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Fig. I Overview of the study area
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Fig. 2 The double source detection network model (The yellow number represents the confidence of the corresponding detection box.
Among the four tree crowns, the rightmost one is not a tree crown of Cinnamomum camphora, and the confidence of its corresponding
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Table 2 Weight configuration for RGB and DSM
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Fig. 3 Experimental results of each scheme under FPN-Faster—R-CNN
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Fig. 4 Experimental results of each scheme under Yolov3
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Table 4 Detection results of double source detection

network scheme under different conditions
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FPN-RGB FPN-DSM “F-/3#: 87.76 86.12 85.55
FPN-RGB FPN-DSM i Bt e ig v 87.93 83.61 83.89
FPN-RGB FPN-DSM AP Y& ETL  88.00 86.30 83.72
Yolo—RGB Yolo-DSM 43 81.68 86.19 71.74
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Urban cinnamomum camphora crown detection research using
RGB-DSM images and deep learning

WANG Hao,XIA Kai, YANG Yinhui, FENG Hailin

1.College of Mathematics and Computer Science, Zhejiang Agriculture and Forestry University, Hangzhou 311300, China,
2.Zhejiang Provincial Key Laboratory of Forestry Intelligent Monitoring and Information Technology, Hangzhou 311300, China;
3.Key Laboratory of Forestry Perception Technology and Intelligent Equipment, State Forestry Administration, Hangzhou 311300, China

Abstract: Currently, combining remote sensing imagery with deep learning is a growing trend in individual tree crown detection. RGB
image is the most commonly used data type in detection. However, given that the color and texture of the tree crowns are generally close,
distinguishing the crowns of different individuals by using only the color and texture information of RGB image in areas with high density
of crowns is difficult. In this study, the elevation information is superimposed to improve the accuracy of individual tree crown detection by
using RGB images. In the experiment, RGB image (color image) and DSM (digital surface model) were used as data sources, and band
combination and double-source detection network model were used to combine RGB and DSM for individual tree crown detection. In the
former method, band combination of RGB and DSM was conducted to generate GBD, RGD, and RBD images, and the three kinds of
images were used for network training and testing. In the latter method, RGB and DSM were input into the double-source detection network
model, and the detection results were obtained. FPN-Faster-R-CNN and Yolov3 were used for experiments in this study. Compared with
RGB scheme as the control scheme (which uses only the color and texture information of ground objects for individual tree crown
detection), the average accuracy of FPN-Faster-R-CNN in the GBD scheme, RBD scheme, and double-source detection network scheme
increased by 3.36%, 2.45%, and 7.77%, respectively; it decreased by 0.17% in the RGD scheme. The average accuracy of Yolov3 in the
GBD scheme, RBD scheme, and double-source detection network scheme increased by 0.72%, 0.14%, and 5.71%, respectively; it decreased
by 0.98% in the RGD scheme. Under the two networks, the double-source detection network scheme achieved the best detection result in
each scheme. Compared with the RGB scheme, the improvement in average accuracy of double-source detection network scheme showed a
rising trend with the increase in forest density. Comparative analysis of the experimental results shows that proper combination and
utilization of the color, texture, and elevation information of the ground objects is beneficial to improve the performance in the urban
individual tree crown detection task based on deep learning.

Key words: remote sensing, individual tree crown detection, deep learning, urban, elevation, color image, UAV

Supported by National Natural Science Foundation of China (No. U1809208); Natural Science Foundation of Zhejiang Province, China

(No. LQY18C160002); Natural Science Foundation of Zhejiang Province, China (No. LQ20F020005)



