
280  |  	﻿�  Methods Ecol Evol. 2023;14:280–290.wileyonlinelibrary.com/journal/mee3

Received: 4 August 2022  | Accepted: 25 October 2022

DOI: 10.1111/2041-210X.14027  

R E S E A R C H  A R T I C L E

Developing nondestructive species-specific tree allometry with 
terrestrial laser scanning

Atticus E. L. Stovall1,2  |   Anthony Vorster3  |   Ryan Anderson3  |   Paul Evangelista3

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 
provided the original work is properly cited.
© 2022 The Authors. Methods in Ecology and Evolution published by John Wiley & Sons Ltd on behalf of British Ecological Society.

1NASA Goddard Space Flight Center, 
Greenbelt, Maryland, USA
2Department of Geographical Sciences, 
University of Maryland, College Park, 
Maryland, USA
3Natural Resource Ecology Laboratory, 
Colorado State University, Fort Collins, 
Colorado, USA

Correspondence
Atticus E. L. Stovall
Email: atticus.e.stovall@nasa.gov

Funding information
Goddard Space Flight Center, Grant/
Award Number: 80NSSC17K0110 
and NNH20ZDA001N-BIODIV; U.S. 
Department of Agriculture

Handling Editor: Ryan Chisholm

Abstract
1.	 Allometric equations predict organism attributes from simple measurements 

and underlie many global-scale estimates, from plant productivity to ecosystem 
carbon stocks. In forests, destructive harvesting of trees in common groups (e.g. 
plant functional type) or at the species level is necessary to develop allometry 
but, since sampling is extremely difficult, predictions from these equations have 
high uncertainty due to low sample size, spatial bias and unrepresentative sam-
pling of tree size. Terrestrial laser scanning (TLS) is a promising remote sensing 
technology that enables efficient and nondestructive estimates of tree-level 
structure for developing allometric equations.

2.	 Here, we nondestructively estimated component biomass of three conifer-
ous tree species (Pinus ponderosa, Pinus contorta and Pseudotsuga menziesii) in 
Colorado, USA using TLS. We evaluated the suitability for this nondestruc-
tive data to be supplanted for destructive data in the development of species-
specific allometric equations and compared the prediction accuracy against a 
commonly used national-scale allometry.

3.	 We found TLS biomass estimates were consistently more precise across species 
(RMSE  =  ~19%) than nation-scale allometry (RMSE  =  ~39%). Nondestructive 
biomass estimates from TLS are a suitable addition to or replacement for tra-
ditional sampling methods, with indistinguishable biomass predictions across 
most of the tested diameter range. We further show how TLS can be used to 
develop allometric equations compatible with airborne LiDAR and other remote 
sensing variables (e.g. height and crown area), developing generalized biomass 
predictions from crown area and tree height (R2 = 0.87).

4.	 The ability for TLS to support the development of nondestructive allometry at a 
global scale will enable a more nuanced understanding of the drivers of individ-
ual tree architecture, while supporting the next generation of biomass remote 
sensing.
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1  |  INTRODUC TION

Global forest carbon stock estimates (Friedlingstein et al., 2020) are 
directly dependent on indirect tree-level predictions of biomass car-
bon (Chave et al., 2014; Saatchi et al., 2011). Field measurements of 
tree diameter (and sometimes height) are used to predict tree-level 
standing biomass with predictive models created from a small num-
ber of destructively harvested trees (Chojnacky et al., 2014; Picard 
et al., 2012). The high cost of creating predictive biomass models, 
or allometric equations, may limit sample size and diameter range, 
both of which result in unreliable predictions (Chave et al.,  2004; 
Duncanson, Rourke, et al.,  2015; Vorster et al.,  2020). The local-, 
national- and global-scale consequences of applying poorly con-
strained allometry to trees outside of the diameter range intended 
for forest carbon stock estimates is unclear but remains common 
practice due to a lack of alternative methods of predicting biomass 
in large trees. A more reliable method of developing allometric equa-
tions (Weiskittel et al., 2015), unrestricted by tree size and number 
of samples, is needed to update global-scale networks of plot bio-
mass for improved estimates of global forest carbon storage.

Terrestrial laser scanners (TLS) are stationary ground-based light 
detection and ranging (LiDAR) instruments that collect millions of 
millimetre precision range estimates from multiple positions. Over 
the past decade, TLS has become an established method of non-
destructively estimating tree-level and forest structure (Calders 
et al.,  2020; Demol et al.,  2022). Much of past work has focused 
on the development of algorithms to measure tree-level attributes 
such as diameter at breast height (DBH), height and tree-level bio-
mass (Calders et al.,  2015; Hopkinson et al.,  2004; Lau, Calders, 
et al., 2019; Momo Takoudjou et al., 2017; Stovall et al., 2017). The 
most well-studied means of estimating tree volume (and biomass) 
using TLS relies on 3D cylinder fitting (e.g. quantitative structure 
models; QSMs; Raumonen et al.,  2013). Many studies have high-
lighted the utility of cylinder fitting, but needleleaf trees consis-
tently have high volume errors since QSM approaches are extremely 
sensitive to noise and dense foliage (Demol et al., 2021; Hackenberg 
et al.,  2015). One method of estimating tree-level biomass, outer 
hull modelling (OHM), was developed to overcome errors in cylin-
der fitting for needleleaf trees and precisely estimated biomass of 
lodgepole pine trees for the whole tree, trunk, branch and needle 
components (Stovall et al., 2017). It remains unclear whether OHM 
can be applied to other needleleaf species and how errors in biomass 
estimates may vary by species.

TLS has only recently been proposed and assessed as a means of 
developing nondestructive biomass allometry (Demol et al., 2022; 
Lau, Martius, et al.,  2019; Momo Takoudjou et al.,  2017; Stovall 
et al., 2018)—a critical step in improving airborne and spaceborne cal-
ibration and validation (Disney et al., 2019; Stovall & Shugart, 2018) 
for the highest precision estimates of global carbon stocks 
(CEOS,  2021). Here, we aim to determine if terrestrial laser scan-
ning can improve or replace destructive calibration data for species-
specific allometric biomass equations. We address this question 
with 41 destructively harvested trees from three species scanned 

with TLS prior to harvesting. Using a tested (Stovall et al., 2017) and 
recently improved TLS tree modelling algorithm (OHM), we nonde-
structively estimated biomass of the trunk and crown components, 
validating our estimates with field-measured biomass. We devel-
oped biomass allometry from both destructively harvested and TLS 
estimates, comparing the estimates and confidence interval of the 
scaling coefficients. In addition, we evaluated TLS for developing re-
mote sensing-compatible allometric biomass equations, as described 
by Jucker et al.  (2017). Finally, we evaluated the predictions from 
TLS allometry in comparison to the commonly used, national-scale 
Chojnacky et al. (2014) equations of the United States.

2  |  METHODS

2.1  |  Destructive harvesting and biomass 
measurements

We destructively sampled 41 trees that were also scanned with 
TLS prior to harvesting: 10 ponderosa pine (Pinus ponderosa var. 
scopulorum), 10 Douglas fir (Pseudotsuga menziesii var. glauca) and 21 
lodgepole pine (Pinus contorta var. latifolia). We also scanned 19 addi-
tional ponderosa pine trees that were not harvested (see Supporting 
Information). In total, we scanned 60 trees for this study. Ponderosa 
pine and Douglas fir were sampled at the Ben Delatour Boy Scout 
Ranch in Larimer County, Colorado and the lodgepole pine were 
sampled at the Colorado State Forest in Jackson County, Colorado. 
Permissions for field work were obtained from the Colorado State 
Forest Service (administered by Colorado State Forest) and Ben 
Delatour Scout Ranch. Trees were selected that represented the di-
ameter range on site and were free of deformities. Details about the 
study sites and destructive sampling procedure are documented in 
previous publications (Stovall et al., 2017; Vorster et al., 2020). We 
measured dry total above-ground biomass as well as the bole, bark, 
branch and foliage components. The bole and bark biomass compo-
nents spanned the main stem from the 30.5 cm (1 foot) stump (ex-
cluded from total tree biomass) to where the bole becomes 10.2 cm 
(4 inch) in diameter. Branches included wood and bark of the main 
stem above this point and all branches. Foliage was all needles on 
the tree. In this study, we combined bole and bark components into 
a single trunk component, and branch and foliage biomass we com-
bined into crown biomass.

2.2  |  Terrestrial laser scanning

2.2.1  |  Field TLS methods

Terrestrial laser scans were collected using the same procedure 
outlined in Stovall et al.  (2017) with a phase-shift FARO Focus3D 
120 unit (ranging error ~2 mm) at a resolution of 6 mm at 10 m dis-
tance (~0.6 mrad). Three to four scans were collected per tree from 
multiple angles to limit occlusion, requiring approximately 3 min per 
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scan or ~15–20 min per tree. Stovall et al. (2017) estimated that the 
required field and processing time required for the nondestructive 
TLS approach was on average ~16 times less per tree than destruc-
tive sampling. The latter approach is especially time consuming for 
large trees. Scan distance from the target tree was approximately 
10 m, varying depending on tree size and stand openings. Styrofoam 
spheres were placed near the target tree as reference objects for 
scan registration. Near-windless conditions were required for col-
lecting each scan position to ensure errors in the point cloud were 
minimized.

2.2.2  |  TLS preprocessing

Preprocessing of the TLS data was identical to that described in 
Stovall et al. (2017). In short, we processed all TLS data in Faro SCENE 
(2015), where registration of multiple scan positions was completed, 
and the trees of interest were manually segmented from the point 
cloud (Figure 1). Stray points were filtered in SCENE using the pa-
rameters in Stovall et al. (2017; allocation threshold = 10%, distance 
threshold = 5 mm, grid size = 3 × 3). Following Stovall et al.  (2017), 
rather than using automated methods, we manually isolated tree 
point clouds (clipping trees approximately 30.5  cm above-ground) 
and separated trunk and crown points in Cloud Compare (version 
2.11.1) using the segment tool. During this process we visually in-
spected the point clouds and focused on isolating obvious trunk 
points. The remaining points were attributed to the crown of the 

tree. Each tree took 5–10 min to manually preprocess. Finally, each 
component was exported in ASCII format to be used in the OHM 
algorithm.

2.2.3  |  Tree modelling approach (Stovall et al., 2017)

The OHM method, developed and applied using the R programming 
language (R Core Team, 2022), was used to nondestructively esti-
mate tree-level volume from TLS data (Stovall et al., 2017). The ap-
proach is completed in two stages: (i) trunk modelling and (ii) crown 
modelling.

The trunk modelling method originally used convex hull peel-
ing (see Stovall et al.  (2017) for details) to ‘peel’ the outer noisy 
points from (~10 cm) segments of the trunk point cloud. The origi-
nal version of the OHM method required the user to estimate the 
number of peeling iterations. The newest iteration of this algo-
rithm relies on a least squares circle fitting approach, included in 
the original algorithm, requiring no user input. Still, in this updated 
version of the OHM algorithm, the ‘peeling’ approach remains. For 
a single trunk segment, two circle fits are computed. The first cir-
cular fit creates a crop region, excluding exterior noise points. A 
second circle is then fit to the remaining points, providing the final 
diameter estimate. The newest version of OHM also computes 
least squares circle fits on much thinner 1–2 cm thin point cloud 
subsection slices within each larger trunk segment. The benefit of 
this approach is twofold. First, an individual trunk segment now 

F I G U R E  1  Example point clouds highlighting structural differences of the three study species.

(a)

(b)

(c)
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has ~10 independent measurements from which a single diameter 
value is based. Second, the multiple subsection diameters enable 
confidence intervals for the diameter estimates of individual trunk 
segments. Next, a linear outlier exclusion method is implemented 
as described in Stovall et al. (2017), with a plus or minus 20% buf-
fer. Finally, with the remaining diameter values, a median estimate 
is computed per trunk segment, further reducing the impact of 
outliers.

The voxel-based branch modelling algorithm is also updated and 
simplified from the previous version (Stovall et al., 2017). The branch 
modelling approach is directly dependent on the diameter measure-
ments estimated using OHM. The TLS crown point cloud is voxelized 
and segmented into 10 cm sections corresponding to the trunk seg-
ments. For a given section of crown points the voxel size distribution 
is adjusted as a log function (Bmodel) based on the OHM estimated 
trunk segment radius (r):

where D is the distance of the voxel from the trunk and Dmax is the 
maximum value of D. Voxels with values of Bmodel less than 1 mm are 
assumed to be 1 mm in size. For an individual crown subsection, the 
Bmodel is multiplied by the normalized voxel distribution (total voxels 
per distance interval from crown normalized by the total number 
of voxels per crown segment). The approach produces a volumetric 
distribution of crown points based on adjusted voxel size, which is 
summed for total crown biomass estimates. The approach differs 
from the original implementation of the voxel crown modelling 
in that foliage and branches are not separated from each other. 
Instead, the modelling is simplified as a single ‘crown’ volume and 
biomass. For Douglas fir trees, we found a substantial proportion 
of TLS returns were attributed to needles along the woody branch 
structure, dramatically distorting voxel volumes due to an excep-
tionally high density of returns throughout the crown. The structure 
of Douglas fir branches is such that the needles account for nearly 
all branch volume on the exterior portion of the crown. In addition, 
the beam divergence of laser scanners sets a lower limit of mea-
surable detail at a specific distance (5 mm objects at 10 m distance 
for the TLS in this study). As a result, the TLS will return near-solid 
surfaces when measuring these dense needleleaf canopies. To ac-
count for these combined measurement challenges, we referenced 
our available destructive measurements, finding the average ratio 
between branch and foliage biomass (~0.4 ± 0.1). We applied a sim-
ple correction factor of 0.4 times the crown voxel volume, assuming 
the proportion of returns attributed to needles was 2.5 times more 
than the returns from branches. We expect a similar approach will 
be necessary in other high crown density species, requiring further 
coincident harvest and TLS acquisition. As in Stovall et al.  (2017), 
the final biomass estimates of the trunk and crown components are 
calculated as the component volume multiplied by average pub-
lished species-specific wood density values reported in Chojnacky 
et al., 2014.

2.3  |  Developing and comparing Nondestructive 
Allometry to traditional methods

2.3.1  |  Developing Allometric equations

Species-specific allometric equations were developed from both de-
structive biomass measurements and TLS modelling. We used the 
nls function in R programming language to fit nonlinear models relat-
ing DBH (D) in centimetres to total above-ground biomass (AGB) in 
kilograms using the form:

where a is the normalizing coefficient and b is the scaling exponent. 
We also tested log–log least squares regression (see Supporting 
Information), but, apart from the error structure, the predictions were 
not dramatically different from the nls model.

In addition, we tested the potential for TLS to aid in the develop-
ment of remote sensing-compatible allometric relationships as dis-
cussed by Jucker et al. (2017). We specifically focused on variables 
easily derived using high-resolution optical or LiDAR remote sensing 
methods: (i) crown area and (ii) tree height. We tested the following 
equation forms as we expected them to be linear in nature, improv-
ing prediction stability:

where �1, �0 and �2 are coefficients, Acrown is tree crown projected 
area, and H is tree height. Given the similar wood density across 
trees in the study, we expected crown structure would explain 
most of the variation in total biomass. To confirm this expecta-
tion, we tested for a species effect in our allometric models but 
found no significant difference in slope or intercept. We reported 
the equation coefficients and fit statistics for the final models for 
Equations (3)–(5).

2.3.2  |  Validation and allometric error statistics

The TLS-based tree-level biomass estimates and allometric equa-
tion predictions were evaluated using established statistical meas-
ures consistent with other similar studies. For all assessments in 
this study, we derived root mean square error (RMSE; kg and per 
cent of mean), bias (kg and per cent of mean) and mean absolute 
error (MAE; kg and per cent of mean). The absolute and relative 
forms of these statistics allow us to compare within a single spe-
cies and across species, highlighting differences in error for each 
category evaluated. For the tree-level validation, we derived these 
error statistics for comparisons of whole tree biomass, trunk (bole 

(1)Bmodel =
2r × log

(

Dmax + 1
)

− D

log
(

Dmax + 1
)

(2)AGB (kg) = a D
b ,

(3)AGB (kg) = �1 + �0Acrown,

(4)AGB (kg) = �1 + �0AcrownH,

(5)AGB (kg) = �1 + �0H + �2Acrown,
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plus bark) and crown (branch plus foliage) components. For the as-
sessment of allometric prediction errors, we derived the same set 
of statistics in our evaluation of the errors in whole tree biomass 
predictions using Chojnacky et al., TLS-derived allometry and TLS 
tree-level biomass estimates in comparison to the destructively 
harvested tree biomass data. Additionally, we used fivefold cross-
validation (training our allometric models on 80% of the data and 
holding 20% of data for error estimates) to independently as-
sess prediction errors in the TLS allometry. We used the follow-
ing DBH-based Chojnacky et al. (2014) equations for our species: 
Douglas fir (Pseudotsuga; 0.45 specific gravity; spg; �1 = 2.4852, 
�0  =  −2.4623), lodgepole pine and ponderosa pine (Pinus <0.45 
spg; �1  =  2.4638, �0  =  −2.6177). Component-level predictions 
were unavailable for Chojnacky et al. equations, so this analysis 
was excluded from the study.

We highlighted size-dependent differences in errors from our 
validation of tree-level TLS biomass estimates using one-to-one and 
residual plots. We highlight the differences in allometry by compar-
ing species-specific predictions using destructive allometry, TLS 
allometry and the Chojnacky et al. allometry, with confidence inter-
vals shown. We included residual plots to highlight deviations in the 
TLS allometry and Chojnacky et al.  (2014) equations from the de-
structive allometry. In addition, we showed the comparison between 
the destructive and TLS allometric coefficients (with confidence in-
tervals) to determine statistical similarity of predictions. Finally, we 
show trends in absolute errors (kg and per cent of mean) for the TLS 
allometry and Chojnacky et al. predictions.

3  |  RESULTS

3.1  |  Whole Tree and component biomass 
validation

Overall, TLS closely estimated destructive estimates of whole tree, 
trunk and crown biomass (Table 1; Figure 2). Across the study spe-
cies, whole tree biomass estimates had relatively low RMSE (13% to 
25%) and bias (−4% to 11%). Trunk biomass RMSE ranged from 9% to 
32% while bias was −1% to 22%. Crown biomass relative RMSE was 

higher (17% to 86%) but had low bias (−8% to 4%). Errors in compo-
nent biomass estimates were dependent on species, with trunk er-
rors lowest in lodgepole pine and highest in Douglas fir, while crown 
biomass errors were highest in lodgepole pine and lowest in Douglas 
fir. Ponderosa pine performed well in all whole tree and component 
estimates (RMSE: 13% to 17%).

3.2  |  Comparing destructive, TLS and Chojnacky et 
al. (2014) Allometry

The TLS-based allometry closely approximated the destructive al-
lometry, with species-specific prediction errors substantially lower 
than the Chojnacky et al. allometry (Figure 3a; Table 2). The TLS al-
lometry had 4% to 42% lower RMSE and 12% to 30% lower bias 
than the Chojnacky et al. predictions. TLS allometry predictions 
were within 3% of the RMSE of the tree-level estimates, except for 
ponderosa pine, which had ~8% higher RMSE than the tree-level 
modelling (Table 2). Predictions from the TLS allometry closely ap-
proximated the destructive allometry, except in the highest diam-
eter range for a given species. Deviations in predictions occurred 
above 30 cm for lodgepole pine and Douglas fir, while ponderosa 
pine remained stable throughout the diameter range. In contrast, the 
Chojnacky et al. equations deviated at lower diameter ranges and 
to a greater extent (Figure 3b). The allometric equation coefficients 
were statistically similar for TLS-based and nondestructive equa-
tions (Figure 3c; Table 3). For all normalizing and scaling coefficients 
(except the scaling coefficient for lodgepole pine) the confidence 
intervals overlapped with the estimate of the destructive equation. 
The normalizing coefficients for all species except the destructive al-
lometry were not statistically distinguishable from 0. For ponderosa 
pine trees, we compared destructive to nondestructive equations, 
finding negligible differences in the predictions (Figure S3), while the 
equations of Chojnacky et al. underpredicted. The remote sensing-
compatible allometry predicted tree-level biomass across species 
from crown area and tree height with RMSEs of ~150 to 230 kg or 
40% to 60% (Table 4; Figure 4). Mean absolute errors increased with 
total biomass for both Chojnacky et al. and TLS allometry (Figure 5), 
but the TLS allometry was consistently more accurate.

Component Species
RMSE 
(kg)

RMSE 
(%)

Bias 
(kg)

Bias 
(%)

MAE 
(kg)

MAE 
(%)

Total PICO 38.6 20.7 −7.3 −3.9 30.4 16.3

PIPO 91.8 12.9 17.7 2.5 61.6 8.7

PSME 70.9 24.8 32.5 11.3 45.3 15.8

Trunk PICO 12.8 9.1 −1.4 −1.0 10.3 7.4

PIPO 39.8 13.0 0.5 0.2 26.2 8.6

PSME 59.7 32.1 40.4 21.8 40.4 21.8

Crown PICO 34.1 86.1 1.2 2.9 23.5 59.4

PIPO 69.0 17.1 17.2 4.3 53.1 13.1

PSME 25.2 25.0 −7.9 −7.9 20.9 20.8

TA B L E  1  Error statistics from 
component biomass validation comparing 
TLS biomass estimates to destructive 
estimates. PICO, Pinus contorta; PIPO, 
Pinus ponderosa; PSME, Pseudotsuga 
menziesii
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4  |  DISCUSSION

Terrestrial laser scanning is an accurate method of deriving tree-
level biomass and is suitable for developing nondestructive allo-
metric equations. In this study, we sought to answer the question, 
Can terrestrial laser scanning improve or replace destructive calibration 
data for species-specific allometric biomass equations? by extending 
an established method of tree-level biomass modelling with TLS to 
the development of allometric equations and comparing our allo-
metric estimates to a commonly applied national-scale biomass al-
lometry. Overall, TLS effectively replaced destructive sampling for 
three ecologically and commercially important coniferous tree spe-
cies. We have confidence that this trend will extend to many simi-
larly structured coniferous tree species in dry environments of the 
western US. In summary, we found the following main takeaways:

1.	 Outer hull modelling can effectively be extended to additional 
coniferous species for minimally biased tree-level biomass 
estimates.

2.	 Errors in TLS biomass estimates are species and component de-
pendent, requiring further validation when applying the OHM 
method to new species.

3.	 TLS can reliably be used to improve or replace traditional meth-
ods of allometric biomass equation development.

4.	 Tree-level remote sensing-compatible allometry can be derived 
from TLS measurements.

OHM accurately estimated total and component biomass for 
three common coniferous species. Whole tree biomass was most 
accurate in ponderosa pine, followed by lodgepole pine and Douglas 
fir. The pine species biomass estimates were nearly unbiased, while 
Douglas fir was positively biased by ~11%. Since the diameter range 
of the study species varied by ~30 cm we cannot rule out the possi-
bility of errors being driven by equation diameter range (e.g. larger 
trees naturally have more variability in biomass due to plasticity to 
environmental conditions), especially since the lowest RMSE species 
had the highest maximum tree diameter (~62 cm). Trunk biomass 
error was strongly dependent on the crown density of a particular 
species. Douglas fir trees had extremely high crown density, increas-
ing occlusion of the internal trunk structure and reducing biomass 
precision. Lodgepole and ponderosa pine had more open crown 
structure, resulting in less occlusion of the trunk and increased 
biomass precision. Overall, trunk biomass estimates are extremely 
reliable—expanding the OHM method beyond the species currently 

F I G U R E  2  Comparison between destructive- and TLS-measured biomass for (a) whole tree, (b) trunk and (c) crown components of the 
three study species—Pinus ponderosa var. scopulorum (PIPO), Pseudotsuga menziesii var. glauca (PSME) and Pinus contorta var. latifolia (PICO). 
Chojnacky et al. (2014) Allometric biomass predictions shown in red along the y axis of (a). The dotted grey line is the 1:1 line. Corresponding 
residual error plots are shown on the bottom row. Insets on panels (a) and (c) correspond to the dotted boxes and show detail in the smaller 
ranges of biomass.
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considered should be reliable, assuming the crown structure is open 
enough to reduce trunk occlusion in the TLS scans. We expect fur-
ther improvements to trunk biomass estimates when applying the 
method to higher-quality multiple-return TLS data that reduces oc-
clusion in the interior crown.

Crown biomass errors were dependent on species-specific 
crown structure. Ponderosa pine crowns had the lowest noise in the 
TLS data of any species due to the openness of the crown and rel-
atively heterogeneous clumped needle structure. As a result, these 
trees had remarkably low errors across all components. In contrast, 

F I G U R E  3  (a) Comparison between destructive- and TLS-derived biomass allometry for the three study species—Pinus ponderosa var. 
scopulorum (PIPO), Pseudotsuga menziesii var. glauca (PSME) and Pinus contorta var. latifolia (PICO)—with allometric model confidence 
intervals shown in shaded grey. (b) Residual model error (in comparison to the destructive allometric model) shown to highlight deviations 
from the expected predictions. (c) A comparison between the corresponding destructive (dark) and TLS-derived (light) coefficient estimates 
(Equation 3) with parameter confidence intervals (error bars) shown on the bottom row.

(a)

(b)

(c)
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lodgepole pine crowns had a high density of needles on the exter-
nal portion of the crown structure, occluding the internal branching 
structure. Although crown biomass RMSE was high in this species, 
estimates were nearly unbiased, suggesting whole tree biomass 
estimates should remain unbiased if the method were applied to 
nondestructively measured trees. Douglas fir crowns had a crown 
structure with a high density of needles covering all branches, re-
sulting in nearly 2.5 times higher than expected crown volume using 
the voxel-based algorithm and requiring a correction factor derived 
from the average ratio of needle to branch biomass (~0.4). The de-
viation was consistent throughout the range of observed crown 
biomass, suggesting a simple species-specific correction factor can 
appropriately adjust these estimates and be applied to other trees 
within this species. We expect laser scanners with larger beam di-
vergence (e.g. handheld and mobile LiDAR) will suffer greatest from 
this issue and care should be taken if applying the OHM algorithm. 
Future studies should not only investigate the consistency of this 
correction factor for Douglas fir trees but also evaluate the need 

for correction factors in other species displaying similar high-density 
needle structure along branches of the tree. Although we did not 
test quantitative structure models in this study, we expect poor per-
formance in line with Stovall et al. (2017). TLS campaigns targeting 
single trees (multiple scans around a single individual) should still be 
paired with destructive sampling as species-specific TLS algorithms 
continue to be developed and refined to better estimate crown 
biomass.

The TLS allometric coefficients closely approximated those de-
veloped from destructive data, suggesting this method can soon be 
applied operationally for developing high sample-size biomass al-
lometry including large trees. In contrast, the Chojnacky et al. equa-
tions both under (lodgepole and ponderosa pine) and overestimated 
(Douglas fir) tree-level biomass, with bias increasing with tree diam-
eter and ranging from −16% to 42% (Figure 3; Table 2). The trend of 
bias in allometric estimates is consistent with past work that found 
a ~25% underestimate in broadleaf species in comparison to TLS 
(Stovall et al.,  2018). For context, the tree species evaluated here 
are well characterized since they have commercial forestry value. 
Prediction errors in species that are less well studied are likely to 
be substantially higher. For example, a recent study found allome-
tric equations for redwood Sequoia sempervirens had ~30% to 40% 
underestimate in biomass in comparison to TLS (Disney et al., 2020). 
We expect these trends of biased allometry to continue to emerge 
with additional TLS-based studies.

The detailed 3D tree-level measurements collected from TLS 
helps support the development of a new class of remote sensing-
compatible allometry. Here, we derived simple attributes directly 
from the TLS data (e.g. crown diameter and tree height), develop-
ing biomass estimates across species with 150 kg or 40% RMSE. 
Expanding this approach to larger trees will help characterize the 
uncertainty of these equations, but we expect—like other TLS 
measures—prediction errors will not be strongly dependent on 
tree size (Calders et al.,  2015; Stovall et al.,  2018). Tree-level re-
mote sensing-centric allometry (Jucker et al.,  2017), such as this, 
can be directly applied to optical data using deep learning meth-
ods (Weinstein et al., 2021) or to airborne LiDAR data using crown 

TA B L E  2  Statistics comparing direct tree-level TLS biomass, TLS nondestructive allometric predictions, and Chojnacky et al. allometric 
predictions to tree-level destructive biomass estimates. Error estimates from independent fivefold cross-validation shown in parentheses for 
TLS allometry

Species
Biomass 
estimate RMSE (kg) RMSE (%) Bias (kg) Bias (%) MAE (kg) MAE (%)

PICO n = 21 TLS Modelling 38.6 20.7 −7.3 −3.9 30.4 16.3

TLS Allometry 33.5 (44.6) 17.9 (23.9) −6.3 (5.7) −3.4 (3.1) 24.9 (31.8) 13.4 (17.0)

Chojnacky 40.5 21.7 −28.8 −15.4 31.1 16.6

PIPO n = 10 TLS Modelling 91.8 12.9 17.7 2.5 61.6 8.7

TLS Allometry 147.0 (185.3) 20.7 (26.1) 28.1 (36.7) 4.0 (5.2) 94.1 (122.8) 13.3 (17.3)

Chojnacky 198.3 27.9 −74.8 −10.5 138.6 19.5

PSME n = 10 TLS Modelling 70.9 24.8 32.5 11.3 45.3 15.8

TLS Allometry 71.9 (49.6) 25.1 (17.3) 37.0 (−0.2) 12.9 (−0.1) 44.1 (29.0) 15.4 (10.1)

Chojnacky 190.9 66.7 120.7 42.2 123.1 43.0

TA B L E  3  Comparison of allometric coefficients derived from 
destructive and TLS allometry

Species Coefficient Allometry Estimate
Standard 
error

PICO a Destructive 0.1330 0.0578

TLS 0.0184 0.0140

b Destructive 2.3309 0.1311

TLS 2.9324 0.2273

PIPO a Destructive 0.0184 0.0140

TLS 0.0343 0.0435

b Destructive 2.9324 0.2273

TLS 2.6889 0.3173

PSME a Destructive 0.0343 0.0435

TLS 0.0427 0.0405

b Destructive 2.6889 0.3173

TLS 2.6410 0.2375
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detection algorithms (Stovall et al.,  2019), with immediate appli-
cations to high-certainty crown delineation in coniferous forests. 
Although optical and airborne LiDAR are unable to fully capture un-
derstorey trees due to occlusion, the easily measured canopy trees 
dominate the biomass of many conifer forests (Brown et al., 1997; 
Stephenson et al., 2014) which is explained primarily by the domi-
nance of stand-replacing disturbance (Lutz et al., 2012). TLS should 
continue to be integrated into destructive sampling campaigns and 
leveraged for next generation allometric equations that will allow for 
precise tree-level biomass predictions, directly relevant to the scale 
of forest management decisions (i.e. the individual tree).

A key aspect of tree growth is adaptation to environmental 
conditions, but most species-specific tree-level biomass allometry 
is unable to incorporate such factors due to a low number of tree 

observations. Here, adding an additional 19 scanned ponderosa pine 
trees produced similar biomass predictions, but the increased sam-
ple size provided more representative estimates of species-specific 
variation (Figure S3). Tree-level biomass samples commonly repre-
sent a small area and a narrow range of a species' environmental 
conditions. Past work has investigated environmental drivers of 
tree allometry (Duncanson, Dubayah, et al.,  2015) finding conti-
nental variation in scaling relationships, but those studies focused 
on simple tree-level structural data (height and diameter). Chave 
et al.  (2014) described a single parameter (E) representing varia-
tions in environmental stress at a pantropical scale—an approach 
that could be applied at a finer spatial scale. This represents a key 
area of future research in tree-level allometry that can only be ad-
dressed with massive-scale sampling of whole tree above-ground 

TA B L E  4  Comparison of remote sensing-compatible allometric models. Coefficients are for Equations (3)–(5)

Model Coefficient Estimate SE R2 RMSE RMSE (%)

Crown Area B1 34.99 40.33 0.71 227.3 60%

B0 1.99 0.16

Tree Height × Crown Area B1 13.72 30.04 0.84 171.0 45%

B0 0.15 0.01

Tree Height + Crown Area B1 29.42 27.00 0.87 150.9 40%

B0 −1.89 0.46

B2 0.27 0.03

F I G U R E  4  Nondestructive remote sensing-compatible biomass allometry developed with TLS estimates of (a) crown area and/or (b and c) 
tree height. Respective residual plots (d)–(f) are shown on the bottom row.
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structure—a goal that can be accomplished with TLS. Understanding 
the key environmental drivers of tree structure will improve a suite 
of forest structure-dependent variables, from updated ecological 
theory to global carbon cycle modelling.
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