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Table 1 Information of the SAR images
PG T I DX 35, WEAM GRS/
LR 2019-02 2.24x477  31.47—38.36
LR 2 2019-03 2.24x4.77  31.41—38.32
tilEe) 2019-09 2.24%x4.76  31.17—38.15
AR /R ATRIX. 2019-04 2.24x476  30.92—37.95
iGN 2019-03 2.24x4.76  31.22—38.18
2 2019-01 2.24x4.76  31.33—38.27
RT3 2019-04 2.24x4.77  31.31—38.25
Hs 2019-01 2.24x4.76  31.38—38.30
pivlke) 2019-03 2.24x4.77  31.29—38.24
BIITA 2019-02 2.24x4.76  31.14—38.10
LA 1 2019-01 2.24x476  31.17—38.14
TLIE 2 2019-05 1.12x5.85  24.18—32.00
R Sp! 2019-07 2.24x479  31.03—38.04
Tk 2 2019-04 2.24x477  31.22—38.15
T 2019-05 2.24x477  31.47—38.36
HUHET 1 2019-06 2.24x586  37.25—43.46
RE ) 2019-06 2.24x5.70  46.37—51.21
SR 3 2019-07 2.24x5.85  37.13—43.36
T4 2019-06 2.24x4.80  42.31—47.42
B S 2019-06 2.24x4.80  42.29—47.40
bRy 2018-11 2.24x477  31.39—38.30
35K 2018-12 2.24x477  31.28—38.24
BIEA 2017-06 2.25x4.82  42.56—47.54
WS IR X 2019-03 2.24x4.76  31.40—38.31
X 2019-04 2.24x477  31.49—38.38
“HA 2019-07 2.24x4.77  37.04—43.32
VU3 AR X 2019-02 2.24x476  31.37—38.21
22 HEE
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Fig. 1 An example of SAR image enhancement
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Fig.2  Workflow of compiling the SARBuD1.0 dataset
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(¢) Frozen rivers and lakes (d) Vegetation area and farm land
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(e) Gobi and sand dunes
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Fig. 3 Examples of built—up area and negative samples
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(e) Discrete rural buildings in South China (f) Villages in plains
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(g) Scattered villages in mountain areas (h) Linearly distributed villages in Jiangsu and Zhejiang area
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Fig. 4 Examples of SARBuD1.0 dataset
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Fig. 5 Structure of SARBuD1.0 dataset
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Fig. 6 The number of image patches of different regions
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Fig. 7 The number of image patches of different range of

incidence angles of original SAR images
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Fig. 9 The number of image patches of different orbit mode

47840

() RBIK T

(a) Sample area one

(b) 7= fAil1X 2

(b) Sample area two

10 7RMIX 5 A HER 22 KR (GoogleEarth )

Fig. 10  Optical images of sample areas
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Fig. 11 Buildings in HH and HV SAR images
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KA T AT, 5 O R A S . R
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Fig. 12 Buildings in SAR images of different orbit direction
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Table 2 Results of three deep learning methods
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SARBuD1.0: A SAR building dataset based on GF-3 FSII imageries for
built—up area extraction with deep learning method
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1.Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of Sciences,
Beijing 100094, China;
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Abstract: Synthetic Aperture Radar (SAR) is one of the important data sources for built-up area information acquisition and dynamic

monitoring. In this paper, SARBuD1.0, a SAR image patch dataset of built-up area with GF-3 Fine strip-map mode, is introduced.

The dataset is derived from 27 scenes of 10 m resolution GF-3 SAR images covering different regions in China. Approximately 60000

samples of built-up area are obtained from the SAR images. The dataset consists of built-up area SAR image patches and corresponding
label images that are interpreted by experts with high-resolution optical images. The dataset contains built-up areas of different distribution
types and different regions. The terrain scenes of the samples include plain area, mountain area, and plateau. The SARBuD1.0 dataset can
support researchers to analyze the image features of built-up areas in different regions, assist in SAR image understanding, and provide
training and test data for deep learning methods for built-up area segmentation in SAR images.

In this paper, using built-up areas in mountain areas as an example, the traditional texture features and deep learning features of the
built-up area are analyzed. Experiments show that a convolution neural network can provide deeper features of built-up areas compared with
traditional texture features. Features in different scales can be obtained by the shallow convolutional layers of the network, and semantic
information can be obtained by the deep layers. Therefore, the deep convolutional neural network classifier can detect and extract the built-
up area better. Based on the dataset, three deep learning methods are applied to extract the built-up area in different terrain areas. The
experimental results show that the deep learning models can achieve good results for built-up area extraction based on the dataset.

The dataset can effectively support the deep learning method for big data processing. Based on the SARBuD1.0 dataset, scholars can
carry out research on feature analysis and semantic segmentation of built-up areas with SAR images.

Key words: remote sensing, Synthetic Aperture Radar (SAR), building, dataset, deep learning, GF-3, semantic segmentation
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