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Table 2 Accuracy evaluation of different classification methods under different schemes
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Remotely Sensed Data Classification by Collaborative Processing of
Landsat, Radarsat—2 and Topography Information
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(1.Key Laboratory of State Bureau of Surveying and mapping of Mine Spatial Information Technology ,
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Jiaozuo 454003, China;
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Abstract: Remote Sensing Data (RSD) and corresponding information extraction technologies are widely used
in urban planning, ecological environment modeling, change detection, etc. Optical and radar remote sensing
data, due to different imaging mechanisms, have complementary advantages for information extraction and ap-
plications. In order to improve the limitations of combining optical and SAR data for land surface information ex-
traction. Strategies for Land Use and Land Cover (LUCC) classification based on collaborative processing opti-
cal, SAR RSD and topography information was proposed. Firstly, Digital Elevation Model (DEM) informa-
tion was extracted from multi-temporal Radarsat-2 SAR images using InNSAR technique. Then integrated mod-
el was constructed for information extraction based on inputs from topography data, Landsat optical RSD, Ra-
darsat—=2 SAR RSD. Finally, LULC information was extracted by random sample selection and machine learn-
ing algorithms (e.g. Random Forest (RF) ensemble learning method, Support Vector Machine (SVM) and
Decision Tree (DT) ). The results demonstrate that (1) when 10% training sample was selected, advantages
come from combination of DEM extracted from Radarsat-2 SAR and L.andsat data compared with combination
of ASTER GDEM and the corresponding optical dataset; (2) Comparison results among different algorithm
models by averaging 50 times classification accuracy of each model, demonstrate the robust and advantage of
RF than DT and SVM. In this research, the combination advantage of optical and SAR remotely sensed data
are explored, which can provide a new approach for making full use of optical and SAR data in the process of
LULC classification.

Key words: Random Forest;lLandsat;Radarsat-2;Collaborative classification; DEM



