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Abstract: To solve the problem in which a traditional ResNet101 model cannot effectively describe the
detailed features of remote sensing images, leading to the unclear segmentation boundary between
roads, trees, and buildings in complex scenes, a Multiscale-feature Fusion Dilated Convolution
ResNet (MFDC-ResNet) was proposed. First, to obtain large-scale building feature information of

remote sensing images, a dilated convolution was introduced in the deep residual network to capture
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richer multi-scale details. Second, to enhance the expression ability of the center point of dilated
convolution on the building of feature images, a 3 X 3 convolution kernel was proposed to extract
features in the local area of remote sensing images. Finally, a spatial pyramid pool model of multi-
scale feature fusion was proposed to fuse the multi-scale features, obtain the building contextual
information of different scales of remote sensing images, and complete the accurate segmentation of
buildings. The results of the experiments show that the mean Intersection over Union (mloU) of
building segmentation in WHU is 0. 820 and the recall rate is 0. 882. The developed method can
effectively overcome the influence of roads, trees, and other factors. Moreover, the building boundary
can be extracted clearly and smoothly from the remote sensing images and the segmentation accuracy
is improved.

Key words: remote sensing image; building segmentation; resnet; dilated convolution; multi-scale

feature fusion
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Tab. 2 Segmentation performance evaluation index

LAY mloU Recall
VGG 0.743 0.736
ResNet 0.754 0. 819
ResNetCRF 0.786 0. 806
MFDC-ResNet 0. 82 0. 882
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Tab.3 Comparison of segmentation performance under

complex road conditions

el mloU Recall
VGG 0.738 0.738
ResNet 0. 757 0. 821
ResNetCRF 0.788 0. 809
MFDC-ResNet 0.823 0. 885
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Tab. 4 Comparison of segmentation performance under

the condition of close distance between buildings

A mloU Recall
VGG 0.737 0. 752 (¢)ResNetCRF (1) MFDC-ResNet
ResNet 0.750 0. 814 L4 R B SO B 2 45 P RS 5
ResNetCRF 0.781 0.801 Fig. 14 Building segmentation under the condition of more
MFDC-ResNet 0.814 0.879 trees and building shadows
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