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Abstract

Accurate information regarding tree canopy characteristics is crucial for forest management, but it is often difficult to assess. This study
presents an innovative framework designed for crown base height (CBH) detection using high-resolution laser-scanned data, with a
specific focus on individual trees within forests. The framework comprises three key steps: (i) segmenting the input tree point cloud
to identify the tree trunk and its branches using the treesio software; (ii) applying vertical cross-sectional K-means clustering to cluster
the identified tree and to define the elevation threshold for removing low-lying understory vegetation; (iii) employing a novel 2D kernel
method for detecting CBH after eliminating low-lying understory vegetation. The 2D kernel method, developed for broadleaf forests
using leaf-off airborne laser scanning (ALS) data, underpins the treecbh tool. This tool features a visual CBH adjustment component
that shows a 2D profile plot of the tree point cloud, and suggests a CBH value for user approval or adjustment. To evaluate accuracy,
in situ measured CBH data from five forest plots in Germany and Hungary with varied species compositions were used. ALS data were
collected during leaf-off conditions for the two Hungarian plots and during leaf-on conditions for the three German plots. Leaf-off
terrestrial laser-scanned data from individual trees were also used in the accuracy assessment. A sensitivity analysis using random
point decimation was conducted on the terrestrial laser-scanned data to assess treecbh’s sensitivity to point density. The initial results
exhibited matching rates of 45% and 60% for leaf-off ALS plots, which significantly improved to 71% and 77%, respectively, when using
the visual CBH adjustment feature of the tool. The leaf-on ALS results demonstrated matching rates between 24% and 33%, whereas
the CBHs of individual terrestrial laser-scanned trees could be detected with 93% accuracy in visual mode. It was observed that treecbh
operates effectively when the input ALS data have a minimum point density of 20 pts/m2, with its optimal performance achieved at
110 pts/m2. These findings indicated treecbh’s sensitivity to ALS data quality, scanning season (leaf-on and leaf-off), and point density.
This sensitivity can be effectively mitigated in the case of leaf-off ALS data by utilizing the visual CBH adjustment feature of the tool.
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Introduction
Crown base height (CBH) is defined as the vertical distance from
the ground surface to the lowest live branch (Hermosilla et al.
2014; Luo et al. 2018; Maguya et al. 2015; Næsset and Økland
2002; Popescu and Zhao 2008; Stefanidou et al. 2020; Xu et al.
2013). It is a crucial structural parameter used to estimate the
crown volume of individual trees and forest stands (Korhonen
et al. 2013; Terryn et al. 2023), evaluate crown conditions (Bianchi
et al. 2020) and forest health (Zarnoch et al. 2004), and determine
various canopy fuel parameters (Andersen et al. 2005; Engelstad
et al. 2019; Erdody and Moskal 2010; González-Ferreiro et al. 2013).
In this context, accurate CBH estimations are vital for forest fire
prediction simulations (Finney 1998, 2006; Kelly et al. 2018; Riaño
et al. 2003).

However, obtaining accurate CBH measurements remains a
challenge. Traditional field surveys yield reliable data but are time
consuming, labor intensive, and expensive (Dean et al. 2009; Luo
et al. 2018; Stefanidou et al. 2020). Remote sensing technology
using aerial laser scanning (ALS) could be a more cost-effective
alternative. ALS has been proven to be effective in providing CBH
measures for individual trees and forest plots (Andersen et al.
2005; Erdody and Moskal 2010; Luo et al. 2018; Maguya et al. 2015;
Stefanidou et al. 2020).

Previous studies have mainly focused on CBH estimations
at the plot level (Andersen et al. 2005; Jakubowksi et al. 2013;
Maguya et al. 2015), while the individual tree-level approach has
received less attention (Luo et al. 2018; Popescu and Zhao 2008;
Vauhkonen 2010). Estimations at the individual tree level can
provide more precise information on forest structure (Luo et al.
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2018) and become increasingly relevant in the context of precision
forestry and also to describe local habitat structures. Most of
the previously mentioned studies focusing on CBH estimation
from laser scanning data have concentrated on coniferous forests
(Botequim et al. 2019; Erdody and Moskal 2010; Kelly et al. 2018;
Luo et al. 2018; Næsset and Økland 2002; Popescu and Zhao
2008; Vauhkonen 2010), whereas corresponding approaches for
broadleaf trees are very sparse. More importantly, none of the
aforementioned studies have provided practical software tools
for CBH detection.

Previous studies of ALS-derived CBH estimation methods fall
into two main categories: regression analysis (Botequim et al.
2019; Erdody and Moskal 2010; Hermosilla et al. 2014; Kelly et al.
2018; Næsset and Økland 2002) and direct CBH estimation (Dean
et al. 2009; Luo et al. 2018; Popescu and Zhao 2008; Vauhkonen
2010; Vauhkonen et al. 2012). Regression-based models rely on
extensive field data and are limited by sample quantity and
quality (Stefanidou et al. 2020), making them site and species
specific (Engelstad et al. 2019). Direct methods do not rely on field
measurements for calibrating a model but rather determine CBH
directly based on point cloud characteristics (Sumnall et al. 2017).
However, their effectiveness depends on the pulse penetration
capability, which is influenced by sensor characteristics, canopy
cover, slope conditions, and data acquisition settings (Hsu et al.
2015; Sumnall et al. 2016).

This study introduces a newly developed direct CBH method,
provided in the form of an open-source R package tailored for
high-resolution ALS data captured within broadleaf forests. The
tool named treecbh provides a workflow that includes three steps:
tree isolation, understory removal, and CBH detection. Our spe-
cific objectives while developing the tool were (i) to provide an
automated, adaptable, and easily optimizable tool for detecting
CBH using point cloud data of already segmented individual
trees; (ii) to validate the effectiveness of treecbh in detecting CBH
using leaf-off and leaf-on ALS data against field-measured data
obtained from central European forests with diverse composi-
tions; and (iii) to determine the optimal point density necessary
to accurately represent the structure of the input tree point cloud,
particularly focusing on the tree trunk and lower branches.

The treecbh tool
Operating framework of treecbh
The treecbh framework operates based on a three-step concept:

1. Tree trunk isolation: In this initial phase, the framework
focuses on isolating the tree trunk with its first leaved
branches of the dominant tree within the input point cloud.
The input point cloud is in this study obtained through
manual segmentation, as detailed in Section Validation of
treecbh: materials and methods.

2. Vertical cross-sectional K-means clustering: After tree iso-
lation, this stage addresses the separation of understory
elements from the tree trunk and its lower branches.

3. 2D kernel density method for CBH detection: Finally, the
framework employs a 2D kernel density method specifically
designed for detecting CBH based on the extracted tree stem
and its lower branches.

Tree trunk isolation
Assuming the presence of smaller nondominant trees and
understory vegetation in Central European forest stands, a
point cloud–based segmentation approach was implemented to
precisely identify and extract the trunk of the dominant tree

along with its first leaved branches (Fig. 1a). This methodology
requires a point cloud of a segmented individual tree as input
and leverages the treeiso software, which employs two successive
cut-pursuit clusterings (Xi and Hopkinson 2022). Conceptually, the
point cloud was treated as a graph, where each point represents
a node and the connections between points were denoted as
edges. Using the cut-pursuit algorithm, the point-cloud graph
first undergoes partitioning into clusters. The boundaries between
these clusters are determined by minimizing the total variation
within the initial cloud (Landrieu and Obozinski 2016), which
corresponded to the input point cloud for treecbh. Subsequently,
a secondary cut-pursuit clustering function was employed to
merge small 3D clusters into larger ones, thereby improving the
coherence of segmentation (Xi and Hopkinson 2022). The resulting
point cloud is an isolated tree cloud (Fig. 1a, Tree trunk with first
leaved branches), which encompasses the trunk along with its
lower branches of the dominant tree isolated from the input
point cloud (Fig. 1a, Input point cloud). It only contains points
positioned above 0.2 m (Fig. 1a). The shape of the isolated tree
point cloud can vary depending on the geometry of the input
point cloud, which is influenced by the forest structure. Although
it is rare, the resulting point cloud might occasionally include
more than one isolated tree trunk.

Vertical cross-sectional K-means clustering
In the second step, a vertical cross-sectional cuboid 5 m wide is
applied to the xy attributes of the isolated tree cloud. This 5-m
width adequately encompasses any tree cloud in the y dimension,
capturing points in both the x and z dimensions. This operation
creates a transect through the tree cloud, defining a specific
region of interest within the xy plane of the point cloud. This
allows for the extraction of a vertical cross-section from the tree
cloud, resulting in a 2D profile that displays the xz attributes of
the points within the specified region of interest (Fig. 1b).

Next, the minH parameter is introduced to serve as a mini-
mal height threshold, accounting for the probable presence of
understory vegetation. Understory vegetation is represented by
a higher point count than that of the tree trunk, resulting in a
higher peak in the point distribution of the 2D vertical cross-
section. We assume that understory vegetation is present below
the 10th quantile in the distribution of the input point cloud and
its 2D vertical cross-section (xz). The computation is given by
Equation 1:

minHi = quantile10
(
heighti

)α · 2 (1)

where i signifies the i-th tree cloud and quantile10 represents the
function to capture the sample quantile at the 10th percentile of
the height (z) of the i-th tree cloud (heighti). The scaling parameter
α facilitates a user-defined height threshold related to the height
of the tree cloud, under which understory vegetation is assumed
and removed internally (Fig. 1b). α is denoted by the min_H_scale
parameter in treecbh, and has a default value of 0.13, which
equates to 13% of the tree height.

Afterwards, the height attribute (z) of the 2D data undergoes
scaling and centering processes, as required for the K-means
clustering methodology. The estimation of the number of clusters
defining the k parameter is accomplished using the prediction
strength of the clustering technique (Tibshirani and Walther 2005)
(Fig. 1b). Finally, the cluster characterized by the lowest height
value is identified and extracted from the processed data (Fig. 1b).
This extracted dataset then serves as an input for the subsequent
2D kernel density analysis.
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Figure 1. Framework of treecbh: tree isolation (a), vertical cross-sectional K-means clustering (b), and the 2D kernel method (c). The detected crown
base height is illustrated in the graph at the bottom right.

Crown base height detector, the 2D kernel
density method
The 2D kernel method analyzes a histogram of points from the
cluster identified in the second step. In treecbh, the branch_WIDTH
parameter defines the bin width of the histogram (default value

of 0.2 m) with which the input points are binned (Fig. 1c, Centered
bins of counts ∼0.2 m). Bins with heights equal to or below
the minH threshold (Equation 1) are systematically removed. The
filtered data are then used for 2D kernel density estimation.
The goal of this analysis is to find the region with the highest

D
ow

nloaded from
 https://academ

ic.oup.com
/forestry/advance-article/doi/10.1093/forestry/cpae044/7746722 by guest on 03 Septem

ber 2024



4 | Diószegi et al.

Figure 2. The workflow of the final stage of CBH identification, the decision scheme (Y: yes, N: no; K = 1 means one kernel; Z_rK and Z_rC contain two
values; Z represents a vector of heights).

bin density, referred to as the “Kernel” (Fig. 1c, 2D density). The
2D kernel method applies three kernel density classes: ≤0.0033,
≤0.0066, and ≤0.0099 on the binned points (Fig. 1c, 2D density).
The analysis involves three steps: determining the number of
kernels (in cases of more than one isolated tree trunk), defining
the range of these kernels, and establishing the maximum count
of points vertically within each kernel range. For multiple kernels,
the one with the highest point count within its range is selected for
further analysis. Additionally, the maximum count of points both
below and above the identified kernel is determined (Fig. 1c, 2D
density), along with the range of the cluster (i.e. the minimum and
maximum heights of the input data). This results in five candidate
heights: the heights with the maximum counts below the kernel(
max n(z<K)

)
, within the kernel range

(
max n(z∈K)

)
, and above the

kernel
(
max n(z>K)

)
(Fig. 1c, 2D density), as well as the cluster

height (max(Z_rC)) and kernel height (max(Z_rK)) (Fig. 2).
In the final stage of CBH identification, one of these candidate

heights is selected as the CBH. This decision-making process
starts with the number of kernels identified through automated
2D kernel density analysis and follows a systematic if-yes-no
strategy, as illustrated in the workflow diagram (Fig. 2).

The treecbh tool implemented in R
The treecbh tool is an open-source R package designed for seamless
integration within the lidR package. This package also allows R
users to run individual tree isolation using the treeiso software,
whose plugin is specifically available within the CloudCompare
(CC) software (Girardeu-Monteau 2023). The automation of treeiso
was facilitated through CC. In this context, treecbh triggers the
treeiso plugin, allowing CC to execute the successive cut-pursuit
clustering steps as part of its functionality. Thus, installation of
the CC is required to run the treecbh package in R.

Parameters of treecbh
Throughout this study, two parameters, min_H_scale and branch_
WIDTH, were set consistently with fixed default values and
remained unchanged. However, treecbh incorporates two addi-
tional parameters: cbh_ONLY and kM. An in-depth overview
detailing the treecbh parameter annotations, their implications,
and the corresponding thresholds is presented in Table 1.

By setting the parameter cbh_ONLY, users can specify whether
treecbh executes the complete 3D tree isolation followed by CBH
detection, performs tree isolation only, or focuses solely on CBH
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Table 1. Parameter characteristics of treecbh

Name Default value Implication Range or values

min_H_scale∗∗ 0.13 Minimum height scaler (m), controlling understory removal [0.13–0.25]
branch_WIDTH∗∗ 0.2 Assumed CBH branch width (m), controlling bin width for counting points [0.01–0.5]
cbh_ONLY 1 Options for executing: 1 ∼ treeiso and cbh, 2 ∼ only treeiso, 3 ∼ only cbh detection [1,2,3]
kM∗ TRUE K-means clustering (TRUE) or visual CBH adjustment (FALSE) [−]

∗Parameter that triggers visual CBH adjustment. ∗∗Parameters computed using their default values.

Figure 3. Example of visual CBH adjustment process triggered by kM parameter deactivation. The solid line indicates the suggested CBH by treecbh,
while the dotted lines represent the suggested CBH with a range of ±1 m. The dashed line indicates the user-entered assumed CBH (not shown by the
tool). R Consoles display interactive processes with user inputs.

detection. This flexibility is particularly useful when the tool
is used in the visual CBH adjustment mode because it allows
users to disable 3D tree segmentation (i.e. treeiso). When the kM
parameter is deactivated by setting kM = FALSE (treecbh skips K-
means clustering and employs only the 2D kernel technique), the
interactive CBH adjustment process is initiated. The CBH detector
plots the 2D profile of the input point cloud and proposes a CBH
in the R Console awaiting user approval. Users can either accept
or reject the proposed value while inspecting a 2D plot (Fig. 3). If
the proposed value is rejected, treecbh prompts the user to suggest
a CBH value. It then adjusts the CBH detection to the proposed
height and searches for CBH within a 0.5-m distance in both the
negative and positive directions of the user-defined CBH value.

Parameters of treeiso
If the parameter cbh_ONLY is set to 1 or 2 (as outlined in Table 1),
it allows the customization of nine additional parameters within
treeiso (Xi and Hopkinson 2022). It is important to note that
the default values for these parameters remained unchanged in
the context of this study. For a comprehensive understanding
of the annotations, implications, and thresholds associated with

the treeiso parameters detailed in Table 2, please refer to Xi and
Hopkinson (2022).

R-using treecbh
In the context of prioritizing CBH detection, treecbh relies on
the user-defined kM parameter (kM = FALSE) that triggers the
interactive CBH adjustment process. Notably, the tool defaults
to automated full tree isolation, completing the secondary cut-
pursuit clustering of treeiso by linking cloud segments to iso-
late trees (as described in Section Tree trunk isolation). This
default functionality accommodates users interested in isolating
trees from terrestrial laser scanning data and offers flexibility in
adjusting the treeiso parameters (Xi and Hopkinson 2022) to suit
their specific needs.

Validation of treecbh: materials and
methods
ALS forests and tree segments
Validation of the suggested workflow was conducted in three
study areas: the Hardtwald forest in Karlsruhe, the Bretten
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Table 2. Parameter characteristics of treeiso

Name Default value Implication Range or values

K1 10 Number of nearest neighbors, controlling unit size of 3D cluster [3–50]
K2 20 [5–50]
L1 1 Regularizing parameters, a greater number producing more edge cuts [0.1–40]
L2 20 [5–40]
DEC_R1 0.1 Customizable node weight, value is the inverse of K1
DEC_R2 0.1
MAX_GAP 0.5 Maximally allowed threshold distance to consider an edge [0.5–5]
VER_O_W 0.3 Ratio of elevation difference from neighbors to segment length [0–1.1]
RHO 0.5 Importance of the horizontal overlapping ratio over the vertical [0–2]

municipal forest (both situated in the federal state of Baden-
Württemberg, Germany), and the Nagyerdő forest in Debrecen
(located in the federal state of Hajdú-Bihar, Hungary) (Fig. 4).
Terrain characteristics varied across the study sites. The
Karlsruhe site (KA09) and Nagyerdő plots (A and B) were situated
on flat terrain. In contrast, the two Bretten sites (BR01 and BR05)
were characterized by a hilly landscape.

The German forests encompass a variety of main tree species,
including Norway spruce (Picea abies), Scots pine (Pinus sylvestris),
Douglas-fir (Pseudotsuga menziesii), common oak (Quercus robur),
red oak (Quercus rubra), sessile oak (Quercus petraea), European
beech (Fagus sylvatica), and European hornbeam (Carpinus betulus).

In KA09, Scots pine, red oak, and European beech were domi-
nant. BR01 and BR05 exhibited a more diverse tree species com-
position, featuring spruce, Douglas-fir, European beech, various
oaks, and European hornbeam. These forests are characterized by
a mixed-species composition, dense canopy cover, and multiple
layers. Detailed information on plot characteristics can be found
in a previous study (Weiser et al. 2022). In each German plot, 30
tree segments were manually delineated using the ALS-derived
vertical profiles (Fig. 4).

Acquisition flight for the German forests was carried out using
a RIEGL VQ-780i (RIEGL Laser Measurements Systems, 2019) sen-
sor. The flight was performed on 5 July 2019. As for Nagyerdő, the
ALS data was acquired on 3 March 2023 using the RIEGL VQ-780ii
system. For a detailed description of the German ALS acquisition,
see Weiser et al. (2022). ALS data characteristics of the five study
areas are summarized in Table 3.

In the Nagyerdő forest plots, a mix of native and cultivated
tree species thrived. These include common oak, red oak, silver
poplar (Populus alba), Austrian pine (Pinus nigra), Scots pine,
common hackberry (Celtis occidentalis), and eastern American
black walnut (Juglans nigra). Both sites exhibit dense vegetation
and are predominantly characterized by broadleaf-dominated
mixed-composition. Site A exhibited a heterogeneous two-
layered structure with a closed canopy layer. In contrast, forest
B displayed an uneven structure consisting of multiple layers,
with overgrowth of European ivy (Hedera helix). Forest A contained
56 tree segments, whereas site B contained 30 trees (Fig. 4).
These segments were carefully created by visual inspection
of the vertical profiles obtained from the high-resolution ALS
data.

Four consecutive laser scans were conducted over the Nagy-
erdő forest to create a high-resolution dataset. The acquisition
took place during the leaf development phase (with young leaves
growing), which we considered the leaf-off period. The achieved
mean point density within forest A was 162 pts/m2, while in forest
B it was 217 pts/m2 (Table 3).

After manually segmenting point clouds of individual trees
from the ALS data (Bretten, Karlsruhe, and Debrecen), the seg-
mented tree point clouds were used as inputs for treecbh. We
term these data as “input point cloud.” The input point cloud
characteristics are summarized in Table 4.

TLS forest
In addition to the ALS dataset, a single TLS dataset was used.
Our TLS forest, Wytham Woods, is located in Oxfordshire County,
UK (Fig. 5). It is managed by the Oxford University (https://www.
forestgeo.si.edu/sites/europe/wytham-woods). The dominant
tree species in Wytham Woods are European Ash (Fraxinus
excelsior), sycamore (Acer pseudoplatanus), and common hazel
(Corylus avellana).

TLS data were collected under leaf-off conditions from late
November 2015 to January 2016. All scans were performed on
windless days. A summary of the main TLS characteristics is
provided in Table 5. For more information, please refer to the
study by Calders et al. (2022).

Thirty trees were selected using a random sampling method
from the available individual-tree-based TLS data of Wytham
Woods (Calders et al. 2022). These data served as inputs for
the point density sensitivity analysis (described in Section Point
density senitivity).

Point density sensitivity
The point density of the 30 input point clouds (trees) selected from
the Wytham Woods TLS data (Section TLS forest) was randomly
decimated using the decimate_points() function from the lidR pack-
age (Roussel et al. 2020). This function employs a sampling algo-
rithm that randomly samples or removes points from the area
of a tree point cloud to obtain the desired point density (pts/m2).
The following six point density classes were defined: 20, 53, 111,
156, 205, and 253 pts/m2.The analysis was conducted by executing
treecbh in its CBH-detect-only mode (cbh_ONLY = 3 in Table 1,
as described in Section Parameters of treecbh). Accordingly, the
selected input point clouds of the Wytham Woods TLS data were
processed using the CBH detection tool, considering the six point
density classes (Fig. 6).

Reference data
CBHs of the trees were measured in Bretten and Karlsruhe-
Hardtwald forests using a Haglöf Vertex-IV hypsometer during
exhaustive field measurements (Weiser et al. 2022). The CBH was
defined as the height of the lowest branch, with a minimum
length of 1 m.

Regarding the Nagyerdő, reference CBHs were collected
through a field survey of 86 input point clouds (outlined in Section
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Figure 4. The three German plots (KA09, BR01, and BR05) are situated in the federal state of Baden-Württemberg, along with the two 1-ha sites (A and
B) of the Nagyerdő mixed forest plantation in Hajdú-Bihar County. The number of tree segments utilized as input for treecbh is indicated by n=.

Table 3. Characteristics of the ALS data and their derived point clouds

Characteristics BR01, BR05, and KA09 A and B

ALS sensor RIEGL VQ-780i RIEGL VQ-780ii
Flying altitude above ground level 650 m 664 m
Off-nadir scan angle ±30◦ ±30◦

Laser beam divergence 0.25 mrad 0.18 mrad
Pulse repetition frequency 1000 kHz 2000 kHz
Flight line distance 175 m 210 m
Flight line overlap 76% 60%
Plot BR01 BR05 KA09 A B
Input point clouds’ mean point density
(pts/m2)

204 172 186 162 217

ALS forests and tree segments) in forests A and B. The heights
of the first leaved branches were measured in the field using
the Haglöf EC II D-R electronic tool (https://haglofsweden.com/
project/ec-ii-d-r). Trees were marked at 2 m with a measuring

tape to verify the accuracy of the tool and ensure the precision
and reliability of the measurements.

CBH was defined as the height of the first leaved branch
protruding from the stem. The measured CBH value was
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Table 4. Input point cloud characteristics

Plot Number of input point clouds Mean height (m) Conifer–broadleaf ratio∗

A 56 23 0.25:0.75
B 30 24 0.1:0.9
BR01 30 33 0.4:0.6
BR05 30 35 0.6:0.4
KA09 30 28 0.6:0.4

∗Calculated from inventory data.

Figure 5. Location of the TLS plot in Wytham Woods shown on the left and the 30 randomly selected trees displayed in 2D on the right.

Table 5. TLS data characteristics

Characteristics

TLS RIEGL VZ-400

Minimum range 0.5 m
Maximum range 350 m
Laser beam divergence 0.35 mrad
Pulse repetition frequency 300 kHz
Angular sampling resolution 0.04◦

Outgoing pulses per scan 22 500 000
Beam diameter 2.45 cm
Input point clouds’ mean point
density (Fig. 5)

4000 pts/m2 → 111 pts/m2∗

∗111 pts/m2 was the mean point density of the finalized input point clouds.

determined based on the reading displayed by the EC II D-R tool
when aimed at a precise spot on the tree stem where the first
leaved branch initiated its protrusion. It is important to note that
the measurement of the reference CBH did not account for the
width or direction (downward and upward) of the respective tree
branch.

Reference CBHs for the input point clouds of the TLS data
were created through visual interpretation as the very high point
density of the data (Table 5) enabled obtaining CBHs accurately
and no field-measured data were available for this dataset.

Accuracy assessment
The detected CBHs were overlaid onto vertical 2D cross-sectional
plots of the input point clouds (Section ALS forests and tree
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Figure 6. The first five tree point clouds (Fig. 5) from the selected Wytham Woods TLS data are displayed with respect to the six point density classes
used for the point density sensitivity analysis: 20, 53, 111, 156, 205, and 253 pts/m2.

segments). CBHs were buffered by 1 m in both the positive and
negative directions along the z-axis (Fig. 1, Crown base height
and Fig. 3). A matching criterion was applied to assess the match

between the estimated and the buffered reference CBHs. A match
(+) was recorded if the detected CBH fell within the buffered
CBH range; otherwise, it was considered a non-match (−). The
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Figure 7. Comparison of crown base height detection results from ALS
sites A, B, BR01, BR05, KA09, and TLS site Wytham Woods across three
operating modes of the treecbh tool: deactivated treeiso (No treeiso),
default parameter treeiso (Default treeiso), and interactive visual (Visual)
CBH adjustment mode.

matching rate was calculated using Equation 2:

Matching rate[%] = (1 − (N(+)/N(−))) · 100 (2)

where the two Ns represent the counts (i.e. sums) of matches
(+) and non-matches (−), respectively. The mean absolute error
(MAE) was applied to quantify the detected CBH deviation from
the reference CBH and was computed using Equation 3:

MAECBH [m] = (1/N) ·
∑

|RefCBHi
− TestCBHi | (3)

where i indicates the i-th individual tree segment, and RefCBH

and TestCBH are the reference and the detected CBHs, respectively.
Parameter N represents the number of tree segments and the
modulus is denoted by the | | symbol. The unit of MAE is given
in meters, as indicated by the small m in square brackets.

The accuracy assessment consists of three sequential steps.
First, the CBH detector was executed utilizing the input point
clouds (Section ALS forests and tree segments) employing the
deactivated treeiso mode (No treeiso). Next, treecbh estimated the
CBHs for the input point clouds in conjunction with the activated
treeiso mode. The parameters of the tree isolator were maintained
at their default settings (Section Parameters of treeiso) and were
denoted as Default treeiso throughout this study. Finally, the input
point clouds were processed using treecbh’s interactive visual CBH
adjustment mode, herein referred to as the Visual mode.

Results
Matching rate
At site per treecbh mode
At sites A and B (Hungary), we achieved matching rates of 41%
and 20% in No treeiso mode, which were augmented to 45% and
60%, respectively, with the Default treeiso. Notably, the interactive
visual CBH adjustment further increased these rates to 71% and
77% (Fig. 7).

For the three German forests, treecbh produced low matching
rates of 13–23% in No treeiso, 14–28% in Default treeiso, and 24–33%
in Visual mode (Fig. 7). However, what stands out is the consistent
enhancement observed across treecbh’s operating modes in the
BR05 forest. Notably, in the Visual mode, BR05 achieved a matching
rate of 33%, which was the highest among German forests (Fig. 7).

As expected, the CBH detection of the TLS input point clouds
was not influenced by activating treeiso since the input TLS trees
were isolated in their default state. Both No treeiso and Default
treeiso modes yielded a 57% matching rate. Both No treeiso and
Default treeiso modes yielded a 57% matching rate (Fig. 7).

Comparison of leaf-off and leaf-on data
In the Default treeiso mode, the CBH detector attained a matching
rate of 60% in forest B, identifying 18 matches and 12 non-matches
(Fig. 8). The distinct panels in Fig. 8 illustrate that the structural
information of the tree was effectively captured by leaf-off input
point clouds.

In the BR05 German forest, the Default treeiso mode of treecbh
achieved a matching rate of 23%, with 7 matches and 23 non-
matches (Fig. 9). It is important to emphasize the insufficient rep-
resentation of forest structure by input point clouds, as illustrated
in Fig. 9. Laser scanning during the leaf-on season resulted in
the majority of laser pulses being reflected by the canopy leaves,
hindering effective penetration. As a result, tree structures under
and within the canopy were not captured, contrary to what was
clearly observed in forest B (Fig. 8).

MAE at site per treecbh mode
In Nagyerdő forests A and B, MAEs of 2.6 and 3.7 m were revealed
for the No treeiso mode. Upon implementing tree isolation, these
errors were reduced to 2.1 and 1.5 m (Fig. 10), respectively. Adjust-
ment of CBH in the Visual mode resulted in a significant reduction
in errors, with MAEs decreasing to 1.1 and 0.8 m (Fig. 10).

In comparison, the three German forests exhibited high MAEs
across all three CBH detector operating modes (Fig. 10). It is evi-
dent that treecbh cannot handle the airborne laser scanning data
scanned in the German forests.

Point density sensitivity
The performance evaluation of treecbh, focusing solely on CBH
detection, revealed the influence of the input point cloud den-
sities on the results. Contrary to expectations, increasing the
point densities above 111 pts/m2 did not enhance treecbh’s per-
formance (Fig. 11). The corresponding performance remained at
a 57% matching rate, as shown in Fig. 7. Indeed, the 111 pts/m2

point density aligns with that employed for CBH detection on the
TLS input point clouds (Table 5).

While treecbh demonstrated a 20% matching rate when pro-
cessing input point clouds with a density of 20 pts/m2, when
presented with higher point densities of 156, 205, and 253 pts/m2,
matching rates ranging from 40% to 43% were achieved (Fig. 11).

Discussion
Performance of treecbh
Our findings highlight that the performance of our proposed CBH
detector is primarily influenced by the quality of the input data,
specifically the ability of the input point clouds to accurately
describe the structure of trees under or within the canopy (Figs. 7
and 11). Before utilizing treecbh, we recommend that users assess
the input point cloud and verify whether the input point cloud
sufficiently represents the tree structure, particularly the tree
trunk and lowest branches. This is a basic requirement for the
algorithm to achieve meaningful results.

Given that leaf-on scanning tends to produce high point densi-
ties within the canopy (Fig. 9), but limited densities for the lower
parts of the canopy, leaf-on data are less suitable as input to
treecbh. The treecbh’s CBH detection technique relies on points
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Figure 8. Crown base height detection results of treecbh: matching rate of the leaf-off ALS site B in Default treeiso mode. Horizontal transparent red
bands (2 m wide) indicate non-matches, whereas transparent green bands (2 m wide) represent matches. Each panel is labeled with the reference CBH
and its corresponding estimated CBH separated by the ∼ symbol.

representing the tree trunk and lower branches (as detailed in
Section The treecbh tool), and it is therefore imperative that the
structure of trees beneath the canopy is adequately captured by

the input point data. Therefore, the preferred input to treecbh is
leaf-off ALS data (Fig. 8). Moreover, to effectively utilize treecbh’s
Visual mode, ensuring the “readability” of tree structure (i.e. tree
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Figure 9. Crown base height detection results of treecbh: matching rate of the leaf-on ALS site BR05 in Default treeiso mode. Horizontal transparent red
bands (2 m wide) indicate non-matches, whereas transparent green bands (2 m wide) represent matches. Each panel is labeled with the reference CBH
and its corresponding estimated CBH, separated by the ∼ symbol.

trunk and its lowest branches) is essential. Users must be able
to reliably identify the CBH in order to provide the assumed CBH
during the interactive visual CBH adjustment process (Fig. 3).

The treecbh tool demonstrated its optimal performance using
the leaf-off ALS point cloud of forest B (Fig. 7), which had a
conifer–broadleaf ratio of 0.1:0.9 (Table 4). In contrast, for the
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Figure 10. Crown base height detection results of treecbh: mean absolute
errors of ALS sites A, B, BR01, BR05, and KA09 regarding treecbh’s three
operating modes: deactivated treeiso (No treeiso), default parameter
treeiso (Default treeiso), and interactive visual (Visual) CBH adjustment
mode, respectively.

Figure 11. Crown base height detection results of point sensitivity
analysis (No treesio mode) for point density classes. The horizontal dark
line represents the reference CBHs, and the horizontal dashed lines
mark the maxima of the deviation densities, which represent the
distributions of the 30 input point clouds (dots). Horizontal transparent
band (2 m wide) marks the ±1 m acceptance region. Each panel is
labeled with its point density class along with its respective matching
rate separated by the ∼ symbol.

point cloud of forest A, which was characterized by a conifer–
broadleaf ratio of 0.4:0.6, treecbh showed reduced robustness
(Fig. 7). Furthermore, the lowest performance was observed using
the point cloud from the leaf-off BR01 forest, which had a conifer–
broadleaf ratio of 0.6:0.4 (Table 4). These findings underscore the
robustness of our CBH detector in broadleaf forests compared
with mixed conifer forests. Thus, our CBH detector is limited to
performing well in broadleaf forests, and we recommend using
the current version of the detector in such a setting.

Interestingly, the performance of treecbh in the No treeiso mode
improved only when the point density increased from 20 to
111 pts/m2 (Fig. 11). This suggests that a minimum point density
is required for the sound operation of treecbh. A point density of
∼100 pts/m2 appears to be adequate for effectively representing
tree structure. To evaluate treecbh’s CBH detection, we used a
mean point density of 111 pts/m2 for the TLS point cloud (Table 5

and Fig. 7). This density was chosen because it proofed to visually
well represent the tree structure. However, it is important to
note that the TLS data collected during leaf-off conditions may
be perceived as less realistic when assuming an operational
scenario as compared to ALS datasets from Nagyerdő, Bretten, and
Karlsruhe forests, as the TLS data provided perfectly delineated
individual tree point clouds.

Future development of treecbh
Addressing the inherent structural intricacies within the point
clouds is crucial. The vertical arrangement of a forest (single,
double, or multi-layered) significantly influences the outcomes
of treetop detection and crown segmentation (Eysn et al. 2015).
Consequently, treecbh faces specific challenges in under-canopy
environments, particularly in isolating tree stems in the lower
canopy and removing understory vegetation.

To isolate tree stems effectively in the lower canopy, an addi-
tional algorithm is necessary, e.g. the two-stage cut-pursuit clus-
tering algorithm (Xi and Hopkinson 2022), which was imple-
mented in this study. Enhancing the performance of our CBH
detector should start with the implementation of a more robust
tree isolator, such as 3DFin, which is available as a CloudCompare
plugin as well as a Python module (Laino et al. 2024).

Another important aspect for the future development of treecbh
involves the identification and effective removal of understory
vegetation (Luo et al. 2018). This task needs to be carried out at
the individual tree level, especially in multispecies heterogeneous
forest stands.

In its current implementation, treecbh utilizes the minH formula
(Eq. 1) to remove understory vegetation. Its scaling parameter,
min_H_scale, was consistently set at 0.13 throughout this study
(Section Parameters of treecbh). Although adjusting min_H_scale
has demonstrated potential for enhancing CBH detection accu-
racy, determining its optimal value necessitates iterative testing.
We refrained from doing so in this study, but future work could
focus on this, as well as refining the minH formula to enhance the
accuracy of CBH detection.

Operational use of treecbh
When compared to previous studies that focused on CBH estima-
tion at the individual tree level, our CBH detector is competitive
only when its Visual mode is utilized on leaf-off data, achieving
MAE values of 0.8 and 1.1 m. Vauhkonen (2010) reported a root
mean square error (RMSE) between 1.54 and 3.56 m for Scots
pine (Vauhkonen 2010). In a similar study that estimated CBH
for both broadleaf and conifer species, an average RMSE of 2 m
was obtained (Popescu and Zhao 2008). Similarly, an RMSE of
∼1.6 m has been achieved in mixed-species forests (Luo et al.
2018). These studies used ALS data of 4 to 10 pts/m2 point den-
sities, scanned in structurally simpler forests compared to our
study areas. Tree isolation and understory removal have not been
reported to be particularly challenging for these forests (Luo
et al. 2018; Popescu and Zhao 2008). Addressing these challenges
(Section Future development of treecbh) was a key driver in the
development of treecbh.

In our study, we used manually extracted tree segments to gen-
erate individual tree input point clouds (Section ALS forests and
tree segments). For the operational implementation of our CBH
detector, this segmentation step must precede the use of treecbh.
The second crucial step involves employing a tree isolator capable
of effectively identifying the tree trunk and lower branches within
the input point cloud. To address potential inaccuracies in CBH
detection owing to imperfect tree isolation, treecbh offers a visual

D
ow

nloaded from
 https://academ

ic.oup.com
/forestry/advance-article/doi/10.1093/forestry/cpae044/7746722 by guest on 03 Septem

ber 2024



14 | Diószegi et al.

CBH adjustment mode. However, relying solely on the workflow as
outlined in this study is suboptimal for operational viability, partly
because of the manual segmentation process and partly because
of reliance on visual adjustment.

Alternatively, achieving high CBH detection accuracy in the
Default treeiso mode is feasible if the tree isolator used is suf-
ficiently robust (as described in Section Future development of
treecbh) to handle inaccuracies such as the presence of other trees
or parts of neighboring trees in the input point cloud. Implement-
ing a more robust tree isolator would facilitate automation of
the initial segmentation process. Automating this segmentation
process using any suitable segmentation algorithm would signif-
icantly enhance the operational viability of treecbh.

Conclusions
We developed a comprehensive framework for tree isolation,
understory removal, and CBH detection from leaf-off ALS data.
Our tool, treecbh, is implemented as an R package and seam-
lessly integrates with the lidR framework. The tool is equipped
with fixed default parameters, enabling straightforward execu-
tion while providing users with an option for visual CBH detection
adjustment. An innovative aspect of this adjustment process is its
interactive nature, where treecbh engages with the user. Our inves-
tigations revealed that when evaluated against field-measured
reference data, the default parameter set yielded CBH matching
rates of 45%–60% for leaf-off ALS data. However, these rates
were outperformed by visual CBH adjustment, which achieved
matching rates of 71%–77%.

Users are advised to use leaf-off ALS data and become familiar
with the quality of the point clouds and their information content
before utilizing treecbh. This familiarity helps decide whether to
use the interactive visual CBH adjustment feature. Additionally,
because the tree isolator, treeiso, is integrated within treecbh, users
can perform only tree isolation by deactivating CBH detection.
Notably, users can also expedite the visual CBH adjustment pro-
cess by deactivating the tree isolator.

As we look ahead, our future endeavors involve enhancing
treecbh’s performance by replacing treesio with a more robust tree
isolator.
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