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Table 1 Test set numerical evaluation

TR HELE BellingHam Bloomington Innsbruck San Francisco EastTyrol Overall
loU Acc loU Acc loU Acc loU Acc loU Acc loU Acc
SegNet 70.26  97.03 64.67 96.58 72.33 96.65 69.36 8955 76.70 97.90 70.29 9554
U-Net 70.14 96.91 69.31 97.06 74.98 96.99 74.55 91.52 78.71 98.09 73.83 96.12
PSPNet 70.26  97.03 66.49 96.83 75.48 97.10 7117 89.86 78.47 98.08 72.00 95.78
LinkNet 69.59 96.97 66.51 96.82 7525 97.07 7327 9110  78.39 98.08 72.83  96.01
AMLL 67.14 96.64 65.43 96.73 72.27 96.66 75.72 91.80 75.67 97.70 72.55 95.91
AMUNet 64.46  96.33 54.59 95.69 68.75 96.20 70.78 90.29  71.38 97.39 67.69 95.18
U-Net & ED-Net 7159 97.14 61.03 96.33 70.39 96.53 7041 90.21  76.97 97.94  70.08 958
D-UNet(ours) 72.13  97.20 68.51 97.02 7710 9731 7523 9159  80.01 98.23  74.82 96.27
GE: RPMEBERTZHEX TREAEHIRER)
% 2 WiIEEHEIT
Table 2 Validation set numerical evaluation
72\ LE Austin Chicago KITSAP Co West Tyool Vienna Overall

loU Acc loU Acc loU Acc loU Acc loU Acc loU Acc

Multi-scale UNet 73.09 96.43 70.38 9292 7245 99.43 76.40 98.12 78.88 93.98 7424 96.12
GAN-SCA 81.01 97.24 7137 9332 68.67 99.31 78.68 98.33 81.62 9480 77.52 96.60
AMUNet 84.43 9729 8122 96.45 54.13 93.83 79.97 98.83 85.05 97.28 76.96 96.73
RDASPNet 7852 96.85 69.87 9271 66.73 99.27 80.28 94.33 76.46 98.13 7593 96.26
SEResNeXt10FPN-CPA 80.15 97.18 69.54 92.78 70.36 99.32 80.83 98.46 8143 94.67 77.29 96.48
D-UNet(ours) 82.05 95.02 78.96 9855 77.76 98.05 72.76 9345 79.76 98.66 78.98 96.77
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Fig.5 Experimental visualization of each method
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Fig.6 Visualization of BUNet segmentation effect
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Table 3 Validation set ablation experimental evaluation

TrIINE AT Austin Chicago

KITSAP Co

West Tyool Vienna Overall

loU Acc loU Acc
D-UNet(No dilated conv) 78.34 9432 7355 96.37

D-UNet(dilated conv) 82.05 95.02 78.96 98.55

Acc loU Acc loU Acc loU Acc

7235 9832 6833 93.02 7553 9753 7437 96.03
77.76 98.05 7276 9345 79.76 98.66 78.98 96.77
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A new building extraction method based on semantic segmentation
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Abstract: Objective: Semantic segmentation of highsolution remote sensing image has important el
and practical value in the field of aerial image analysis. However, due to the richness of building semantics and the

complexity of image background in higlsolution remote sensing images, the traditional segmentation methods



are prone to edge hiuloss of detail information and low resolutioklethod: To solve the problem of fuzzy
boundary and information loss in higbhsolution satellite image semantic segmentation, an-t@ecd
convolutional neural network named DilateiNet (D-UNet) has beemroposed. Firstly, the {Met network
structure is improved and the mu#itale dilated convolution module of four channels is expanded by using the
division technology. Each channel uses different convolution expansion rate to identify thescaldtisenatic
information, so as to extract richer detailed information. Secondly, a joint loss function of cross entropy and Dice
coefficient is designed to achieve the desired segmentation effestults: The model is comprehensively
evaluated and tested on thwia aerial image dataset. The experimental results show that the proposed remote
sensing image segmentation method can effectively segment urban buildings at pixel level frawsbigtion
remote sensing images, and the segmentation accuracy is higien,is better than other method3onclusions:

We conclude that our proposed-UINet has the potential to deliver automatic building segmentation from
high-resolution remote sensing images at an accuracy that makes it a useful tool for practical i@applicat
scenarios.

Key words: remote sensing images, semantic segmentation, multiscale, dilated convolution, image processing



