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Fig.1 Workflow of classification
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Fig.2 Hyperspectral image atmospheric correction
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Fig.4 Image classification result
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Table 1 Confusion matrix of reflectivity image classification result

HuyR =2 T AR RN SR H AR P SR

Feature type Picea asperata  Larix olgensis  Pinus koraiensis Pinus sylvestris ~ Grassland Shrub Farm land  Total

4% Picea asperata 557 51 23 0 0 0 0 631
JENAS Larix olgensis 54 658 0 0 0 58 0 770
1K) Pinus koraiensis 108 0 247 83 0 15 0 466
TEFHs Pinus sylvestris 15 13 259 547 0 0 0 806
H Ml Grassland 0 0 0 121 327 0 185 747
WEA Shrub 0 114 0 0 0 306 0 334
HkHh Farm land 0 0 0 0 0 0 317 317
A Total 719 864 529 751 327 379 502 4071

BVANERE Overall accuracy/%  72.68
Kappa % %% Kappa coefficient 0. 68
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Table 2 Confusion matrix of recombined image classification result

k7SIt =2 AL VN EARVN (LSRN HH AR Bt SR

Feature type Picea asperata  Larix olgensis  Pinus koraiensis  Pinus sylvestris ~ Grassland Shrub Farm land  Total

A2 Picea asperata 569 32 33 0 0 0 0 634
J&EMAS Larix olgensis 40 802 19 4 0 0 0 865
21K\ Pinus koraiensis 95 0 460 29 0 0 0 584
TFH Pinus sylvestris 15 14 17 718 0 0 0 764
HHl Grassland 0 0 0 0 327 7 67 401
WEA Shrub 0 16 0 0 0 372 0 388
i Farm land 0 0 0 0 0 0 435 435
A Total 719 864 529 751 327 379 502 4071

JBMAAERE Overall accuracy/%  90. 68
Kappa Z %% Kappa coefficient 0. 88
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Tree Species Classification by Airborne Hyperspectral Image of Forest in
Cloud Shadow Area

LI Jun-ling, PANG Yong, LI Zeng-yuan, JIA Wen

(Research Institute of Forest Resources Information Techniques, Chinese Academy of Forestry, Beijing 100091, China)

Abstract: [ Objective ] Using narrow-band vegetation index and texture information to classify images, and to
explore the potential of vegetation index and texture information for tree species classification under cloud shad-
ows. [ Method ] Vegetation indices and texture features were used to recombine a new image. Reflectance ima-
ges and recombination images were classified by support vector machine classifier. By comparing the classifica-
tion results, the potential of narrow band vegetation indices, texture information and other characteristics in the
classification of forest in cloud shadow was explored. The band used to calculate the texture information was se-
lected by the optimum index factor (OIF) , and the number of bands selected were band 31(0.67 pum), 51(0.
86 um) and 55(0.89 wm). Tree species training samples were selected based on high resolution aerial photo-
graphs. The Support Vector Machine (SVM) method was adopted to classify the reflectivity images and the fea-
ture images after recombination. The classification results were verified by filed data, the overall accuracy and
Kappa coefficient were used as the evaluation indices for classification accuracy. [ Result] Compared with the
classification result of reflectance image, the combination of vegetation index and texture information significantly
improved the classification accuracy. The overall accuracy and Kappa coefficient were 90.4% and 0. 88, which
increased by 18% and 0.2 respectively. The classification accuracy of individual tree species was also signifi-
cantly improved. It can be seen from the confusion matrix that when using the reflectance image for classifica-
tion, the Pinus koraiensis is misclassified as P. sylvestris. However, using vegetation index, the error was signifi-
cantly reduced. [ Conclusion | It is concluded that the forest in cloud shadow area can be classified based on the
narrow band vegetation index (NDVI 705, mSR 705, mNDVI 705, VOG1, VOG2, REP) and texture informa-
tion and the classification result is better than the reflectance image does.

Keywords: AISA Eagle II; airborne hyperspectral images; cloud shadow area; tree species classification; nar-

row band vegetation indices
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