and initial prediction results as input, the BMM
output background noise information and then filtered out background information using the context information
exploration module designed in this study. Optimal prediction results were achieved after multiple processing using
the BMM. Comparative experiment results indicate that the BMNet outperformed U —Net, with accuracy and
intersection over union (loU) increasing by 4.6% and 4.8%, respectively on the WHU Building dataset, by 7.9%
and 8.9% , respectively on the Massachusetts buildings dataset, and by 6.7% and 11.0%, respectively on the Inria
Aerial Image Labeling Dataset. These results validate the effectiveness and practicality of the proposed model.

Keywords: semantic segmentation; high spatial resolution remote sensing image; building information extraction;

U-net; attention mechanism; dilated convolution
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