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Abstract

Aiming at the problem of facade element detection in street view image, this paper proposes a fa-
cade element object detection network integrating spatial structure weight optimization mechan-
ism. C3 module embedded in the coordinate attention mechanism based on spatial structure op-
timization is used in the backbone network to increase the weight branches of horizontal and ver-
tical coordinates, effectively use the spatial structure coding information, and improve the posi-
tioning accuracy of elevation elements. Secondly, in view of the small target characteristics of
Windows and balconies, which are the main components of the facade, an improved recursive
gated convolutional module is used to replace the original convolutional module, integrate rich
multi-scale context information, and add small target detection branches to improve detection
accuracy. Finally, ECIOU loss is designed to supervise the aspect ratio of the detection frame and
the positioning center, which enhances the perception ability of the opposite elements of the net-
work and improves the convergence speed of the network. Experimental results on Facade WHU
data set show that compared with baseline network yolov5s, the average accuracy of the proposed
model is improved by 16.4% overall, 22.4% for window target and 25.5% for balcony target,
which can effectively detect facade elements. Better service for disease analysis, energy consump-
tion analysis and other downstream tasks.
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Figure 1. Pipeline of the proposed method
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Figure 2. Framework of the proposed network
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Figure 3. C3 module based on spatial structure weight op-
timization attention mechanism
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Figure 4. Improved recursive gated convolution module
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Figure 5. Heatmap before and after network improvement
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Figure 7. The detection results in different
environment conditions
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Table 3. The detection results of different algorithms
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