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Fig.2 Flow chart of rural homestead extraction technology
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Fig.5 Extraction results of rural homestead under mountain scene 1
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Fig.6 Extraction results of rural homestead under mountain scene 2
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Table 2 Comparison of quantitative evaluation values of various models in mountain scene

15 S IR R bR
o 25 A Y
Precision Recall F1-Score loU
FCN 89.13 89.62 89.37 78.65
UNet 89.42 90.11 89.76 79.47
DeepLabV3Plus 90.06 90.73 90.39 80.69
HRNet-OCR 91.53 91.75 91.64 82.24
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Fig.7 Extraction results of rural homestead under plain / hilly scenario 1
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Fig.8 Extraction results of rural homestead under plain / hilly scenario 2
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Table 3 Comparison of quantitative evaluation values of various models in plain / hilly scene

— i ST EITFAT R bR
Precision Recall F1-Score IoU
FCN 87.68 85.01 86.32 73.56
UNet 88.10 86.66 87.37 74.08
DeepLabV3Plus 88.39 87.49 87.94 74.98
HRNet-OCR 89.06 90.08 89.57 717.80
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Rural homestead extraction from remote sensing images
based on HRNet— OCR model

Wei Ren, Fan Beilei™, Zhao Zijuan, Yang Rongchao

(Institute of agricultural information, Chinese Academy of Agricultural Sciences, Beijing 100081, China)

Abstract: [Purpose] Rural Homestead information statistics is the basis for formulating the
policy direction of rural homestead system reform. At present, rural homestead extraction based
on remote sensing images mainly stays in the stage of manual visual interpretation. The
traditional extraction method has low efficiency, high cost and long time—consuming. There are
few studies on Automatic extraction of rural homestead based on remote sensing images.
[Method] This paper collects the remote sensing image data of UAV in Deqing County,
establishes the training set, verification set and test set, constructs the HRNet—OCR model,
and compares it with FCN, UNET and deeplabv3plus in different scenarios. [Result ] The model
accuracy evaluation index IOU shows that in plain and hilly areas, HRNet—OCR is 4.24%,
3.72%and 2.82%higher than FCN, UNET and deeplabv3plus respectively, and in mountainous
areas, HRNet—OCR is 3. 59%, 2.77%and 1.55%higher than FCN, UNET and deeplabv3plus
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respectively, and the model performs better in edge details. [ Conclusion] Based on HRNet—
OCR recognition model, rural homestead extraction from remote sensing images is more
accurate and robust, which can provide important reference value for accurate extraction of rural
homestead. In the future, more rapid, efficient and high—precision extraction methods need to
be further studied.

Key words: rural homestead; UAV image; deep learning; HRNet-OCR; semantic

segmentation
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