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Calibration and validation of aboveground biomass (AGB) (AGB) products retrieved from satellite-borne sensors
require accurate AGB estimates across hectare scales (1 to 100 ha). Recent studies recommend making use of
non-destructive terrestrial laser scanning (TLS) based techniques for individual tree AGB estimation that provide
unbiased AGB predictors. However, applying these techniques across large sites and landscapes remains logis
tically challenging. Unoccupied aerial vehicle laser scanning (UAV-LS) has the potential to address this through
the collection of high density point clouds across many hectares, but estimation of individual tree AGB based on
these data has been challenging so far, especially in dense tropical canopies. In this study, we investigated how
TLS and UAV-LS can be used for this purpose by testing different modelling strategies with data availability and
modelling framework requirements. The study included data from four forested sites across three biomes:
temperate, wet tropical, and tropical savanna. At each site, coincident TLS and UAV-LS campaigns were con
ducted. Diameter at breast height (DBH) and tree height were estimated from TLS point clouds. Individual tree
AGB was estimated for ≥170 trees per site based on TLS tree point clouds and quantitative structure modelling
(QSM), and treated as the best available, non-destructive estimate of AGB in the absence of direct, destructive
measurements. Individual trees were automatically segmented from the UAV-LS point clouds using a shortestpath algorithm on the full 3D point cloud. Predictions were evaluated in terms of individual tree root mean
square error (RMSE) and population bias, the latter being the absolute difference between total tree sample
population TLS QSM estimated AGB and predicted AGB. The application of global allometric scaling models
(ASM) at local scale and across data modalities, i.e., field-inventory and light detection and ranging LiDAR
metrics, resulted in individual tree prediction errors in the range of reported studies, but relatively high popu
lation bias. The use of adjustment factors should be considered to translate between data modalities. When
calibrating local models, DBH was confirmed as a strong predictor of AGB, and useful when scaling AGB esti
mates with field inventories. The combination of UAV-LS derived tree metrics with non-parametric modelling
generally produced high individual tree RMSE, but very low population bias of ≤5% across sites starting from 55
training samples. UAV-LS has the potential to scale AGB estimates across hectares with reduced fieldwork time.
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Overall, this study contributes to the exploitation of TLS and UAV-LS for hectare scale, non-destructive AGB
estimation relevant for the calibration and validation of space-borne missions targeting AGB estimation.

1. Introduction

Tanago et al., 2018; Momo Takoudjou et al., 2018). Demol et al. (2022)
listed eleven studies that include in total 303 individual trees and
employed TLS to estimate individual tree AGB. All eleven were able to
produce a plot bias of ≤10% compared to destructive measurements and
eight even a bias ≤5%. Current shortcomings of TLS-based AGB esti
mation include uncertainty on tree-internal variation of wood density
(Demol et al., 2021a), volume estimation of small branches (<10 cm in
diameter) (Demol et al., 2022; Wilkes et al., 2021), variability of wood
density within individual trees (Demol et al., 2021a) and variability in
estimation of automatic processing pipelines (Momo Takoudjou et al.,
2018; Martin-Ducup et al., 2021). Nonetheless, to date TLS appears to be
the best non-destructive estimate for individual tree AGB in the absence
of direct, destructive measurements. Still, in terms of satellite calibra
tion and validation, time spent in the field of 3–7 days ha-1 and a lack of
reliable individual tree segmentation algorithms suitable for complex
tropical canopies are major bottlenecks (Wilkes et al., 2017). These is
sues make large-scale calibration and validation based on TLS sample
plots still unfeasible.
From the early 2010s, unoccupied aerial vehicle laser scanning
(UAV-LS) systems1 have been investigated for forest structural charac
terisation across hectare scales (1–100 ha). While initial systems were
primarily custom-built (Jaakkola et al., 2010; Wallace et al., 2012; Guo
et al., 2017), commercial systems became available from the mid 2010s
(Mandlburger et al., 2015; Brede et al., 2017; Wieser et al., 2017). Basic
forestry metrics like DBH, canopy height and tree count have already
been successfully derived (Brede et al., 2017; Wallace et al., 2014;
Wieser et al., 2017), and explicit geometric modelling with quantitative
structure modellings (QSM) has been attempted (Brede et al., 2019). In
the context of tree volume and AGB estimation, a major challenge is the
detection of lower canopy elements with UAV-LS, specifically trunks
that contain most of trees’ AGB. In particular DBH, which is often used in
field-based ASM, could be reliably estimated in Norway spruce and Scots
pine stands (Kuželka et al., 2020), but not in heterogeneous stands due
to the lack of sufficient trunk points resulting from the top-of-canopy
perspective (Brede et al., 2017; Levick et al., 2021; Vandendaele et al.,
2021; Terryn et al., 2022). Hence, other tree metrics need to be exploited
to estimate tree volume. For example, Puliti et al. (2020) presented an
approach that estimates growing stock volume based solely on UAV-LS.
They identified trees that permitted DBH estimation, and trained local
prediction models between UAV-LS estimated tree height and DBH. This
made it possible to estimate DBH for all trees within the plot and hence
application of field-derived ASM for total tree wood volume. However,
this approach is limited to forests that enable DBH estimation of a suf
ficient number of trees, which is usually only the case for open, struc
turally less complex forests.
The overall objective of this study was to test modelling strategies
based on TLS and UAV-LS technologies for non-destructive estimation of
individual tree AGB. Specifically, calibration strategies involving glob
ally and locally calibrated prediction models were distinguished. Global
approaches are cost-efficient, because no calibration samples need to be
collected locally, and were tested to assess their performance at the
available sites. As the application of globally calibrated ASM at the local
scale currently includes the crossing of measurement modalities, i.e.,
between field- and laser scanning measurements, the consequence on
the prediction was investigated. On the other hand, local approaches
were tested with the setup of supersites in mind, where high quality
calibration samples can be invested in. In this scenario, the question was
which measurements – field-inventory, TLS or UAV-LS – combined with

Recent and upcoming satellite missions targeting the estimation of
forest aboveground biomass (AGB) such as BIOMASS, GEDI, NISAR and
ALOS-4 require accurate and extensive calibration and validation data
(Duncanson et al., 2019). A range of methods have been proposed that
aim at area-wide AGB estimation with varying accuracy and acquisition
speeds. Traditional field methods applied in forest inventories are based
on field-measurable tree metrics like diameter at breast height DBHand
tree height, combined with allometric scaling models (ASM) calibrated
on destructively harvested individuals and are grounded in allometric
scaling theory (Picard et al., 2012). These tree metrics are already
collected in plot networks that have a large geographical coverage
(Chave et al., 2004, 2005; Réjou-Méchain et al., 2017). However, large
trees pose a problem as they are rarely harvested and hence not well
represented in ASM (Duncanson et al., 2019; Burt et al., 2020; Disney
et al., 2018). Additionally, recent studies discuss if allometric scaling
laws actually still hold for large trees (Burt et al., 2020, 2021).
Airborne laser scanning (ALS) collects of point clouds that charac
terise the forest canopy structure at the landscape-scale. From this
structural information, AGB can be inferred over large areas through
either area-based or tree-centric approaches, thereby making it attrac
tive for satellite mission calibration and validation. For area-based ap
proaches, canopy vertical structure metrics such as top of canopy height
are derived and calibrated with local field derived AGB at the plot scale
to predict AGB (Asner and Mascaro, 2014). Area-based approaches are
typically calibrated for one specific product resolution only. Addition
ally, edge effects result in larger estimation errors at fine resolution and
cancel out when aggregating to coarser resolution, effectively making
the prediction errors scale-dependent (Mascaro et al., 2011; Knapp et al.,
2021; Réjou-Méchain et al., 2019).
For tree-centric approaches, individual trees are identified in the ALS
point cloud with segmentation routines. Individual tree metrics such as
individual tree height and crown diameter can then be estimated for the
segmented trees, and subsequently used in combination with ASM to
derive AGB at the tree level. Finally, the individual tree AGB is summed
across an area to derive the plot AGB. This approach is very similar to
well-known traditional ASM approaches of field plots (Coomes et al.,
2017) and is independent of the scale of calibration plots (Dalponte and
Coomes, 2016). However, a challenge for tree-centric approaches with
ALS data is the delineation of crowns as well as the identification of
understorey trees (Coomes et al., 2017). Moreover, tree-centric ap
proaches require much higher point density than area-based ap
proaches. Both area-based and tree-centric approaches rely on ASM
calibrated against destructively harvested trees. The sampling of the
respective harvest trees is often biased towards small trees and errors are
often not characterised (Disney et al., 2018).
Terrestrial laser scanning (TLS) was discussed as a preferred data
source for forest AGB validation (Duncanson et al., 2019) and a potential
new standard for assessment of forest structural metrics (Levick et al.,
2021; Brede et al., 2017). In essence, high-density point clouds are
collected with a TLS instrument from the ground. From these point
clouds, single trees are segmented and subsequently explicit geometric
models are built (Raumonen et al., 2015; Hackenberg et al., 2015).
These models serve to estimate individual tree wood volume, which in
combination with wood density can estimate AGB. Hence, TLS is not a
direct measurement of tree AGB, and should not be treated as such.
Some studies suggest that TLS could provide unbiased individual tree
AGB estimation with errors independent of tree size and low bias
(±10%) (Calders et al., 2015; Stovall et al., 2017; Demol et al., 2021b),
while others showed increase of error with tree size (Gonzalez de
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modelling approaches can yield the best performance for a supersite tree
population. Field measurements can be regarded as relatively costefficient and require less investments in technology and training than
light detection and ranging (LiDAR) approaches. Additionally, vast
amounts of inventory data are already available across research plots
and in national forest inventories (NFI), which can be used for satellite
calibration and validation. For UAV-LS the limitation to reliably detect
the tree trunks had to be considered. Finally, in the case of locally
calibrated scaling models, the number of necessary calibration samples
was investigated as they determine the number of TLS samples required.
The focus of this study was to explore different modelling strategies for
individual tree AGB (in Mg), not plot scale AGB (in Mg ha− 1).

During a combined TLS and UAV-LS campaign data were collected in
plot 6 between 10 October and 15 November 2019. A quadratic area
with 200 m side length covering the NE corner of plot 6 was scanned first
with UAV-LS, then with TLS (Fig. 3). FG was selected as an example for a
dense tropical rainforest.
2.1.3. Robson Creek, Australia (RC)
The RC 25 ha rainforest plot was established in 2009 as the centre
piece of the Robson Creek node of the Far North Queensland Rainforest
Supersite (Bradford et al., 2014). The RC site is located in a simple to
complex notophyll vine forest in NE Queensland, Australia (S17◦ 7′
E145◦ 37′ ). The site is an Oz-flux site and supersite within the Terrestrial
Ecosystem Research Network (TERN) (https://www.tern.org.au/te
rn-observatory/tern-ecosystem-processes/robson-creek-rainforest-supe
rsite/). The 25 ha plot was selectively logged with the last logging un
dertaken between 1960 and 1969 (Bradford et al., 2014). The focus in
this study was on the single core hectare (hectare number 6) which is
located on the western edge of the 25 ha plot. This hectare had a stem
density of 967 ha (DBH ≥10 cm) according to census data from 2019.
Lianas are present throughout the plot and the plot has a healthy un
derstory layer.
TLS data were collected in July and August 2018, with UAV-LS
collection following on 18 and 19 September 2018. Of the two flights
used in this study, one covered only the TLS plot at 2.5 m s− 1, while the
other also covered the surrounding area at 8 m s− 1. This and the fewer
number of flights when compared to FG, led to about half the point
density as at FG (Table 1). The point cloud densities of FG and RC were
not harmonised in order to investigate the effect of point cloud density
on prediction performance.

2. Data
2.1. Study sites and campaigns
Four study sites, for which high quality UAV-LS and TLS data were
available, were included in this study. These sites were located in
Europe, South America, and Australia, and represent a variety of forest
types and tree architectures (Figs. 1 and 2).
2.1.1. Speulderbos, The Netherlands (NL)
The Speulderbos Reference site is located in the Veluwe forest area in
the Netherlands (Brede et al., 2016, N52◦ 15.15′ E5◦ 42.00′ ). The core
stand of the site consists mainly of mature European beech (Fagus syl
vatica) and oak (Quercus robur, Q. petraea) with sparse understorey.
Adjacent to this core stand are gymnosperm stands of Norway spruce
(Picea abies), Giant fir (Abies grandis) and Douglas fir (Pseudotsuga
menziesii) (Brede et al., 2017, 2019). In the context of this study,
Speulderbos (NL) is an example for mature, temperate forests with small
amounts of understorey. Data collection covered the core and adjacent
gymnosperm stands, and was carried out on 10 May (UAV-LS), 8 and 10
May 2017 (TLS) (Brede et al., 2020).

2.1.4. Litchfield, Australia (LF)
The LF site (S13◦ 10.74′ E130◦ 47.67′ ) has a wet–dry tropical climate
with a pronounced rain season between November and April (Luck et al.,
2020). LF is dominated by Darwin woollybutt (Eucalyptus miniata) and
can be classified as tropical savanna. Like RC, LF is a supersite and part
of OzFlux and TERN (https://www.tern.org.au/tern-observatory/tern-e
cosystem-processes/litchfield-savanna-supersite/). The TLS campaign
that included RC also covered LF in July and August 2018. UAV-LS was
collected on 12 and 13 September 2018.

2.1.2. Paracou, French Guiana (FG)
The Paracou Research Station is situated in a lowland tropical terra
firme forest of the Guiana Shield and home to more than 750 woody
species (N◦ 5 18′ W52◦ 53′ , https://paracou.cirad.fr/). The station was
initiated in 1984 with a large-scale controlled disturbance experiment
across 12 plots with each 6.25 ha between 1986 and 1988. The focus in
this study was on plot 6, which was a control plot during the disturbance
experiment, i.e., it was left intact and without treatment. Plot 6 had a
stem density of 563 ha− 1 (DBH ≥10 cm) and AGB density of 421.9 Mg
ha− 1 in 2017 according to census data. Lianas are present throughout
the plot at low levels and the plot has a healthy understorey layer.

2.2. TLS protocol
TLS data collection was performed with different RIEGL VZ-400
scanners across the four sites (Table 2). The VZ-400 has been used in
several studies targeting individual tree AGB estimation (Calders et al.,
2015; Gonzalez de Tanago et al., 2018; Lau et al., 2019) and ranging

Fig. 1. Site locations.
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Fig. 2. Impressions from the study sites. NL shows the young beech part of the plot. At LF, a RIEGL VZ-400 is installed on tripod during scanning.

accuracy has been found to be comparable among the different devices
(Calders et al., 2017). TLS data collection and processing followed
standard procedures for large area forest scanning (Wilkes et al., 2017).
Regular grids of scan positions with variable grid spacing depending on
forest density and complexity were implemented (Table 1). At each
position, scans with the scanner in upright and horizontal tilting were
performed by using the VZ-400 tilt-mount. Retro-reflective targets were
placed in between consecutive scans in order to facilitate coarse regis
tration. Co-registration between individual scan positions was per
formed with RIEGL’s RiSCAN PRO software first with the help of the
retro-reflectors for coarse registration, then using the Multi-Station
Adjustment (MSA) routine for fine registration (Wilkes et al., 2017).
This routine first searches for planar surfaces in the scan data, which can
be tree trunk surfaces or ground patches. Then, these surfaces are used as
registration targets to adjust the scan position of all individual scans of
the scan project. Due to lack of reliable global navigation satellite system
(GNSS) reception below the forest canopy, initial registration of the TLS
project was performed in the project coordinate system. Additionally,
the registered point clouds were cleaned from noisy points by removing
points exceeding pulse deviation threshold (Wilkes et al., 2017).

VUX-1UAV UAV-LS system (Table 2). Typical air times were 20–30 min
with 15–20 min mapping time per flight. Flights were planned with
regularly spaced parallel flight lines across the target areas. At FG, an
elaborate flight pattern design was tested: The first two flights were
arranged to follow the directions of the plot boundaries, two more flights
with a 45◦ rotation, and two more with the same direction as the first
flight, but with modified scanner settings. At RC, the plot was located
slightly beyond the maximum range of 500 m from the take off position,
which resulted in limited coverage over the most southern part of the
plot. Additionally, flight line spacing was wider than at NL and FG at
40 m to cover a larger area. At LF, one flight had to be flown manually
due to an unsuccessful flight plan upload to the platform, resulting in an
uneven distribution of flight lines. However, due to the open canopy
structure at this savanna site canopy exploration was still very favour
able for further analysis. Further details on the flight campaigns can be
found in Table 1.
The UAV-LS processing followed standard procedures (Brede et al.,
2017). First, the collected raw GNSS and IMU data were processed to
flight trajectories with Applanix POSPac Mobile Mapping Suite 8.3 and
under correction of GNSS logs received from permanent base stations.
Second, LiDAR waveforms were processed to discrete return ranging
data in the scanner’s own coordinate system with RIEGL’s RiPROCESS
software. During this step all returns that would result in a reflectance of
less than 20 dB were removed. Then, the trajectory in combination with

2.3. UAV-LS protocol
All four study sites were flown with the same RIEGL RiCOPTER with
4
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Fig. 3. UAV-LS point density maps of the involved sites. Black points indicate TLS scan positions and black lines UAV-LS flight lines. All geographic data are World
Geodetic System 1984 WGS84 UTM. Universal Transverse MercatorUTM zones were 31N, 22S, 55N, 52N for NL, FG, RC and LF, respectively.

the laser ranging data was processed to point clouds on a flight line
basis. Finally, flight line co-registration for each site was improved with
RIEGL’s RiPRECISION routine, which automatically searches for planar
surfaces in the target area and uses them for fine-registration, similar to
the MSA routine for TLS.
Three-dimensional registration of TLS with the UAV-LS point clouds
was performed with manually selected registration targets with the
alignment tool in CloudCompare v2.11 (https://www.danielgm.
net/cc/). At the NL site, 12 registration targets (ground control points,
GCPs) consisting of planar surfaces were used that were evenly spread
over the site (Brede et al., 2017). At the FG and RC sites, no dedicated
GCP were installed, because visibility could not be ensured from the
UAV-LS. Therefore, branches of large trees, apex points of palms and
terrain features, which were easy to identify in both TLS and UAV-LS
point clouds, were used as targets. At the LF site, different objects on
the scaffold tower in the centre of the site like guy-wire anchors and
instrument mountings were used to co-register TLS and UAV-LS point
clouds. Residual registration errors are listed in Table 1.

2.4. Wood density
Wood density estimates were retrieved from two global databases
and a compilation study in order to estimate AGB based on individual
tree volume estimates. Data for the NL temperate site were collected
from the Wood Economics Spectrum database (Chave et al., 2009; Zanne
et al., 2009), where data are stored as species level-averages. Since trees
from the family Fagaceae could not be identified to the species level
based on the UAV-LS data, they were summarised at the family level by
averaging wood densities of the species Fagus sylvatica, Quercus robur
and Quercus petraea (Table 3). All other species were treated with
species-specific wood densities. Data for the tropical sites FG and LF
were extracted from the Pantropical Tree Harvest database (Chave et al.,
2014), where data are stored at single tree level. All available samples
were averaged for French Guiana for the FG site, and for Australia for the
LF site. Wood density representative of Australian wet tropical forests
was taken from Bradford and Murphy (2019) for the RC site.

5
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Table 1
Study site characteristics, TLS and UAV-LS campaign details.
Speulderbos
(NL)
Biome
Stem density
[ha− 1]
Sampled area [ha]
Number of
sampled trees
[#]
DBH range of
samples [cm]g
Tree height range
of samples [m]g

1.8
199

4.0
171

1.0
192

1.0
310

8.9–94.3

8.0–158.8

16.4–195.1

5.1–56.9

9.0–36.4

10.4–44.6

18.5–37.4

5.4–24.8

10
121

25
50

2
90

2
55

Flights [#]
Flight height a.g.l.
[m]
Flight speed [m
s− 1 ]
Average point
density [points/
m2]

1
90

b
c
d
e
f
g

Litchfield
(LF)
TSc
492f

10 & 20
58

a

Robson
Creek (RC)

Site characteristics & samples
TBMFa
TMBFb
TMBF
204d,e
563d
967d

Grid spacing [m]
Scan positions [#]

Registration
residual error
[cm]

Paracou
(FG)

Table 3
Wood densities used to estimate AGB for the four sites.

TLS
10
441
UAV-LS
6
110

6

6

2.5 & 8

6

3798

10090

4459

3744

1.8

1.8

2.8

TLS & UAV-LS
11.3

VUX-1UAV

VZ-400

550
500
340a
10 & 5
1550
0.5
330c
4.3e

300
122
350b
5&3
1550
0.35
100 × 360d
9.6f

a
b
c
d
e
f

Wood density ρ
[g cm− 3]

Source

NL
NL
NL
NL
FG

Fagaceae
Abies grandis
Picea abies
Pseudotsuga menziesii
Angiosperm (French
Guiana)
Angiosperm (Australia, wet
tropical)
Angiosperm (Australia,
general)

0.568
0.350
0.370
0.453
0.626

Zanne et al. (2009)
Zanne et al. (2009)
Zanne et al. (2009)
Zanne et al. (2009)
Chave et al. (2014)

0.630

Bradford and Murphy
(2019)
Chave et al. (2014)

LF

0.864

sense the sampling design was not random and did not represent the
demography of trees, but aimed to capture largest contributors to the
plot AGB. The largest trees were identified with help of the canopy
height model models (CHMs), point cloud inspection and inventory stem
maps, where available.
At all sites, trees with trunks that bifurcated below 1.3 m were
excluded from analysis. At the FG site, palms were not included in the
sampling in line with Jucker et al. (2017). At the more open LF site,
segmentation was less complicated and time-intensive due to rare crown
overlap, so smaller trees were included in the sampling. In total, 199,
171, 191, and 310 trees were sampled at the NL, FG, RC and LF sites,
respectively (Fig. 4 and Table 1). After selection, each sample tree was
manually segmented from the TLS plot point cloud to ensure high seg
mentation quality. This included identification of the main trunk and
branches, segmentation of the crown from neighbouring trees, removal
of surrounding ground points and understorey, and removal of dead and
tangled branches, lianas and epiphytes.
Subsequently, semi-automatic foliage segmentation was applied
(Wang, 2020) with manual parameter tuning based on 10–20 trees per
site and visual assessment. Finally, defoliated tree point clouds were
used to build QSMs, and derive tree trunk and branch volume with
TreeQSM v2.3. TreeQSM is a geometric fitting routine that models
geometrically explicit trees by identifying the branching architecture,
and fitting cylinders to represent trunks and branches (Raumonen et al.,
2013). QSM-derived tree volume has been shown to be an unbiased
predictor for individual tree AGB (Calders et al., 2015), especially for
large trees (Gonzalez de Tanago et al., 2018; Momo Takoudjou et al.,
2018). The latest version of TreeQSM is available at (https://github.
com/InverseTampere/TreeQSM).
For automatic optimisation of TreeQSM parameters, a grid-search
optimisation was applied on an individual tree basis. Specifically, for
each parameter a vector of possible values was determined, then all
possible parameter combinations were derived and TreeQSM was run 10
times for each combination. Then, the mean QSM to point cloud distance
was computed for each QSM and averaged for all QSM of a parameter
combination. The parameter combination with the smallest mean dis
tance was identified as the best parameter combination for the particular
tree. For this combination, TreeQSM was run again 25 times and the
individual tree wood volume was calculated as the sum of the volume of
all QSM cylinders. The repetition was applied to take into account the
stochastic nature of TreeQSM. That is, TreeQSM contains a random
component in the initiation stage of model fitting. This means for the
same input parameters the resulting QSM will differ slightly from each
other. Finally, the wood volume for a single tree was estimated as the
mean across the 25 QSM.
In order to estimate individual tree AGB, the QSM tree volume was
multiplied with the wood density corresponding to the tree’s taxonomic
group (Table 3). This approach assumes uniform wood density across
the whole tree, while true wood density varies within a tree (Demol
et al., 2021a) and within trees of the same species (Phillips et al., 2019).
Intra-tree variations can even be systematic within functional groups,

Table 2
RIEGL VUX-1UAV and VZ-400 characteristics. The listed performance parame
ters correspond to the scan programmes used in the field campaigns at all sites.
Pulse repetition rate (PRR) [kHz]
Effective measurement rate [kHz]
Maximum range [m]
Ranging accuracy & precision [mm]
Laser wavelength [nm]
Beam divergence [mrad]
Field of view [◦ ]
Weight [kg]

Taxonomic group

RC

Temperate broadleaf and mixed forest.
Tropical moist broadleaf forest.
Tropical savanna.
DBH ≥10 cm.
Density for beech and oak stand.
DBH ≥5 cm, (Luck et al., 2020).
Based on TLS point clouds.

Characteristic

Site

At target ρ ≥ 0.8 and 550 kHz PRR.
At target ρ ≥ 0.9 and 300 kHz PRR (high speed mode).
Across track.
Zenith × azimuth.
With inertial measurement unit (IMU).
Without battery and tilt mount.

3. Methods
3.1. TLS trees and TLS tree metrics
For all four sites, sample trees were extracted from the TLS plot point
cloud. These would serve as calibration for UAV-LS individual tree es
timates. Individuals were sampled from across the plot area to capture
different growing conditions within the plot as well as across tree sizes.
Trees with DBH ≥ 5 cm as estimated in the TLS point clouds were pri
marily targeted. The largest trees within the plots were sampled with
priority as they contain the bulk of plot AGB (Meyer et al., 2018). In this
6
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Fig. 4. TLS trees for involved sites. Individual trees are coloured for better visual interpretation.

Fig. 5. TLS tree statistics across sites. (a) DBH based on least squares fitted cylinder fitted to TLS point cloud at 1.1–1.5 m above ground. (b) Tree height H100 based
on difference between lowest and highest TLS point. (c) Crown diameter based on distance of convex hull centroid to convex hull vertexes. Convex hull derived from
TLS point cloud. (d) AGB based on TLS QSM volume estimation and wood density (Section 3.1).

meaning that bias can propagate to stand level depending on the forest
composition in pioneer species (Momo et al., 2020). However, volumeweighted wood density values are not widely available (Demol et al.,
2021a), especially for tropical tree species.
Additionally to AGB, individual tree DBH was estimated as the
diameter of the cylinder fitted to the height 1.1–1.5 m of the QSM at NL
and LF. At FG and RC, where buttresses hampered this simple estimation
procedure, a procedure based on the TLS point clouds was implemented
that mimics field protocols for buttressed trees (Terryn et al., 2022):
initially, a circle was fitted to a 6 cm thick point cloud slice at 1.3 m from
the ground. If the average residual between the points and the fitted
circle exceeded 0.001 times the fitted radius indicating a buttress, the
process was repeated with the next point cloud slice 6 cm higher, until

the criterion was met. The range between lowest and highest point in
individual TLS tree point clouds was used as the TLS-based tree top
height (H100).
3.2. UAV-LS tree segmentation
Automatic individual tree segmentation was performed with a
recently developed method based on shortest paths (Raumonen et al.,
2021). This method exploits the high density and explicit threedimensional representation of trees within TLS and UAV-LS point
clouds. The method first simplifies the point cloud by considering
proximal points as patches. The patches together with their neighbours
define a graph where the nodes are the centres of patches and the edges
7
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are the lines connecting the neighbouring nodes. The method starts from
the nodes below defined base height, and expands the shortest paths
upwards into stems and branches. Due to occlusion the graph is
incomplete such that some nodes and in particular edges are missing. To
tackle this problem, the method defines the shortest paths iteratively: at
each iteration the paths are expanded as far as possible with a restriction
on path length to height ratio that relaxes at each iteration and thus can
expand more horizontally into the branches. Then at each iteration, new
connections from already connected nodes to unconnected nodes are
created to complete the graph with likely connections. After the shortest
paths have been defined, the trees are defined iteratively: First, select
the node that has the most paths starting from it as this most certainly is
on a large stem and select few layers of its neighbours as a section
covering the stem. Now the tree is defined to consist of all those patches
whose shortest paths end at this stem section. Then this process is
repeated from the node that has the most paths starting from it and is not
yet assigned to a tree. Finally, points in proximity to patch centres are
assigned to the tree corresponding to the graph. Hence, the algorithm
produces tree graph representations and individual tree point clouds.
The method contains a set of parameters like initial thinning options,
patch size and maximum allowed height to distance ratio. These pa
rameters were manually tuned by comparing outputs with the TLS trees
Appendix (A).
In order to link the UAV-LS segmented trees with the TLS trees
(Section 3.1), the UAV-LS trees with the highest spatial overlap with the
TLS had to be identified. For this purpose, for each TLS individual tree
point cloud all UAV-LS point clouds were identified which had over
lapping bounding boxes. Then, the TLS and all the UAV-LS individual
tree point clouds were voxelised with a voxel side length of 0.25 m.
Subsequently, the volume of the intersection and the union of the voxels
sets, and the Jaccard index were calculated (Jaccard, 1912). The Jaccard
index is a commonly used performance metric for semantic segmenta
tion machine vision tasks and ranges from 0 (worst case) to 1 (best case).
It has the advantage of taking into account both volume similarity as
well as position in 3D space. The best matching UAV-LS individual tree
point cloud was identified as the one with the highest Jaccard index
(Figs. 6 and 7). This guaranteed that each TLS tree was matched with a
UAV-LS, with varying levels of overlap quality. The Jaccard index is
defined as:
⋂
|T U|
J(T, U) = ⋃
(1)
|T U|

3.3. UAV-LS tree metrics
A range of metrics was derived from UAV-LS individual tree point
clouds. In particular, the H100 was estimated as the difference between
highest point and the digital elevation model (DEM) derived from UAVLS. Tree height is commonly used in ASM based on field inventories
(Chave et al., 2005, 2014). Additionally, the 95th percentile H95 and the
median height above ground of all points H50 were calculated. Using the
95th percentile instead of the H100 aims to reduce the influence of
spurious noise in the points clouds. H50 can be regarded as a discrete
return equivalent to the height of median energy (HOME) metric based
on full-waveform LiDAR, which has been shown to be well correlated
with plot AGB (Drake et al., 2002). Tree height is correlated to AGB, in
particular when trees across age classes are compared (Dalponte and
Coomes, 2016; Asner and Mascaro, 2014), but saturates with tree age
and high plot AGB. As height metrics can be very reliably derived from
ALS, UAV-LS and space-borne LiDAR data, they are important for
remote sensing-based approaches (Jucker et al., 2017; Dalponte and
Coomes, 2016; Brede et al., 2017; de Oliveira et al., 2021; Liu et al.,
2018; Duncanson et al., 2022).
Another category of derived metrics was related to crown di
mensions. For this purpose the crown was modelled as the convex hull
derived from the ground-projected tree points (Dalponte and Coomes,
2016). This assumed that the crown points define the maximum groundprojected extent of the individual tree point cloud. Subsequently, crown
area (CA) and crown perimeter (CP) were defined as the area and the
perimeter length of the convex hull, respectively. For the estimation of
crown diameter (CD) in a way comparable to field measurements, the
position of the trunk was estimated as the centroid of the convex hull.
Then the distance of the centroid to the convex hull edge in the four
cardinal directions was derived and the CD was derived as the average of
these four distances multiplied by two. Crown dimensions have been
identified as unbiased predictors of AGB across tropical field plots
(Meyer et al., 2018).
Furthermore, the volume that a tree occupies within the forest can
opy was defined as the volume inside the alpha hull derived from the
individual tree point cloud with parameter α = 1 m (V). This metric
should not be confused with the accumulative branch volume derived
from TLS QSM. This metric follows the rationale that larger trees con
taining more AGB need to occupy more canopy volume. The tree
occupied volume is difficult to derive from low density ALS point clouds,
which cannot depict the typology of the tree in complex canopies. Alpha
shapes have been used to characterise the volume that a tree occupies in
the canopy volume with TLS point clouds (van der Zee et al., 2021).
The individual tree graphs that were produced during the individual
tree segmentation (Section 3.2) were utilised for tree metric estimation
(Fig. 8). For this purpose the graphs were interpreted as pseudo trees
that do not reproduce the tree structure in terms of volume, but in terms
of topology. Specifically, the total graph edge length (GEL) was derived
as a sum of cumulative edge lengths, which are the distances of a node to
the tree root node, and the graph nodes (GN) was the total number of
nodes in a graph. Graph based tree metrics have not been explored yet
for AGB estimation.
Finally, the two compound variables H100 × CD (HCD) (Jucker
et al., 2017) and GEL × CD (GELCD) were derived.
In a first step to understand the agreement between UAV-LS and TLS,
the two metrics H100 and CD, which are two widely used metrics of
ASMs due to the possibility to measure them in the field, were directly
compared. For this H100 and CD were estimated from the TLS point
clouds in the same way as for UAV-LS. Furthermore, UAV-LS metrics
were individually compared to TLS QSM estimated tree wood volume to
get insights in the potential of the metrics to estimate wood volume in
modelling. For this purpose linear relationships in linear space, i.e., not
log-transformed, were used. The idea behind this was to use the same
relationship for all metrics. A linear relationship in linear space would
also be the most desirable for calibration purposes because linear

⋂
where T and U are the TLS and UAV-LS voxel sets, respectively, |T U| is
⋃
the volume of their intersection, and |T U| the volume of their union.

Fig. 6. Concept of the selection process of UAV-LS individual trees based on
Jaccard index J in ground-projected view. Idealised UAV-LS trees as filled and
TLS trees as black outlined circles. The UAV-LS tree with the highest J is chosen
as the representative for the TLS tree.
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Fig. 7. Best segmented individual tree point clouds. Only 2 m deep slices centred on the trunk are displayed. Jaccard index J of segmentation in sub-caption.

relationships need a small number of samples for calibration when
compared to log-transformed data.

were absent and forest inventory techniques would be used to scale the
model across the reference site. It involved the collection of traditionally
measured inventory data required by the respective ASM and the
application with a published model. As no ASM calibration was neces
sary, all TLS trees were used for validation. For the NL site the ASM of
Forrester et al. (2017) was adopted:

3.4. Individual tree AGB modelling strategies
Different AGB modelling strategies were tested depending on the
scenarios of available input data: field-measured metrics, i.e., DBH, CD
and height, TLS and UAV-LS surveys, and their combinations (Table 4).
Two broad modelling categories were distinguished: on the one hand,
models that are calibrated off-site, i.e., with trees sampled in the same
biome but not at the specific site, labelled as global strategies. These
models need to be found in relevant publications or can be calibrated
based on published data. On the other hand, models that are calibrated
with local, non-destructively sampled trees, were labelled as local stra
tegies. All of these models relied on TLS QSM estimated AGB and
therefore were subject to errors in these estimates.

AGB = exp(ln(β0 ) + β1 ln(D)) × CF

(2)

with AGB in kg, D is DBH in cm based on TLS, and β0, β1 and CF species
specific correction coefficients. Species-specific coefficients were used
for Picea abies and Pseudotsuga menziesii, while the coefficients for Abies
alba and broad-leaf were used for Abis grandis and Fagaceae, respectively
(Table 5).
For all the other sites, the pan-tropical ASM of Chave et al. (2014)
was used:
AGB = 0.0673 × (ρD2 H)0.976

3.4.1. Strategy Ia: globally calibrated inventory-based ASM
Strategy Ia aimed to cover situations where local calibration data

(3)

with AGB in kg, ρ is wood density in g cm-3, D is DBH in cm, H100 is tree
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mates would be possible with airborne LiDAR technology. Jucker et al.
(2017) presented an ASM trained on a global database of inventory
measured individual tree metrics and destructive harvest-derived AGB
of 2395 trees. The proposed ASM was built on the metrics tree height
H100 and crown diameter CD. The model differentiates angiosperm and
gymnosperm species due to their structural differences:
AGB = (0.016 × αG ) × (H × CD)2.013+βG × 1.021026

(4)

with AGB in kg, H100 and CD in m, and αG = 0.093 and βG = − 0.223 for
gymnosperms, with both parameters set to zero for angiosperms.
3.4.3. Strategy IIa: locally calibrated inventory-based ASM
Strategy IIa simulated the use of locally collected TLS data for nondestructive calibration and inventory-based application. This approach
was previously proposed by studies that employed TLS for direct AGB
estimation (Calders et al., 2015; Momo Takoudjou et al., 2018; Lau et al.,
2019). The strategy assumed the scanning of a reasonably large number
of sample trees, which can be achieved by area-based scanning of
established plots. The application at the hectare scale would then be
achieved with traditional field inventories. The general ASM form of
Chave et al. (2014) was adopted, calibrated with the TLS trees for each
site individually and data were binned in log-transformed D (Duncanson
et al., 2015; Jucker et al., 2017):
(
)
(
)
ln AGB = α + βln ρD2 H + ε
(5)
with individual tree AGB based on TLS estimates in kg, ρ is the wood
density in g cm− 3 (Table 3), D is the DBH in cm, H100 is tree height in m
as derived from the TLS point cloud. In order to retransform the data to
linear units a correction factor CF = exp(RSE2/2) was applied as pro
posed by Baskerville (1972).

Fig. 8. Slice through sample graph width 2 m depth. Cumulative edge lengths
are the distances of node to the tree root node.
Table 4
AGB modelling strategies of this study. Local and global refer to the scope of the
calibration data, where local means data exclusively from plot and global means
data from other places. Inventory-based refers to measurements that are possible
with traditional inventory methods, such as DBH and tree height. Scaling refers
to the technology used for application at reference sites.

3.4.4. Strategy IIb: locally calibrated UAV-LS-based ASM
Strategy IIb used a per-site calibrated ASM based on H100 and CD
that can be extracted from ALS and UAV-LS. This strategy assumed the
presence of TLS and UAV-LS data for the same site, with synchronised
scanning campaigns. The general ASM form of Jucker et al. (2017) was
used and as in strategy IIa models were fitted on log-transformed, binned
data:

Strategy

Calibration

Involved
metrics

Validation
approach

Scaling

Ia

Inventory-based
global
Inventory-based
global
TLS local
TLS local
TLS local

DBH, H100a

All samples for
validation
All samples for
validation
LOOCV
LOOCV
LOOCV

inventory

ln(AGB) = α + β ln(H × CD)

UAV-LS

with AGB in kg, H100 and CD in m, and α and β model coefficients that
were fitted separately for angiosperm and gymnosperm species (Jucker
et al., 2017).

Ib
IIa
IIb
IIc

H100, CD
DBH, H100
H100, CD
Allb

Inventory
UAV-LS
UAV-LS

3.4.5. Strategy IIc: locally calibrated UAV-LS-based non-parametric model
Strategy IIc assumed the same conditions as strategy IIb, i.e., avail
ability of TLS and UAV-LS data, but strategy IIc made use of a wider
range of UAV-LS based metrics and a non-parametric modelling
approach. In particular, all metrics presented in Section 3.3 plus taxo
nomic information, i.e., coniferous vs deciduous species, were consid
ered for the modelling process to build local AGB prediction models for
UAV-LS data. The rationale behind the use of multiple metrics was to
possibly mitigate errors in retrieval of single metrics and optimise the
prediction power of individual metrics in different forest structures.
The non-parametric modelling approach adopted was random forest
(RF) for regression (Breiman, 2001) implemented in the R ranger
package (Wright and Ziegler, 2017). RF has gained popularity in remote
sensing applications because of its robustness to multi-dimensional and
co-linear data (Belgiu and Drăgu, 2016).
In this study, RF was trained to predict individual tree volume based
on all available tree metrics (Section 3.3). Subsequently, volume was
multiplied with wood density to derive AGB based on the same species
information as for the TLS estimates (Sections 2.4, 3.1). Hyperparameter tuning via cross-validation showed low sensitivity to hyper-

a

H100 not used at site NL.
b
H100, H95, H50, CA, CD, CP, V, GN, GEL, HCD, GELCD, Taxonomy (only
NL).
Table 5
ASM coefficients used for modelling strategy Ia based on Forrester et al. (2017).
Species/Taxonomic group

ln(β0)

Picea abies
Pseudotsuga menziesii
Abies grandis
Fagaceae

−
−
−
−

1.887
2.330
2.396
1.996

β1

CF

2.303
2.482
2.450
2.363

1.059
1.003
1.001
0.997

(6)

height in m. DBH and H100 estimates of TLS were used.
3.4.2. Strategy Ib: globally calibrated UAV-LS-based ASM
Strategy Ib was similar to strategy Ia in the sense that a calibrated
ASM was used. In this case, this ASM was built on metrics that are
possible to measure from ALS and UAV-LS, hence, scaling of AGB esti
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parameter choices in terms of volume prediction performance root mean
square error (RMSE). Therefore, default values were implemented:
number of regression trees to grow of 500, minimal node size of 5 and
number of metrics to possibly split at in each node of 3.
Additionally, the RF importance metrics were analysed in order to
gain understanding in the relative importance of metrics within and
across sites. For this purpose, importance metrics were extracted from
each trained RF during leave one out cross validation (LOOCV) and the
scores were averaged within the site. Finally, importance scores were
normalised by division by the highest score per site to make the sites
inter-comparable.

2017) and subsequent manual preparation of TLS trees are time
consuming procedures. Therefore, the effect of the calibration sample
size on the prediction errors was analysed for locally calibrated strate
gies IIa, IIb and IIc, and independently for each site. This was achieved
by varying the number of the samples available for model calibration.
Specifically, for each individual tree in the TLS database a stratified
random sample of n samples was drawn from the remaining trees,
whereby n was varied from 10 to the maximum available number of TLS
trees minus the tree for prediction per site in steps of five. In this way
predictions were always performed on all individual trees, while the
number of calibration samples was varied according to n. The stratifi
cation was implemented with five strata and based on total QSM wood
volume. The rationale behind the stratification is that when selecting
calibration samples in the field, field crews would be able to distinguish
five size classes of trees according to their height and DBH as proxies for
total tree wood volume, and with knowledge of the range of tree sizes in
the area. Additionally, stratification is recommended for ASM model
calibration (Jucker et al., 2017; Duncanson et al., 2015).
For the NL site, where taxonomic groups were distinguished in
strategy IIa and IIb (Section 3.4), the calibration models were built
independently for the taxonomic groups. For this case, the number of
randomly drawn samples was proportionate to the proportion of the
respective taxonomic group in the full TLS database. This effectively
increased the number of samples n needed in the sampled database to
built models for the site, so that at least 25 and 50 samples were
necessary for strategy IIa and IIb, respectively.
Based on the resulting calibration database a model according to
strategies IIa, IIb and IIc was built (Section 3.4), and the individual tree
AGB was estimated. Then, RMSE (Eq. (7)) and relative bias (Eq. (10))
were calculated. Subsequently, this procedure was applied to all indi
vidual trees for a given sample size n. The procedure was repeated 20
times, and the mean and standard deviation of RMSE (Eq. (7)) and
relative bias (Eq. (10)) were calculated. The resulting statistics enabled
assessment of the performance of the modelling strategies under
different sizes for the calibration database.

3.5. Error assessment
As stated in the description of the strategies, strategies Ia and Ib,
which implemented calibrated ASMs, could use all TLS trees for inde
pendent validation, while strategies IIa, IIb and IIc implemented LOOCV
to make best use of the available TLS trees for training and validation,
and to get insight into model performance on unseen samples. Error
metrics were derived independently for each site and then compared
across sites. The error metrics that were derived for individual tree AGB
prediction were the RMSE in Mg and the relative root mean square error
rRMSE in %:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
√
N
√1 ∑
(
)2
̂i
RMSE = √
(7)
AGBTLS
− AGB
i
N i=1
RMSE
rRMSE = ∑N TLS ÷ 100
i

(8)

AGBi
N

̂ i the TLS estimated and modelled AGB of the ith
with AGBTLS
and AGB
i
tree, respectively. It should be noted that this is not an RMSE based on
log-transformed AGB but on natural scale. Log-transformation is regu
larly applied to AGB data for use in linear statistics (Picard et al., 2012),
but residual errors are not intuitive to understand in log-space and
cannot be compared across tree sizes. Natural instead of log-transformed
units are more intuitive for understanding of the error and to be able to
sum up individual errors across tree sizes. Additionally, satellite mission
requirements are formulated in natural scale, so that a formulation of
individual tree errors in natural scale is more useful.
Furthermore, absolute and relative biases of the cumulative popu
lation AGB were calculated in order to get an understanding of the in
dividual models’ ability to produce an accurate estimate for each site
when all trees’ AGB is counted together as would be the case for satellite
calibration and validation. The absolute bias was derived to get an un
derstanding of the performance with respect to satellite mission re
quirements, while the relative bias was used to compare across sites with
different AGB stocks:
N
∑

Biasabsolute =
i

Biasrelative =

̂ i−
AGB

N
∑

AGBTLS
i

4. Results
4.1. TLS and UAV-LS H100 and CD comparison
The individual tree metrics H100 and CD showed generally good
agreement between TLS and UAV-LS with R2 ≥ 0.71 for all sites except
RC (Fig. 9). Tree heights achieved larger R2 than CD across all sites,
showing higher agreement in tree height than in CD. On average, UAVLS trees were 1.00 m higher than TLS trees, reflecting a commonly
observed difference of TLS and ALS that is due to occlusion of tree tops
when observed from the ground (Hilker et al., 2010; Brede et al., 2017).
For both metrics, strong differences in agreement occurred across sites.
On the one hand, H100 and CD were strongly related at LF with R2 of
0.99 and 0.92, respectively. The openness of the savanna woodland
meant good detection of the ground and delineation of crowns from
UAV-LS. On the other hand, at RC the delineation of the crowns was
challenging due to a dense canopy and occurrence of lianas. However, it
was evident that the tallest trees agreed strongly between TLS and UAVLS across all sites, also reflected in general good segmentation as
expressed by J (Fig. 9). The tallest trees were typically emergent trees
that are clearly recognisable from on top of the canopy, and that can be
characterised even in structurally complex forests and with lower re
quirements on the point cloud density (Meyer et al., 2018).

(9)

i

∑N ̂
∑N
TLS
i AGB i −
i AGBi
× 100
∑N
TLS
AGB
i
i

(10)

̂ i the TLS estimated and modelled AGB of the ith
with AGBTLS
and AGB
i
tree, respectively, and Biasabsolute in Mg and Biasrelative in %. According to
these definitions a positive bias means overestimation. It should also be
noted that these definitions differ from those of Chave et al. (2014) and
Jucker et al. (2017), who focus on individual tree bias assessment.

4.2. Relationships of individual metrics with tree volume
The explored TLS and UAV-LS metrics showed linear and non-linear
relationships with QSM wood volume, and explained 19–88% of the
variance in volume when assuming linear relationships (Fig. 10). Be
tween sites the explained variances varied strongly with average

3.6. Impact of calibration sample size on AGB prediction
The collection of calibration data with TLS in the field (Wilkes et al.,
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Fig. 9. Comparison of TLS and UAV-LS derived tree metrics (a) tree top height H100 and (b) crown diameter (CD) across all sites. RMSD refers to the root mean
square difference (RMSD) between TLS and UAV-LS metrics. Grey solid lines indicate least squares fitted linear trends. Grey dashed lines indicate 1:1 lines. Points
coloured according to their Jaccard index J of the UAV-LS tree with its respective TLS tree.

explained variance of 67, 49, 26, 71% for NL, FG, RC, and LF, respec
tively. This gradient reflects the varying structural complexities of the
sites. Additionally, when comparing FG and RC, the lower UAV-LS point
cloud density negatively affected the segmentation quality and hence
robust estimation of metrics at RC. However, in order to solely focus on
effects of point cloud density, a thinning experiment would need to be
performed for each site.
DBH was overall a good predictor of tree wood volume with 83, 77,
73, 74% of variance explained at NL, FG, RC and LF, respectively. At NL,
DBH was clearly non-linearly related to total tree wood volume, but
showed low heteroscedasticity. At FG, RC and LF the non-linearity was
less pronounced, but residuals had larger variance at high volume,
making the relationship less suitable for modelling.
Height-related metrics estimated with UAV-LS were typically robust
predictors of wood volume for small trees, but showed large residual
variance for large trees. For the closed canopies of NL and FG the
explanatory power of H50 was higher compared to the tree top height
H100 with R2 = 0.23 and 0.30 for H100 for NL and FG, respectively, and
H50 with R2 = 0.25 and 0.38 for NL and FG, respectively (Table 6). At
the open Savanna site LF, H100 was more powerful (R2 = 0.62)
compared to H50 (R2 = 0.53). At NL an impact of species on the heightvolume relationship was clearly noticeable with angiosperm species
strongly deviating from gymnosperm species (Fig. 10), making it
necessary to take species into account for volume modelling.
Crown related metrics based on UAV-LS were generally well corre
lated with volume explaining up to 88, 64, 29, 82% of the variance in
volume for NL, FG, RC and LF, respectively. In particular CA showed
strong linear relationships, which let it be the best linearly correlated
variable with volume in NL and FG with 88 and 64% of explained
variance, respectively. Additionally, CA appeared to be more linearly
related to tree wood volume than CD.
Both alpha hull-based tree volume V and graph related metrics
showed strong linear relationships with wood volume with explained
variance of up to 88%. Furthermore, no asymptotic behaviour could be

Table 6
R2 between individual tree metrics and TLS QSM derived individual tree volume
across sites. DBH derived from TLS and all other metrics from UAV-LS. graph
nodes (GN), GEL×CD (GELCD), H100×CD (HCD).
Metric

NL

FG

RC

LF

DBH
H100
H95
H50
CA
CD
CP
V
GN
GEL
HCD
GELCD

0.83
0.23
0.23
0.25
0.88
0.77
0.78
0.86
0.87
0.87
0.72
0.82

0.77
0.30
0.34
0.38
0.64
0.50
0.48
0.48
0.50
0.58
0.55
0.62

0.73
0.27
0.19
0.22
0.22
0.19
0.17
0.29
0.31
0.39
0.31
0.41

0.74
0.62
0.58
0.53
0.77
0.69
0.69
0.82
0.81
0.82
0.78
0.76

observed at high wood volume. However, variance was not constant
with higher variance of tree volume and graph metrics for higher wood
volumes (Fig. 10).
4.3. Individual tree AGB estimation
Individual tree AGB prediction accuracy varied both between sites
and modelling strategies (Figs. 11 and 12). The AGB modelling strategy
with the lowest RMSE across sites was strategy IIa with RMSE of 0.43,
0.54, 0.69, 0.30 Mg for NL, FG and RC and LF, respectively.
The two strategies Ia and Ib that rely on externally calibrated ASM
showed strong linear trends between TLS estimated and predicted AGB,
but with strong over- or underestimation at high AGB. In particular,
strategy Ib generally overestimated gymnosperm species’ AGB at NL,
while angiosperm species were underestimated for trees with AGB
≥ 2.5 Mg at RC and LF. This could be explained by the calibration being
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Fig. 10. Relationship of selected individual
tree metrics (x-axis) with TLS derived tree
volume estimation (y-axis). Vertical panels
represent different UAV-LS metrics. Hori
zontal panels represent the sites. All metrics
have been scaled between 0 and 1, and axis
labels have been omitted to improve read
ability. Grey, dashed lines connects the
minimum and maximum observed axis
values in scaled space. R2 correspond to co
efficients of determination of the linear re
lationships. Points coloured according to
their Jaccard index J of the UAV-LS tree with
its respective TLS tree, except for DBH,
which was derived from manually
segmented TLS.

done on harvest trees not representative for the area or the calibration
containing harvest samples from larger areas (e.g., Chave et al., 2014).
Additionally, the calibration was performed on inventory measured
metrics, while the ASM were applied on TLS and UAV-LS estimated
metrics. Especially metrics like individual tree top height H100 is
difficult to measure correctly in closed canopies (Wang et al., 2019).
The two strategies IIb and IIc relying on both available TLS and UAVLS data showed small differences with each other, with strategy IIc
having smaller RMSE of 0.01, 0.05, 0.29 Mg at NL, FG and RC, respec
tively, and no difference at LF (Fig. 12).
The RF non-parametric model provided additional information on
the importance of individual UAV-LS metrics (Fig. 13). Generally, metric
importance varied strongly across sites with few metrics scoring high
importance or dominating at more than two sites, indicating a strong
interplay of metrics. Only graph-based GEL and compound metric
GELCD showed relative importance ≥0.9 at three and two sites,
respectively. Field-inventory metrics were generally less important with
relative importance ≤0.9, with the exception of H100 at RC. Taxonomic
information (angiosperm vs gymnosperm species) was only included at

NL and showed low importance. This might be explained by the good
correlation of the UAV-LS metrics with AGB across species (Fig. 10).
4.4. Impact of calibration sample size on AGB prediction
When comparing the different AGB modelling strategies that were
based on local calibration, strategy IIa consistently provided the lowest
RMSE of all strategies across sites with on average 0.42, 0.56, 0.70,
0.30 Mg for n ≥ 50 for NL, FG, RC and LF, respectively (Fig. 14).
Moreover, there were no significant trends with changing TLS database
size for n ≥ 50. Since strategy IIa was the only one involving DBH as an
independent variable, this result highlights the importance of DBH in
AGB estimation of single trees.
Strategies IIb and IIc showed comparable, decreasing trends in RMSE
with n at NL and FG, and divergent trends at RC and LF. Specifically, the
RMSE of strategy IIb increased monotonically with increasing n from
1.38 Mg (n = 30) to 1.79 Mg (n = 180) at RC, and with n ≥ 100 at LF.
The very pronounced RMSE increase at RC might be explained with the
growing number of small trees that get included in the calibration
13

B. Brede et al.

Remote Sensing of Environment 280 (2022) 113180

Fig. 11. Individual tree AGB estimation with modelling strategies based on globally calibrated ASM. Points coloured according to their Jaccard index J of the UAV-LS
tree with its respective TLS tree. Grey dashed lines indicate 1:1 lines. Solid grey solid lines are linear trend models.

database. The stratified sampling approach implemented in the drawing
produced relatively balanced calibration databases at small n, but due to
the abundance of small trees (Fig. 5) more and more small trees were
included with increasing n, and dominated the calibration. Particularly
at RC, where the UAV-LS point density was low compared to the other
dense tropical site FG (Table 1 and Fig. 3), the segmentation quality for
small understorey trees was lower, which negatively affected the model
calibration.
The results in terms of relative bias showed a different picture than
the individual tree RMSE results. For strategies IIa and IIb, the largest
possible TLS database did not result in the bias closest to 0%. In fact, for
strategy IIa optimal n in terms of bias was 50, 85, 150 and 65 for NL, FG,
RC and LF, respectively.
Strategy IIb showed different behaviours of relative bias at the four
sites. At NL, bias monotonically decreased with bias closest to 0% of
0.02% at 80 samples. At FG, RC and LF monotonic increases in bias were
observed. At FG, bias for n = 20 was 3.05% compared to 12.60% with
120 samples. At RC and LF the relative bias monotonically increased
with n, resulting in heavily biased models peaking at 20.20, 14.40% at
RC and LF, respectively.
Contrary to the differing trends between sites of strategies IIa and IIb,
strategy IIc showed similar trends of bias across sites with biases of
− 9.54, − 12.27, − 7.02, and − 8.70% at n = 10 indicating underestima
tion. With more than 25, 55, 15, and 30 samples available at NL, FG, RC
and LF, respectively, the absolute bias dropped below 5%. When
comparing strategy IIa and IIc based on RMSE and relative bias results, it
became clear that strategy IIa provided the better individual tree AGB
estimate but strategy IIc the better estimate of the cumulative AGB of a
population of trees. This indicates that the non-parametric models in
strategy IIc produced higher variance in the prediction of individual
trees but that these prediction errors even out much more during sum
mation. This can be explained with the modelling approach of RF, which
basically fits many linear models and their predictions are weighted

according to where in the features space the given observations are
located. In practice, this provides a flexible model that adjusts to the
provided observations. This non-linear behaviour plus the reliable trend
of the bias towards 0% with increasing n are favourable properties for
building local calibration models with new data.
5. Discussion
Upcoming satellite-borne missions aiming at forest AGB estimation
require accurate calibration and validation plots across hectare scales to
match their sensors’ footprints. Laser scanning-based technologies offer
the opportunity to assess forest AGB non-destructively and possibly with
lower errors and biases than traditional inventory techniques. This study
assessed strategies that make use of traditional, field-inventory based
ASM, TLS and UAV-LS dense point clouds for individual tree AGB
estimation.
5.1. Applying globally calibrated ASMs at local scales
Among the five implemented strategies, strategies Ia and Ib applied
ASM that were calibrated on global, not site-specific data sets (Chave
et al., 2014; Jucker et al., 2017; Forrester et al., 2017). These strategies
have a relatively low demand in resources for the establishment of new
local calibration and validation plots compared to strategies IIa/b/c,
which involve local data collection and model development.
The errors at the individual tree level in terms of RMSE for strategy Ia
found in this study were partly in line with published data, but also
deviated strongly, depending on the site. When calculating an RMSE in
linear space based on the data published by Chave et al. (2014), French
Guinean and Australian trees achieve a RMSE of 0.48, 0.04 Mg,
respectively, when using the ASM of Chave et al. (2014) (Eq. (3)).
Strategy Ia at FG, RC and LF achieved errors of 0.60, 0.86, 0.42Mg,
respectively (Fig. 11). Hence, the error for FG and RC was on the same
14
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Fig. 12. Individual tree AGB estimation with modelling strategies based on combined TLS and UAV-LS data and local calibration. Points coloured according to their
Jaccard index J of the UAV-LS tree with its respective TLS tree. All error metrics based on LOOCV. Grey dashed lines indicate 1:1 lines. Solid grey solid lines are linear
trend models.

Fig. 13. Normalised random forest importance of individual UAV-LS tree metrics for strategy IIc across sites. Error bars represent standard deviation across the
LOOCV models. Tax refers to taxonomic information (gymnosperm, angiosperm).
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clouds with ≥3700 points/m2 (Table 1). Additionally, where Coomes
et al. (2017) segmented the point clouds based on derived CHM, in this
study a 3D graph-based segmentation algorithm exploiting the full point
cloud was used (Raumonen et al., 2021). As a result understorey trees
could be identified to a certain extent. However, their delineation was
far from perfect as indicated by the comparison between manually
checked trees (Section 4.1). Nonetheless, the combination of UAV-LS
and 3D segmentation algorithms appears as a favourable pathway to
realise tree-centric AGB estimation.
Concerning point cloud segmentation, it should be noted that the
automatic UAV-LS segmentation was not analysed in full depth, i.e.,
spatially continuous comparison of the UAV-LS with a fully segmented
TLS point cloud. This comparison would have produced on a tree by tree
basis how many trees were not or wrongly detected. In fact, MartinDucup et al. (2021) identified the segmentation step as the weak link in
automatic TLS based tree-centric volume estimation, which can also be
expected for UAV-LS. The reason why the full accounting was not per
formed here is that a complete segmentation of the TLS point cloud with
high quality is still extremely labour-intense. Even automatic ap
proaches always require manual result control. For NL, FG and RC, this
means several months more of human-hour input. However, such a full
segmentation of the TLS data would enable the validation of plot based
AGB, and full inter-comparison of area and tree-centric AGB modelling
approaches, and should be tackled in future studies. Nonetheless, the
accumulation of TLS trees to populations already showed very encour
aging results that give a preview of full plot-scale results (Fig. 14). These
results are interesting in particular because large trees were preferably
sampled at FG and RC (Section 3.1), so that it can be expected that the
bulk of plot AGB was contained in the tree TLS database.

order of magnitude, but for LF was about ten times higher in this study
than for the calibration data of Chave et al. (2014). On the other hand,
strategy Ib, which implemented the global ASM developed by Jucker
et al. (2017), achieved individual tree AGB RMSE of 1.29, 1.56, 1.26,
0.59 Mg for NL, FG, RC and LF, respectively, which were comparable to
1.70 Mg of Jucker et al. (2017).
However, the population bias for strategies Ia/b that ranged from
− 65.2-56.3% across sites might be more problematic, especially with
the background of satellite calibration and validation in mind. Assuming
that the used TLS estimates that were used for comparison here exhibit a
bias of ±10% as judged by past studies (Section 1), the modelling stra
tegies possibly induced a larger bias in the population estimates than the
TLS estimation process. A problem here is that the TLS measured DBH
and H100 exhibit different error distributions than their field-measured
equivalents. Wang et al. (2019) highlighted the differences and possible
biases between inventory and ALS measured individual tree heights, and
concluded that ALS is more reliable in tall trees, while inventory mea
surements underestimate tall tree height. Coomes et al. (2017) found
biases between inventory and ALS measured CA. This crossing of data
modalities would make the application of field-calibrated ASM on
LiDAR derived metrics problematic.
5.2. Calibration of traditional ASMs with TLS
Strategy IIa provided the overall lowest individual tree AGB RMSE
for all sites except at LF. This underlines the potential of locally cali
brated ASM. Additionally, it highlights the role of DBH as a powerful
metric for individual tree AGB estimation (Chave et al., 2014; Forrester
et al., 2017; Lau et al., 2019). Strategy IIb also included locally cali
brated models, but implemented H100 and CD, which were not as well
related to AGB (Fig. 10). Jucker et al. (2017) also found a smaller RMSE
of 0.86 Mg for the Chave et al. (2014) pan-tropical ASM including DBH,
when compared to their model with RMSE of 1.70 Mg based on H100
and CD.
Considering implementation opportunities, TLS has been discussed
as a possible source for unbiased, non-destructive calibration data to
supplement or even replace databases based on field measurements,
especially with respect to large trees (Calders et al., 2015; Momo
Takoudjou et al., 2018; Gonzalez de Tanago et al., 2018). Results of
strategy IIa are supporting this argument. However, considering plot
based estimations, i.e., aggregated estimates, the scaling primarily
relying on DBH might invoke biases. A point that should also be taken
into account for this strategy is cross-modal application of the calibrated
ASM similar to strategies Ia/b: as strategy Ib was possibly experiencing
biases due to application of a field measurement calibrated ASM on
UAV-LS data, strategy IIa might result in biases during the application of
the TLS calibrated ASM on field measurements. There are two possible
countermeasures to overcome this problem: either, standardised, fieldmeasured DBH and H100 that are collected alongside TLS acquisitions
with standardised techniques and used for ASM calibration, or a generic
correction factor is established based on the comparison of inventory
and TLS metrics, and applied prior to calibration.

5.4. UAV-LS for tree-centric AGB estimation: non-parametric modelling
Parametric approaches have been widely adopted as the preferred
model framework for AGB estimation (Chave et al., 2014; Jucker et al.,
2017; Coomes et al., 2017; Forrester et al., 2017). Due to their closed
analytical form and few parameters, they deliver robust estimates
already with few samples and are easy to understand in terms of effects
of metrics on the estimate. However, recent works suggest that allo
metric relationships are not constant across tree size classes, in partic
ular for DBH (Burt et al., 2020, 2021). This is especially a problem for
the estimation of AGB in large trees, for which only few calibration
samples exist due to the complexity of harvesting them in the field
(Disney et al., 2018). As large trees play a major role in the forest AGB
pool this ultimately leads to large biases at the plot scale, which is un
acceptable for calibration purposes of satellite-based products.
In terms of modelling frameworks, Ploton et al. (2016) accounted for
the size-variance with a nested model specifically accounting for crown
biomass. Similarly, Zhou et al. (2021) developed a framework that
dynamically adapts to varying relationship of stem AGB to total tree
AGB across tree size classes. Another alternative to tackle the sizevariance is to make use of a non-parametric estimation method as
implemented in strategy IIc in this study. A particular advantage of nonparametric methods in this respect is their ability to be flexible to the
metric-AGB response at different size classes. Instead of fitting a uni
versal function across all sizes, non-parametric methods build on the
provided calibration data to find the optimal relationships also as a
function of the provided tree metrics. The fitting is supported by the
provision of multiple tree metrics, which can be more or less useful at
different size classes. The use of laser scanning technology like ALS or
UAV-LS is crucial in this case as multiple metrics can be derived at once.
Contrary, collecting multiple metrics during field inventories is making
the process more complex and time-consuming.
Strategy IIc in this study implemented a non-parametric approach
based on the RF model. Strategy IIc produced slightly lower individual
tree AGB RMSE compared to the parametric strategy IIb and larger
RMSE than the best strategy Ib. However, biases across sites could be

5.3. UAV-LS for tree-centric AGB estimation: point cloud segmentation
All five strategies implemented in this study were targeting a treecentric AGB estimation, which means that AGB is estimated at the in
dividual tree level before aggregation to plot scale. For plot scale anal
ysis a full segmentation needs to be applied and the single trees’ AGB
summed up. In previous studies tree-centric approaches based on ALS
achieved higher RMSE compared to area-based approaches (Ferraz
et al., 2016; Coomes et al., 2017). The point cloud segmentation was
identified as a bottleneck as either trees were wrongly segmented, or
mostly in the case of understorey trees, omitted. Where these studies
used point clouds with densities of 10.8 and 7.3 points/m2 (Ferraz et al.,
2016; Coomes et al., 2017), UAV-LS in this study could produce point
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Fig. 14. Impact of calibration sample size on AGB prediction in terms of RMSE and relative bias for strategies IIa (local field ASM), IIb (local UAV ASM) and IIc (local
UAV with machine learning).

reduced, which are relevant for satellite product calibration purposes.
Similarly, Rudge et al. (2021) found that a non-parametric estimation
method produced slightly larger RMSE but lower bias compared to a
parametric approach when estimating DBH with UAV-LS CD and height.
In this study, a minimum of 10–55 individual tree samples were
necessary to calibrate the RF model to predict with bias of ≤5%
(Fig. 14). Practically speaking, this number of trees is doable to scan
with TLS within a two week campaign. Additional samples to check for
possible over-fitting and independent cross-validation could be collected
in similar time frames. Once sites are scanned with TLS UAV-LS, nonparametric learning approaches will be an attractive way to scale TLS to
larger footprints, possibly to the extent of Committee on Earth Obser
vation Satellites (CEOS) supersites (Chave et al., 2019; https://lpvs.gsfc.
nasa.gov/LPV_Supersites/LPVsites.html). However, for site scale AGB
estimation the influence of abiotic factors like water availability and soil
properties should be taken into account for local model development
(Ferry et al., 2010).
Additionally, ASM aim to be generic to a large geographic scale, e.g.,
species, landscape or biome scale. This is to make maximum use of the
precious harvest samples and to be used in sites without harvest samples
available. Non-parametric methods typically experience large un
certainties in parameter spaces that were not covered in the training
data, i.e., extrapolation tasks. Nonetheless, in the context of calibration
and validation, and proposed supersites (Chave et al., 2019) a local
model with highest possible representativeness for the supersite and
surroundings might be more valuable than a generic ASM. Here, the
strength of non-parametric models lies in their high accuracy in local set
ups, which is also discussed for other biophysical variable retrieval
techniques such as leaf area index (LAI) and leaf chlorophyll content
(Verrelst et al., 2015).

5.5. UAV-LS for tree-centric AGB estimation: challenges and
opportunities
Among the modelling strategies applied in this study, strategies IIb/c
make use of UAV-LS in combination with TLS data. The data acquisition
with both sensor technologies has the highest requirements in terms of
initial infrastructure investments, technology, logistics and legal re
quirements, primarily driven by the organisation of unoccupied aerial
vehicleUAV flights. Flights might also not be possible at all forest sites
particularly in dense canopies where the plots are far from take-off
areas. This needs to be mitigated by targeting only suitable sites. As
UAVs become more important in calibration and validation activities
other than AGB (Brede et al., 2018; Origo et al., 2021; Niro et al., 2021),
site maintainers will also have an interest in accommodating UAV flights
by, for example, preparing take-off areas. Additionally, dense forests
have higher requirements than sparse canopies on the UAV-LS scanner
in terms of PRR, range and geo-location accuracy without the support of
ground control targets. In particular, the effect of point cloud density on
the estimation performance needs to be investigated in order to find a
balance between number of flights and prediction performance for
operational purposes.
However, once collected, dense UAV-LS point clouds can be used to
estimate a range of individual tree metrics that are practically impos
sible to measure in field inventories (Section 3.3). Additionally, UAV-LS
point clouds can potentially achieve a low absolute geo-location error of
typically ≤1 m, when post-processing kinematic (PPK) methods are
employed during the point cloud production (Brede et al., 2017;
Almeida et al., 2019). This allows direct comparison with satellite
products, which is typically a problem when using traditional field
methods (Réjou-Méchain et al., 2019). Furthermore, once collected
UAV-LS and TLS data can be re-analysed as new segmentation and
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rapidly acquire hectare-scale data necessary for supersite characterisa
tion. Compared to area-based ALS estimation approaches, the employed
individual tree AGB modelling strategies have the advantage of being
traceable to the individual tree and allow aggregation to arbitrary scales
for flexible preparation of calibration and validation data for spaceborne missions.

analysis procedures become available, also with respect to wood density
estimation (Wilkes et al., 2021; Demol et al., 2021b; Åkerblom, Kaita
niemi, 2021).
One aspect that also needs further attention is the taxonomic clas
sification of individual trees for the purpose of wood density determi
nation. In this study, classification to the species and family level was
possible at NL due to the spatially well separated stands, but only
angiosperm and gymnosperm could be distinguished at other sites.
High-resolution UAV based photography combined with deep learning
(Schiefer et al., 2020), structural features (Terryn et al., 2020), and
combined hyperspectral and structural features (Shi et al., 2018) derived
from UAV acquired data alongside UAV-LS could contribute to usable
methods for this challenge.
Finally, in order to draw conclusions on plot-based estimation ca
pabilities of UAV-LS, a comprehensive analysis of UAV-LS segmentation
performance needs to be conducted. This requires a full plot scale,
quality controlled TLS individual tree segmentation and wood volume
estimates. So far, TLS is the only means to adequately trace occupied
canopy space back to individuals, thereby enabling to judge segmenta
tion quality in 3D, but the process of TLS data preparation is very
laborious and time-consuming.

Data availability
UAV-LS and TLS data for the Speulderbos NL site are available at
https://doi.org/10.4121/13061306.v1.
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6. Conclusions
Advances in terrestrial and UAV-based laser scanning provide the
opportunity to produce fine detail point clouds of forests. New auto
matic point cloud segmentation routines enable to make use of these
data for individual tree structure characterisation across hectares. This
study made use of these data sources and routines to investigate
different AGB modelling strategies that use either global or local cali
bration data, and parametric or non-parametric modelling approaches.
Mixing data modalities by applying ASM calibrated with field inventory
data resulted in biases especially for larger trees. The application of
adjustment factors should be considered when translating between fieldinventory and LiDAR metrics. Local calibration based on parametric
modelling including DBH and tree height produced the lowest individ
ual tree RMSE across sites, highlighting the power of direct trunk
measurements for AGB estimation. This strategy could use TLS for
calibration and field inventories for coverage of a supersite. On the other
hand, local calibration based on UAV-LS derived metrics and nonparametric modelling resulted in relatively high individual tree AGB
RMSE, but consistently low population bias within ±5%. A low bias is an
important property when summing up individual tree AGB, as is
necessary for satellite calibration and validation. This bias level was
reached with 15–55 training samples, depending on site conditions,
which can be relatively quickly collected with TLS. This approach can

Appendix A. UAV-LS segmentation parameters
Table A.7
Parameter values used for the automatic segmentation routine for the UAV-LS point cloud (Raumonen et al.,
2021).
Patch diameter [m]
Initial gap size [m]
Base layer height [m]
Length/Height ratio [–]

NL

FG

RC

LF

0.2
0.1
2.5
1.3

0.2
0.1
2.5
1.3

0.2
0.2
2.5
1.3

0.2
0.2
2.5
1.3
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Chen, R., Hyyppä, J., 2019. Is field-measured tree height as reliable as believed - a
comparison study of tree height estimates from field measurement, airborne laser
scanning and terrestrial laser scanning in a boreal forest. ISPRS J. Photogram. Rem.
Sens. 147, 132–145. https://linkinghub.elsevier.com/retrieve/pii/S092427161
8303046.
Wieser, M., Mandlburger, G., Hollaus, M., Otepka, J., Glira, P., Id, N.P., 2017. A case
study of uas borne laser scanning for measurement of tree stem diameter. Remote
Sens. 9 (11), 1–11.
Wilkes, P., Lau, A., Disney, M.I., Calders, K., Burt, A., Gonzalez de Tanago, J.,
Bartholomeus, H., Brede, B., Herold, M., 2017. Data acquisition considerations for
terrestrial laser scanning of forest plots. Remote Sens. Environ. 196, 140–153.
https://doi.org/10.1016/j.rse.2017.04.030.
Wilkes, P., Shenkin, A., Disney, M., Malhi, Y., Bentley, L.P., Vicari, M.B., 2021.
Terrestrial laser scanning to reconstruct branch architecture from harvested
branches. Methods Ecol. Evolu. 2021 12 (12), 1–14.
Wright, M.N., Ziegler, A., 2017. ranger: a fast implementation of random forests for high
dimensional data in C++ and R. J. Stat. Software 77 (1). http://www.jstatsoft.org
/v77/i01/.
Zanne, A.E., Lopez-Gonzalez, G., Coomes, D.A., Ilic, J., Jansen, S., Lewis, S.L., Miller, R.
B., Swenson, N.G., Wiemann, M.C., Chave, J., 2009. Data from: towards a worldwide
wood economics spectrum, Dryad. Dataset. https://doi.org/10.5061/dryad.234.
Zhou, X., Yang, M., Liu, Z., Li, P., Xie, B., Peng, C., 2021. Dynamic allometric scaling of
tree biomass and size. Nature Plants 7 (1), 42–49. https://doi.org/10.1038/s41477020-00815-8.

20

