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Key message A method using terrestrial laser scanning and 3D quantitative structure models opens up new possibilities to reconstruct tree architecture from tropical rainforest trees.
Abstract Tree architecture is the three-dimensional arrangement of above ground parts of a tree. Ecologists hypothesize
that the topology of tree branches represents optimized adaptations to tree’s environment. Thus, an accurate description
of tree architecture leads to a better understanding of how form is driven by function. Terrestrial laser scanning (TLS) has
demonstrated its potential to characterize woody tree structure. However, most current TLS methods do not describe tree
architecture. Here, we examined nine trees from a Guyanese tropical rainforest to evaluate the utility of TLS for measuring
tree architecture. First, we scanned the trees and extracted individual tree point clouds. TreeQSM was used to reconstruct
woody structure through 3D quantitative structure models (QSMs). From these QSMs, we calculated: (1) length and diameter
of branches > 10 cm diameter, (2) branching order and (3) tree volume. To validate our method, we destructively harvested
the trees and manually measured all branches over 10 cm (279). TreeQSM found and reconstructed 95% of the branches
thicker than 30 cm. Comparing field and QSM data, QSM overestimated branch lengths thicker than 50 cm by 1% and
underestimated diameter of branches between 20 and 60 cm by 8%. TreeQSM assigned the correct branching order in 99%
of all cases and reconstructed 87% of branch lengths and 97% of tree volume. Although these results are based on nine trees,
they validate a method that is an important step forward towards using tree architectural traits based on TLS and open up
new possibilities to use QSMs for tree architecture.
Keywords Terrestrial LiDAR · Tree architecture · Quantitative structure models · Destructive harvesting · Tree metrics
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Tree architecture can be defined as the three-dimensional
arrangement of the organs of a tree. This arrangement
includes the size and spatial arrangement of branches, leaves
and flowers (Reinhardt and Kuhlemeier 2002) and can be
defined by specific morphological traits (Rosati et al. 2013).
Tree architecture is a consequence of genetics and chance.
Genetics encode an adaptation of tree form and function to
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its surroundings with respect to both biotic and abiotic factors such as competition for space, differential resource distribution (e.g., light), and support and safety against mechanical forces (e.g., gravity or wind) (Chéné et al. 2012; Dassot
et al. 2010). Chance includes stochastic processes such as
wind damage and damage to neighbours. Tree architecture
directly influences biophysical processes, such as photosynthesis and evapotranspiration (Rosell et al. 2009; Van der
Zande et al. 2006), ultimately leading to changes in carbon
and water storage. The West, Brown and Enquist (WBE)
model (West et al. 1997; West 1999a) uses the fractal-like
architecture of branching networks as a building block to
predict how metabolism scales with body size and structure
in a simplified and generalized way (West et al. 1997; West
1999a). Within the context of the WBE theory, tree architectural traits can be used to understand and explore specific
links among, for example, tree height, biomass, diameter,
growth and mortality (Bentley et al. 2013; Kempes et al.
2011; West 1999b; West et al. 2009). Thus, an accurate
description of the architecture of trees can play a key role in
understanding tree-level and plot-level processes (Kempes
et al. 2011; Rosati et al. 2013).
Previous studies have described the architecture of tropical trees (Hallé et al. 1978; Hallé and Oldeman 1970) with
the goal of qualitatively classifying tree forms. Standardized
structural assessment of forest canopies or individual trees
have been developed, but these assessments are based on
subjective methods that do not allow a quantitative comparison (Van der Zande et al. 2006) and generate a limited
number of attributes that can be readily obtained with nondestructive methods (Henning and Radtke 2006. Studies
have quantitatively described tree architectural traits, but
are limited due to the intensity of manual labour needed to
sample large numbers of trees with enough detail (Bentley
et al. 2013; Dassot et al. 2010). In light of these limitations,
here we propose another way forward to characterize tree
architecture: terrestrial LiDAR (light detection and ranging)
(Dassot et al. 2012) combined with a 3D quantitative structure model (TreeQSM) (Raumonen et al. 2013).
Terrestrial LiDAR, also known as terrestrial laser
scanning (TLS), is a valuable tool to assess the woody
structure of trees (Holopainen et al. 2011; Calders et al.
2015; Gonzalez de Tanago et al. 2017). In the field, a forest plot is scanned from multiple locations, which are later
co-registered into a point cloud to which 3D tree models
can be fitted (Raumonen et al. 2013; Hackenberg et al.
2014) and from which structural parameters can then be
extracted in an objective and consistent way (Calders
et al. 2015; Pueschel et al. 2013). A tree point cloud is
an uninterpreted collection of data and the actual structural information cannot be directly extracted (Bremer
et al. 2013). To derive the structural parameters from tree
point clouds, several approaches have been developed
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(Pfeifer et al. 2004; Thies et al. 2004; Dassot et al. 2012;
Raumonen et al. 2013; Hackenberg et al. 2014). Among
these, TreeQSM—a 3D quantitative structure model
(QSM) reconstruction method—has been recognized as a
promising tool for topological and structural assessment
of individual trees (Raumonen et al. 2013; Calders et al.
2015; Gonzalez de Tanago et al. 2017). TreeQSM splits
the tree point cloud into segments and then reconstructs
the whole tree topological structure by fitting cylinders to
each segment (Raumonen et al. 2013; Gonzalez de Tanago
et al. 2017). From each segment, we are able to calculate
surface and volume (Gonzalez de Tanago et al. 2017) and
reconstruct topology. The output, a QSM, is a hierarchical collection of cylinder which closely resemble the tree
point cloud in shape. More details regarding the mechanics
of TreeQSM can be found in Åkerblom (2017); Calders
et al. (2015) and Gonzalez de Tanago et al. (2017).
TLS, in combination with TreeQSM, has proven to be an
accurate method to estimate direct tree parameters such as
tree height (Burt et al. 2013; Krooks et al. 2014), diameter
at breast height (DBH), trunk and branch volumes (Burt
et al. 2013); and even indirect and complex parameters
such as biomass (Calders et al. 2015) and changes in tree
biomass (Kaasalainen et al. 2014). Tree structure modelling with TreeQSM was also successfully employed for
automatic species recognition as in Åkerblom et al. (2017).
However, most studies so far have focused on measuring
total tree volume as the only validation method for this
approach (Burt et al. 2013; Calders et al. 2015; Gonzalez
de Tanago et al. 2017). Moreover, previous studies using
TLS have mostly focused on temperate trees in their leafless condition and with a comparatively low canopy height
(Burt et al. 2013; Dassot et al. 2010; Hackenberg et al.
2014; Holopainen et al. 2011; Kaasalainen et al. 2014;
Krooks et al. 2014; Pueschel et al. 2013; Seidel et al. 2012)
(but see Wilkes et al. 2017; Gonzalez de Tanago et al.
2017; Momo Takoudjou et al. 2017 for tropical forests).
Scanning tropical trees is more difficult due to the complex forest layers with evergreen species which lead to
occlusion in the under story, frequently changing weather
conditions and logistical challenges (such as scanner settings, hardware requirements, distance to plot, plot area)
(Wilkes et al. 2017).
Because quantitative measurements of tree architecture
in the tropics are needed, this paper assessed whether tree
architecture can be reconstructed using TLS and TreeQSM.
Specifically, we aimed to: (i) reconstruct tree architecture
scanned with TLS using TreeQSM, (ii) validate individual
branch lengths, branch diameters and branching orders
with field reference measurements taken manually, and
(iii) provide guidelines for future studies endeavouring to
reconstruct tree architecture using TLS and QSMs.

Trees (2018) 32:1219–1231

Materials and methods
Study area and plot design
Field data were collected in Vaitarna Holding’s forest concession in the tropical forest of central Guyana during November
2014. Nine plots were established in a lowland tropical moist
forest located between 6◦ 2 ′ 2.4′′N 58◦ 41 ′ 56.4′′W and 6◦ 2 ′
20.4′′N 58◦ 41 ′ 38.4′′W. The field study had a mean elevation
of 117 m above sea level and mean precipitation of 2195 mm
year−1 (Muñoz and Grieser 2006). Tree selection was based on
its harvestable diameter and its suitability for harvesting. We
located nine suitable trees for harvesting. A local experienced
taxonomist identified the trees, and the local names were later
matched with scientific names (Miller and Détienne 2001). A
total of seven Eperua grandiflora, one Ormosia coutinhoi and
one Eperua falcata were harvested.
In each plot, the selected tree was located and a 30 × 40 m
grid subplot (Online Resource 1 and Figure OR1.1) was established around it. The origin of the local coordinate system was
located at bottom left corner of the plot (bottom left red sun
cross in Figure OR1.1). The selected tree was located at 15 m
East and 5 m North from the origin and a total of thirteen scan
locations were set up in the plot (sun crosses in Figure OR1.1),
whereas the y-axis was parallel to the expected felling direction. Each plot was scanned with TLS and then the focal tree
was felled and detailed measurements were taken.

TLS data acquisition
TLS data were acquired using a RIEGL VZ-400 V-Line 3D
terrestrial laser scanner [RIEGL Laser Measurement Systems GmbH, Horn, Austria, < www.riegl.com>]. The Riegl
VZ-400 is a discretized multiple-return LiDAR with a 1550
nm wavelength and a beam divergence of 0.35 mrad (Wilkes
et al. 2017; Gonzalez de Tanago et al. 2017). The beam scan
range is 360◦ in the azimuth and 100◦ in the zenith direction.
In this study an angular resolution of 0.06◦ was used. To coregister each scan, 5-cm cylindrical reflecting targets (tiepoints) were distributed throughout the plot, in such a way
that they were scanned from several positions. In total, thirteen
scan locations were set up in each plot using 60 reflectors. The
average distance between scan locations was 17.5 m. These
tie-points were later used to register multiple individual point
clouds into one unified point cloud (Gonzalez de Tanago et al.
2017; Wilkes et al. 2017).

Manual measurements from harvested trees
After each tree was harvested, the geometrical structure of
the main stem and branches with a diameter of > 10 cm
was manually measured with a 1 cm precision forestry tape.
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Buttresses were assumed to be cylindrical in order to enable
comparison with 3D models. To homogenize the measurement process on the harvested trees (Fig. 1), we defined a
“branch node” as the furcation point over a tree segment
where another tree segment originates. From an ecological
point of view, a “branch” is referred to the lateral axis from
the axillary meristems which begin in the axils of the leaves
(Reinhardt and Kuhlemeier 2002). In this study, we referred
to “branch” as the tree segment which originates from a
furcation point and terminates either:
• when the tree segment begins to widen into another fur-

cation point (specially noticed on the main stem),

• when the tree segment reaches 10 cm diameter, or
• when the tree segment ends or is broken.

For each branch, we measured two parameters: length
and diameter. We defined “branch length” as the distance
between the base furcation point and the termination point
of the branch, and “branch diameter” as the average of the
diameter taken over the base furcation point and the diameter taken below the termination point of the branch. In
addition, a unique BranchID was labelled to each measured
branch for identification. For “branching order”, we adapted
a similar coding strategy as used in Gaaliche et al. (2016).
We determined the relative branching order centrifugally
as shown in Fig. 1, beginning from the tree main stem.
The main stem was considered as “first branching order”,
then the branches originated from the first furcation were
considered as “second branching order”, then the branches
originated from this second furcation were considered as
“third branching order” and continuing by adding another
branching order on each furcation as in Fig. 1. More details
on how we determined branching order for this study can be
found in Online Resource 2. Finally, the “parent branch” was
defined as the tree segment on which another tree segment
was originated and shared the same branch node as shown
in Fig. 1. We recorded the branch length, branch diameter,
branching order, and parent branch relative to each branch
until they reached 10 cm diameter.

Tree architecture reconstruction
Our reconstruction procedure had three components: (a)
manual tree extraction from the registered point cloud, (b)
3D reconstruction of individual tree point clouds using
TreeQSM, and (c) individual analysis of QSM branches via
manual branch-by-branch pairing. First, to manually extract
an individual tree from the point cloud of the entire plot, a
framework was designed:
1. Individual point cloud scans were co-registered into a
plot point cloud using RiScan Pro software [RIEGL
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Fig. 1  Diagram of manual measurements from a harvested tree.
A “branch node” is the furcation point over a tree segment where
another tree segment originates (0 ′ , 1 ′ , 2 ′ ). Then, we defined a
“branch” as the tree segment which originates from a furcation point
and terminates either: when the tree segment begins to widen into
another furcation point (1 ′ ), when the tree segment reaches 10cm
diameter (8 ′ ), or when the tree segment ends or is broken (4 ′ , 10 ′ ,
14 ′ ). “Branch length” was defined as the distance between the base
furcation point and the termination point of the branch (c and c′) and

“branch diameter” as the average of the diameter taken over the base
furcation point (a and a′) and the diameter taken below the termination point of the branch (b and b′). In addition, a unique BranchID
was labelled to each branch for identification. We labelled each parent branch, i.e., BranchID 2 and BranchID 4 had the same parent
branch (BranchID 1), while BranchID 8, BranchID 10 and BranchID
14 shared the same parent branch (BranchID 2). The branching order
was determined relative to the main stem and given centrifugally by
the furcations originated on each branch

Laser Measurement Systems GmbH, Horn, Austria,
<www.riegl. com>, version 2.0]. The achieved accuracy
of our co-registration process was below an average of 1
cm per plot.
The main stem and canopy of each harvested tree were
located in the registered point cloud.
From a top view, a bounding box which enclosed the
harvested tree was created. The bounding box limits
were defined by the area of the canopy.
The point cloud containing the harvested tree inside the
bounding box was extracted.
Features that were not related to the harvested tree, such
as lianas, stems and canopies from other trees were manually removed.
In addition, visual inspection was performed to ensure
that no branches or canopy parts were missing in the
subset. Missing parts were manually copied from the
entire plot point cloud and merged with the individual
tree point cloud.

semi-automatic and requires the input of a few parameters.
TreeQSM partitions the point cloud into small connected
surface patches and then uses them to reconstruct each segment of the tree. Then, cylinders are fitted to the segments
and geometric and topological features are obtained (Raumonen et al. 2013). The most important input parameter is
the diameter (d) that defines the size of the surface patches.
Furthermore, the partition into patches is random and thus
repeating the reconstruction always results slightly different
QSMs, even if all inputs are the same. To assess the robustness of the d parameter, previous works (Calders et al. 2015;
Gonzalez de Tanago et al. 2017) have focused on optimizing
total volume and not the detailed structure of tree branches.
They produced several models for each case and calculate
the mean and standard deviation from these repetitions. To
choose the most robust value of d we:

2.
3.
4.
5.
6.

Once the individual tree point clouds were extracted,
cylindrical models were fitted to those point clouds using
TreeQSM (Raumonen et al. 2013; Calders et al. 2015; Gonzalez de Tanago et al. 2017). In this paper, TreeQSM version
2.2.1 was used (a later version is available and functions
in a similar way). Reconstructing trees using TreeQSM is
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1. Fitted 10 QSMs of three random trees using values for
the d parameter ranging from 0.05 to 0.5 at a 0.05 increment.
2. Visually inspected each QSM for each d value, as
described in Calders et al. (2015). The best d value was
heuristically determined based on the visual inspection.
Based on the visual inspection, TreeQSM produced the
most visually accurate models for tree architecture when
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d was set to 0.1. Nevertheless, we decided that quantitative
measures of fit were necessary. Once the point clouds had
been transformed into cylindrical models, we continued
to the final step of analysing individual QSM branches as
follows:
1. Each TLS tree point cloud was reconstructed 20 times
using d set to 0.1.
2. The TreeQSM simplification algorithm was performed
to obtain simplified QSMs outputs (Tobias Jackson, personal communication, May 17, 2017). This simplification method is also available with the latest version of
TreeQSM. This simplification algorithm specifies that:
• QSMs cylinders with a diameter < 10 cm are

removed to be comparable with our manual measurements dataset and to minimize the possibility of
including lianas.
• QSMs cylinders with a radius less than or equal to
1/3 of its parent radius are removed to eliminate
very small artefact cylinders.
3. Each QSM branch was split at each branch node, since
the original TreeQSM did not split QSM branches at
each branch node (See Online Resource 2 and Figure
OR2.1).
4. The branching order of the QSMs was arranged to add a
level at every branch node (See Online Resource 2 and
Figure OR2.1).
5. All 20 repetitions were ranked using a quantitative scale
based on visual inspection (Online Resource 3) and the
seven most accurate models were saved for further analyses.
Finally, the geometrical structure and branching order
from the QSMs were reconstructed following the measurements from the harvested trees (Fig. 2). A QSM branch
node was defined as a QSM cylinder from which two or
more cylinders are originated. This cylinder defined the
termination of a QSM branch and the following cylinders
are the origin of new QSM branches. Then, we defined a
QSM branch as a collection of consecutive QSM cylinders
which originate from a QSM branch node and terminates
either:
• on another QSM branch node,
• when a QSM cylinder reaches 10 cm diameter, or
• when the QSM branch ends

1223

Visual branch‑by‑branch pairing
The manually measured tree and QSM tree were visually
paired branch-by-branch. The architecture of the manually
measured tree was followed and each individual manually
measured branch was located and identified. Then, we
visually paired the measured branch with a QSM branch
following the architecture of the QSM tree. Manually
measured branches which did not have a QSM pair at
all were excluded for further analysis. In the case that a
manually measured branch was a suitable pair to two or
more QSM branches, the similarity of each QSM branch
with their manually measured counterpart was analysed.
The length and diameter of each QSM branch were the
parameters used to analyse quantitatively the similarity
of branches. Because length and diameter had different
orders of magnitude (one order of magnitude difference
in length parameter is a hundred order of magnitude difference in branch diameter), we could not compare them
using Euclidian distance. To overcome this, a special
type of Euclidian distance, the Diagonal-norm approach
(Bezdek 1981) was applied. The diagonal-norm approach
computed standardized values for both parameters and
allowed us to compare them quantitatively in the same
order of magnitude. Then, the QSM branch most similar
to the manually measured branch in standardized length
and standardized diameter was chosen as the best fitted
pair.

Tree metrics assessment
We examined the absolute and relative error to evaluate
branch length and diameter accuracy per individual paired
branch. A confusion matrix was used to validate the accuracy of our branching order method when compared to our
manual measured dataset. Finally, the relative error was used
to compare the cumulative length and the cumulative branch
volume of total branches (as the aggregation of all paired
branches) and separated by diameter classes. The cumulative
branch length was calculated as the sum of branches’ length
per cumulated diameter class. Likewise, the cumulative
branch volume was calculated as the total sum of branches’
volume per cumulated diameter class. The length and mean
diameter values of each branch were used to calculate branch
volume.

The QSM branch length was estimated as the sum of the
length of all cylinders belonging to the QSM branch and
the QSM branch diameter was estimated as the average of
the first and last cylinder belonging to the QSM branch.
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Fig. 2  Diagram of QSM
reconstruction. QSMs cylinders
with a diameter < 10 cm were
removed. Different colours
depict different QSM branches.
A branch node is a QSM cylinder from which two or more
cylinders are originated (dark
green a′′ cylinder and orange
c′′ cylinder). These cylinders
are also the termination of their
respective QSM branches. An
orange QSM branch started
from d′′ cylinder and terminated on c′′ cylinder. The QSM
branch length d′′ was calculated
as the sum of the length of the
consecutive cylinders from
the orange QSM branch and
the QSM branch diameter was
calculated as the average of the
first cylinder (b′′) and the last
cylinder (d′′) diameters. Please
refer to the digital version for
colour image

Results

Pairing individual QSM branches with manually
measured branches

Manual measurements from trees
The DBH of the nine trees harvested ranged from 61.3 up to
97 cm and the total tree height ranged from 18.8 up to 29.9
m. We collected and manually measured 279 branches up to
diameter > 10 cm and the highest branching order recorded
was 8 (see Table 1).

Table 1  Local name, scientific
name, DBH, tree height,
number of branches measured
and branching order for the nine
trees harvested in this study
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We needed to pair one measured tree with the seven most
accurate QSMs. To cope with this, we compared seven times
the measured branches with the seven most accurate QSMs.
Thus, a total of 279 manually measured branches were
compared seven times (a total of 1953 branches were compared) and expected to pair with QSM branches. TreeQSM
was able to find all measured branches at least once within
the seven repetitions. However, only 1149 QSM branches
paired, a 59% success rate (Table 2). TreeQSM was able

Tree

Local name

Scientific name

DBH (cm)

Tree height (m)

Measured
branches

Branching
order

1
2
3
4
5
6
7
8
9

Wallaba ituri
Wallaba ituri
Wallaba ituri
Wallaba ituri
Wallaba ituri
Wallaba ituri
Wallaba ituri
Korokororo
Wallaba soft

E. grandiflora
E. grandiflora
E. grandiflora
E. grandiflora
E. grandiflora
E. grandiflora
E. grandiflora
O. coutinhoi
E. falcata

89.3
61.3
66.0
68.7
72.7
97.0
82.6
76.0
65.5

25.4
18.8
22.2
29.6
28.8
29.2
27.0
29.8
29.9

39
23
23
30
26
32
20
54
32

8
6
5
6
5
7
6
7
8
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Table 2  Manually measured branches and the average and standard
deviation of the most accurate QSM branches with TreeQSM (7 repetitions) by diameter classes
Diameter
class (cm)

Measured
branches

Average of QSM branches

Accuracy (%)

10–20
20–30
30–40
40–50
50–60
60–70
≥ 70

160
67
26
11
7
5
3

72.29 ± 13.03
44.86 ± 7.27
21.86 ± 9.14
10.14 ± 3.93
7 ± 0.0
5 ± 0.0
3 ± 0.0

45
67
84
92
100
100
100

Accuracy shows the percentage of manually measured branches successfully reconstructed by TreeQSM. Our analysis was based only
using QSM branches that could be paired with a manually measured
branch

Table 3  Average absolute error and average relative error for QSM
branches by diameter classes
Diameter Absolute error ± SD
class (cm)
Length (m)
Diameter
(cm)
10–20
20–30
30–40
40–50
50–60
60–70
≥ 70

– 1.03 ±
1.81
– 0.67 ± 1.5
– 0.42 ±
2.19
– 0.21 ±
1.37
– 0.1 ± 0.76
0.34 ± 0.4
0.39 ± 0.3

Relative error
Length (%) Diameter (%)

5.14 ± 5.5

12

40

– 0.65 ± 4.76
– 5.33 ± 5.26

10
37

–2
– 15

– 4.23 ± 7.83

19

–9

– 3.61 ± 8.98
– 5.33 ± 5.68
– 1.54 ± 0.8

–1
3
2

–7
–9
–2

Our analysis was based on the QSM branches which paired a manually measured branch. Negative values indicated a model underestimation while positive values indicate a model overestimation compared to the manually measured branches

to reconstruct more than 95% of the branches thicker than
30 cm. These branches were mostly the main stem and big
branches. However, the reconstruction accuracy decreased
for thinner branches (which usually have also lower point
cloud density). TreeQSM reconstructed less than 56% of the
branches with diameter measured between 10 and 30 cm.

Branch length from QSMs
We analysed the performance of TreeQSM by comparing the
length of QSMs branches against the length of our manually measured branches and calculating the absolute error
difference between diameter classes (Table 3 and Fig. 3a).
For average length values per classes, refer to Table OR4.1

in Online Resource 4. For branches greater than 50 cm
diameter, the length of QSMs branches was overestimated
by 1% (0.21 m larger on average than the manually measured branches). TreeQSM had lower accuracy reconstructing length for branches smaller than 50 cm diameter. The
length of QSM branches was underestimated by 20% (0.58
m shorter on average) when compared to its measured
counterpart.

Branch diameter from QSMs
For branches greater than 60 cm in diameter, the diameter of
QSMs branches was underestimated by 6% (3.44 cm thinner
on average than that of the measured branches) as seen in
Table 3 and Fig. 3b. For average diameter values per classes,
refer to Table OR4.1 in Online Resource 4. For branches
with a diameter between 20 and 60 cm, TreeQSM underestimated the diameter by 8% ( 3.46 cm thinner on average than
measured branches). Also TreeQSM did not perform well for
branches between 10 and 20 cm. For these branches, QSMs
diameters were overestimated by 40% (5.14 cm thicker on
average).

Branching order from paired QSMs
The confusion matrix revealed that our method was very
accurate in assigning the correct branching order when
compared to the branching order of our manually measured
paired dataset (Table OR5.1 in Online Resource 5). Our
method correctly assigned 1143 QSM paired branches with
an overall accuracy of 99% and an overall kappa coefficient
of 0.99. Only 6 QSM branches were assigned incorrectly,
and all of these were assigned to higher branching orders.

Absolute and cumulative branch length and branch
volume from QSMs
The absolute length and absolute volume of TreeQSM
matched branches were compared with the absolute length
and absolute volume of manually measured matched
branches by diameter classes (Table 4). When analysing
by diameter classes, for branches between 10 and 20 cm,
TreeQSM underestimated the absolute branch length by 30%.
For thicker branches, with diameter between 20 and 50 cm,
absolute branch length is underestimated by 17% and for
branches thicker than 50 cm, is slightly overestimated by
1%. On the other hand, TreeQSM greatly overestimated the
absolute branch volume for branches between 10 and 20cm
(40%). However, for the branches with diameter between 20
and 50 cm, TreeQSM underestimated the absolute branch
volume by 29%. For thicker branches (> 50 cm), the absolute volume is slightly underestimated by 0.4% (Table 4).
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Fig. 3  Absolute error for length for each unique QSM branch (a) and
diameter (b). The solid black horizontal line depicts a perfect match
(absolute error of 0 m). Vertical lines depict the range of values of

the seven reconstructions of the QSM per tree and the dot depicts the
average value from the seven repetitions. Coefficient a denotes each
tree main stem

Table 4  Absolute values for manually measured branches and absolute values and relative error for QSM branches for the absolute branch length
and absolute branch volume separated by 10 cm diameter classes
Diameter class
(cm)

10–20
20–30
30–40
40–50
50–60
60–70
≥ 70

Absolute branch length (m)

Absolute branch volume (m 3)

Measured branches

QSM branches

Relative error
(%)

Measured branches

QSM branches

Relative
error
(%)

25.50 ± 8.21
13.51 ± 4.86
6.61 ± 5.49
4.16 ± 2.16
14.88 ± 6.77
11.22 ± 7.65
21.23 ± 4.57

17.82 ± 6.49
9.78 ± 4.62
5.61 ± 3.53
3.80 ± 1.6
14.88 ± 6.85
11.56 ± 7.94
21.62 ± 4.79

− 30
− 28
− 15
−8
−1
3
2

0.44 ± 0.15
0.66 ± 0.23
0.6 ± 0.45
0.66 ± 0.38
3.39 ± 1.74
3.47 ± 2.38
9.51 ± 2.19

0.61 ± 0.34
0.47 ± 0.24
0.42 ± 0.28
0.49 ± 0.22
3.62 ± 2.05
3.28 ± 2.42
9.25 ± 2.02

40
− 29
− 30
− 26
7
−5
−3

Values shown are the average values and standard deviation from the seven models

The cumulative branch length and cumulative branch
volume of each TreeQSM tree were compared to the same
parameters of each manually measured tree (Table 5).
When analysing all measured branches, TreeQSM underestimated the length by 13%. TreeQSM only slightly
overestimated below 1% the length of branches thicker
than 40 cm compared to the manual measurements. When
summing branches up to 20 cm diameter, the accuracy
decreased and the cumulative length was underestimated by 6%. Similarly, TreeQSM tended to underestimate the cumulative volume when compared to manual
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measurements (Table 5). When analysing all measured
branches, TreeQSM underestimated the volume by 3%.
For branches thicker than 50 cm, the volume of QSM
branches was overestimated by 1% and the cumulative
accuracy decreased when summing thinner branches. For
branches thicker than 30 cm, TreeQSM underestimated
volume by 3%.
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Table 5  Cumulative values
and relative error (%) for
cumulative branch length and
branch volume for manual
measurements and TreeQSM
models
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Cumulative branch length (m)

Cumulative branch volume (m 3)

Cum. branch
diameter (cm)

Measured
branches

QSM branches

Relative
error (%)

Measured
branches

QSM branches

Relative
error
(%)

≥ 70
≥ 60
≥ 50
≥ 40
≥ 30
≥ 20
Measured tree

21.23
32.45
47.33
51.49
58.10
71.61
97.11

21.62
33.18
47.92
51.71
57.33
67.11
84.93

2
2
1
0.4
–1
−6
– 13

9.51
12.98
16.36
17.02
17.63
18.29
18.73

9.25
12.52
16.15
16.64
17.05
17.52
18.14

−3
−3
−1
−2
−3
−4
−3

Negative values show underestimation while positive values show overestimation. Values are average values from the seven models

Discussion
Our TLS and the TreeQSM method correctly identified
and reconstructed 95% of the measured branches thicker
than 30 cm diameter, 67% of the measured branches with
diameter between 20 and 30 cm and 45% of the measured
branches thinner than 20 cm diameter. Our method was
exceptionally accurate assigning branching order (Fig. 4).
However, we identified limitations with this method for
reconstructing the length of measured branches less than
50 cm and the diameter of measured branches thinner than
20 cm. In a similar study on non-tropical trees, (Hackenberg et al. 2015b) found that branches with diameter
thicker than 10 cm were reconstructed accurately, but with
smaller branches, especially twigs with diameter thinner
than 4 cm, models overestimated branch volume. In a
study by Kaasalainen et al. (2014) branches with diameter
thinner than 5 cm were hardly visible in the point cloud
and therefore were mostly left out of the model.
Our method underestimated absolute measured branch
cumulative length on average by 13%. When analysing by
cumulative diameter classes, our method slightly overestimated less than 1% the length of cumulative measured
branches thicker than 40 cm. When including thinner
measured branches (up to 20 cm), the absolute measured
length was underestimated by 6%. Dassot et al. (2012)
found that reconstructed stem length agreed well with
destructive measurements while reconstructed length of
thinner branches did not.
Moreover, our method tended to slightly overestimate
the length of thicker branches and underestimate the
length of thinner branches (Table 4). This pattern was also
observed in the relative error of the cumulated branches
(Table 5). The relative error of the absolute branch length
was greater as branches got thinner (Table 4). However,
the cumulative branch length did not reflect this pattern,
due to the small influence of the length of smaller branches

when compared to the absolute length of our measured
branches.
Similarly, our method underestimated the absolute
branch volume by 3%. When analysing by cumulated
diameter classes, our method slightly underestimated the
estimated volume of branches thicker than 50 cm by 1%.
When including thinner branches (below 20 cm), cumulative branch volume underestimation increased up to 4%.
This systematic underestimation of tree volume regardless of species or absolute volume was also reported by
Dassot et al. (2012); Gonzalez de Tanago et al. (2017);
Calders et al. (2015). Similar studies also described similar accuracy values, Gonzalez de Tanago et al. (2017)
showed an overall underestimation of 4% and Hackenberg
et al. (2015a) described a absolute relative error of 8%
compared to volume reference data. Although our method
greatly underestimated the volume of thinner measured
branches (Table 4), these did not contribute significantly
to the cumulative branch volume, as seen in Table 5.
A conceptual difference where the main stem terminated
was found between the manual measurements and the tree
reconstruction. In the manual measurements, the length
of the main stem stopped where the stem began to widen,
before the point of furcation (Fig. 1); while in our method
(Fig. 2), the length of the main stem terminated where the
actual furcation was. The point of the manual measurement
was up to several meters below where the measured branch
split occurred and where the TreeQSM reconstructed a new
branch. Thus, we took new measurements using the tree
point cloud. The new measurements lowered the absolute
error from 4.6 to 0.7 m. Based on our results, we recommend
for future research to explicitly define a measured branch
starting from the base of a branch. An ambiguous branch
definition might lead to higher uncertainty in the length of
the QSM branch. In addition, we observed that some big
branches were destroyed during tree felling and could not
be manually measured afterwards. Luckily, these branches
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Fig. 4  (a) E. grandiflora tree
point cloud, (b) TreeQSM with
branches > 10cm diameter
reconstructed from the tree
point cloud. (c) QSM branches
classified by length, (d) by
branch diameter, and (e) by
branching order. (f) QSM
branches which were paired
with manually measured
branches. Please refer to the
digital version for colour image

had been scanned before felling, and thus appeared in the
point cloud and were reconstructed by TreeQSM. As such,
in the future, we suggest that the destroyed branches should
be taken into account during the reconstruction process,
because a missing branch might confuse the branching order
and misclassify the QSM branch.
While our tree reconstruction method helped us to understand the architecture of the branches, it also constrained
representing the architectural complexity. In this study, we
enforced a simple cylinder-fractal structure of trees and lost
details of the complex nature of the architecture of trees.
Figure 1 shows that branch daughters exactly originated
from a single branch node. However, two branches might
originate from different branches nodes which are very close
to each other and they might be confused as one branch
node. While in this study we did not find this case, future
studies should take into account the exact point of furcation
as the origin of the branches. Enforcing a cylindrical structure also impacted the buttresses modelling. In this study,
the presence of buttresses did not impact our branches analysis. Moreover, the TreeQSM version used for this analysis
was not able to render buttresses, thus we assumed them as
cylinders. Recent work done by Gonzalez de Tanago et al.
(2017) suggested that the modelling of buttresses has an
impact on decreasing uncertainty on total tree volume and
encouraged further studies to analyse buttresses in depth. In
addition, we applied a simplification algorithm to reduce the
number of output cylinders. This step reduced the number
of cylinders by, either removing specific cylinders (based
on our threshold), or merging two or three cylinders into a
larger one. Nevertheless, this simplification indirectly added
uncertainty in the reconstruction. Figure 2 shows three cylinders originating from the blue branch. While two cylinders originated from a very close furcation point, the first
cylinder originated below this furcation point. However, the
simplification process of our method created a single cylinder and simplified the output model.
The quality of any TreeQSM output is a reflection of the
quality of the point cloud on which it was based and the
accuracy assessed for reconstruction. Several studies proved
that TreeQSM was able to reconstruct smaller branches with
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high accuracy when these branches had sufficient point density for an proper reconstruction (Raumonen et al. 2013;
Calders et al. 2015; Åkerblom et al. 2017). In our study,
we scanned the trees in dense tropical environments, which
made it difficult to scan properly the smaller branches inside
the crown. The quality of the point cloud is directly influenced by several factors such as: the distance between the
TLS scanner and the scanned tree, the scanning parameters
and the environment surrounding the tree. The distance from
the instrument to the tree canopy was especially noticed,
which is the farthest path from the TLS scanner, surrounded
by under story and (very often) lianas. The presence of lianas did not help us in the reconstruction process; however,
in this study we are not modelling tree volume, and so the
effects were not considered important. Even though our
results showed that TreeQSM could not reconstruct thinner
branches (it found 56% of branches between 10 and 30 cm
diameter), the deviations of the TreeQSM matched branches
from the real data measured in the field are relatively small.
Moreover, we scanned with an angular resolution of 0.06◦ ,
which had proven to be a good trade-off between accuracy
and time requirements for estimating other tree parameters
(Calders et al. 2015; Gonzalez de Tanago et al. 2017; Wilkes
et al. 2017), but might not be the most adequate parameter
for inside canopy measurements. Wilkes et al. (2017) suggested that an angular resolution of 0.01◦ might be a better
choice when scanning branches in high detail. By decreasing
the angular resolution to 0.01◦ , we would be increasing the
point density at larger distances, capturing more details of
branches at higher heights. However, by increasing the angular resolution, we are also exponentially increasing the time
scanning. Moreover, we are also increasing the chance that
we capture the branches being swayed by the wind, creating
a ghosting effect in the point cloud (Wilkes et al. 2017).
Occlusion (the hiding of some structural elements by
others) is a big issue for scanning in the tropics, thus to
avoid occlusion and capture branches in detail within the
canopy, the scanner should be located within a gap in the
understory or in flexible positions. Implementing a radial
sampling design with flexible locations around the tree could
potentially produce a more evenly distributed point density
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along the tree (Wilkes et al. 2017) and avoid occlusion by the
surroundings. Our study employed 9 fixed position and only
4 flexible positions (set up arbitrarily within canopy gaps to
capture the tree canopy) for TLS scanning per plot (Online
Resource 1). We suggest that further studies should increase
the number of flexible scan positions. The inclusion of more
flexible scan positions might increase the point density at
plot level. Moreover, when scanning, one should take into
account wind, which swayed the medium to small branches
and introduced noise in the point cloud. Seidel et al. (2012)
have recommended to avoid wind with speed greater than
5 m/s.
Although our sample size is small and dominated by one
tree species, our methodology can be applied to most tree
species. We suggest that future research can apply our methodology on trees with different architecture and compare
the accuracy. Equally important, one should be aware of the
presence of non-hardwood components (leaves), branches
from other trees and lianas. Tree architecture relies mostly
on hardwood measurements and the presence of leaves, foreign branches and lianas introduces uncertainty in the branch
reconstruction at canopy level. Lianas are very difficult to
distinguish within the canopy and manually removing them
creates extra work. In this paper, we systematically deleted
all cylinders with diameter less than 10 cm to remove lianas. Future research on branch architecture in the tropics
should aim to incorporate new algorithms for leaves and
lianas removal.
The branching order is a very sensitive parameter.
TreeQSM will reconstruct foreign cylinders from a point
cloud which has not been properly cleaned (with lianas or
branches from other trees). The presence of these foreign
branches will add several levels to the branching order, especially if those foreign branches are attached to the main stem,
changing the order drastically. Even though the branching
order was highly accurate with our paired branches, some
branches were misclassified in higher branching orders.
We excluded branches thinner than 10 cm from our analysis. The low point density (due to the scanner angular resolution used in this paper), the plot design (Online Resource 1)
and the high occlusion (due to lianas and the same branches)
inside the crown made the reconstruction of branches within
the crown unreliable. Moreover, our field data collected
only measurements of branches > 10 cm. While removal
of branches below 10 cm facilitated branch reconstruction
in this study, it also reduces the applicability of this method
for further studies. Despite that, it does not complete discard
it; future research could adopt this methodology for smaller
branches and still have comparable results.
Our paper relied on visual inspection in several steps of
this paper (Sects. "Tree architecture reconstruction" and
"Visual branch-by-branch pairing"). Even though visual
inspection is subjective, it was done heuristically based on
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the expertise of the authors. Other studies relied on other
parameters to optimize TreeQSM, e.g., Gonzalez de Tanago
et al. (2017) used the absolute volume to estimate an optimal
d. We could not apply the same optimization method as in
Gonzalez de Tanago et al. (2017), since their method was
optimized upon estimating biomass and their sample size
was bigger than ours. Future research should focus on an
automated TreeQSM optimization method, as proposed by
Calders et al. (2015).

Conclusions
Our study assessed the accuracy of using TLS and TreeQSM
to reconstruct tree architecture parameters (branch length,
branch diameter, branching order, absolute, and cumulative
measured tree length and absolute and cumulative estimated
tree volume) from tropical tree point clouds. Our method is
able to reconstruct accurately big branches (> 40 cm diameter), while for smaller branches the accuracy decreased. A
series of limitations were discussed which could improve
the constraints encountered in this study and improved the
modelling of smaller branches. We encourage future studies
to optimize the plot and sampling design to obtain a more
optimal point cloud density for branches inside the canopy
and to take other factors into account while scanning, such
as wind and disturbance from sampling activities (Wilkes
et al. 2017). Even though our results perform worse at the
tree level, our approach still represents a significant step
forward into studies of tree architecture based on TLS and
TreeQSM which could accelerate and improve our understanding of tree architecture and how it may influence ecological (Kempes et al. 2011; Rosati et al. 2013) and metabolic processes (West 1999b; Bentley et al. 2013) or, in turn,
be shaped by those processes.
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