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Abstract

:

Normalized point clouds (NPCs) derived from unmanned aerial vehicle-light detection and ranging (UAV-LiDAR) data have been applied to extract relevant forest inventory information. However, detecting treetops from topographically normalized LiDAR points is challenging if the trees are located in steep terrain areas. In this study, a novel point cloud normalization method based on the imitated terrain (NPCIT) method was proposed to reduce the effect of vegetation point cloud normalization on crown deformation in regions with high slope gradients, and the ability of the treetop detection displacement model to quantify treetop displacements and tree height changes was improved, although the model did not consider the crown shape or angle. A forest farm in the mountainous region of south-central China was used as the study area, and the sample data showed that the detected treetop displacement increased rapidly in steep areas. With this work, we made an important contribution to theoretical analyses using the treetop detection displacement model with UAV-LiDAR NPCs at three levels: the method, model, and example levels. Our findings contribute to the development of more accurate treetop position identification and tree height parameter extraction methods involving LiDAR data.
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1. Introduction


Accurate tree height measurements are a core component of forest resource investigations and play an important role in forest management, carbon stock estimations, and ecological effect evaluations [1,2,3]. Traditional investigation methods have some drawbacks, such as long investigation cycle lengths, poor timeliness, and large manual measurement errors [4,5,6]. In recent decades, light detection and ranging (LiDAR), an active remote sensing technology, and especially airborne LiDAR scanning based on unmanned aerial vehicle (UAV) platforms have been used to obtain detailed and accurate information on topographic features and forest canopies [7,8,9]. This advantage is widely used to investigate individual tree parameters, including tree height [10,11,12], crown area [13,14,15], and leaf area index [16,17].



Treetop detection is a fundamental and important step in individual tree segmentation and parameter extraction methods based on UAV-LiDAR point clouds and has thus attracted extensive attention [18,19,20]. Previous studies can be divided into two categories in terms of the data used. One category is based on raster data, including canopy height models (CHMs) and vegetation point cloud density models (VPCDMs). These data are generated based on interpolations of point cloud data and use marker-controlled watershed algorithms or local maxima to explore the locations of treetops [21,22,23]. The other category is directly based on unstructured point sets, such as normalized point cloud data (NPC); these studies used the spatial structure relationships between the point cloud and the structural characteristics of a forest and methods such as nearest-distance comparisons, regional growth, and threshold judgments, and height thresholding are used [24,25,26].



Both NPCs and CHMs are representations of objects rising from the terrain that are approximately placed on a plane [27]. However, in forested terrain with complex topography, where local topographic variations cannot be ignored, the above planar terrain assumption is not valid. Previous studies have shown that ignoring topography leads to errors in LiDAR-derived individual tree metrics, such as the derived crown heights and treetop positions, especially for trees with weak crown-top dominance [28,29]. To date, no study has explored a topographic normalization method that can effectively attenuate the errors in normalized point cloud crown deformation data and parameter extraction results.



Therefore, detecting treetops using normalized CHMs and NPCs can be a challenge if the trees are located in areas of complex terrain [30]. These methods are influenced by the differences between the terrain surface and crown features. In treetop detection results obtained through these methods, “false” local maxima may be detected in areas with steeply sloping canopies, and displacement may occur between these maxima and the true treetops. To date, only three previous studies have reported the effects of the above factors on treetop detection considering displacement [31,32,33]. Khosravipour et al. [31] proposed a theoretical model to quantify the effect of the slope gradient on treetop detection accuracy. In their theoretical model, the horizontal and vertical displacements of the treetops were treated as functions of the slope gradient and crown radius. However, their model is applicable only to trees with spherical canopies. To overcome this limitation, Alexander et al. [32] extended the theoretical model to spherical and conical canopies. Their study showed that the detection error at the treetop was closely related to the slope gradient, crown radius, and crown angle of the conical crown. Later, Nie et al. [33] improved the theoretical treetop displacement model under different topographic conditions. These studies showed that UAV-LiDAR-derived crown point clouds are deformed through topographic normalization. The individually detected trees were displaced under the influence of the crown shape and slope gradient. The current research related to the treetop displacement model has three main deficiencies. (1) The normalized CHMs and NPCs differ from the shape and spatial distribution of the real vegetation scene, resulting in treetop detection displacements. (2) The traditional treetop displacement theoretical model is applicable only for canopies with regular shapes (e.g., spherical, conical, and elliptical). (3) It is difficult to obtain the crown angle parameters required in the traditional treetop displacement theoretical model.



To address these scientific questions, in this paper, we discuss the effects of UAV-LiDAR-derived point cloud topographic normalization on treetop detection displacements in terms of the utilized method, model, and example. Three specific objectives are explored. (1) A novel point cloud normalization method is proposed to reduce the effect of vegetation point cloud normalization on crown deformation in steep terrain. (2) The treetop detection displacement model is improved to more easily quantify treetop movement and tree height change values under the condition of irregular crown shapes. (3) The effects of the above factors are analyzed and validated based on an example of a forest farm in the mountains of south-central China. With this work, we make an important contribution to theoretical analyses of LiDAR point cloud normalization methods and of the treetop detection displacement models. Our results can help researchers develop more accurate treetop location identification and tree height parameter extraction methods using LiDAR data.




2. Materials


2.1. Study Area


Lutou Forest Farm (113.85–113.97° E and 28.52–28.63° N) is located in the Luoxiao Mountains in south-central China (see Figure 1). The area of the farm is 53.08 km2, with an elevation of 124 to 1273 m. The terrain is high in the south and low in the north, and the topography mainly includes medium-low mountains. The forest coverage rate is 94.2%, the average temperature is 16.8 °C, and the annual precipitation is approximately 1500 mm. The study area is part of the Lutou Forest Farm, with an area of 0.49 km2 and elevations ranging from 250 m to 600 m above sea level. The slope gradient is roughly normally distributed and is mainly concentrated between 30° and 50° (see Figure 2). The forest cover composition predominantly includes Chinese fir (Cunninghamia lanceolata), Cyclobalanopsis glauca (Cyclobalanopsis glauca Thunb. Oerst.), and Bamboo.




2.2. LiDAR Data Collection and Preprocessing


The LiDAR point cloud data were acquired in December 2020. The data were obtained using the DJI Matrix 600 UAV platform and a RIEGL VUX-1LR [34]. A vertical intersection route design was adopted for the flight routes. The UAV platform and LiDAR sensor working mode were determined according to the elevation variations and data requirements in the study area. Specifically, the UAV flight speed was 6 m/s, the flight altitude was 100 m above the ground, the flight belt interval was 70 m, the scanning angle of the laser pulse was 140–180°, and the emission frequency was 300 kHz. Then, position and orientation system (POS) processing and aerial belt splicing were performed to obtain the LiDAR point cloud data for the study area. The point cloud density was greater than 500 pts/m2 in the ridge region, and the average density was approximately 200 pts/m2 in the valley.



The spatial distance-based denoising method was used to remove noisy points caused by leaves, water vapor, etc. The algorithm can determine whether a given point is a noisy point based on the average distance between the target point and all other points in the neighborhood [35].




2.3. Reference Data


Due to the lack of field measurement data representing trees on highly sloping terrain, the height and location information of each individual tree used in the accuracy evaluation was obtained by visual identification. The coordinates from the trunk point cloud were manually depicted in Esri ArcScene® software to determine the location of each tree, and the height maximum from the crown point cloud was subtracted from the height minimum of the tree location to obtain the true height of each tree. The integrity of a single tree point cloud is affected by the segmentation algorithm, especially for the tree point cloud with crown intersection and overlap variables. Incomplete canopy point clouds have inherent uncertainties that limit their use in treetop displacement research based on normalization. Trees with distant crowns do not have these problems, and 317 isolated trees were marked in the study area.





3. Methodology


The methodological flowchart of treetop displacement by UAV-LiDAR point cloud normalization research is shown in Figure 3, including a novel normalized point cloud based on imitated terrain method, an improved treetop displacement model, and a tree height accuracy evaluation.



3.1. Point Cloud Normalization


The conventional normalized point cloud (CNPC) is based on a vertical projection, and the normalized point cloud Zn is based on the elevation value Z of each surface feature point minus the elevation value Z0 of the nearest ground point in the vertical space [36]. When point cloud data represent vegetation located in steep-terrain areas, the CNPC method yields a spatial distribution of surface features that is severely compressed, and the error between the point cloud and the real scene becomes very large, leading to crown deformation and reduced forest parameter extraction accuracy. In this study, a novel normalized point cloud based on imitated terrain (NPCIT) was proposed for use in steep-terrain areas. An equidistant projection was established by using the Euclidean distances among the ground point clouds considering local terrain undulations.



A comparison of the characteristics of NPCIT and CNPC is shown in Figure 4. The similarity between these two topographic normalization methods lies in the normalized point cloud height value Zn, which is the vertical difference (Δz) between surface feature points and ground points. Therefore, the vegetation height parameters extracted using the NPCIT-based normalized point cloud data do not change. The difference is that the distance between the CNPC-based topographic normalization surface feature point clouds is Δx, which is the cosine of the actual distance (l) and the slope gradient. The length L of the whole area is the same as the length before topographic normalization. However, the point cloud plane distance after topographic normalization based on NPCIT is the Euclidean distance (l) between the adjacent ground points in the real scene, and the length L’ of the whole region becomes larger than the original length L.



In the CNPC method using vertical projection, the size of the grids before and after normalization is the projected area of the plane. The data for the entire study area are arranged neatly and tightly based on a grid approach. In this study, the NPCIT-based topographic normalization stretched the field point cloud data by imitating the undulations of the terrain, and the algorithm consisted of constructed triangular meshes, isometric transformed meshes, an equidistant conversion of point clouds within the meshes, a normalization step, and an algorithm implementation step. The side length of the triangular meshes based on NCPIT varied with terrain relief and the converted adjacent grids may have been influenced by local stacking or gaps. Therefore, the main difficulties faced when using this method involved controlling the extent of stretching and ensuring the integrity of the data during the normalization process. The specific concept is described as follows.



3.1.1. Triangular Mesh Construction


The direct normalization of an overall UAV-LiDAR point cloud region based on NPCIT leads to a large deformations value and data gaps in the study area due to the influence of topographic relief. Therefore, it was necessary to delineate the entire study area according to triangular meshes composed of ground points. The method by which these triangular meshes were constructed is described as follows:



(1) Ground point classification. We used an improved progressive triangular irregular network (TIN) identification (IPTD) method to separate the ground points [37,38]. This algorithm generates a sparse triangulated irregular network through seed points and encrypts each layer through iterative processing until all of the ground points are classified. The key parameters of the algorithm include the iteration distance, iteration angle, and maximum slope gradient; in this study, these parameters were set to 0.5 m, 5°, and 70°, respectively.



(2) Resampling of ground points. To ensure that the meshes used for partitioning are similar in size and optimally evenly distributed, it is necessary to resample the classified ground point cloud data. We selected the minimum point spacing method for resampling. When the minimum point spacing was set to n, only one point within each radius size of n was selected.



(3) Building meshes. The resampled ground points were used to construct an irregular triangular network. The whole study area was divided into numerous triangular regions, and each region was normalized based on NPCIT to reduce the deformation degree.




3.1.2. Isometric Mesh Transformation


The isometric transformation process for the mesh in this study involved the isometric transformation of triangular meshes by imitating the Euclidian distances between terrains. First, it was necessary to select a suitable initiation point in the whole research area to identify the first transformed mesh. We selected the ground point with the largest elevation near the center point of the study area as the initiation point. Then, according to the relevant adjacency relationships, other triangular meshes were transformed in turn. The three-dimensional distance between the meshes before the isometric transformation was equal to the planar distance after the mesh transformation. Stretching was performed from the perspective of planar projection, but the actual lengths were equal. The isometrically transformed triangle meshes are shown in Figure 5. The light blue triangles are the original meshes, and the light green triangles are the transformed meshes. According to the mesh vertex type, the isometric transformation of the triangular network was divided into three cases.



Case 1: One point in the triangular mesh is used as the initiation point, as shown in Figure 5A. In ΔABC, A is the initiation point, and B and C are the points to be transformed. For example, consider the transformation of point B to point B′. The vertical point B⊥ is obtained in the xoy plane, and OB⊥⊥BB⊥; Bl is a point on the extension of AB⊥, and ABl = AB; B′ is the point vertically above Bl, and BB⊥ = B′Bl. If A, B, and C are expressed as (xA, yA, zA), (xB, yB, zB), and (xC, yC, zC), respectively, the three vertices A′(xA′, yA′, zA′), B′(xB′, yB′, zB′), and C′(xC′, yC′, zC′) of the transformed triangular mesh satisfy the following relations:


    L   A B   =        x   A   −   x   B       2   +       y   A   −   y   B       2     +     z   A   −   z   B       2     



(1)






    L   A   B   ⊥     =        x   A   −   x   B       2   +       y   A   −   y   B       2     



(2)






        x   B   −   x   A         L   A   B   ⊥       =       x     B   ′     −   x   A         L   A B      



(3)






    x     B   ′     =   (   x   B   −   x   A   )   × L   A B       L   A   B   ⊥       =       x   B   −   x   A     ×        x   A   −   x   B       2   +       y   A   −   y   B       2     +     z   A   −   z   B       2             x   A   −   x   B       2   +       y   A   −   y   B       2       



(4)






    y     B   ′     =       x     B   ′     −   x   A     ×     y   B   −   y   A           x   B   −   x   A        



(5)






    z     B   ′     =   z   B    



(6)







Case 2: One vertex is transformed, and the other two points are to be transformed. As shown in Figure 5B, in ΔDEF, point D is transformed to D′, and E and F are the points to be transformed. First, E and F are transformed into E′ and F′ according to the rules in Case 1, and then ΔDE′F′ is translated to ΔD′E″F″ by using the relationship between D′ and D. If points D, E, and F are expressed as (xD, yD, zD), (xE, yE, zE) and (xF, yF, zF), respectively, the three vertices D′(xD′, yD′, zD′), E″(xE″, yE″, zE″), and F″(xF″, yF″, zF″) of the transformed triangular mesh satisfy the following relations:


    x     E   ′     =       x   E   −   x   D       × L   D E       L   D   E   ⊥       =   (   x   E   −   x   D   ) ×        x   E   −   x   D       2   +       y   E   −   y   D       2     +     z   E   −   z   D       2             x   E   −   x   D       2   +       y   E   −   y   D       2       



(7)






    y     E   ′     =       x     E   ′     −   x   D     ×     y   E   −   y   D           x   E   −   x   D        



(8)






    z     E   ′     =   z   E    



(9)






    L   D   D   ′     =        x     D   ′     −   x   D       2   +       y     D   ′     −   y   D       2     +     z     D   ′     −   z   D       2     



(10)






    x     E   ″     =   x     E   ′     +     x     D   ′     −   x   D      



(11)






    y     E   ″     =   y     E   ′     +     y     D   ′     −   y   D      



(12)






    z     E   ″     =   z   E   +     z     D   ′     −   z   D      



(13)







Case 3: Two vertices of the triangle mesh are transformed, and the other point needs to be transformed, as shown in Figure 5C. In ΔBEG, points B and E are transformed into B′ and E′, and the transformation of G to G″ is the same as that for point E in Case 2.




3.1.3. Equidistant Conversion of Point Clouds within the Meshes


The triangular meshes were isometrically transformed in Step 2, but the other ground and vegetation point clouds inside each triangular mesh were not transformed. We chose to convert the point clouds by using the equidistant relationships between the points inside the triangles and the triangle boundaries, as shown in Figure 6. In ΔABC and the transformed ΔA′B′C′, the points can be expressed as follows: A(xA, yA, zA), B(xB, yB, zB), C(xC, yC, zC), A(xA, yA, zA), B(xB, yB, zB), and C(xC, yC, zC). With point P(xP, yP, zP) as an example, the extension of the line AP (Equation (16)) intersects the line BC (Equation (17)) at Q(xQ, yQ, zQ) (Equations (18) and (19)). The equidistance among points P, P′, Q, and Q′ in the two meshes before and after the conversion is shown in (Equations (20) and (21)). These calculations are repeated for the other point clouds until all points in the meshes are converted.


    k   A P   =     y   A   −   y   P       x   A   −   x   P      



(14)






    k   B C   =     y   B   −   y   C       x   B   −   x   C      



(15)






  A P =   y   A   −     y   A   −   y   P       x   A   −   x   P     ×   x   A    



(16)






  B C =   y   B   −     y   B   −   y   C       x   B   −   x   C     ×   x   B    



(17)






    x   Q   =   B C − A P     k   A P   −   k   B C      



(18)






    y   Q   =   k   A P   ×   x   Q   + AP  



(19)






    B Q   Q C   =    B ′   Q ′     Q ′   C ′     



(20)






    A P   P Q   =    A ′   P ′     P ′   Q ′     



(21)








3.1.4. Normalization


Through the above process, a complete imitated terrain conversion of the point cloud is achieved, where the converted cloud points x and y are changed and the z values retain the original heights (Equations (6) and (9)). The normalized values are generated by subtracting the ground elevation, Z0, from the original sea level height, Zx, of the point cloud (Equation (22)).


    Z   n   =   Z   x   −   Z   0    



(22)








3.1.5. Algorithm Implementation


The novel normalized point cloud methods proposed in this study were run and implemented on PyCharm Community Edition 2021.3.1 using the Python programming language, wherein the math module and the OS module were used for the mathematical mesh operations and the point cloud conversion within the mesh, respectively, and the OS module was used for the sequential reading of the partitioned point cloud folder files. The math module was used to perform the mathematical point cloud conversion operation within the grid, and the os module was used for the sequential reading of the partitioned point cloud folders. The core code is openly available at https://github.com/csuft-mks/py_NPCIT (accessed on 14 March 2023).





3.2. Theoretical Model of Treetop Displacement


The treetop displacement model was used to simulate and quantify the influence of the slope gradient and crown shape on the treetop detection results in both the vertical direction (change in the tree height value) and the horizontal direction (shift in position). The treetops detected using the normalized point cloud were displaced due to the slope of the terrain. As shown in Figure 7, Point A in the original point cloud is a treetop, and the normalized point cloud detects Point B. There is thus a displacement between the two points.



3.2.1. Original Model


Kosravipur et al. [31] and Alexander et al. [32] proposed theoretical treetop displacement models that are applicable to conical and spherical tree crown structures, respectively, and can be used to quantify treetop detection accuracy. Nie et al. [33] extended this approach to scenes with different terrain changes. As shown in Figure 8, taking a conical crown on inclined terrain as an example, in their models, the slope gradient is denoted as α, the crown radius is R, the crown angle is β, the tree height is H, the branch height is Hu, the horizontal displacement is ΔL, and the vertical displacement is ΔH.



When the crown angle is greater than the slope gradient (β > α), the treetop point cloud is higher than all other crown points before and after topographic normalization, and the detected treetops do not change. However, when β is less than α, treetop displacement occurs; in this situation, the horizontal displacement ΔL is equal to the horizontal distance between the point of the height maximum value and the real treetop, and the maximum distance is the crown radius (Equation (27)), so the vertical displacement ΔH is related to α, β, and R as follows (Equation (25)):


    H   x   =   H   U   + x   tan  ⁡  α    



(23)






  H =   H   U   + x   tan  ⁡  β    



(24)






  ∆ H =   H   x   − H =   H   U   + x   tan  ⁡  α   −     H   U   + x   tan  ⁡  β     = x (   tan  ⁡  α   −   tan  ⁡  β   )  



(25)






    ∆ L   m a x   = R  



(26)






    ∆ H   m a x   = R (   tan  ⁡  α   −   tan  ⁡  β   )  



(27)








3.2.2. Improved Model


There are two obvious shortcomings in the original model: a. The model is applicable only to trees with regularly shaped tree crown structures, and b. It is difficult to obtain the crown angle, β, required to calculate vertical displacement. Therefore, we proposed an improved treetop displacement model (see Figure 9) that does not depend on the crown structure. The specific concept of this model is described as follows:



(1) Determine the potential tree crown displacement area



The lowest tree point is considered the coordinate axis origin, 0, the horizontal direction is the x-axis, and the vertical direction is the z-axis. The linear function, l (Equation (28)), is constructed with the tangent of the slope gradient, and l is translated upwards to the treetop position to obtain l′ (Equation (29)). Then, the point set Pi (the blue area in Figure 9), above the linear function l′, is the crown area that may cause the detection displacement of the treetop. Defining this area as Pi (xi, yi, zi), the zi values of all points satisfy Equation (30).


  l : z = x   tan  ⁡  α    



(28)






    l   ′   : z = x   tan  ⁡  α   + H  



(29)






    z   i   > x   tan  ⁡  α   + H  



(30)







(2) Confirmation of a “false” treetop position



In the point set Pi, the vertical distance from each point to the linear function, l′, is dist. When the distance of point Pm(xm, ym, zm) is distmax, Pm is the position of the “false” treetop detected by the normalized point cloud (the red point in Figure 9).



(3) Quantified displacement



Using the relationship between xm and zm at point Pm and the origin of the coordinate system, the ΔL displacement (Equation (31)), ∆H displacement (Equation (32)), and height Hx (Equation (33)) of the “false” treetop after detection can be directly obtained.


  ∆ L =   x   m    



(31)






  ∆ H =   d i s t   m a x   =   z   m   − (   x   m     tan  ⁡  α   + H )  



(32)






    H   x   = ∆ H + H =   z   m   −   x   m     tan  ⁡  α    



(33)







In the improved treetop displacement model, the potential displacement of the tree crown area and the “false” treetop position are judged directly according to the terrain conditions. The variables used to quantify treetop displacement include the slope gradient α, xm, ym, and the tree height H. Compared to the original treetop displacement model, the improved model is applicable to all tree crown structures, and the variables in the model are easy to obtain.




3.2.3. Treetop Displacement Comparison between CNPC and NPCIT


To explore the improved performance of the NPCIT method proposed in this study based on the treetop detection displacement, we compared the two datasets constructed based on the CNPC and NPCIT methods in the improved treetop displacement model. In Figure 10, Figure 10A shows the original tree point cloud dataset, and Figure 10B shows the tree point cloud dataset after the conversion based on the imitated terrain. The slope gradients of these two datasets are α and β, and their tangent values are tan α (Equation (35)) and tan β (Equation (38)).


    a   2   +   b   2   =   c   2    



(34)






    tan  ⁡  α   =   b   a    



(35)






  b = a   tan  ⁡  α    



(36)






    c   2   +   b   2   =   d   2    



(37)






    tan  ⁡  β   =   b   c   =   b      a   2   +   b   2      =   a   tan  ⁡  α        a   2   +   a   2       tan   2    ⁡  α      =     tan  ⁡  α      1 +     tan   2    ⁡  α       



(38)







After the topographic normalization of dataset A, the vertical displacement ∆H (Equation (32)) and tree height Hx (Equation (33)) are determined. In dataset B, the vertical displacement ∆H′ (Equation (39)) and tree height Hx′ (Equation (40)) are obtained with the improvement value ω (Equation (41)) between dataset A and dataset B.


  ∆  H ′  =   z   m   ′   − (   x   m   ′     tan  ⁡  β   + H )  



(39)






    H   x   ′   =   z   m   ′   −   x   m   ′     tan  ⁡  β    



(40)






  ω = ∆   H   ′   − ∆ H =   z   m   ′   −     x   m   ′     tan  ⁡  β   + H   −   [ z   m   − (   x   m     tan  ⁡  α   + H ) ]  



(41)







Based on xm and zm, and the converted values xm′ and zm′, and by combining Equations (38) and (40), the final improvement value ω (Equation (43)) can be simplified. The relationship between the improvement value ω and slope gradient α is shown in Figure 11 for a constant xm value of 1. The steeper the terrain is, the greater the improved vertical displacement value of the NPCIT method is.


    H   x   ′   =   z   m   ′   −     x   m   ′     tan  ⁡  β     =   z   m   −     x   m     tan  ⁡  α      1 +     tan   2    ⁡  α       



(42)






  ω = ∆   H   ′   − ∆ H =   x   m     tan  ⁡  α   ( 1 −   1    1 +     tan   2    ⁡  α      )  



(43)









3.3. Treetop Detection and Tree Height Extraction


The point cloud segmentation (PCS) algorithm combines region-growing and thresholding judgment steps to segment individual tree point clouds from the normalized clouds [18]. The algorithm mainly considers that there is a certain Euclidean distance between two trees in a tree point cloud, especially between the tops of trees. It is assumed that the highest point in a tree point cloud is the tree apex, and the tree apex can be used as a seed point to establish the growing corresponding region and separate individual trees; this process is iterative [39]. Each segmentation step involves growing the region from the treetop to the ground surface and determining the distance threshold. The height maximum of the isolated normalized individual tree point cloud is the height of the tree. The difference between the X-Y coordinates in treetop detection and in the real treetop location is the horizontal displacement in the treetop displacement model.




3.4. Comparison of the Locations and Heights of Trees


We evaluate the tree height Hx detected in the NPC based on the PCS method using the height Hi of the tree in the reference data as the true value. The accuracy of the detected tree height is evaluated using the coefficient of determination R2 (Equation (44)) and the root mean square error (RMSE) (Equation (45)); then, the difference between the detected tree height and reference tree height is used to represent the displacement of the treetop in the vertical direction, ΔH (Equation (46)) [40].


    R   2   =     ∑  i = 1   n    (   H   i   −     H   i    −  ) (   H   x   −     H   x    −  )        ∑  i = 1   n      (   H   i   −     H   i    −  )   2     ∑  x = 1   n      (   H   x   −     H   x    −  )   2           



(44)






  R M S E =      ∑  x = 1   n      (   H   x   −   H   i   )   2       n     



(45)






  Δ H =   H   x   −   H   i    



(46)









4. Results


4.1. Topographic Normalization Based on the NPCIT Method


In this study, we performed topographic normalization based on the NPCIT method for the whole study area, obtained normalized vegetation point cloud data, and compared the results with those obtained using the CNPC method. We selected the highest terrain point (113.66 E, 28.61 N, and 564.91 m) in the central part of the whole study area as the initiation point, and the minimum ground point resampling spacing was set to 20 m. In Figure 12, Figure 12A shows the original point cloud data of the whole research area, Figure 12B shows the point cloud data converted based on imitated terrain, Figure 12C shows the NPC derived based on the CNPC method, and Figure 12D shows the NPC obtained based on the NPCIT method. From a visual comparison, the terrain variation and surface height information for the point cloud based on the imitated terrain in the study area can be seen to be consistent with the characteristics of the original point cloud. The terrain is low on the left side, and there is a ridge to the northeast direction of the centre of the area. The difference between the results is that the area of the NPC derived based using the NPCIT method is expanded. The original point cloud area was 0.49 km2, while the area of the point cloud obtained with the imitated terrain conversion was approximately 0.53 km2.



In addition, the undulation of the terrain displays decreased relief; the original terrain is comparatively steeper, and the relief of the obtained terrain is moderate. We counted the areas of the four mesh categories with slope gradients of 20°, 30°, 40°, and 50° before and after the imitated terrain conversion, as shown in Figure 13.



When the slope gradient of the mesh is 20°, the slope of the linear regression is 1.1408, and the area after conversion basically does not change. When the slope gradient of the mesh is 50°, the slope of the linear regression is 1.6869, and the area changes significantly following the conversion. As the slope gradient of the mesh increases, the slope of the linear regression between the original and transformed areas of the same mesh class also increases. Therefore, during the conversion of the imitated terrain features, the smaller the slope gradient of the mesh is, the smaller the change in the converted area. The greater the slope gradient of the mesh is, the greater the areal change after the conversion.



Specifically, in Figure 14, Figure 14A shows the results obtained for an area with a terrain slope of 45°, where four isolated trees grow. Figure 14B shows the NPC derived based on the CNPC method. The crown point cloud of the four trees has undergone obvious deformation, and the “false” treetop has moved toward the low-slope-gradient direction. The distance, L, among the four trees is 50 m, which is the same as the horizontal distance in the original point cloud. Figure 14C shows the NPC derived based on the NPCIT method. From a visual perspective, mesh stretching causes the length of the region to grow from L to L′, and the rearrangement of the crown point cloud mainly manifests as stretching. The crowns of these four trees are similar to those in the original point cloud and are not deformed. The treetop positions are located near the trunks. The distance, L′, among the four trees is 71 m, which is the same as the Euclidean distance obtained from the original point cloud. The experimental results show that compared to the CNPC-based NPC, the NPC obtained based on the NPCIT method exhibits significantly weakened crown deformation, and the arrangement distances of the trees are closer to the real distances.




4.2. Influence of the Slope Gradient on Treetop Detection Displacement


To verify the proposed treetop displacement theoretical model with examples, we selected the point cloud data for 317 isolated trees without overlapping crowns in the study area as reference data and performed topographic normalization based on the CNPC and NPCIT methods. The numbers and percentages of trees with horizontal and vertical displacements in the treetop detection results obtained from these two NPC datasets are shown in Table 1. The detection results of the NPC data obtained based on the CNPC method show that when the slope gradient was less than 20°, only 4 (3.7%) of the 108 trees underwent treetop displacement, with an average horizontal displacement of 2.78 m and an average vertical displacement of 0.21 m. Among the 62 trees identified on slope gradients greater than 50°, all of the detected treetops were displaced, with an average displacement of 3.27 m and an average vertical displacement of 4.48 m. However, due to the terrain stretching in the NPC data derived based on the NPCIT method, the normalized terrain undulation was reduced. When the original slope gradient of the data is greater than 35°, detected treetop displacement may occur. The results show that as the slope gradient increased, the probability of treetop detection displacement increased. Compared to the NPC obtained based on CNPC, the treetop detection displacement results derived based on the NPCIT method showed obvious improvement.



A total of 144 individual trees detected based on the PCS method experienced displacement, and we analyzed the relationship between the vertical-direction displacement and the slope gradient; the results are shown in Figure 15. In the NPC derived based on CNPC, R2 = 0.886 and RMSE = 3.433 m (see Figure 15A) between the reference and measured tree heights. The vertical-direction displacement of the treetops increased rapidly with an increasing slope gradient (see Figure 15B), exceeding 8 m for individual trees at a slope gradient of approximately 60°. However, in the NPC based on the NPCIT method, R2 = 0.98 and RMSE = 0.298 m between the reference and measured tree heights (see Figure 15C). Only 32 trees experienced vertical treetop displacement, and these trees were mainly concentrated in steep areas with slope gradients greater than 35° (see Figure 15D). All of the errors were tree height overestimations, something that was in accordance with the principle of the treetop displacement detection model.





5. Discussion


Evaluating forest carbon reserves based on individual tree heights and the forest canopy height obtained by UAV-LiDAR is considered to be the most convenient, accurate, and reliable technical scheme [41,42,43]. Many studies have been devoted to individual tree detection methods and tree parameter extraction algorithms, and good progress has been made [44,45]. However, due to the influence of the treetop displacement detected based on the CHM and NPC derived from the topographic normalization of LiDAR point cloud data, the tree parameters extracted by these algorithms may have certain errors. Previously, researchers found that the influence of treetop detection displacements was mainly the result of the crown shape and topographic changes [31,32,33]. Compared to those studies, in this paper, we have made three major improvements.



(1) In this study, a novel NPC method based on imitated terrain was proposed to effectively attenuate the effect of topographic variations on vegetation-point-cloud normalizations in areas with highly sloping terrain. The NPC was generated by subtracting the elevation of the ground from the original elevation of each feature echo [36]. This method is similar to generating a canopy height model by subtracting a digital elevation model from a DSM [46]. The topographic normalization algorithm is predicated on the assumption that all vegetation is located on locally flat terrain [27], but this assumption is not valid in mountainous forests. Therefore, the original LiDAR point cloud, after topographic normalization, results in the repositioning of all tree point clouds on the plane. At the individual tree scale, the spatial arrangement and position of the trees thus change; at the crown scale, the crown undergoes severe deformation, generating new local maxima (i.e., “false” treetops). This phenomenon, in addition to triggering errors in the treetop displacement and tree height extraction results, was found to significantly alter the vertical extent and curve shape of the plant area index (PAI) profile [17]. The point cloud normalization method based on the NPCIT approach proposed in this study reduced the topographic undulations of the NPC such that crown deformation was not easily generated and the Euclidean distances representing the tree alignment in the NPC were more similar to those in the real scene. This study can help researchers extract tree heights, tree locations, PAIs, etc., from NPC and CHM data.



(2) A physical model with easily accessible parameters was developed in this work to quantify treetop displacements and tree height changes. In the original treetop displacement model, the treetop displacement depends on the slope gradient and the radius of the crown [31]. A theoretical analysis by Alexander et al. [32] showed that the vertical displacement increases exponentially with an increasing slope gradient, regardless of the crown shape or terrain type, thus leading to overestimated individual tree heights. However, those two studies assessed only the effect of topographic normalization on treetop detection in areas with simple terrain and linear slope gradients, and Nie et al. [33] built on this work by exploring the effect of topographic normalization on treetop displacement in areas with more complex and varying terrain types. The crown shape has a significant impact on treetop detection accuracy when using NPCs. For trees with large canopies, the treetop displacements detected from NPCs are obvious [30]. However, the previously considered parameters, such as the crown size, crown shape, and crown angle, are more difficult to obtain. Compared to the parameters required in the original treetop displacement model, all parameters used in our improved treetop displacement model were directly accessible. First, the crown deformation area was obtained using the established algorithm, and false treetops detected after point cloud normalization were identified in the original point cloud. The three-dimensional coordinates of the acquired points were used to directly calculate the horizontal and vertical displacements of the treetops.



(3) We analyzed the horizontal and vertical displacements of detected treetops using an example. Previous studies reported displacements of the treetops detected from NPCs in both the horizontal and vertical directions at the model level but have lacked validations using sample data [32,33]. The main reason for this limitation is that it is more difficult to obtain actual tree measurement data in areas with steep terrain and high slopes than in other areas. In this paper, by conducting a study using UAV-LiDAR data collected in a steep, forested area in the subtropics and performing point cloud normalization based on both the CNPC and NPCIT methods, the horizontal and vertical displacements were calculated using the improved treetop displacement model. An evaluation of the accuracy of the treetop displacement results was carried out by using a manual marking method to record the heights and location attributes of the reference trees. The evaluation results showed that in low-slope terrain, the positions of the detected treetops were similar to the original treetop positions, and basically no displacement occurred. However, in steeply sloping terrain, the displacement values of the detected treetops increased rapidly. Based on this observation, we conclude that the effect of the slope gradient on treetop displacement must be fully considered in extremely steep forested areas.



In addition, although we achieved some improvements in the topographic normalization method and the treetop displacement model in this paper, our methods still have shortcomings. Therefore, we propose the following recommendations for future work. (1) Although the NPCIT method proposed in this study reduces the displacement of the relative positions of trees and detected treetops resulting from terrain changes, irregular stretching still occurs in local areas, and this issue is difficult to control [47]. The required algorithm parameters, such as the starting point and the optimal partition size, also warrant further exploration. (2) Additionally, regarding the crown coverage area of an individual tree, the topography does not completely follow a linear relationship; in practice, high and low undulations occur in forested areas [33]. Therefore, a mathematical treetop displacement model with the ability to adapt to terrain changes needs to be explored. (3) The potential crown volume deformation effect of the proposed method is still unknown. The crown volume is also a commonly used parameter for assessing forest resources, and no crown volume deformation effect has yet been verified [48]. Furthermore, crown volume changes should be studied and added to the theoretical treetop displacement model.




6. Conclusions


In this paper, the treetop detection displacement results for the NPC obtained from LiDAR data collected in an area with steep terrain were verified from modeling, methodological, and case study perspectives. The findings were mainly manifested in the following three aspects.



(1) We proposed a point cloud normalization method based on imitating terrain to reduce the influence of highly sloping terrain on the vertical displacements of tree heights.



(2) We developed a treetop detection displacement model to quantify the treetop displacement and tree height changes without considering the crown shape or crown angle.



(3) We used sample data to verify the influence of the treetop displacement model on the tree height and position detection accuracies.



On the basis of our conclusions, we suggest that with the improvements made to the point cloud data density and quality, it is best to use the treetop displacement model proposed herein to modify extracted tree height parameters, or to use the data containing the original point cloud elevation values to develop an individual tree detection algorithm to minimize the negative impacts of steep terrain on treetop detection results.
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Figure 1. Map of the study area location, including its geographic location, a digital terrain model, and the slope gradient distribution. 
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Figure 2. Distribution of the mean slope gradient in the study area. 
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Figure 3. The methodological flowchart of this research. 
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Figure 4. Simplified topographic normalization principles of various point cloud normalization methods: an original LiDAR-derived point cloud (A), a point cloud normalized based on a CNPC (B), and a point cloud for NPCIT (C). 
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Figure 5. Three cases of isometric mesh transformation: Case 1 (A), Case 2 (B), and Case 3 (C). 
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Figure 6. Schematic diagram of the equidistant conversion of point clouds within the meshes. 
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Figure 7. Schematic diagram showing a comparison between the original and normalized point clouds containing individual trees located in high-gradient terrain. The lengths of AC and BD in the figure are unchanged. 
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Figure 8. Schematic diagram of the theoretical treetop displacement model. In the tree model with the original point cloud (A), the treetop reaches a maximum value T at the center of the crown. In the tree model with the normalized point cloud (B), the treetop T′ is displaced to the left. 
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Figure 9. Schematic diagram of the improved treetop displacement model. The blue area is the crown area that causes the treetop to be displaced, and the red dot is the location of the “false” treetop. 
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Figure 10. Comparison of the CNPC-based and NPCIT-based treetop displacement schemes. (A) is the original point cloud tree model, (B) is the tree model after imitating the terrain transformation, and (C) is the relationship between the terrain slope angles from the two data models. 
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Figure 11. Statistics of the improved vertical displacement of the NPC, based on the NPCIT method, compared to the CNPC method for treetop detection. 
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Figure 12. Point clouds representing the study area. (A) is the original point cloud of the study area, (B) is the point cloud after the imitated terrain conversion, (C) is the NPC derived based on the CNPC method, and (D) is the NPC derived based on the NPCIT method. 
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Figure 13. Statistical plot comparing the original area of the mesh with the area following conversion under four slope gradient conditions. 
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Figure 14. Detailed comparison of trees in the NPCs obtained for steep terrain. (A) Point cloud of the original scene, (B) NPC derived based on the CNPC method, and (C) NPC derived based on the NPCIT method. 
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Figure 15. Treetop detection accuracies and influence of the slope gradient on the treetop displacement results. (A,B) show the treetops detected in the CNPC-based NPC, and (C,D) show the treetops detected in the NPCIT-based NPC. 
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Table 1. Percentages and numbers of correctly detected trees located on slopes with three different gradients.






Table 1. Percentages and numbers of correctly detected trees located on slopes with three different gradients.





	
Slope Class (°)

	
Number of Trees

	
CNPC-Detected Treetops with Displacement

	
NPCIT-Detected Treetops with Displacement




	
n (%)

	
Horizontal (m)

	
Vertical (m)

	
n (%)

	
Horizontal (m)

	
Vertical (m)




	
Min

	
Max

	
Mean

	
Min

	
Max

	
Mean

	
Min

	
Max

	
Mean

	
Min

	
Max

	
Mean






	
<20

	
108

	
4 (3.7)

	
1.3

	
3.4

	
2.78

	
0.04

	
0.4

	
0.21

	
0

	
-

	
-

	
-

	
-

	
-

	
-




	
20–34

	
78

	
31 (39.7)

	
1.6

	
4.5

	
2.94

	
0.01

	
2.21

	
0.87

	
0

	
-

	
-

	
-

	
-

	
-

	
-




	
35–49

	
69

	
47 (68.1)

	
0.9

	
4.5

	
2.78

	
0.11

	
4.06

	
1.43

	
7 (10.1)

	
0.9

	
2.4

	
1.66

	
0.12

	
0.48

	
0.27




	
>50

	
62

	
62 (100)

	
1.1

	
5.2

	
3.27

	
0.31

	
8.62

	
4.48

	
25 (40.3)

	
1.3

	
5.2

	
2.96

	
0.03

	
1.63

	
0.73
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