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Fig.1 The image remotely sensed with UVA and the ground truth of housing distribution in the study area
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Fig.2 Flow chart of the proposed approach
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Table 1 Quantitative accuracy of housing identification

ivallpiprS Kappa 0A Fl
SVMspec 0.40 91.8 0.44
SVMspec+spat 0.49 93.6 0.52
Method_3S 0.46 929 0.49
Masked-2S 0.61 96.1 0.63
Our-Method 0.75 98.0 0.76
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Fig.3 Results ofhouse extraction
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Fig.4 Partial renderings of the house identification
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Automatic identification of rural houses based on high—

resolution remote sensing images

Liu Shichuan', Shen Li’*, LiuKe', Yang Jian'™, Li Yuanhongl , Zhang Min®
(1. Institute of Remote Sensing and Digital Agriculture ,Sichuan Academy of Agricultural Sciences/ Chengdu
Branch of Remote Sensing Application Center, Ministry of Agriculture and Rural Affairs, Chengdu 610066, China;

2. Faculty of Geosciences and Environmental Engineering , Southwest Jiaotong University , Sichuan Chengdu

611756, China)

Abstract: [ Purpose ] In the context of the incoming remote sensing monitoring of rural
homestead, this study is aimed at improving algorithms of remote sensing images classification
to relieve ambiguities between rural houses and roads, which have similar spectral characteristics,
and to improve the smoothness and accuracy of automatic identification of rural houses.
[ Method ] Based on the spectral—spatial support vector machine (SVM) ensemble framework ,
an automated method of rural house identification using remotely sensed images of high spatial
resolution (high—resolution) was developed in this study. Specifically, the presented method
mainly includes the following four steps. Firstly, spatial neighborhood relationships within the
applied images were modeled by image segmentation, using the algorithm of entropy rate
superpixel segmentation. Secondly, the spectral-spatial features of each patch is extracted. The
average of grayscale values of all pixels with a patch is used as its spatial signatures, and the
grayscale values of the current pixel is used as spectral signatures. And then, a preliminary
extraction of houses is performed based on the spectral-spatial features of each patch, using the
spectral-spatial kernel SVM algorithm. The spectral-spatial features is composed by an
ensemble approach that uses a weighted liner combination of kernel functions to realize the
comprehensive utilization of multiple features, for identifying houses and avoiding potential

misclassification. Thirdly, using the aforementioned approach, roads and bare ground are
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separately extracted, and made to be a mask to correct the results of houses extraction, for
further eliminating misclassification. At last, a plural filtering method is designed to spatially
smooth the results of houses identification and suppress noises. This is realized by iterating over
the whole classification map with a gliding window. The number of pixels of "house" and "other"
within the gliding window are counted separately. The class with more number of pixels was
considered to be the class of the center pixel of the gliding window. An experiment was undertook
in Dahua Town, Meishan City, Sichuan Province of China. The experimental area presets a
typical landscape of rural area. A high spatial resolution multispectral image collected with a
unmanned aerial vehicle (UAV) were applied in this experiment. [ Result ] The Kappa
coefficient, overall accuracy and F1 score obtained by using the aforementioned method
are0.75, 98.0% and 0.76 separately. Comparatively, the same indicators are 0.40, 91.8% and
0.44, obtained using conventional method that based merely on spectra of individual pixels. In
addition, according to the resulting map of house identification, The proposed approach
improves the ability to distinguish between geo—objects with similar spectra, such as rural
houses, cement roads, and arid bare soil, and also enhances the spatial smoothness of
classification results. [ Conclusion ] The result confirms the effectiveness of the automated rural
house recognition strategy based on high—resolution remote sensing images proposed in this
study, and therefore, it is considered to have the potential to provide important support on vital
data and methods for relevant decision—making departments in the future digital management
tasks of rural homesteads.

Key words: High-resolution remote sensing imagery; rural houses; SVM ensemble approach;

automated identification



