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Study on Building Extraction Algorithm of Remote Sensing Image Based on Multi-scale Feature
Fusion

CHEN Guojun, YUE Xueyan,ZHU Yanning and FU Yunpeng

College of Computer Science and Technology,China University of Petroleum(East China) , Qingdao,Shandong 266580, China

Abstract Because of the various size of buildings and complicated background in high-resolution remote sensing images, there are
some problems such as loss of details and blurring of edges when extracting buildings in remote sensing images,which affect the
segmentation accuracy of the model. In order to solve these problems, this paper proposes a two-branch architecture network
B2Net with spatial and semantic information branches. Firstly, the cross feature fusion module is provided in the semantic infor-
mation branch to fully capture the context information to aggregate more multi-scale semantic features. Secondly,in the spatial
branch,we combine the atrous convolution and depthwise separable convolution to extract the multi-scale spatial features of the
image.and optimize the dilated rate to expand the receptive field. Finally.we use the content aware attention module to adaptively
select the high-frequency and low-frequency content in the image to achieve the effect of refining the edges of building segmenta-
tion. We train and test the B2Net on two building datasets. On the WHU dataset, compared with the baseline model, the B2Net
achieves the best result in precision, recall, F1 score and IoU, which is 98. 60%,99. 40% ,99. 30% ,and 88. 50 % , respectively. On
the Massachusetts building dataset,the four indicators are 0. 9% ,1.9%,1.7% and 2. 2% higher than BiSeNet, respectively. Ex-
periments show that B2Net can better capture spatial detail and high-level semantic information,improve the segmentation accu-
racy of buildings in complicated backgrounds,and meet the needs of rapid extraction of buildings.

Keywords Building extraction,Feature fusion, Atrous convolution, Depthwise separable convolution,Content aware attention
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Table 1 Comparison results of six models on WHU dataset
CHLA 2 06D

Method Precision Recall Fl-score IoU
U-Net 92.28 85.02 88.50 79. 38
SegNet 92.11 89.93 91.01 85.56
Deeplabv3+ 93.11 92.99 93.05 85. 66
BiSeNet 98. 30 98.10 97. 20 86.00
EU-Net 94.98 95.10 95. 04 87.56

Ours 98. 60 99. 40 99. 30 88.50

F 26 PEBITE Massa HES 9 B0 4 B A9 X L 45 R

Table 2 Comparison results of six models on Massa building
dataset
CRLA s 0D

Method Precision Recall Fl-score IoU
U-Net 85.99 79.61 82.48 70.69
SegNet 89.68 82.64 83. 84 71.87
DeepLabv3+ 90. 32 87. 66 84.43 74.58
BiSeNet 93.10 95. 40 94. 50 81.10
EU-Net 86.70 83.40 85.01 73.93

Ours 94.00 97.30 96. 20 83.30
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Results of building extraction on Massa building dataset
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Fig. 10 Results of building extraction on WHU dataset

G s T 2 800 T 45 HE 55 10 W 2% #8 2 g - ik 75 285
), B AT e R 2 4 o S IR B v N R TR MG AR SCE S B i R
8 oK B2Net 5 2 Mt 4 #4525 25 # (U-Net, Seg-
Net) B4 77 (HRNet™, LinkNet) P4 K 52 if 43 #1 [ 2% (1C-
Net™ D HEFTXF . 2 3 51 H T 6 Bl A i &2 4% 3 X He 85 51
i1 3% 3 Al 41, B2Net 7E 1% 18 5 AL S i b AR LU S A5 55 1)
5T RN P T B A5 4 B A% Ak L 3R T T M 9B AT

F 3  BIRIST A% B X L AR

Table 3 Comparison results of model complexity

Model Parameters GFLOPs
SegNet 29.44 X106 160. 32
U-Net 26.78X10° 247.53
HRNet 28.85x10° 57. 64
ICNet 26,50 109 28. 30
LinkNet 25.65X10° 27.92
Ours 23.34x 106 16. 66
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Table 4 Quantitative results of ablation experiment
(LT 2 90)
Method Precision Recall Fl-score IoU
CFM 98. 40 95.50 96. 00 86. 50
SCP 98.50 98.90 98.10 87.60
CAA 98. 40 99. 80 99.70 86. 60
CFM+SCP 97. 80 97.70 97.60 88. 30
CAA+SCP 98. 40 98.70 98. 80 86.90
CAA+CFM 98.50 98. 80 98. 60 87. 60
CAA+CFM+SCP 98. 60 99. 40 99. 30 88.50
BiSeNet BiSeNet+CFM+SCP

P11 b Se g 2 2R

Fig. 11 Results of ablation experiment
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