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Fig.3 Image object polygons at study site 1
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Fig.4 Classification results in study site 1
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Fig. 6 Classification results in study site 2
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An improved SVM algorithm for high spatial resolution remote
sensing image classification

DENG Zeng, LI Dan, KE Yinghai, WU Yanchen, LI Xiaojuan, GONG Huili
(Base of the State Key Laboratory of Urban Environmental Process and Digital Modelling ,
Capital Normal University, Beijing 100048, China)

Abstract: Support vector machine (SVM) algorithm has been widely used for remote sensing image classification .
For high spatial resolution image classification , traditional SVM algorithm usually leads to low efficiency due to
large quantities of high dimensional sample data. This paper presents a simple improved SVM algorithm with the
purpose of improving both efficiency and accuracy of classification models . The algorithm first uses PCA to reduce
the dimension of sample features. The grid — based method is used to search for optimal parameters for SVM
classification of PCA — based samples. Then new range around the PCA — optimal parameters is set up and used for
optimal parameter search based on the original sample data. Finally, SVM with the optimal parameters is used to
train the original sample data and classify the image. The new algorithm was evaluated by two classification
experiments based on WorldView2 images including urban land cover land use classification and urban tree
classification. Compared with the traditional SVM and SVM merely based on PCA data , the results show that the
improved SVM algorithm could quickly and efficiently find the optimum parameters of the SVM classifier and
achieves higher classification accuracy .

Keywords ; remote sensing images of high spatial resolution ; support vector machine (SVM) ; principal component

analysis ; grid search method ; classification performance
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