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Identification of salt marsh vegetation "fairy
circles" using random forest method and spatial-
spectral data of unmanned aerial vehicle LiDAR

Han Jiangtao, Tan Kai", Zhang Weiguo, Zhou Ruotong, Liu Shuai
State Key Laboratory of Estuarine and Coastal Research, East China Normal University, Shanghai 200241, China

Abstract: Spatial self-organization is a common phenomenon in many natural ecosystems. The "fairy circle" is a
typical spatial self-organization structure that has significant impacts on the ecological functions of the salt marsh
vegetation ecosystems. Obtaining the spatial pattern and spatiotemporal changes of the "fairy circle" can provide
important scientific support for clarifying its ecological evolution mechanism. In this study, a machine learning
method based on random forest is used to intelligently identify and extract the "fairy circle" in salt marsh vegetation
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using the spatial-spectral information from unmanned aerial vehicle (UAV) LiDAR. First, the effects of the distance,

incident angle, and specular reflection on intensity data are eliminated using the laser radar equation and the

Phong model. Second, the corrected intensity data are filtered to separate the vegetation from the ground. Third, a

series of spatial features and geometric variables are used to classify the normal vegetation and "fairy circles" using

the random forest algorithm. The results demonstrate that the proposed method can accurately extract "fairy

circles" from UAV LIiDAR 3D point cloud data without requiring manual experience-based parameter settings. The

overall accuracy of the proposed method is 83.9%, providing a high-precision method for the spatiotemporal

distribution inversion of "fairy circles" and technical references for 3D point cloud data processing based on

machine learning.

Keywords: random forest; unmanned aerial vehicle; LIDAR; spatial self-organization; point cloud classification
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Fig. 1 (a, b) Overview of the study area; (c, d) Orthophoto of the study area
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Identification of salt marsh vegetation "fairy
circles" using random forest method and spatial-
spectral data of unmanned aerial vehicle LiDAR

Han Jiangtao, Tan Kai’, Zhang Weiguo, Zhou Ruotong, Liu Shuai
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The extracted result obtained by the proposed method

Overview: Spatial self-organization is a fascinating and widespread phenomenon observed in various natural
ecosystems. One such intriguing structure is the "fairy circle", known for its significant influence on the functioning of
salt marsh vegetation ecosystems. "Fairy circles” are known to play a crucial role in shaping salt marsh vegetation
ecosystems, and their identification and understanding can offer valuable insights into ecological processes and
dynamics. Understanding and identifying these "fairy circles” is of utmost importance for ecological research and
conservation efforts. To address this, the present study employs a sophisticated machine learning technique called
random forest to intelligently identify and extract "fairy circles" within salt marsh vegetation using data from unmanned
aerial vehicle (UAV) LiDAR point clouds. The initial step in this research involves addressing potential complications
arising from distance, incident angle, and specular reflection effects on the intensity data obtained from the UAV
LiDAR. By applying the laser radar equation and the Phong model, these confounding factors are successfully
eliminated to obtain the corrected intensity data. A filtering process is employed on the corrected intensity data to
separate the vegetation from the ground points. To effectively distinguish between the normal vegetation and the "fairy
circles," a set of spatial features and geometric variables are employed, and a random forest model is constructed using
these features and variables. The results demonstrate the extraordinary capability of the proposed method to accurately
identify and extract "fairy circles" from UAV 3D point cloud data, achieving an overall accuracy rate of 83.9%. The study
represents a groundbreaking advancement in the study of "fairy circles" and paves the way for spatiotemporal
distribution inversion of these intriguing structures. Additionally, the application of machine learning, particularly the
random forest algorithm, in combination with UAV LiDAR technology, demonstrates the potential of artificial
intelligence and remote sensing in ecological research. The implications of this research extend beyond salt marsh
ecosystems. The methodological approach presented here can be adapted and applied to other natural ecosystems with
spatial self-organization phenomena. By integrating machine learning and advanced remote sensing techniques,
researchers can explore and comprehend various spatial structures, contributing to a deeper understanding of ecological
patterns and processes on a broader scale.
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