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Abstract

With the gradual improvement of power infrastructure, how to reduce power loss and improve
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power generation has become the most urgent demand at present, which requires effective man-
agement of facilities. The identification and statistics of the location, size and area of facilities is
the premise of establishing a management system. Traditional identification statistical methods,
such as manual field investigation and remote sensing image interpretation, require a lot of man-
power, material resources and financial resources. In this paper, according to the characteristics
of ground objects, RDU-Net network model is used. This model performs algorithm optimization
and improvement on the U-Net network model, improves the model’s receptive field by adding
cavity convolution, and introduces Tversky loss function to automatically balance the positive and
negative samples. Finally, a model more suitable for high-resolution remote sensing image seg-
mentation is obtained. The experimental results show that the RDU-Net model used in this paper
can overcome the interference of vegetation occlusion very well, and its accuracy is better than
that of U-Net model. It can provide ideas for the identification of typical power infrastructure re-
lated research, and can effectively improve the national management efficiency of basic energy fa-
cilities and play a guiding role in planning and construction.
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Figure 1. Dunet structure of convolutional codec based on U-Net structure
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Figure 2. Overall structure of RDU-Net and output size of feature graph
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Figure 3. Detailed design of the ordinary convolution block and the improved deformable convolution block
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Figure 4. Algorithm flow chart
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Figure 5. Extraction results of RDU-Net
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Figure 6. Training accuracy
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Figure 7. Loss function
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Table 1. RDU-Net performance parameters
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