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A B S T R A C T   

Individual tree identification is a key step for forest surveying and monitoring. To identify individual trees with 
airborne LiDAR data, a local maximum (LM) filter technique is typically performed. With LM, the highest point in 
a filtering window is generally considered to represent the tree position. This assumption, however, has great 
limitations, especially for mixed forests. To address this problem, we developed a new approach, the cluster 
center of higher points (CCHP), for tree position detection with LiDAR data. CCHP assumes that a tree position is 
located at the clustering center of higher points within a spatial neighborhood, and the center can be detected by 
a location-based recursive algorithm. The developed CCHP method was applied to a simulated forest and then 
verified in two real urban forests. In comparison with the variable window-sized LM filter method and layer 
stacking method, CCHP successfully identified 97% of trees in the simulated forest, while only 78% and 81% of 
the trees were recognized by LM and layer stacking methods respectively. The average absolute and relative 
offsets of CCHP are 0.33 m and 6.59%, respectively, and over 80% of the detected trees have an offset of less than 
10% of the tree crown radius. CCHP also correctly detected 93.80% and 88.74% of individual trees in the first 
and second real forests, respectively, but the detection rates from the variable window-sized LM approach and 
layer stacking were less than 80%. In addition, the tree positions located by CCHP are considerably more ac-
curate than the other two methods. Therefore, CCHP is proven to be promising for detecting individual tree 
positions from airborne LiDAR data for both simulated and real forests.   

1. Introduction 

Forests are essential for human and ecological environments (Ammer 
et al., 2018), because they can provide oxygen, timber, and shade, and 
can help alleviate drought and floods (Adam et al., 2020; Asner and 
Alencar, 2010; Bhattacharjee and Behera, 2018; Carlsson and 
Rönnqvist, 2005). Forests, however, are under pressure from land-use 
changes, natural disasters, insect attacks, fire, and climate changes 
(Alexander et al., 2017; Park and Chung, 2006), which may affect their 
structure, distribution, biodiversity, and functions (Bonan, 2008; 
Nadrowski et al., 2010). To manage and further protect forests, it is 
necessary to not only understand the overall scale, carbon storage, and 
health status of forests, but also estimate individual trees’ biophysical 
parameters, spatial distribution, and temporal changes. Individual tree 
identification is a key step for forest surveys (Mohan et al., 2017; Zhang 

et al., 2015; Zhao et al., 2018), as it not only helps to estimate forest 
biophysical statistics (e.g., biomass) (Edson and Wing, 2011) but also 
facilitates tree species identification (Yao et al., 2012). Individual tree 
identification is a prerequisite for counting the number of trees (Leckie 
et al., 2003), extracting biophysical parameters (Popescu et al., 2003), 
and classifying tree species at the crown level (Liu and Wu, 2018). 
Furthermore, locating individual trees is beneficial to crown segmen-
tation, volume and biomass estimations (Hackenberg et al., 2014; 
Hackenberg et al., 2015; Hyyppä et al., 2000; Lau et al., 2019; Leckie 
et al., 2003; Momo Takoudjou et al., 2018; Persson et al., 2002; Popescu, 
2007). 

Ground surveys are the most straightforward means of identifying 
individual trees. For example, Hamzah (2001) used the Global Posi-
tioning System (GPS) as a tool to map tree locations for designing an 
appropriate harvesting plan. Ramos et al. (2007) acquired the positions 
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of olive trees in a village of Spain with dual-frequency GPS receivers. 
Dalponte et al. (2012) measured the coordinates of individual trees 
using a GPS to identify tree species and then extracted the region of 
interest of the tree crowns and the structural characteristics of the forest 
from remote sensing imagery. Shashkov et al. (2019) compared tree 
crown areas obtained by the classical ground survey method and un-
manned aerial vehicle technology and found that ground surveys had 
higher accuracy in measuring crown areas of birch and oak. 

Although manual methods provide a simple and accurate means for 
identifying individual trees, they are not suitable for large-scale appli-
cations due to the formidable labor costs. The local maximum (LM) filter 
is the most used method to automatically locate individual trees. When 
applied to LiDAR data, the LM filter assumes that the highest laser 
elevation value is the apex of a tree crown (Dralle and Rudemo, 1996; 
Popescu et al., 2002). With LM, points with the highest values in a filter 
window passing over a LiDAR-derived image are considered as tree lo-
cations. The LM filter can be implemented with static or variable win-
dow sizes. Wulder (2000) extracted tree locations and basal areas of 
Douglas fir (Pseudotsuga menziesii) and western red cedar (Thuja plicata) 
from high spatial resolution imagery. With static window sizes, a 3 * 3 
pixels LM filter has detected the maximum number of trees, followed by 
a 5 * 5 pixels window, and the 7 * 7 pixels window has the worst per-
formance (Wulder, 2000). Similarly, Koch et al. (2006) detected the 
pixels with the highest value in four connective directions as the treetop 
in a smoothed digital canopy height model (CHM) with an LM filter. The 
crowns were then delineated by extending the pixels from those tree-
tops. Popescu et al. (2002) used a variable square-shaped window to 
identify individual trees and estimate mean tree heights. The analysis 
indicated that the location-based mean tree height estimation performed 
better than that based on the height of all laser pulses. 

In addition to square-shaped windows, Popescu and Wynne (2004) 
applied a circular window with various diameters for individual crown 
identification. The crown sizes of deciduous trees, pines, and combined 
trees were predicted by linear or nonlinear regression models based on 
their strong relationship with tree heights. A similar technique with 
circular variable window sizes was used by Popescu (2007) with 
airborne LiDAR for biomass estimation. Thus, tall trees were identified 
by large filtering windows, while short trees were identified using small 
filtering windows. Centered at the identified treetop, the crown diam-
eter was measured as the average distance from the critical points to the 
perpendicular profile, and then the diameter at the breast (DBH) and 
biomass were estimated using regression models. These studies indicate 
that the LM filters with variable window sizes outperforms static size LM 
filters, and circular windows with variable diameters are more appro-
priate than a square window. 

Instead of using filter windows, Persson et al. (2002) applied a hill- 
climbing method to detect the location of trees in smoothed images in 
southern Sweden. The local maximal point was found by allowing every 
pixel to climb in the largest slope direction and reach a position where 
all neighboring pixels had lower values. Wang et al. (2004) derived 
individual tree-crown boundaries and treetop locations under a unified 
framework. Tree edges were first detected by marker-controlled water-
shed segmentation and then treetops were modeled based on both 
radiometry and geometry. Liu et al. (2013) first isolated individual trees 
using the spoke wheel algorithm and then found the highest points 
within each cluster of airborne LiDAR as treetops. 

In the aforementioned studies, LM filters play an important role in 
forest resource surveys. Because of its simple principle and convenient 
operation, LM filters (with different implementation algorithms) are 
frequently employed for treetop detection, tree height estimation, and 
biomass calculation (Ferraz et al., 2012; Kaartinen et al., 2012; Mori 
et al., 2017). However, the LM filter highly relies on the highest point to 
determine the tree location, thereby limiting its applications in trees 
with a diverse canopy morphology, such as urban forests and tropical 
forests. For example, deciduous trees usually have large and flat crowns, 
and more than one local maximal point may be found on a crown or the 

highest point may deviate from the real tree position. As a result, 
although LM filters perform better for coniferous species with a single 
well-defined apex, skewed or abnormally protruding branches may 
cause offsets between the highest point and the real tree position. In 
addition, the accuracy of treetop detection using LM filters is sensitive to 
window sizes: a larger filtering window may result in fewer trees with 
higher omission errors, while a smaller window may produce more 
treetops for a large crown with higher commission errors (Popescu and 
Wynne, 2004). Therefore, filter window size selection is challenging for 
the successful identification of tree locations with the LM approach. 

To address the aforementioned issue, this study developed a new 
method, namely the cluster center of higher points (CCHP) algorithm, to 
improve individual tree identification accuracy using airborne LiDAR. 
Because the traditional LM method relies too much on the highest point 
of a crown, the detected trees are prone to excessive, missing, or posi-
tional shifts due to the impacts of sunlight, climate, topography, and 
human activities. To improve the accuracy and reliability of individual 
tree identification, CCHP employs a statistical-based assumption to 
replace the assumption that the highest point represents the location of a 
tree. In this study, a location-based recursive algorithm is proposed to 
detect the tree position in the means of by through the automatic 
judgment. 

To evaluate the performance of the new method on tree position 
detection, it is advantageous to apply the method to a study area with 
high-density LiDAR point clouds, mixed tree types, different tree 
heights, and crown widths, with all relevant parameters, including 
crown center position, crown shape, and crown size, accurately 
measured and recorded. Because of the difficulty in identifying such a 
study area, a simulated forest with accurate crown parameters was first 
generated. To test the effectiveness of the new method in a real scene, we 
also reported the results of the airborne LiDAR dataset in two real for-
ests. Objectives that are more specific include:  

(1) developing the cluster center of higher points (CCHP) method for 
individual tree identification;  

(2) analyzing the detection accuracy in a simulated forest to test the 
performance of the new method; and  

(3) verifying the performance of the CCHP method in identifying 
individual trees using real LiDAR data. 

2. Materials and methods 

2.1. Study area 

Both simulated and real forests were examined in this study. The 
simulated forest was generated in a 120 * 120 m area, including 100 
trees, in which accurate tree position, tree height, and crown size were 
recorded. To reduce human interference in the construction of the vir-
tual forest, each tree was randomly located in the study area, with each 
crown radius randomly distributed in the range of 2 to 15 m, corre-
sponding to small and large canopy sizes. The shape of each crown was 
also randomly selected from a cone, hemisphere, and half ellipsoid. 

The real study area consists of two parts (Fig. 1). The first was in the 
eastern part of Milwaukee, Wisconsin, United States. It lies between 
Lake Michigan and Milwaukee River, covering approximately 2.6 km2 

within four neighborhoods: Downer Woods, Upper East Side, Murray 
Hill, and North Point. The study area contains residential, university, 
and business districts, with relatively flat terrain and good vegetation 
cover including broadleaf trees and coniferous trees, such as Oak 
(Quercus spp.), Maples (Acer spp.), Ash (Fraxinus spp.), Honeylocust 
(Gleditsia spp.), and Pine (Pinus spp.). The largest tree crown has a radius 
of 10.75 m, while the smallest has a radius of less than 2 m. The second 
site was in the city of Denton, Texas, United States. The city lies in the 
northeast edge of the Benarch-Fort Worth basin, which is characterized 
by flat terrain. This study area is 13.68 km2, covering the University of 
North Texas and residential areas. The most common tree species 
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include Sugarberry (Celtis Spp.), Cedar Elm (Ulmus crassifolia), and Post 
Oak (Quercus stellate). 

2.2. Data set 

2.2.1. Simulated data 
The simulated forest was artificially created with two steps: 1) gen-

eration of random tree locations in a two-dimensional (2D) space, and 2) 
creation of three-dimensional (3D) random LiDAR point clouds for each 
tree. It is assumed that two neighboring trees can overlap but do not 
grow at the same location. The distance between any two neighboring 
trees, d, is determined using the following equation: 

d = r1 + r2 − k (1)  

where r1 and r2 are the crown radii of the two neighboring trees, r1 ≥ r2, 
k is the overlapping portion between the two trees, and 0 ≤ k < r2. 

Once the 2D coordinates of each tree location are generated, 3D 
point clouds (x, y, and z) can be generated using Eqs. (2) and (3) (Dong, 
2010): 

z(x, y) = f2(x, y)∙t
((r

2

)2
≤ x2 + y2 ≤ r2

)

(2)  

z(x, y) = f1(x, y)+ (f2(x, y) − f1(x, y) )∙t
(

x2 + y2 <
(r

2

)2
))

(3)  

where t is a random number between 0 and 1, r is the crown radius, and 

f1(x, y) and f2(x, y) are the lower surface and upper surface defined by 
geometric models such as a cone, hemisphere, or half-ellipsoid. 

In all, 172,174 LiDAR points were generated for the plot, with an 
average density of 12 points/m2. In addition to the three-dimensional 
coordinates of each point, the position, height, crown size, and type of 
each tree were also recorded. The randomly generated simulated forest 
included 40 trees with a cone shape, 27 trees with a half-ellipsoid shape, 
and 33 trees with a hemispherical shape. The heights of trees were be-
tween 3.23 and 25.99 m, and radii range from 2 to 11.63 m (Fig. 2). 

2.2.2. Real LiDAR data and field data 
The first real LiDAR data within Milwaukee were collected by Terra 

Remote Sensing Inc. (TRSI) in August 2010 with State Plane coordinate 
systems of Wisconsin South (FIPS 4803) and North American Datum of 
1927 (NAD27). The data were obtained in Esri Shapefiles format with an 
average point density of 2 points/m2. The data are classified into first 
and last returns with intensity. The airborne imaging spectrometer for 
application (AISA) of the hyperspectral imagery was acquired by TRSI in 
August 2008. The spatial and spectral resolutions are 1.0 m and 4.6 nm, 
respectively, with a spectral range between 409.85 and 2494.57 nm. 

The second real LiDAR data within Denton was obtained from the 
Taxes Strategic Mapping Program in 2011. All-return point clouds are 
fully compliant LAS version 1.4, and all points were classified into 20 
classes (e.g., bare-earth ground, vegetation, building, water) according 
to the ASPRS classification standard for LAS. The data were projected to 
the coordinate systems ofNAD_1983_UTM_Zone_14N, with an average 
point density of 4.5 points/m2. To examine the accuracy of the 

Fig. 1. Study areas, contiguous United states (a),the first real forest located in Milwaukee，Wisconsin state (b), and the second real forest in Denton, Texas state(c).  
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developed method in real forests, two blocks in each study site were 
selected as verification areas, where tree positions and tree crown sizes 
were measured through a field survey.  

1. Tree positions: latitude and longitude coordinates of each tree were 
measured by a hand-held GPS with a SBAS (satellite-Based 
Augmentation System) accuracy of 1–3 m, which was projected to 
the coordinates system used by LiDAR data.  

2. Tree crown radius: the distance from the bole of the tree to the drip 
line was measured at four perpendicular directions, with a meter 
tape, and the average of the four dimensions was used as the actual 
radius of the crown. 

2.2.3. Creation of canopy height models 
A CHM is the difference between the digital surface model (DSM) and 

the corresponding digital elevation model (DEM) (Liu and Wu, 2020). As 
the surface of the CHM generated from all LiDAR points is rough and 
uneven (Ben-Arie et al., 2009; Chen et al., 2018), individual tree iden-
tification can be difficult. To generate a smooth canopy model, the se-
lection and sorting (SAS) method proposed by Liu and Dong (2014) was 
employed in this study. Following this method, the last-return points 
were first used to create the DEM by inverse distance weighting (IDW) 
interpolation, and then the first-return points were normalized by sub-
tracting their corresponding DEM values from the elevations. Based on 
the normalized height, all first-return points within a user-defined (r = 2 

m) circle were sorted from high to low, and only the highest 50% of 
points were selected to generate the smooth CHM with IDW interpola-
tion. Because the smoothed model performed better than the original 
model in representing the crown shape, only the preprocessed smooth 
raster was employed in this study. 

In the simulated forest, points higher than 1 m were predefined as 
vegetation, and the other points were predefined as background. 
Therefore, the low points were interpolated into a DEM, and the 
normalized height of vegetation points was calculated by removing the 
ground height. Using the SAS method, the points were filtered and 
interpolated into a smoothed CHM with a spatial resolution of 0.2 m. 
The original and smoothed models are shown in Fig. 3a and b. 

The points in the first real forest were classified into first and last 
returns, so the first points were normalized by subtracting the last return 
derived DEM and used to create the object height model (OHM). To 
remove non-vegetation data, the normalized difference vegetation index 
(NDVI) was calculated using the hyperspectral image, and only the OHM 
with NDVI greater than 0.4 was extracted as a CHM through a band math 
calculation for tree position detection (Fig. 4a). The points in the second 
real forests have been classified into vegetation, bare-earth ground, and 
others. Therefore, the bare-earth ground points were selected to create 
the DEM, and the height of vegetation points was calculated by 
removing the ground elevation and filtered using the SAS method. 
Finally, the smoothed CHMs were generated using the steps for gener-
ating the simulated forest CHM (Fig. 4b). 

Fig. 2. Simulated LiDAR data cloud perspective views, 2D point clouds (a), and 3D point clouds (b).  

Fig. 3. CHM of simulated forest, original CHM generated from simulated LiDAR data by IDW interpolation method (a), and smoothed CHM generated from filtered 
simulated LiDAR data by IDW interpolation (b). 
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Forest simulation and data analysis were conducted using ArcGIS 
10.3, ArcGIS Software Development Kit (SDK), and Microsoft C# for 
methodology development and implementation. 

2.3. Methodology 

2.3.1. Development of CCHP 
The proposed CCHP method assumes that the location of an 

individual tree is at the cluster center of higher points within a crown 
scale, so two key points exist with the CCHP approach. First, only 
specified higher points (e.g., points with heights greater than the median 
height) were used to calculate the cluster center. Because a few LiDAR 
points penetrate the surface of the canopy and reach the inside of the 
crown or the ground, these points have negative effects on determining 
the tree location. Moreover, the points reflected from the lowest and 
edged branches contribute little to the tree position determination. 

Fig. 4. CHM of real forests, the first real forest with NDVI greater than 0.4 (a), and the second real forest generated by pre-classified vegetation points (b).  

Fig. 5. Calculation of cluster center. P stands for a point, and D stands for the cumulative distance from the point to all others.  
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Therefore, only higher points within a spatial neighborhood were used 
to calculate the cluster center. Second, only a statistically significant 
cluster center was considered a tree location. Considering the hetero-
geneity of the spatial distribution of LiDAR points from forests, the tree 
position may not coincide with the geometric center, and the clustering 
centers of individual crowns can be determined through the distance 
relationships among the points. Based on observations, even if the tallest 
branch of a tree is tilted in a certain direction due to light drive, the 
entire shape of the crown does not change significantly. It still maintains 
the form where branches extend from the center to the periphery, and 
the trunk is in the center of the upper canopy. Therefore, the cluster 
center refers to the point that has the shortest horizontal distance from 
all other higher points within the crown. In other words, the higher point 
with the smallest distance from other higher points is considered the 
center of a tree. 

The process of cluster center detection is described with the 
following diagrammatic sketch (Fig. 5). Suppose there is a set of points 
P1…Pn, their center position can be determined by comparing the dis-
tances from each point to other points. The sum of the distances between 
P1 and all other points is first calculated and marked as D1, then the sum 
of the distances between P2 and all other points is calculated and marked 
as D2, and then D3, D4…Dn are calculated and marked. Finally, these 
distances are compared with each other, and the point with the shortest 
total distance from other points is marked as the cluster center. P7, in the 
diagram below, is considered the center point within the window, as it 
has the smallest cumulative distance. 

The search window size is another key factor for the successful 
detection of a tree position. A large window covers a large area, but it is 
difficult to detect small trees, while a small window can be used to detect 
small trees, but it may detect more than one treetop for a large crown. 
Although the variable-sized search window is more conducive for 
detecting tree position than a fixed-size window, it is almost impossible 
to capture the accurate crown radius before the tree position is detected 
due to ambiguous boundaries. To quickly determine the variable win-
dow size, a simple built-in hemispheric model was used to estimate the 
crown radius in this study. Centered at point A in Fig. 6, a user-defined 
hemisphere is assumed to fit the upper crown, and the crown radius can 
be simply estimated by analyzing the slope of the line connecting treetop 
A and point B on the surface using Eq. (4). 

A is the top of a crown, B is a point on the surface, and the horizontal 
distance from B to A is r, a user-defined value. O is the center of the 
hemisphere, α, β, and θ are the internal angles of the triangle OAB. Since 
OA equals OB, α is equal to β, and θ can be calculated by subtracting 2*α 
from 180. When the heights of A and B were detected, the radius of the 
hemisphere can be calculated with Eq. (4) to represent the crown radius 
R: 

R =
r

sin(180 − 2*α) (4)  

where r is used-defined scale of upper crown, andαis the average angle 
between the line AB and OA in Fig. 6. 

To balance the requirement of a large hemisphere covering more 
points and a small hemisphere reducing the error of omission for tree 
detection, a model with r = 2.5 m was used to calculate the possible 
crown radius. For a given point, the window size can be calculated using 
a hypothetical hemispheric body described above, and the cluster center 
can be calculated. The cluster center, however, is not guaranteed to be 
the center of the entire crown owing to the error caused by window size 
estimation. Therefore, a recursive algorithm is proposed to improve tree 
position identification. The local maxima were first detected as seed 
points using a 2 m fixed radius window, which usually contains possible 
tree positions. Starting at a LM, the recursive algorithm is running until 
the cluster center overlaps with the geometric center of the detection 
window, or until a specified number of iterations have been reached if 
two points are each other’s cluster center and geometric center. Spe-
cifically, the cluster center ‘A’ within a search window can be deter-
mined by the minimum distance. If ‘A’ is different from the geometric 
center, a new window centered at point ‘A’ can be designed and its 
cluster center ‘B’ can be further computed. Furthermore, this means the 
cluster center moves from point ‘A’ to point ‘B’, and then a new window 
centered at point ‘B’ can be used to calculate its cluster center ‘C’. 
Following this constant recursive operation, a stable cluster center will 
eventually be discovered as the central position of the entire crown. A 
flowchart of this process is shown in Fig. 7. 

2.4. Accuracy assessment 

The accuracy of the results obtained by the CCHP method was 
analyzed mainly based on detection accuracy and positional accuracy. 
The detection accuracy includes the correct detection rate and error of 
commission, which were assessed manually by comparing the results 
with field-measured data tree by tree. The detection rate is the ratio of 
the number of correctly detected trees to the actual number of trees, 
while the error of commission refers to the ratio between the number of 
misidentified trees and that of the identified trees. Correspondingly, the 
ratio of undetected trees to the total number is defined as the error of 
omission. Positional accuracy is expressed as absolute and relative po-
sition accuracies. The former corresponds to the absolute offset, which 
refers to the distance between the detected and real tree positions in m. 
The latter is equal to the ratio of the absolute offset to the crown radius, 
expressed as percentages. 

Because the positions and crown radii of all trees in the virtual forest 
have been recorded during the forest generation process, an accuracy 
analysis was implemented for all trees in the simulated forest. However, 
in the real forests, only the trees in the selected verified area were used 
to analyze their accuracy. The area covers approximately 210 * 210 m in 
the first real forest and 430 * 360 m in the second real forest. To reduce 
the adverse effects of low vegetation, only trees taller than 8 m were 
selected as the verification samples for the accuracy analysis. As a result, 
136 trees in the first site and 231 trees in the second site were analyzed, 
respectively. 

The accuracies of the new algorithm were also compared with the 
variable window-sized LM approach and the layer stacking method. The 
variable window approach uses tree height to estimate the crown size, 
the taller the tree, the larger the window used, and vice versa; therefore, 
it works better than a static window size (Wulder, 2000). The layer 
stacking method slices the forest LiDAR points, isolates trees in each 
layer, and merges the results from all layers to produce tree profiles for 
local maxima detection (Ayrey et al., 2017). These two methods are 
commonly used in tree identification, so they were used for comparison 
with the proposed CCHP method. 

Fig. 6. Calculation of variable window size.  

H. Liu et al.                                                                                                                                                                                                                                      



Remote Sensing of Environment 258 (2021) 112382

7

3. Results 

3.1. CCHP method 

3.1.1. Application in simulated forest 
The CCHP technique operates on the new assumption that the high 

point with the shortest accumulated distance to other high points rep-
resents the cluster center of a search window. To find the tree position, 
the cluster center is constantly moved and tested through the recursive 
algorithm until it meets the condition to represent the tree position. 
With the minimum distance judgment and position-based recursive al-
gorithm, 97 cluster centers were detected from the smoothed CHM. 
Overlaying the cluster centers and CHM (Fig. 8) revealed that 97 out of 
100 trees were successfully located, and only three small trees were 
missed. Thus, the correct detection rate was 97%, with 0% of error of 
commission (Table 1). The three missed trees were of cone crown 
shapes, their crown radii are 2.0 m, 2.02 m, and 2.61 m, and the cor-
responding tree heights are 10.93 m, 10.53 m, and 12.11 m, 
respectively. 

The positional accuracy was measured by the absolute error and 
relative error in this study. The average absolute error was 0.3 m, while 
the average relative error was 6.59% (Table 2). The absolute and rela-
tive errors of the detected tree positions are shown in Fig. 9 (a) and Fig. 9 
(b), respectively. Because the raster cell size was 0.20 m, 42.3% (41/97) 
of the detected trees have an offset of less than one cell, and 72.2% (70/ 
97) of the detected trees have an offset of less than two cells. If the offsets 
are compared with the individual crown radius, all detected trees have 
an offset of less than 20% of the tree radius, and over 80% of the 
detected trees have an offset of less than 10% of the tree radius. 

3.1.2. Application in first real forest 
Applying the CCHP method to the CHM of the first real forest, 5951 

individual trees higher than 8 m were detected (Fig. 10a), with heights 
ranging from 8.00 to 26.81 m. Visual comparison of the tree position and 
the actual forest reveals that the locations of the detected trees was 
consistent with the actual positions. In particular, the larger-scale view 

clearly shows the spatial relationship between the detected tree posi-
tions and forest canopies. Among 136 trees, 127 of them were identified 
with heights ranging from 8.1 to 23.90 m (Fig. 10b). 

The average positional offset of 127 detected trees is 1.08 m 

Fig. 7. Flowchart for location-based recursive algorithm.  

Fig. 8. Tree position detection for simulated forest. Red point represents tree 
position detected by CCHP method. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of 
this article.) 
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(Table 2), of which 68 were less than 1 m, 50 trees were between 1 and 2 
m, and only 9 were greater than 2 m (Fig. 11a). In comparison with the 
field-measured crown radii, there were 72 trees with an offset less than 
20% of the crown radius, 34 trees with an offset between 20% and 30%, 
15 trees with an offset between 30% and 40%, and 6 trees with an offset 
greater than 40% (Fig. 11b). 

3.1.3. Application in second real forest 
In the second real forest, the CCHP method detected 25,464 indi-

vidual trees (Fig. 12a), with heights ranging from 8.01 to 24.90 m, and 
an average height of 11.24 m. When the detected tree positions were 
imported into Google Earth, it was found that these points were very 
consistent with the 2011 image through visual observation. Within the 
verified area, 249 trees were detected using the CCHP method. Among 
the measured 231 trees in the field, 205 trees were correctly identified, 
18 trees were missed, and eight trees were incorrectly identified as 
multiple crowns (Fig. 12b). 

For the detected trees, the average absolute offset between the 
detected and field measured position is 1.07 m, in the range of 0.02 to 
4.75 m. Furthermore, 52.9% of the absolute offset values were less than 
1 m, 37.8% of the offset values were between the 1 to 2 m, and only 
9.23% of the offset values were more than 2 m (Fig. 13a). The relative 
offset ranges from 3% to 77.83%, with 61.23% of relative offset values 
less than 20%, 29.85% of offset values less than 40%, and only 8.92% of 
offset values greater than 40% (Fig. 13b). 

3.2. Variable window-sized approach 

The variable window-sized technique relies on the relationship be-
tween crown size and tree height to identify the LM filter as treetops. 
Using the measured data, different quadratic linear regression models 
were first created in each study area, referring to the model developed 
by Popescu and Wynne (2004). The best prediction of the crown radius 
(m) using tree height (H m) as the independent variable was obtained for 
the simulated forest (Eq. (5)), the first real forest (Eq. (6)), and the 
second real forest (Eq. (7)). 

Simulated forest : Crown radius = 2.879+ 0.011H2 ( R2 = 0.589
)

(5)  

First real forest : Crown radius = 2.497+ 0.014H2 ( R2 = 0.538
)

(6)  

Second real forest : Crown radius = 2.317+ 0.013H2 ( R2 = 0.483
)

(7) 

The regression model of the simulated forest has an R2 value of 0.589 
with a standard error of 1.43, the first real forest produced an R2 value of 
0.538 with a standard error of 1.195, while the R2 value of the model for 
the second real forest is 0.483, with a standard error of 0.96. 

Based on the smoothed CHMs and the linear-quadratic regression 
models, the variable window-sized LM approach was applied to the 
three areas. In the simulated forest with 100 trees, the LM approach 
detected 105 LM points. Manually compared with real data, tree by tree, 
it was found that 78 trees were correctly identified, 13 trees were 
mistakenly detected with multiple LM points, and nine trees were 
missed. These identified trees deviated from their true location by an 
average of 0.61 m, which is about 13.66% of the average crown radius. 

Table 1 
Comparison of detection accuracy.   

CCHP Variable window LM filter Layer stacking  

Detection rate Error of commission Detection rate Error of commission Detection rate Error of commission 

Simulated forest 97% 0% 78% 25.71% 81% 18.18% 
1st real forest 93.38% 0% 68.38% 8.8% 77.94% 34.16% 
2nd real forest 88.74% 17.67% 76.62% 31.92 79.65% 31.34%  

Table 2 
Comparison of position offset.   

CCHP Variable window LM filter Layer stacking  

Absolute offset Relative offset Absolute offset Relative offset Absolute offset Relative offset 

Simulated forest 0.33 m 6.59% 0.72 m 14.28% 0.61 m 13.66% 
1st real forest 1.08 m 19.98% 1.81 m 32.25% 1.33 m 23.90% 
2nd real forest 1.17 m 25.88% 1.68 m 36.66% 1.35 m 32.40  

Fig. 9. Position offsets for simulated forest, absolute offsets (a), and relative offsets (b).  
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In the first real forest, 4979 trees were detected, mainly the trees 
with larger crowns. Within the experiment area of the first real forest 
with 136 trees, 102 LM points were detected, with 93 trees located 
correctly, four large crowns incorrectly separated, and 45 trees missed. 
The average values of the absolute and relative offsets of the detected 
trees are 1.81 m and 35%. 

The variable window technique detected 18,974 trees with heights 
ranging from 8.00 to 25.48 m in the second real forest. The experiment 
indicated that 177 out of 231 trees were identified, 21 were detected 
with multiple LM points, and 47 trees were missed. The average absolute 
offset is 1.68 m, and the average relative offset is 37.33%. 

3.3. Layer stacking method 

The layer stacking method involves slicing the forest canopy into 

multiple layers, clustering points, and detecting local maxima by 
stacking the layers. Therefore, the normalized LiDAR data was first 
horizontally layered at 1 m intervals starting at 3 m above the ground 
and continuing to the highest point. The points in each layer were then 
clustered using the k-means technique and stacked to generate a ras-
terized map. Finally, the overlap map was smoothed with Gaussian 
filtering to detect local maxima as the tree position. 

The layer stacking method detected 99 local maxima in the simulated 
forest. Among them, 81 points fall near the centers of the tree crowns, 
while the other LM points are located on the eight tree crowns and thus 
cannot be correctly identified, and no point falls on the remaining 11 
trees. In the first real forest, the layer stacking method detected 4206 
trees, the correct detection rate was 77.94%, and the error of commis-
sion was 34.16%. In the second one, it detected 16,111 trees, with a 
correct detection rate of 79.65% and an error of commission of 31.34% 

Fig. 10. Tree position detection for first real forest, tree position in the entire area (a), larger-scale view of tree positions (b).  

Fig. 11. Position offset for first real forest, absolute offset (a), and relative offset (b).  
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(Table 1). The average errors of absolute and relative positions are 1.33 
m and 23.90% for the first real forest, and 1.35 m and 35.4% for the 
second real forest (Table 2). 

4. Discussion 

Individual tree identification can improve the accuracy of forest 
resource surveys, such as canopy segmentation, quantitative statistics, 
and biomass estimation. However, treetop detection based on the LM 
method has obvious disadvantages, including an inaccurate number of 
detected trees and large positional offsets. To address these problems, a 
CCHP method based on statistical analysis and geometric models was 
proposed. The new method assumes that the cluster center rather than 
the highest point represents the tree position, which is determined by 
the shortest distance principle and location-based recursive algorithm. 

The CCHP method was applied to both virtual and real forests. The 
results indicate that the CCHP method produced the best results in the 
simulated forest, followed by the first real forest and the second real 
forest. The virtual trees have a symmetrical crown shape, relatively clear 

borders, and prominent vertices, especially conical crowns, so these 
individual trees are relatively easy to recognize. Furthermore, the co-
ordinates and crown radius of trees in the virtual forest are accurately 
prerecorded, and the calculation of absolute and relative positions is 
more accurate without the influence of measurement errors. Since the 
first real forest mainly encompasses broadleaf forest with relatively 
large spatial intervals, while the second real forest includes more 
coniferous trees mixed with hardwood trees with small intervals, the 
CCHP method performs better in the first real forest. The higher point 
cloud density that produces a more accurate CHM in the simulated forest 
also contributes to the improvement of tree detection. However, the 
density difference between the two real forests is small, which has a 
smaller impact on tree identification than other factors such as search 
window size. 

Both absolute and relative offsets in the real forests were greater than 
those measured in the simulated forest. Compared with virtual trees, the 
real ones in the study area have a natural tilting phenomenon. Because 
the density of trees on the roads is greater than that of the residential 
area, most of the trees lean from the roads to the space over the houses 

Fig. 12. Tree position detection for second real forest, tree points in the entire area (a) and larger-scale view of tree position (b).  

Fig. 13. Position offset for second real forest, absolute offset (a), and relative offset (b).  
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for more lighting. Furthermore, the position of a tree is measured in situ 
based on the trunk at a height of 1.2 to 1.3 m above the ground, whereas 
the LiDAR-based measurement detected the crown center as the tree 
position based on the crown morphology. The difference in the 
measured objects magnifies the error of the detected tree positions. In 
addition, human factors also cause positional shifts. For example, arti-
ficial pruning of the underlying branches changes the natural mor-
phologies of trees and further affects the detection of the crown center. 
Furthermore, parts of the canopies in the study areas were cut to avoid 
contact with the wires passing through the community, which also 
caused a deviation in crown position detection. 

In all three study areas, the CCHP method outperformed both the 
variable window-sized LM approach and the layer stacking method. In 
the simulated forest, the correct detection rate of the CCHP method was 
19% and 16% higher than that of the LM and layer stacking method, 
respectively, and its error of commission was 0, which is much smaller 
than the latter two methods. In addition, the positional errors of the 
CCHP method are approximately half of those from the LM and layer 
stacking methods. Independent t-tests revealed that the CCHP is signif-
icant different from LM (p = 0.00) and layer stacking method (p = 0.00) 
at the 95% confidence level in detecting individual tree positions. In the 
first real forest, the CCHP also significantly reduces the position offset in 
compared with LM and layer stacking methods (p = 0.00; p = 0.005). 
Similarly, in the second real forest, the difference between CCHP and LM 
and between CCHP and layer stacking method are significant (p = 0.00; 
p = 0.029) in tree position detection. The variable window-sized LM 
approach detected the fewest trees in these three areas, as reflected in 
the low R2 values of the regression models used to estimate the crown 
radius. The variable window approach not only misses small crowns but 
also detects multiple LM points on large crowns. The layer stacking 
method improves the detection rate by slicing and clustering the points, 
but it still detects the local maxima with a fixed radius window; there-
fore, the results are better than those from the LM method. 

A kernel mean shift method was also applied to the real forests to 
iteratively seek the densest LiDAR points. The mean shift algorithm was 
proposed for image segmentation (Comaniciu and Meer, 2002) and was 
improved for the characterization of multi-layered forests (Ferraz et al., 
2012). With a Gaussian-kernel, the mean-shift algorithm detected 91 out 
of 136 trees, with 1.80 m of average offset in first real forest, and 
detected 151 out of 231 trees, with 2.16 m of average offset in second 
forest, respectively. Statistical analyses show that the CCHP method 
outperformed the kernel mean-shift method (p = 0.00; p = 0.00) in two 
real forests. The data used in this article is airborne discrete LiDAR point, 
mainly reflected from overstory of the forest, so the point density cannot 
fully reflect the 3D-dimensional characteristics of tree crowns, while 
Ferraz et al. (2012) acquired points from full-waveform LiDAR data, 
which has the ability to mapping multi-layered forests. Moreover, 
different tree species in the study area may also produce different 
detection results. 

The CCHP method outperforms variable window-sized LM and layer 
stacking methods mainly because of the following two reasons. First, the 
assumption that the cluster center of user-defined higher points was 
proposed for detecting tree positions in this study. The CCHP method is a 
statistically based method for tree position detection, which avoids the 
position deviation caused by single point anomalies. Experiments in 
both virtual and real forests have proven that the locations of trees are 
closer to the cluster centers at the top of the crowns, rather than to the 
local highest point. The top branches of coniferous trees may be tilted by 
changes in illumination condition, wind direction, or topographic fluc-
tuations, so the detected highest point may have a large deviation from 
the real tree position. As the apex of deciduous trees may not be 
prominent due to the gentle flat top of the canopy, it is possible to detect 
multiple LM points over the crown surface, which leads to high errors of 
commission. In contrast, the new assumption emphasizes the spatial 
relationship between relatively higher points rather than their absolute 
elevations; thus, the cluster center principle is more in line with the 

morphological characteristics of the crown and reduces the impact of a 
single point on the positioning process. Moreover, the location-based 
recursive algorithm continually optimizes the position of the cluster 
center until the final crown position is detected. Therefore, the CCHP 
method could correctly detect more individual trees with lesser devia-
tion than the LM and layer stacking methods. 

Second, the CCHP method uses a built-in model to estimate the size 
of the search windows. The model only covers the user-defined range at 
the top of the crown and estimates the crown radius based on the heights 
within this range. The scale of the model should be small without 
overlapping areas between the canopies, and large enough to reflect the 
trend of height change. To choose a suitable size, an experiment was 
conducted in the virtual forest. Running the CCHP method with a radius 
selected from 1 to 4 m at 0.5 m intervals, the correct detection rate and 
error of commission with different built-in models are listed in Fig. 14. 

Fig. 14 indicate the correct detection rate increases first and then 
decreases, while the error of commission gradually decreased as the 
window becomes larger between 1 and 4 m, However, the radii between 
2 and 3 m resulted in high detection rates with a low error of commis-
sion. Therefore, the radius of 2.5 m was selected as being most appro-
priate to calculate the search window size. This value is also used as the 
default parameter in real forests and achieves better results. In com-
parison, the variable window-sized method relies on the sample to 
create a regression model to estimate the search window size, which 
cannot balance the large and small crowns at the same time, so it always 
splits the large crowns and misses the small ones. The layer stacking 
method detected more individual trees than the variable window 
approach by slicing and clustering the forest points, but the LM method 
was still used in the last step in the layer stacking method for local 
maxima detection; thus, the accuracy was lower than that from the 
CCHP method. 

The CCHP method is capable of effectively detecting various forms of 
forest trees, including hemispherical, semi-ellipsoidal, and conical 
crown shapes. The CCHP method optimizes tree positions using a 
location-based recursive algorithm, but the LM filter modifies the loca-
tion as the window size changes. In the LM process, it is difficult to 
improve the overall accuracy because the error of commission and error 
of omission always change in opposite directions. For example, the er-
rors of commission decrease but the errors of omission increase as the 
window sizes increase. In contrast, the CCHP method acquires tree 
location through a position-based recursive algorithm rather than 
entirely relying on window size. When the first detected cluster center 
cannot fully represent the crown position, the new search window will 
be redesigned, and the new cluster center will be recalculated until the 
optimal result is identified. Therefore, the CCHP method outperforms 
the LM method in identifying individual trees with varying crown 
shapes. 

The operation of the CCHP method requires an accurate CHM model, 

Fig. 14. Results of CCHP based on different built-in models, with radius 
ranging from 1 to 4 m at an interval of 0.5 m. 
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which is affected by multiple factors such as spatial resolution, point 
cloud density and filtering methods. Compared with the low-density 
point cloud, more points on the canopy surface can be extracted from 
the high-density point cloud through a suitable filtering method, thus 
the generated 3D model is more accurate and is more conducive for 
forest identification. Based on the filtered points, the interpolated CHM 
with high spatial resolution is better than that with low spatial resolu-
tion in description of canopy details. After testing CCHP on the CHM 
with a resolution of 0.2–2.0 m at intervals of 0.2 m in the simulated 
forest, it was found that the correct detection rate decreased and the 
error of omission increased as the spatial resolution decreased (Fig. 15). 
Large pixels of CHM cause blurry canopy boundaries, so the error of 
omission increases because more and more small trees lost. On the 
contrary, the low spatial resolution removes the detailed features, 
thereby smoothing large crowns and slightly reducing the error of 
commission. Even so, when the resolution is less than 1 m, the correct 
detection rate can reach 90%. 

In this study, the crowns of individual trees were located using 
discrete-return airborne LiDAR, while Ferraz et al. (2012) obtained 
multi-layered ALS point from a full-waveform model and decomposed 
the ALS point cloud into 3-D segments by applying a mean shift algo-
rithm, with different kernel bandwidth. The CCHP method has only been 
tested in a simulated forest and two real urban forests, but not verified in 
a natural forest. As the density of trees in natural forests is greeter and 
the tree species are more complex, the application of CCHP in natural 
forests is still a huge challenge. 

5. Conclusions 

This study presents a CCHP method to accurately detect individual 
tree positions based on simulated LiDAR data and then applied the 
method to two real forests. The simulated forest facilitates the evalua-
tion of the new method in terms of tree detection accuracy and posi-
tional offset. The CCHP method identified 97% of the virtual trees, with 
an absolute offset of 0.33 m and a relative offset of 6.59%, In the first and 
second real forests, the CCHP method successfully identified 93.8% and 
88.74% of trees higher than 8 m, respectively, while the correct detec-
tion rates of the LM and layer stacking methods were less than 80%. The 
results indicate that the CCHP method outperforms the variable 
window-sized LM approach and the layer stacking method in identifying 
tree positions with different crown shapes. 

The CCHP technique operates on the new assumption that the cluster 
center of higher points in a neighborhood represents the tree position, 
which was calculated by a statistical method based on the spatial dis-
tance relationship of the points. Because a large number of points rather 
than a single one were taken into account in the process of locating trees 
in the CCHP method, the interference of extreme values was reduced. In 
addition, the CCHP method only uses the upper points in the crown, 
which avoids the adverse effects of irregularly distributed points at the 
bottom of the canopy. Therefore, the CCHP method detected more 
representative cluster centers than the LM filtering method and the layer 
stacking method for individual tree detection, owing to the low impact 
of outliers. 

Location-based iterative operation is another advantage of the CCHP 
method. In comparison with static statistical methods, which can only 
detect the center point or the highest point within a window at a fixed 
position, the new method can continuously optimize the detected cluster 
centers by iterating over the point locations. This also explains why the 
new method can accurately obtain one treetop position for a large de-
ciduous tree, but the LM method detects multiple treetops. 

The CCHP method uses a built-in model to estimate the search 
window size, which is suitable for various forms of tree crowns. The 
model with a radius of 2.5 m by default can be applied to different 
research areas and has proven to be very effective. The value can also be 
adjusted between 2 and 3 m according to the actual location of the 
research. Because this method does not need to pre-select samples to 

create a regression model such as the variable window-sized approach, it 
simplifies the calculation process, and the results are not affected by 
sample values. 

In the process of identifying individual tree positions, the inaccurate 
CHM generated by the interpolation method may produce a deformed 
crown shape and result in misidentification or omission of small trees. 
Therefore, an optimal irregular triangular network can be applied in the 
future to create a more accurate canopy height model for individual tree 
identification. 
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Momo Takoudjou, S., Ploton, P., Sonké, B., Hackenberg, J., Griffon, S., De Coligny, F., 
Kamdem, N.G., Libalah, M., Mofack II, G., Le Moguédec, G., 2018. Using terrestrial 
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