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Abstract

The building segmentation technology of urban remote sensing image has a wide application val-
ue for urban land planning, resource utilization and disaster prevention and control. This paper
proposes a segmentation method of urban remote sensing image based on improved SegNet seg-
mentation network. 1) In order to solve the problems such as too large amount of data required
and too deep number of network layers, the model has deleted some convolution layers based on
the SegNet network structure, making the network structure simpler and faster. 2) In view of the
shortcomings of SegNet network, such as insufficient feature information and rough edge of image
segmentation, we designed a new multi-scale feature extraction module to extract target informa-
tion through three convolution kernels of different scales. Taking SegNet as the baseline, we pro-
pose a multi-scale feature extraction SegNet by replacing the skip connection with this module.
This method can extract secondary features from shallow feature information in the skip link, re-
fine the details, and narrow the semantic gap between low-level features and high-level features.
It can not only improve the ability of the network to extract multi-scale feature information, ex-
tract the edge details of buildings in remote sensing images from a wider range to more levels, but
also increase the number of skipped connections to reduce network over fitting. The experimental
results of multi-scale modules show that the proposed method has significantly improved the ac-
curacy and intersection/merge ratio compared with the existing FCN, U-Net and SegNet networks,
and has better improved the urban building segmentation edge of remote sensing images.
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Figure 1. Network structure
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Figure 2. Improved SegNet segmentation network
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Figure 3. Multi-scale extraction module
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Figure 4. Sample dataset (a) remote sensing image, (b) label
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Table 1. Comparison of accuracy and cross/merge ratio values of different models
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Figure 5. Comparison of segmentation results of different methods (a) original image; (b) la-
bels; (c) U-Net segmentation results; (d) FCN segmentation results; (e) SegNet segmentation
results; (f) improved SegNet segmentation results
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