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A SAR image classification method based on an improved OGMRF — RC model

LI Yuan'*** WU Lin"*’?, QI Wenwen'*”, GUO Zhengwei'>”, LI Ning"*”
(1. College of Computer and Information Engineering, Henan University, Kaifeng 475004, China; 2. Henan Engineering
Research Center of Intelligent Technology and Application, Henan University, Kaifeng 475004, China; 3. Henan
Key Laboratory of Big Data Analysis and Processing, Henan University, Kaifeng 475004, China; 4. School
of Information and Electronic Engineering, Shangqiu Institute of Technology, Shangqiu 476000, China;
5. College of Environment and Planning, Henan University, Kaifeng 475004, China)

Abstract; The classification of synthetic aperture Radar (SAR) images is one of the key technologies in the field of
remote sensing applications. To address the problem that regional class labels affect the classification accuracy in
the object — based Markov random field (OMRF') model, this paper proposes the concept of regional category fuzzy
probability (RCFP) label field, which can effectively avoid the misclassification caused by wrong class labels by
fully considering the possible categories of a single object. The RCFP of every region can be obtained using the
regional edge information and posterior probability according to the features of the region and its adjacent regions.
Then it is included in the calculation of feature field parameters to make the feature field parameters highly close to
the real conditions of objects. The study area is located in the eastern part of Kaifeng City, Henan Province,
covering an area of about 1 400 km’. Sentinel — 1 SAR images were used for the classification experiment of
farmlands, buildings, and water in the study area, and the performance of the improved method in this study was
compared with that of the method of K — means, fuzzy C — means (FCM), MRF, and OGMRF - RC. The
experimental results show that the overall accuracy ( OA) and the Kappa coefficient of the proposed method are 94.
16% and 0. 8957 respectively, which are higher than those of other methods.

Keywords : classification of synthetic aperture Radar (SAR) images; Markov random field (MRF) ; feature filed;
regional category fuzzy probability (RCFP) ; Sentinel — 1
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