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Lightweight Bilateral Input D-WNet Aerial Image Building
Change Detection

Zhang Fengxing', Huang Jian®, Li Hao"
'College of Earth Science and Engineering, Hohai University, Nanjing 211000, Jiangsu, China;
*Jiangsu Academy of Surveying and Mapping Engineering, Nanjing 211000, Jiangsu, China

Abstract A lightweight dual-input change detection network, D-WNet, is proposed to address the issues of traditional
semantic segmentation networks being susceptible to interference from shadows and other ground objects, as well as the
rough boundary segmentation of buildings. The new network starts with W-Net and uses deep separable convolutional
blocks and hollow space pyramid pooling modules to replace the originally cumbersome convolutional and downsampling
processes. It utilizes a right-line feature encoder to enhance the fusion of high-dimensional and high-dimensional features
and introduces channels and spatiotemporal attention mechanisms in the sampling section of the decoder to obtain effective
features of the network in different dimensions. The resulting D-WNet has significantly improved performance.
Experiments were conducted on the publicly available WHU and LEVIR-CD building change detection datasets, and the
results were compared with the W-Net, U-Net, ResNet, SENet, and Deepl.abv3+ semantic segmentation networks.
The experimental results show that D-WNet performs well in five indicators (intersection-to-intersection ratio, F1 value,
recall rate, accuracy rate, and running time) and has more accurate change detection results for shadow interference and
building edge areas.

Key words aerial remote sensing; building change detection; D-W Net; bilateral input; lightweight network
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Table 1 Comparison of experimental evaluation indexes of shape feature selection unit: %

Dataset Network Input_left Input_right R.can R ,rccision Se1 Riu
A Former phase image Post-temporal image 98. 01 97.61 97.81 95.54
WHU B Biphasic image Canny 96.71 98. 30 97.50 95.07
C Biphasic image Sobel 97.42 98.17 97.80 95. 56
D-WNet Biphasic image Canny—+ Sobel 97.49 98. 81 98. 14 96. 36
A Former phase image Post-temporal image 90. 82 91.40 91.11 83. 36
LEVIRLCD B Biphasic image Canny 89.76 91.84 90.79 82.94
C Biphasic image Sobel 89. 40 91.98 90. 67 83.25
D-W Net Biphasic image Canny+ Sobel 90. 23 92.25 91.23 83.49
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Fig. 8 Comparison of ablation results of shape feature selection experiment
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Table 2 Comparison of experimental evaluation indexes of network structure improvement

Lightweight Epocl

Dataset Network  CBAM ientwe ASPP  Ruw /% Rywin/%  su/% Ru/% 007
structure time /S

D N X X 97.96 97.90 98. 03 96.02 1502

E X N N 96. 60 98.55 97. 56 95. 25 438

WHU

F N N X 97.69 97. 60 97. 64 95.97 560

D-WNet N J N 97.49 98. 81 98. 14 96. 36 454

D J X X 90. 29 92.13 91. 20 83.38 786

E X N J 88.21 92. 20 90. 16 82.67 235

LEVIR-CD
F N N X 91.22 90.71 90. 96 83.22 312
D-WNet N N N 90. 23 92.25 91.23 83.49 260
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Fig. 9 Comparison of ablation results of network structure improvement experiment
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Fig. 10 Feature extraction heat map of the network structure improved ablation model
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Table 3 Building change detection accuracy of different networks on WHU and LEVIR-CD test set
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Fig. 11 Building change detection results for different networks on WHU and LEVIR-CD test sets
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