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Tree Species Recognition Based on Unmanned Aerial Vehicle
Image with LiDAR Individual Tree Segmentation Aided

XU Zhiyang'*> CHEN Qiao'’ CHEN Yongfu'”’
(1. Research Institute of Forest Resource Information Techniques, Chinese Academy of Forestry, Beijing 100091, China
2. East China Inventory and Planning Institute, National Forestry and Grassland Administration, Hangzhou 310019, China
3. Key Laboratory of Forestry Remote Sensing and Information System ,
National Forestry and Grassland Administration, Beijing 100091, China)

Abstract. In order to study the application potential of tree species recognition based on unmanned aerial
vehicle (UAV) visible image with LiDAR individual tree segmentation aided, a tree species recognition
method combined with convolutional neural network and ensemble learning was proposed. Firstly,
individual trees were detected by means of individual tree segmentation of simultaneous UAV — LiDAR
point clouds and multiscale segmentation of UAV visible image, and then individual tree canopy image
datasets was sliced from UAV visible image. Secondly, ResNet50 convolutional neural network was
introduced, meanwhile, a ECA — ResNet50 network was bulit by using ResNet50 as the backbone
network framework and inserting the effective channel attention ( ECA) mechanism model to residual
bottleneck module, and then a ECA — ResNet50 — Dialate network was bulit by replacing normal 3 x 3
convolution of residual module with dilated convolution, and ECA — ResNet — mini and ECA — ResNet —
mini — Dialate network were bulit by adjusting the convolution layer number of convolutional modules in
the end. The pre-trained model parameters, which were pre-trained by using ImageNet datasets, were
loaded to initialize the five network models, after that five recognition models were trained by using the
individual tree canopy image datasets. Finally, the five convolutional neural network models were
ensembled by the relative majority voting method. The experimental results showed that the overall

accuracy of individual tree detection was 83.80% , and the training, verification and independent test
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accuracy of ensemble learning reached 99. 15% , 98. 34% and 90. 15% , respectively, which were 4. 23,
3.04 and 9.09 percentage points higher than that of ResNet50 network, and the independent test

accuracy was still 32. 31 percentage points higher than the traditional optimal result of random forest

classification. The combination of convolutional neural network and ensemble learning strategy could fully

extract UAV visible image features for tree species recognition with LIDAR individual tree segmentation aided.

Key words: tree species recognition; unmanned aerial vehicle image; UAV — LiDAR; convolutional

neural network; ensemble learning
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Tab.1 Parameters configuration of convolutional neural network frameworks
R E SR ERGEIT  Model 1 Model TI Model TI Model IV Model V
7 x7,64 stride 3 2
Convl 3 x 3 max pool,stride & 2
1x1,64
Conv2_x 3 x3,64 x3 x3 x3 dilation 2}y 2 x3 x3 dilation K 2
1 x1,256 ECA ECA ECA ECA
1x1,128
Conv3_x 3 x3,128 x4 x4 x4 dilation &y 2 x3 x3 dilation Jy 2
1x1,512 ECA ECA ECA ECA
1x1,256
Convd_x 3 x3,256 X6 x6 x6 dilation 2}y 2 x3 x3 dilation A 2
1 x1,1024 ECA ECA ECA ECA
1x1,512
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1 x1,2048 ECA ECA ECA ECA
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Fig.3 Structure of ensembled learning model
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Tab.2 Results of convolutional neural networks

model training and validating and independent test

o I 4 RE 7 i
E#i#%/%  Kappa % 1%k 18 E#%/%  Kappa 2% Bk A E#i%/%  Kappa %
1 94.92 0.928 4 0.1230 95. 30 0.9490 0.1723 81.06 0.749 6
I 97. 04 0.9619 0.1065 95.72 0.9535 0.1577 85.61 0.8120
11l 96. 46 0.946 1 0.138 1 95.94 0.956 5 0.148 1 84.09 0.790 3
v 96. 95 0.9619 0.1122 96.79 0.9590 0.1653 84.09 0.790 3
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Fig.4 Training accuracy curves of different convolutional neural networks
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Fig.5 Training loss curves of different convolutional neural networks
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Fig. 6 Results of single tree crown segmentation and single tree species recognition in five test circular samples
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