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fields, and is a current focus of research in the remote sensing field. To solve the problems of large-scale

changes between buildings, building occlusion, and similar building shadows and edges in remote sensing
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images, which result in low building segmentation accuracy, a convolutional neural network with parallel
paths and strong attention mechanism was developed. The model was based on the idea of residual connec-
tions of a ResNet network, and used ResNet as the basic network to improve the network depth and convo-
lution downsampling to obtain parallel paths to extract multi-scale features of buildings to reduce the influ-
ence of scale changes between buildings. A strong attention mechanism was then added to enhance the fu-
sion effect of the multi-scale information and discrimination of different features, and suppress the influence
of building occlusion and shadows. Finally, a pyramid space pooling module was added after the multi-
scale fusion features to suppress the appearance of holes inside the building in the segmentation result and
improve the segmentation accuracy. Experiments were conducted on the WHU and Massachusetts Build-
ings public datasets, and the segmentation results were quantitatively compared using four indicators,
namely MIoU, recall, precision, and Fl-score. In the Massachusetts Buildings dataset, MIoU reaches
72.84% , which is 1.46% higher than the MIoU obtained with ResUNet-a. Thus, the model effectively
improved the segmentation accuracy of buildings in remote sensing images.
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Tab.1 Comparison of segmentation indicators in WHU dataset

AL M BE X MIoU Precision Recall F1l-score SRR /M AR /M
ResUNet-a 84.08% 92.63% 90.11% 91.35% 43.16 86. 36
PSPNet 89.1% 94.5% 93.97% 94.24% 46.72 93.48
ResNet101 88.41% 93.98% 93.71% 93.85% 52.11 104. 31
HRNetv2 90. 27% 95.23% 94.53% 94.88% 29.54 59. 20
SCAttNet 88.1% 94.63% 92.73% 93.67% 29. 46 39. 65
Ours 90.45% 94.9% 95.07% 94.98% 26.43 52.95
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Tab.2 Comparison of segmentation indicators in Massa-

chusetts Buildings dataset

HRERERF L MIoU  Precision  Recall

score

ResUNet-a  71.38% 86.23% 80.56% 83.3%
PSPNet 67.74% 82.26% 79.32% 80.76%
ResNetl01  67.46% 81.93% 79.25% 80.57%
HRNetv2  70.28% 84.69% 80.50% 82.54%
SCAttNet  70.36% 85.57% 79.83% 82.61%
Ours 72.84% 86.81% 81.91% 84.29%
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B MUR B9 ResNet-101 2 it 2% 245 1% 2 AF1E , L
25 0 4 B v K sz W, OF B 2 1) Bk 25 ) IR
(SRI) £ He L il A5 2 ROE A5 B . DE-Net™ LA 4
it fife A A Ry 2 BEAR A , 7E T R A R PR R R
b Ak 2 B 5 R LG I A AR AL R PR
A B 45 R . DS-Net' ™' 5% FIIRZ K &
- 0 2 X ASE TR ) 22 R iy R R AT MBS A ) O R
F 2 RO i 2 et 2 RO {5 Bt 17 Bl A

W #E 455 . AGEDNet™ L& 2k 5 19 ResNet-
50 g LAl 9 4, A 2 6] 3 7 ) b 7S ) 4 o 1
TR LU & 2 509 43 %K 2 . RBUNet[ 24 7
AT A M T H R R e DL e R R X
XY O T BE L A e AL AR A3 R 2 KRG
HHEAT bR AR DL s A R M S A e 07 . iR 3h
s LA AR SO BT 7 MIoU , Recall
Fl-score & o5 1 4 L T BT Lb 3¢ 19 & 50 4 43 &)
BAL

®3 S5UFHEEEWHUHEE L3t
Tab.3 Comparison with existing models on the WHU dataset
T5E 7Y P BB XT L MIoU Precision Recall Fl-score
SRI-Net 89.23% 95.67% 93.69% 94.51%
DE-Net (90.1240.24) % (95.00+0.16) % (94.60+0.19) % (94.80+0.18) %

DS-Net 90.4% 94.85% 95. 06 % 94.96 %
AGEDNet 90.29% 94.97% 94.81% 94.9%
RBUNet 89.39% 95.56% 93.25% 94.4%
Ours 90.45% 94.9% 95.07% 94.98%

3.5 EEHREI

T A A R R 0 AL R 4 S B A TR
A B B XF 43 EDORE BE A 5 MR, AR SCOX A R T TR
£ WHU K& Massachusetts Buildings % #& 4 I
PEATIH M2 ) S0 . A, AR SCHE IO T N
AT fa] 455 e Y B Rl B AY (baseline ) I i#F 47 SZ 50,

SR JE TE AL b A A b B e T B T AL R B
(baseline+A) #f 17 52 55 , & 5 78 5 fili #52 AY [-
4 o % A5 1) Ak B B (baseline+ P ) i 47
S . fF WHU K mass build 5085 45 1 4 43 )
E TR DO A (s N TN 5 P = s o A O
e an &l 9 it s .

R4 HBIWISIRXTEE
Tab.4 Comparison of ablation experimental indexes
B 4k TR X MIOU Precision Recall Fl-score Z& B &
baseline 89.49% 94.52% 94.38% 94.45% 23.35 46.78
Baseline+ A 90.30% 94.48% 95.33% 94.90% 26.39 52.88
wHY Baseline+P 89.86% 95.76% 93.58% 94.66% 23.37 46.82
PPA-Net 90.45% 94.9% 95.07% 94.98% 26.43 52.95
baseline 71.52% 86.34% 80. 64% 83.39%
Baseline+A 72.62% 87.03% 81.43% 84.14%
Massachusetts Buildings
Baseline+P 72.01% 86.48% 81.15% 83.73%
PPA-Net 72.84% 86.81% 81.91%  84.29%

FH 2 4 RO B 4 EE Rl DL baseline fITA &
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Fig.9 Comparison of ablation experiment segmentation results
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SEHk: matic building segmentation of aerial imagery using
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