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Building Recognition Method in Forest Districts Combining the
Pixel-level and Object—-level

Liu Qian, Hu Xinyu, L1 Xiaotong, Qin Xianlin
(Research Institute of Forest Resource Information Technique, Chinese Academy of Forestry, Key Laboratory
of Forestry Remote Sensing and Information System , NFGA , Beijing 100091, China)

Abstract: To meet the technical requirements of building monitoring in forest districts by using remote sensing
images, The Southern Sichuan Bamboo Sea is selected as the study area to form the application method of
building recognition from GF-2 data. According to image characteristics of the building in the selected area, a
building recognition method that combines pixel-based and object-based methods in the forest district has been
proposed. First, Random Forest—Recursive Feature Elimination is used to perform feature selection on the pre—
processed GF-2 images. By comparing the results of the buildings identified by using SVM classifier and RF
classifier, the building in the study area obtained by SVM classifier has been selected as the pixel-level building
recognition result. Then the image objects are obtained using multiresolution segmentation method, and the
building targets in the study area are identified by fusing both the pixel-level building result and the image ob-
jects. The results show that the correctness, completeness and quality of the building recognition result using
SVM classifier are higher than RF classifier in the pixel-level. The proposed building recognition method com-
bining pixel-level and object—level that not only retains the advantages of simplicity and ease of use, but also
avoids the phenomenon of salt and pepper. The correctness, completeness and quality of the method are better
than the pixel-level or the object-level method and the quality has been improved by 0.20 and 0.13, respective-
ly. This method can provide technical support for the superior authorities to effectively supervise illegal build-
ings in forest districts.

Key words: GF-2 data;Forest district; Building recognition; Supporting Vector Machine ; Image segmentation



