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Classification of Beijing Afforestation Species
Based on Multi-temporal Images

WANG Erli' > LI Cunjun'  ZHOU Jingping' PENG Dailiang’ HU Haitang' DONG Xi'
(1. Beijing Academy of Agriculture and Forestry Sciences Beijing 100097 China;
2. Provincial Academician ( Expert) Workstation Sichuan University of Science and Engineering Zigong 643000
Sichuan China; 3. Key Laboratory of Digital Earth Science Institute of Remote Sensing and Digital Earth
Chinese Academy of Sciences Beijing 100094 China)

Abstract: In order to solve the problem that traditional remote sensing classification method is difficult to
distinguish tree species of plain afforestation high spatial images of four different periods were selected to
present the distribution of forest resource with explicit clarity. The optimal segmentation parameters were
obtained by combining the calculation of change rate in variance and visual interpretation and by using a
tool named ESP. Feature selection was used to reduce a large number of features to simplify the process.
The region was classified by the object-based classification by using mutli<emporal images and single
image respectively. Pixel-based classifications were applied to compare with the accuracy of object-based
classification method. The results show that the accuracy of object-based classification in mutlitemporal
images is 64% which is better than the single image results with the accuracy of 51% . SVM and MLC
reaches even lower accuracy of 49% and 43% respectively. The precision of object-based KNN
classifications is better than that of pixel-based -classification indicating that the object-based
classification adding mutli4temporal images has superiority in identifying those afforestation tree species in

ecological landscape of forest with a complex distribution.
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Fig.2 Texture feature in multi-temporal images
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Table 3 Feature selected with multi-temproal images
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4 KNN. KNN.SVM MLC
Table 4 Accuracy of classification of KNN in single image KNN in multi-temproal images SVM and MLC

KNN KNN SVM MLC
0. 64 0.70 0.95 0.90 0.57 0. 68 0.53 0.67
0. 67 0. 65 0.77 0.94 0. 66 0.61 0. 69 0.59
0.59 0.95 0.91 0.98 0.50 0.78 0.42 0. 81
0. 88 0.96 1. 00 1. 00 0.46 0.82 0.41 0.85
0.16 0.15 0. 65 0.57 0.20 0.16 0. 14 0.15
0.56 0.58 0. 69 0.68 0.43 0. 44 0.43 0.44
0. 64 0.54 0. 67 0.62 0.57 0.51 0.53 0.48
0.52 0.50 0. 60 0.57 0.41 0.38 0.43 0.39
0.37 0.43 0.73 0.58 0.32 0.40 0.26 0.38
0.43 0.54 0. 61 0.56 0.42 0.46 0.37 0.44
0.58 0.49 0.46 0.59 0.52 0.42 0.55 0.43

51% 64% 49% 43%

kappa 0.42 0.58 0.40 0.33

0. 40.0. 33. KNN
51% Kappa 0.42 N
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64% Kappa 0. 58.
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