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A method of building extraction from remote sensing images
based on VDSEC-UNet

Zhang Jianfei Wang Youwei
(School of Computer and Information Engineering, Heilongjiang University of Science and Technology.Harbin 150022, China)

Abstract: In recent years, convolutional neural networks have achieved great success in the study of building extraction
from remote sensing images, but they still face problems such as low overall extraction accuracy, misclassification,
omission, and fuzzy boundaries. Aiming at the above problems, a building extraction method based on VDSEC-UNet
for remote sensing images is proposed. Firstly, VGG-16 is used as the encoder to extract the building feature
information. Secondly, dynamic up-sampling is used instead of traditional up-sampling to enhance the model’s ability to
perceive the details so as to improve the extraction accuracy of the building boundaries. Next, a multi-scale context
information extraction module is embedded in the middle of the coder and decoder in order to take the influence of other
objects around the building into account and introduce sufficient context information and global information under
different sensing fields to reduce the loss of spatial information and enhance the extraction effect of buildings at different
scales. Then, the ECA attention mechanism is embedded in each jump connection part to improve the model’s attention
to the building features in the image. At the same time, the joint loss function is used to alleviate the category
imbalance problem. Finally, the CA-DPGHead module is constructed and added at the end of the decoder to enhance
the distinction between buildings and background so that the model can locate and identify the building information in
the image more accurately, which in turn improves the extraction accuracy of small buildings and refines the extraction
effect of building boundaries. The experimental results show that the mloU of VDSEC-UNet on Massachusetts and
Inria datasets reaches 82.07% and 84.35%, respectively, and the F1 index reaches 83.34% and 86.66% .,
respectively, which is better than other classical methods.

Keywords: building extraction; VDSEC-UNet; multi-scale context;attention mechanism; CA-DPGHead
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Structure of CA-DPGHead module
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Table 4 Performance comparison of different

MCIEM modules %
. Massachusetts Inria
Sk 4
mloU F1 mloU F1
1 81.12 82.38 82.97 85.32
2 81.15 82. 40 83.52 85. 89
3 81. 14 82. 36 83.51 85. 86
4 81.38 82. 65 83.74 86. 04
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Table 5 Experimental comparison of different model on

Massachusetts dataset %

LAY mloU Precision Recall F1
UNet-ResNet50 79.59 79.22 82.45 80.80
PSPNet-ResNet50  70. 00 68. 62 70.38 69.49
HRNetV?2 79. 81 81. 45 80.37 80.91
Segformer 78.78 81. 40 78.04 79.68
SwinUnet 68. 51 54. 24 80.05 64.66
DeeplLabv3+ 78. 29 79. 39 79.10 79.24
MMB-Net 78.59 79.78 79.37 79.57
OAU-net 79.70 80. 76 80.89  80.82
Ours 82.07 83.79 82.90 83.34

(a) #7%¢  (b) UNet-ResNet50 (c) PSPNet-ResNet50 (d) HRNetV2

(a) Label

(e) Segformere

Kl 7

(f) SwinUnet

AT LA s VDSEC-UNet 5 H Al JL AR A A Lb DU 0 $8 F7 #5
FHHE, Hd.mloU 2 HHETHT 2. 40%.1.08% .2. 24 % .
1.18%.6.70%.0.65% .3. 11 % F1 2. 00% s F1 40 4R T+ T
2.30%.1.04%.2.18% 1. 11%.7. 13%.0. 58 % .3. 02 % I
1. 96 %6 UFE B T 2 SC T4 Hh Ay P £ A5 700 Ay AT A7 4

F6 AEEELE Inria BIFEMHFZWTE

Table 6 Experimental comparison of different model on

Inria dataset %
g mloU Precision Recall F1

UNet-ResNet50 81.95 84. 50 84.23 84.36
PSPNet-ResNet50  83. 27 86. 16 85.08 85.62

HRNetV2 82. 11 85. 30 83.67 84.48
Segformer 83.17 85.52 85.58 85.55
SwinUnet 77.65 73.91 86.07 79.53
DeeplLabv3—+ 83.70 85.72 86.44  86.08
MMB-Net 81. 24 84.23 83.05 83.64
OAU-net 82.35 85. 81 83.61 84.70
Ours 84. 35 86. 74 86.59 86.66
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Fig. 7 Comparison of extraction results on Massachusetts dataset
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Fig. 8 Comparison of extraction results on Inria dataset
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