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Abstract; Aming to the unique temperate forest vegetation within the Northeast Tiger and Leopard National
Park, a study on multi-source remote sensing image coverage classification has been conducted, which aims to

utilize modern remote sensing techniques and advanced machine learning methods to perform fine classification of
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complex vegetation types, thereby better understanding the ecological conditions of the region and providing scientific
basis for the conservation efforts in the Northeast Tiger and Leopard National Park. Firstly, the authors employed
multi-scale image segmentation technology to decompose the original remote sensing images into a series of small
regions with similar texture and color features, which helps reduce data redundancy and highlight different characteristics
of vegetation. Subsequently, these segmented images have been optimized by extracting feature parameters that effec-
tively distinguish different types of vegetation. Then, the authors input these optimized feature parameters into three
different machine learning classifiers for training and testing, including support vector machine (SVM) , C5. 0 deci-
sion tree and random forest. The experimental results show that, in terms of classification accuracy, random forest
achieving the highest accuracy of 91. 33% , and C5. 0 decision tree reaching 89. 59% , with the Kappa coefficients
of 0. 90 and 0. 88, respectively. In comparison, the classification accuracy of support vector machine was lower, at
only 58.96% , and the Kappa coefficient is 0. 54. These results indicate that, for distinguishing vegetation cover
types and identifying other land features, the random forest algorithm has significant advantages. It not only accu-
rately distinguishes different vegetation types in complex backgrounds, but also effectively identifies other features
such as roads and buildings.

Keywords: multi-source remote sensing image ; vegetation cover classification; support vector machine; deci-

sion tree; random forest
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Fig. 8 Object-oriented classification results of SVM
algorithm
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Fig. 10 Object-oriented classification results of random
forest algorithm
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Fig. 9 Object-oriented classification results of decision
tree algorithm
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Table 3 Classification accuracy evaluation of three algorithms
W2 SVM PR BEHLAR bR
[ia] iR 26. 67 44.43 76. 19 88. 89 89. 30 88.90
GLIZIN 62.58 83.33 88. 89 80. 10 95. 87 97. 80
Tt ] P 53.84 36.84 89.10 99. 50 98. 60 94.11
BRI 2k 39.13 20.45 90. 19 90. 85 95.00 91.30
ROGR Y 64.28 90. 00 88. 89 80. 00 73.50 78. 60
Bl 90.91 95.23 91.30 95.30 95.21 96. 80
bl i 21.43 21.43 91.67 79.10 77.10 91.32
LR H b 98. 65 86. 67 87.50 93.00 96. 80 76. 47
NN 71.43 90.91 80. 65 82.30 80.25 89.90
T 92. 86 92. 87 83.62 85.71 87.50 87.50
PA/UA PA UA PA UA PA UA
0A/% 58.96 89.59 91.33
Kappa 0.54 0.88 0.90
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