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Fig. 1 Distribution map of dominant tree species in
Wangyedian Forest Farm
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Table 1 Confusion matrix of U-net-NDVI-CREF classification result
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FH PR B User accuracy/% 82.22 94.44 78.38 73.21 96.77 90.7

VA AR B : 84.89%; Kappa & £{: 0.82. Note:Overall accuracy: 84.89%; Kappa coefficient: 0.82.
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Table 2 Accuracy comparison of U-net classification results before and after adding NDVI features and CRF
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RGB-IR 100% 72.46% 45.65% 100% 69.44% 97.5% 81.99% 0.79
RGB-IR-NDVI 100% 71.01% 60.87% 89.13% 83.33% 100% 84.24% 0.81
RGB-IR-NDVI CRF 100% 73.91% 63.04% 89.13% 83.33% 97.5% 84.89% 0.82
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Table 3 Comparisons of classification accuracy of four relevant methods
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Model Pinus tabulaeformis rup]I: rech tlsz Other lands Betula platyphylla Cultivated land ~ Construcuion land Overall accuracy Kappa
RF 95.95% 75.36% 47.83% 67.39% 66.67% 62.5% 72.35% 0.66
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Deep U-net Optimization Method for Forest Type Classification with
High Resolution Multispectral Remote Sensing Images

WANG Ya-hui', CHEN Er-xue', GUO Ying', LI Zeng-yuan', JIN Yu-dong*, ZHAO Jun-peng', ZHOU Yao®

(1. Research Institute of Forest Resources Information Technique, Chinese Academy of Forestry, Beijing 100091, China; 2. Wangyedian
Forest Farm of Harqin Banner, Chifeng 024423, Inner Mongolia, China; 3. Shantytown Renovation Office of Hongshan Area, Chifeng
024000, Inner Mongolia, China)

Abstract: [Objective] Full convolution neural network U-net can effectively improve the effect of remote sensing
target recognition and object classification. [Method] The test site is located in Wangyedian Forest Farm, Chifeng
district, Inner Mongolia Autonomous Region. The GF-2 multispectral data, ZY-3 DOM data, ZY-3 DEM data, sub-
compartment data and field survey data were employed as the key data sources. Based on the U-net network model
and the optimization ideas of the previous FCN-8s model, the standard Normalize Different Vegetation Index (NDVI)
was added to the original band in the training process, and the CRF post-processing process was added to construct
the network and the final classification results were obtained. [Result] (1) The overall classification accuracy of the
optimized U-net model was 84.89%, and the Kappa coefficient was 0.82, which was higher than that of the U-net
model without NDVI feature and U-net model without CRF post-processing; (2) Compared with the classification
results of FCN-8s, SVM and RF using the same strategy, the classification accuracy of the optimized U-net model
was greatly improved. [Conclusion] The classification effect of U-net model can be improved by adjusting the relev-
ant remote sensing features and using CRF post-processing method. This method is suitable for the classification of
high resolution multispectral remote sensing images of forest types.

Keywords: U-net; GF-2 multispectral data; NDVI; CRF; forest type classification
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