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Landscape-level validation of allometric relationships for carbon
stock estimation reveals bias driven by soil type
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Abstract. Mitigation of climate change depends on accurate estimation and mapping of terrestrial carbon stocks, particularly in carbon dense tropical forests. Allometric equations can be
used to robustly estimate biomass of tropical trees, but often require tree height, which is frequently unknown. Researchers and practitioners must, therefore, decide whether to directly measure a subset of tree heights to develop diameter : height (D:H) equations or rely on previously
published generic equations. To date, studies comparing the two approaches have been spatially
restricted and/or not randomly allocated across the landscape of interest, making the implications of deciding whether or not to measure tree heights difficult to determine. To address this
issue, we use inventory data from a systematic-random forest inventory across Gabon (102 forest
sites; 42,627 trees, including 7,036 height-measured trees). Using plot-specific models of D:H as a
benchmark, we compare the performance of a suite of locally fitted and commonly used generic
models (parameterized national, georegional, and pantropical equations) across a variety of
scales, and assess which abiotic, anthropogenic, and topographical covariates contribute the most
to bias in height estimation. We reveal marked spatial structure in the magnitude and direction of
bias in tree height estimation using all generic models, due at least in part to soil type, which compounded to substantial error in site-level AGB estimates (of up to 38% or 150 Mg/ha). However,
two generic pantropical models (Chave 2014; Feldpausch 2012) converged to within 2.5% of
mean AGB at the landscape scale. Our results suggest that some (not all) pantropical equations
can extrapolate AGB across large spatial scales with minimal bias in estimated mean AGB. However, extreme caution must be taken when interpreting the AGB estimates from generic models at
the site-level as they fail to capture substantial spatial variation in D:H relationships, which could
lead to dramatic under- or over-estimation of site-level carbon stocks. Validated allometric models derived at site- or soil-type-levels may be the best way to reduce such biases arising from landscape-level heterogeneity in D:H model fit in the Afrotropics.
Key words: aboveground biomass; allometric equation; carbon stocks; central African rainforest;
Michaelis-Menten model; Weibull model.

INTRODUCTION
Tropical forests provide globally important ecosystem
functions and services in biomass storage, carbon dioxide sequestration and mitigation of climate change
(UN-REDD 2011). International programs like REDD+
(Reducing Emissions from Deforestation and Forest
Degradation) seek to mitigate climate change and maintain ecosystem services by fostering the conservation,
sustainable management, and enhancement of forests
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and their carbon stocks. The successful implementation
of such efforts, however, will depend on reliable monitoring, reporting, and verification (MRV) protocols to estimate forest-related greenhouse gas emissions, forest
stocks, and forest area changes (UN-REDD 2011). The
foundation of MRV is ground-based measurements of
aboveground biomass (AGB), which are used to calibrate remote sensing data to predict stocks over
national, regional, and global scales (Saatchi et al.
2011). Direct measurement of AGB entails harvesting,
drying, and weighing trees and is expensive, time consuming, and destructive (Clark and Kellner 2012). Consequently, indirect measurement of biomass through the
use of biometric measurements, such as tree diameter,
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height, and wood density, and allometric equations is
the current state of the art (Chave et al. 2005, 2014,
Feldpausch et al. 2011, 2012, Vieilledent et al. 2012,
Ngomanda et al. 2014). One of the most pressing challenges for advancing forest carbon estimation is the
derivation and testing of accurate allometric models and
determining the appropriate scales at which they are
valid. Where some assessments require accurate site-level
carbon estimates to determine whether an area meets a
threshold for carbon neutral development (e.g., palm oil;
Burton et al. 2017) or examine carbon–biodiversity relationships (e.g., Ali and Yan 2017), others look to extrapolate carbon stocks across landscapes to understand
national or global level carbon budgets. The selection of
allometric models in these scenarios could markedly
affect the outcomes depending on the scale at which the
study is conducted.
Whereas measuring tree diameter in the field is relatively fast and accurate, forest inventories often do not
include measurements of tree heights because they are
time consuming and prone to significant errors (Huang
et al. 1992, 2000, Larjavaara and Muller-Landau 2013).
To overcome the lack of data, allometric models were
developed to estimate aboveground biomass (AGB)
without a height parameter (Chave et al. 2005). There is
strong evidence, however, that inclusion of height in allometric models generates more accurate estimates of
AGB than models without tree heights (Chave et al.
2005, 2014, Feldpausch et al. 2011, 2012, Marshall et al.
2012, Vieilledent et al. 2012, Ngomanda et al. 2014).
Therefore, diameter : height (D:H) models that predict
tree heights when measurements are not available have
been developed for all tropical forests (Brown et al.
1989), biogeographical regions (Feldpausch et al. 2011,
2012) and to account for variation in climate (Chave
et al. 2014). While these “generic” models reduce the
effort and costs of measuring trees in the field, the data
tend to be from preferentially selected research sites and
fail to capture variation in tree heights at smaller scales
associated with species composition (Goussanou et al.
2016), topography (Forrester et al. 2017), elevation
(Marshall et al. 2012), climate (Banin et al. 2012), environmental or edaphic conditions (Slik et al. 2013), and
disturbance (Thomas et al. 2015, Rutishauser et al.
2016). For these reasons, generic models cannot accurately represent the heterogeneity of an entire georegion
or nation of interest, making the landscape-scale implications of site-to-site variation, disturbance history, and
habitat types on allometric relationships impossible to
determine.
Unlike generic models, locally derived D:H models
implicitly incorporate variation due to geography and
the environment. Local D:H models can be built by measuring the heights of a subset of trees that represent the
range of diameter classes present (Sullivan et al. 2018).
Regression models are then fit to the field data to model
the relationship between tree diameter and height, from
which heights are predicted for all unmeasured trees,

and then used in allometric equations to estimate AGB
and carbon (e.g., Huang et al. 2000, Chave et al. 2014,
Ngomanda et al. 2014). Recently, several studies have
compared locally derived models to generic models, finding that variation in tree D:H allometry causes local
models to outperform regional models (Kearsley et al.
2013, Rutishauser et al. 2013, Thomas et al. 2015, Ledo
et al. 2016a,b, Imani et al. 2017, Sullivan et al. 2018, but
see Duque et al. 2017, Kearsley et al. 2017). However,
the causes of variation in model fit and the landscapelevel implications of allometric model selection remain
elusive. We still need to understand the degree to which
generic models can accurately estimate AGB at the
national or landscape level (scale of an inventory) and
the consequences of using local D:H models for estimates of total carbon stocks (e.g., Kearsley et al. 2013).
In this paper, we perform a comprehensive assessment
of the most widely applied D:H models available for
tropical regions (Table 1). Our analyses include models
employed at multiple scales (from site-specific to
pantropical) and models that incorporate environmental
covariates (Feldpausch et al. 2011) or a measure of environmental stress to correct for spatial variation in allometric relationships between diameter and height
(Chave et al. 2014). We examine a suite of abiotic,
anthropogenic and topographic factors thought to influence D:H relationships and, ultimately, determine the
implications of using generic models on the resultant
bias and uncertainty in the estimates of AGB at the
landscape scale. To do this, we employ data from
Gabon’s recent countrywide National Resource Inventory (NRI), which includes 7,036 pairs of diameter and
height measurements and 67,449 tree diameter measurements from 102 inventory plots: the largest inventory in
tropical Africa in recent times. These plots were selected
using a systematic-random design that captures variation in climate, forest disturbance history, forest types,
and community composition throughout Gabon. Specifically, we ask (1) How do D:H models vary among sites,
families, species, forest types, disturbance histories, and
landscape scales? (2) How does the scale of the D:H
model (site-specific to pantropical) influence uncertainty
in estimated height? (3) What abiotic, topographic, and
anthropogenic variables influence bias in allometric
model fit? (4) How does the error arising from variation
in the scale of the model compound to AGB estimation
at the tree and plot levels? Failure to minimize bias and
uncertainty in D:H models could lead to substantial
error in site-specific and landscape scale estimates of
AGB, ultimately hampering efforts to mitigate climate
change and protect ecosystem services.
MATERIALS AND METHODS
Study area
Gabon is the second most forested country in
the world after Surinam, with 88% of its area
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TABLE 1. Local allometric equations fitted to predict tree height (H, in m) as a function of diameter at breast height (D, in cm)
and the percentage of occasions they were selected as the best model at each given scale.
Best supported model (%)
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

Equation
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H
H

¼aþbD
¼ expða þ b  lnðDÞÞ  
¼ a þ b  lnðDÞ þ c  ln D2
¼ a þ b  lnðDÞ
¼ a  ð1  expðD=bÞÞ
¼ a  ð1  expðb  Dc Þ
¼ ða  DÞ=ðb þ DÞ
¼ a  Db
¼ a  expðb=DÞ
¼ a þ b  ð1  expðc  ðD  Dmin ÞÞÞ
¼ a þ ð ða  1:3Þ  b=ðD þ bÞÞ
¼ 1:3 þ expða þ b  Dc Þ
¼ 1:3 þ a  ð1  expðb  DÞÞc
¼ 1:3 þ a  ð1  expðb  DÞÞ
¼ 1:3 þ D2 =ða þ b  DÞ2


¼ 1:3 þ D2 = a þ b  D þ c  D2
bDc
¼ 1:3 þ a  D
¼ 1:3 þ a  ð1  b  expðc  DÞÞd
¼ a  b  expðc  DÞ

Class

Site

Family

Species

Hab

Dist

Nat

linear
curvilinear
curvilinear
curvilinear
asymptotic
asymptotic
asymptotic
curvilinear
asymptotic
asymptotic
asymptotic
curvilinear
asymptotic
asymptotic
asymptotic
asymptotic
curvilinear
asymptotic
asymptotic

11.8
31.4
0.0
18.6
3.9
0.0
8.8
0.0
3.9
0.0
0.0
0.0
1.0
12.7
2.0
0.0
0.0
5.9
0.0

14.3
33.3
0.0
28.6
0.0
0.0
9.5
0.0
0.0
0.0
0.0
0.0
0.0
4.8
0.0
0.0
0.0
9.5
0.0

25.0
25.0
0.0
20.8
4.2
0.0
8.3
0.0
4.2
0.0
4.2
0.0
0.0
8.3
0.0
0.0
0.0
0.0
0.0

0.0
50.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
25.0
25.0

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
33.3
0.0
0.0
0.0
0.0
0.0
66.7

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
100.0

Notes: a, b, c and d are the regression coefficients estimated from empirical data; Dist stands for disturbance history, Hab for
habitat, and Nat for National scale models. See Appendix S1: Table S1 for complete information on the fitted equations, including
the literature sources.

(~267,000 km2) covered by tropical rain forest (Sannier
et al. 2014). It is a low-lying equatorial country along
the Atlantic coast of Central Africa, with a warm and
humid climate. The annual mean temperature of Gabon
(averaged 1901–2015) is about 25.0°C. On average, temperatures are highest in March (26.2°C) and lowest in
July (23.1°C). Average annual precipitation is about
1,800 mm, with a dry season from June through August
(mean 25.4 mm/month) and a bimodal wet season with
peaks from March to May (mean 203.3 mm/month)
and October to December (mean 239.2 mm/month;
data available online).8 Annual precipitation varies along
a west-to-east gradient, declining from 2,650 mm along
the coast to 1,400 mm in the southeast of the country.
Gabon is characterized by several different forest
ecosystems (Fig. 1). Coastal forests include a mixture of
mangroves, flooded forest, and raphia swamps that transition into a low-elevation forest in the western Ogooue
delta plain. The plain is interrupted by the Chaillu
mountain chain that separates it from the Okoumedominated (Aucoumea klaineana) forests characteristic
of most of Gabon and the Congo-Guinean forests that
extend east of the boundary of the Okoume distribution
(Born et al. 2011). Continuous savannah/forest matrix is
found in the southeastern and most eastern sections of
Gabon, where the forests run into the Bateke plateau.
Gabon’s forests can also be characterized by human disturbance history (Fig. 1): primary forest has largely been
8

http://sdwebx.worldbank.org/climateportal/index.cfm

undisturbed in the last 200–500 yr (Oslisly et al. 2013),
logged forest has been selectively logged within the last
60 years, and secondary forests are typically regenerating
from past agriculture or human inhabitation.
Field measurements and data collection
In 2012, the Government of Gabon initiated the
National Resource Inventory (NRI) to quantify forest
structure and terrestrial carbon stocks nationwide
(Carlson et al. 2017, Poulsen et al. 2017, Wade et al.
2019). The NRI consists of inventory sites positioned
according to a systematic-random design (Fig. 1): a
grid of 50 9 50 km cells was superimposed over a map
of the country and sampling locations were selected
randomly in forest lands within each cell. An inventory
site consists of one 1-ha (100 9 100 m) permanent plot
and four 0.16-ha (40 9 40 m) satellite plots. In each
case, two satellite plots were located east of the permanent plot and two located west of the permanent plot,
with 250 m separating adjacent plots. During the first
phase of the NRI, 104 sites were surveyed, but tree
height measurements could not be taken at two sites
because of equipment failures, so we report on 102
sites.
The field teams inventoried the sites using internationally accepted protocols for plot establishment and measurement (Phillips et al. 2016). They mapped, measured,
and identified to species all trees with a diameter at
breast height (D) ≥ 10 cm. All measured trees in the
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FIG. 1. Location of the National Resource Inventory sites in Gabon, Central Africa: (a) The location of Gabon (green) in
Africa; (b) the sampling grid and distribution of survey sites (black dots); (c) the distribution of forest types (cyan, coastal; purple, savannah/forest matrix; orange, okoume; and pink, congolian); and (d) the classification of inventory sites by forest disturbance history overlaid on a satellite image of Gabon (green points, primary forest; orange points, logged forest; and red
points, secondary forest).

permanent sites, but not the satellite plots, were marked
with individually numbered aluminum tags. D was measured at a height of 1.3 m from the ground, or 50 cm
above any buttresses, stilt roots, or deformities. Samples
from individuals not identified to species in the field
were collected for identification at the national herbarium. For each plot, field teams also recorded metadata
on forest characteristics, such as the level of flooding or
deciduousness, but we focus on forest disturbance history (primary, logged, or secondary forest) and forest
types (coastal, okoume, congolian, and savannah/forest
matrix), as these characters are simple to define in the
field.
To estimate tree height, field teams measured up to 75
trees at each site using a laser hypsometer (TruPulse 200
Hypsometer, Laser Technology, Inc., Centennial, CO,
USA) and following the protocol recommended by Sullivan et al. (2018). Field teams measured 50 trees from
each permanent plot, randomly selecting 10 trees from
each of five D subclasses: 10–20 cm, 21–30 cm, 31–
40 cm, 41–50 cm, >50 cm, and an additional 25 trees
representing the five largest trees in the permanent plot
and each of the four satellite plots. Technicians determined the top of the tree from different view angles and

took three height measurements per tree to account for
over- or underestimation. When the top of a tree was
not visible, a different individual was selected using the
same criteria. In total, they measured 7,044 trees for
both D and height. Prior to data analysis, we conducted
standard data-checking procedures on tree diameter, tree
height and GPS coordinates to ensure minimum data
quality standards. We took a conservative approach,
identifying and correcting only extreme data and GPS
coordinate outliers that could be traced back to clear
data-entry mistakes (Holdaway et al. 2014) and removed
eight trees from the analysis (final sample size 7,036).
We performed all data processing and statistical analysis with the R statistical software (R Core Team 2013;
version 3.4.1).
Diameter: height models
Numerous tree D:H models have been published for
pantropical, south Asian, Amazonian and African tropical forests (Chave et al. 2005, 2014, Lewis et al. 2009,
Feldpausch et al. 2012, Molto et al. 2014, Ngomanda
et al. 2014). Generally, the D:H models belong to one of
three classes related to the expected growth functions of
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tropical forests: (1) linear models (e.g., H ¼ a þ b  D);
(2) curvilinear models, including log-log models (e.g.,
logðH Þ ¼ a þ b  logðDÞ þ c  logðD2 Þ), power-law (H ¼
a  Db ), and exponential (H ¼ a  becD ) models
(Chave et al. 2005, Djomo et al. 2010, Feldpausch et al.
2012, Molto et al. 2014, Ngomanda et al. 2014); and (3)
asymptotic curves, including Weibull (H ¼ a  ð1
c
ebD Þ), Michaelis-Menten (H ¼ aD
bþD) and log-linear
(e.g., H ¼ a þ b  logðD)) models (Fang and Bailey
1998, Lewis et al. 2009, Feldpausch et al. 2012, Mitchard
et al. 2014, Molto et al. 2014). In the model exploration
stage, we identified 19 D:H models commonly used to
predict tropical tree heights (see Appendix S1: Table S1).
Variation in D:H models across scales.—To find the best
supported D:H model at each scale, we used a crossvalidation procedure in which we fit the 19 candidate
D:H models to trees of known height and D from both
the permanent and satellite plots. In each case, we
trained the models using two-thirds of the data (training
data), using the remaining one-third of the data (validation data) to assess the accuracy of the best-fitting model
for predicting tree heights. To capture variation in scale,
this process was applied within site (n = 102), taxonomic
family (n = 21), species (n = 24), disturbance history
(n = 3), and landscape (n = 1) scales. Results for genus
level were similar to family and species, and therefore,
we do not report them. We employed a maximum likelihood approach using the optim() function in R to search
for regression coefficients and minimize the residual
standard error (RSE) of height predictions. We used the
Akaike Information Criterion corrected for small sample size (AICc) to select the most parsimonious model
for each round of model selection. We selected the “best
model” by repeating the above procedure 100 times for
each scale, randomly selecting the training and validation data without replacement in each run, and tallying
the number of times a given D:H model had the lowest
AICc for the training data (Bolker 2008). The model
with the highest score out of the 100 runs was considered
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the “best model” at that given scale. We only fit models
to families and species for which we had ≥ 45 height
measurements.
Effect of model scale on uncertainty in tree heights.—To
assess how variation in the scale of the model influences
the predictive capability of D:H models, we first determined the site-level predictive error in height estimation
for the best supported models at the site, disturbance
history and landscape scales, and for eight previously
published D:H models across national, georegional and
pantropical scales (with their original regression coefficients: Table 2). We calculated the site-level predictive
error by averaging the root mean squared error (RMSE)
of each model using the validation data from each of the
site-level model runs (n = 100):

RMSEH ¼

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
uP 
u
^
hij  hij
t
np

(1)

where ^
hij is the estimated height of tree j within validation
data set i; hij is the measured height of tree j within validation data set i; n is the sample size of the validation data
set; p is number of fitted parameters; and RMSEH = the
resultant root mean squared error in height.
We calculated the site-level predictive bias by averaging the mean bias in height estimation of each model
using the validation data from each of the site-level
model runs (n = 100):
P^
ðhij  hij Þ
BiasH ¼
(2)
n
where ^
hij is the estimated height of tree j within validation data set i; hij is the measured height of tree j within
validation data set i; n is the sample size of the validation
data set; and BiasH = bias in height (H). To interpolate
bias values continuously across the landscape, we used
inverse distance weighting (IDW) with distance squared
as the weight.

TABLE 2. Previously published allometric equations commonly used in the literature.
Code
N1
N2
G1
G2
G3
P1
P2
P3

Equation

References

H ¼ 44:7  42:3  expð0:026  DÞ
H ¼ 5:61  D0:44


H ¼ 54:01  1  exp 0:053  D0:759



H ¼ 50:453  1  exp 0:0471  D0:8120
lnðH Þ ¼ 0:0043 þ 0:6362 lnðDÞ þ 0:0120A þ 0:0034Pv  0:0449SDry þ 0:0191TA
ð Þ
lnðH Þ ¼ 0:4893 þ 0:5296
 ln D þ 0:0098Aþ 0:0034Pv  0:0632SDry þ 0:0204TA
H ¼ 50:874  1  exp 0:0420  D0:784
lnðH Þ ¼ 0:893  E þ 0:760lnðDÞ  0:0340ðlnðDÞÞ2

Ngomanda et al. (2014)
Ngomanda et al. (2014)
Lewis et al. (2009)
Feldpausch et al. (2012)
Feldpausch et al. (2011)
Feldpausch et al. (2011)
Feldpausch et al. (2012)
Chave et al. (2014)

Notes: The model code denotes the scale of the model (N, national; G, georegional, and P, pantropical). Model variables include
A, permanent plot basal area (m2/ha); Pv, precipitation coefficient of variance; SDry, dry season, i.e., number of the months in
which the monthly precipitation < 100 mm; TA, mean annual temperature; and E, a measure of environmental stress (dimensionless). In this study, E values were excerpted from http://chave.ups-tlse.fr/pantropical_allometry.htm based on the GPS coordinates
of the 102 plots in Gabon, Pv and TA were excerpted at 0.93 9 0.93 km resolution, and SDry was derived from average monthly precipitation (mm) at 4.65 9 4.65 km resolution.
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Predictors of allometric model bias.—In order to determine the drivers of spatial bias in D:H models, we
applied a suite of candidate variables thought to influence allometric relationships. The candidate variables
were defined as follows: mean elevation, the average elevation within each 1-ha plot extracted from a 30-m digital elevation model; slope, the average slope within each
1-ha plot derived from a 30-m digital elevation model;
local forest loss, the percentage forest lost between 2000–
2014 (Hansen et al. 2013) within 1 km of the plot center;
human disturbance, the mean Human Disturbance
Index score (Sanderson et al. 2018) within 1 km of the
plot center; soil type, assigned using the soil classification map of Gabon (Martin 1981), the country’s most
contemporary, detailed soil classification map; maximum temperature, the mean annual maximum temperature; minimum temperature, the mean annual minimum
temperature; precipitation, mean annual precipitation;
and evapotranspiration, the mean reference evapotranspiration (ET0) value. All climatic variables were
retrieved for each plot centroid using Google Earth
Engine. We tested all candidate variables for collinearity.
Annual maximum temperature and annual minimum
temperature were removed as they strongly covaried with
elevation (correlation coefficient > 0.5). All continuous
covariates were standardized to facilitate comparison of
effect sizes. All remaining candidate variables were
weakly correlated (correlation coefficient < 0.5), thus,
we included all candidate variables as predictors in linear
models with the site-level bias of each allometric model
as the response terms. Candidate variables were deemed
to have a statistically significant effect on allometric
model fit if their associated 95% confidence intervals did
not overlap zero, and the relative magnitude of the effect
of each significant variable was determined through
comparison of standardized effect sizes.
Effect of model scale on uncertainty in AGB.—We calculated oven-dry AGB (kg) of individual trees using the
pantropical allometric equation (Chave et al. 2014)

0:976
AGB ¼ 0:0673  qD2 H

(3)

where D is stem diameter at breast height (cm), H is tree
height (m), and q is wood density (g/cm3).
1. Tree-level error in AGB estimation.—To determine if
the error in AGB estimation arising from the use of different D:H models was random or systematically biased
across different tree sizes, we calculated the tree-level,
individual error (Error AGBtree) for all trees of known
height (n = 7,036):
d ^  AGB
d h
Error AGBtree ¼ AGB
tree
htree
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(4)

where ^htree is the height of a given tree estimated through
allometric equations and htree is the height measured in
the field.

2. Plot-level error in AGB estimation.—To estimate how
variation in model scale propagates to total error in
AGB per hectare, we simulated 1-ha plots of trees by
sampling trees from the subset of trees of known height
(heights measured in the field; n = 7,036). To accurately
reflect the true distribution of D’s within 1-ha plots and
to account for bias in D:H models fit across D sizes, we
divided the trees into 11 log-scaled size classes
(10.0–13.4, 13.4–18.1, 18.1–24.4, 24.4–33.0, 33.0–44.6,
44.6–60.3,
60.3–81.4,
81.4–110.0,
110.0–149.0,
149.0–201.0, 201.0–215.0) and randomly sampled within
size classes according to the known distribution of D
size classes within each of the permanent plots. This
resulted in 102 simulated 1-ha forest plots. We quantified
plot-level variation in AGB Mg/ha by comparing the
AGB Mg/ha estimates from the best performing fitted
and published D:H equations to the AGB Mg/ha from
field-based height measurements. We did not refit allometric equations to each of these simulated plots, but
instead used the tree-level AGB estimates.

RESULTS
D:H model varies with site, forest disturbance, forest type,
family. and species
The best fitting D:H models varied with inventory site,
family, species, habitat type, and disturbance history
(Table 1, Fig. 2a–d). At the site level, there was marked
variation in model intercepts and slope parameters. In
general, the best performing D:H models were curvilinear (48% of sites). Sites that were best fit by linear relationships (15% of sites) tended to have smaller trees,
with a median D of 35.9 cm and median tree height of
23.9 m compared to a median D of 40.4 cm and median
height of 27.3 m across all other sites. At sites where
asymptotic curves fit well (37% of sites), tree heights
tended to level off when D reached 60–80 cm (e.g.,
Fig. 2a).
The best-fitting D:H models also varied among the 24
species (Table 1, Fig. 2b) and 21 families investigated
(Appendix S1: Table S2). Most taxonomic groups were
best represented by linear or asymptotic models. Linear
D:H relationships tended to fit families (23.8%) and species (41.7%) with smaller than average diameters and
heights (family = 26.2 cm, 21.4 m; species = 33.1 cm,
23.2 m) compared to other families and species (family = 42.1 cm, 27.7 m; species = 41.4 cm, 27.5 m).
Curvilinear D:H models tended to fit for families
(30.4%) and species (55.2%) with larger than average
diameters and heights (family = 44.1 cm, 27.0 m;
species = 44.1 cm, 27.2 m).
The best supported D:H model varied by forest type:
savannah–forest matrix and congolian forest were best
fit by curvilinear equations, whereas okoume and coastal
forests were best fit by asymptotic curves. Congolian, okoume, and coastal forest had similar D:H
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relationships, whereas savannah–forest matrix diverged
substantially. The divergence is likely driven by savannah–forest matrix being smaller in stature (median
diameter = 27.4 cm, median height 14.5 m) than other
habitats (41.0 cm, 27.4 m). Some evidence suggested disturbance-related differences in tree height and diameter:
the mean D (41.4 cm) and height (23.9 m) of secondary
forest tended to be smaller than primary forest (44.2 cm,
27.6 m). But there was no marked difference in D:H
model fit among forest disturbance histories (Fig. 2d):
primary, secondary, and logged forests were each best
fitted by similar asymptotic allometric equations
(Fig. 2d, Table 1). At the landscape level, the best fitted
equation was also asymptotic (Table 1, Fig. 1e).
D:H model influences error and uncertainty in estimated
tree heights
The predictive ability of the fitted site, disturbance,
habitat, and landscape D:H models were compared with
a suite of existing published equations (Table 2, Fig. 2e)
spanning from national to pantropical scales. The sitespecific D:H models outperformed all other models in
reducing mean error and standard deviation of plot-level
tree height estimates (Fig. 3a). The RMSE in height estimations were between 25–50% smaller than obtained
through the application of national and pantropical
models. In terms of RMSE, the fitted habitat type, disturbance history and landscape models performed comparably to several of the generic equations (N1, N2, G1,
G2, P2, and P3; Fig. 3a). Performance of generic models
was not entirely related to the spatial scale to which the
model applied, as both G3 and P1 performed poorly in
comparison to their georegion and pantropical counterparts. Maps of landscape-scale bias in height estimation
clearly demonstrate the lack of spatial structure in bias
when using site-specific D:H models (Fig. 3b); whereas
the fitted nationwide D:H model (Fig. 3c), and the best
(Fig. 3d) and worst (Fig. 3e) performing published
equations, show marked spatial bias in height estimation
and substantial between-site heterogeneity in predictive
error (see Appendix S1: Fig. S1 for spatial bias plots of
all models).
Soil type is the key driver of bias in allometric models
Of the suite of covariates thought to drive spatial bias
in height estimation, soil type had the largest effect size
(Fig. 4; Appendix S1: Table S3). However the direction
of the resultant bias was not consistent across all allometric models or across the scale at which they were validated. The majority of models performed adequately for
the two most abundant soil types, ferralitic (n = 59) and
coastal sedimentary (n = 15), however; G1 and G2 overestimated tree heights in ferralitic soils and G3 and P1
underestimated the heights of both categories. Aside
from G3 and P1, the majority of models significantly
over-estimated tree heights on sandstone ridge (n = 14),

calcareous (n = 7), sand (n = 4), and hydric (n = 3) soil
types. Of the continuous predictors tested, only slope
consistently influenced the direction of model bias. Typically, tree heights were overestimated in areas with steeper slopes (Fig. 4); however, the effect size was small
relative to habitat type.
D:H model markedly affects error in AGB estimates at
tree and plot levels
The tree-level error in AGB estimation varied markedly depending on model scale and on the D of a given
tree (Fig. 5a). The fitted models (site, disturbance, habitat, and landscape) performed consistently across all Ds
measured, whereas the majority of generic equations
tended to overestimate tree height significantly for
trees > 100 cm D. Two models, G3 and P1, also underestimated tree heights below 105 cm D and 140 cm D,
respectively. Tree-level error in AGB propagated to substantial variation in the AGB estimates of 102 simulated
1-ha forest communities (Fig. 5b, c). All fitted equations
produced minimal relative (Fig. 5b) and absolute
(Fig. 5c) variation in AGB/ha, whereas the published
equations varied between overestimating total AGB by
up to 21% (equivalent to 80 Mg/ha) to underestimating
total AGB by 38% (equivalent to 150 Mg/ha). A recently
updated georegional model by Fayolle et al. (2018) performed similarly to the previously published N1 and N2
equations, overestimating total AGB by an average of
5% (minimum = 6%; maximum = +13%; Appendix S1: Fig. S2). Models overestimating plot-level AGB
consistently overestimated AGB for larger trees
(>100 cm), whereas models underestimating AGB consistently underestimated AGB of smaller size classes
(<105 cm). Of the suite of published equations tested,
only P2 and P3 performed comparably to locally fitted
equations at the plot level (mean relative error of 2.5%
and 1%, respectively; minimum = 12%; maximum =
+7%). However, better performance of P2 and P3 may
be due to the simultaneous overestimation of AGB of
large trees and underestimation of AGB of small trees,
particularly in the case of the P3 model (Fig. 5a). The
site-specific model performed best, reducing mean error
in AGB to < 1%, with all sites falling between 5%
and + 5% of that calculated through direct tree height
measurements.
DISCUSSION
In the first systematic-random national-scale validation of D:H allometric models in the tropics, we demonstrate that generic models lead to spatially structured
site-level error and bias in tree height estimations, with
profound implications for the resultant AGB estimates.
D:H models previously developed at national, biogeographic, and pantropical scales under- or overestimated
mean national AGB by 1–28%. We find that a substantial proportion of the error arising from the poor fit of

December 2019

LANDSCAPE-SCALE ALLOMETRIC VALIDATION

Article e01987; page 9

a
RMSE height (m)

20

15

10

5

Plot

2° N

Hab

Dist

Nat

b

N1

N2

2° N

G1

G2

G3

P1

P2

P3
Mean
height
bias (m)

c
20

0°

0°
15
10

2° S

2° S
5

4° S
8° E

2° N

0

4° S
10° E

12° E

8° E

14° E

d

2° N

10° E

12° E

14° E

−5
−10

e

−15
−20
0°

0°

2° S

2° S

4° S

4° S
8° E

10° E

12° E

14° E

8° E

10° E

12° E

14° E

FIG. 3. Comparison of the resultant error and bias from application of fitted (site, habitat type, disturbance history, and
national) and published (see Table 2) D:H models. (a) Box plots represent the average root mean-squared error (RMSE) of tree
height predictions of the validation data across all runs of the resampling procedure (n = 100) for each plot. The middle line of the
box plot represents the median value, box edges are upper and lower quartiles, and the upper and lower whiskers represent the maximum and minimum values, respectively. (b–e) The landscape-scale distribution of bias in height estimation, where the color intensity represents the magnitude of bias (white represents no bias in tree height, orange represents over-estimation, and purple
represents under estimation) for the best (site = b) and worst (national = c) performing fitted models and best (P2 = d) and worst
(P1 = e) performing published D:H models. For the spatial bias plots of every model, see Appendix S1: Fig. S1.

these models was predicted by soil type and, to a lesser
extent, local topography, and that the collection of local
height data is the most effective way to minimize these
biases. Thus, consideration of soil type may be sufficient
to improve model fit across heterogeneous landscapes
where site-specific D:H relationships cannot be made.
Although our study is not the first to highlight the
advantages of site-level allometric relationships (see

Vieilledent et al. 2012, Ledo et al. 2016a,b, Imani et al.
2017, Kearsley et al. 2017), it is the first robust, systematic-random, landscape scale assessment of the implications of D:H model selection. Site-level D:H models
should, therefore, be regarded as the gold-standard biometric approach for accurate estimation of AGB in tropical forests, and caution should be applied when
interpreting local-scale AGB estimates calculated
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through the use of models calibrated in different regions
or at broader geographical scales.
The principal factor that determined whether a given
allometric model under- or overestimated tree heights
was within-model variation in fit across tree Ds
(Appendix S1: Fig. S3). The generic equations performed poorly in this respect, with some models markedly underestimating tree height at low D (G3 and P1)
and some markedly overestimating tree height for larger
trees (N2, G1, G3, P1, and P3). Poor model fit across
height classes led to substantial error in tree-level

estimates of AGB: N2 overestimated the AGB of large
trees by an average of 15,000 kg (at 210 cm D), whereas
P1 underestimated tree level ‘AGB by an average of
2,000 kg (at 105 cm D). The relationship between tree
size and model performance is of particular concern as it
highlights that the predictive ability of a given D:H
model and its resultant AGB Mg/ha estimates will be
directly related to the distribution of tree sizes present at
the site of interest. With hundreds of trees in a plot, poor
tree-level fit accumulates to substantial error in plot level
AGB estimates. The application of published models
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underestimated AGB by as much as 150 Mg/ha and
overestimated it by as much as 80 Mg/ha, reflecting
38% and + 20% of plot-level AGB, respectively. Use of
site-specific allometric equations reduced the error of all

plots within 5% of the mean AGB Mg/ha ( 20 Mg)
estimated from trees measured in the field.
Allowing allometric relationships to vary by site not
only reduced the overall magnitude of error in tree
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height estimates compared to all other models, it dramatically reduced the spatial variation in D:H model
bias across Gabon. All models validated at coarser spatial scales, fitted or previously published, showed
marked spatial structure in tree height bias. For example,
trees in the southwest of Gabon were typically substantially taller than estimated using coarser than site-scale
allometric approaches, whereas tree heights in the east
were typically shorter than estimated. The observed spatial structure reinforces the dangers of applying allometric relationships validated in different locations, in a
limited number of sampling locations or at different spatial scales than the area of interest (e.g., models N1 and
N2 were validated from a single site in northeastern
Gabon). Of the covariates applied to explain the variation in D:H model bias, soil type was by far the most
informative, which is consistent with several previous
studies linking soil parameters to AGB estimates (e.g.,
Cleveland et al. 2011, Ledo et al. 2016b, Imani et al.
2017). The published models typically performed adequately on the two most common soil types (ferralitic
and coastal sedimentary), presumably because previously published allometric equations were based on data
from these habitat types. However, they performed
poorly on less well represented soil types (e.g., hydric).
Several of the published models also incorporate environmental variables to account for known spatial variation in allometric relationships: G3 and P1 (Feldpausch
et al. 2011) include site-level basal area, precipitation,
dry season length and temperature, and P3 (Chave et al.
2014) includes a site-level environmental stress parameter (E). Although P3 performed well at the landscape
scale, the addition of environmental covariates did not
necessarily improve overall model fit: none of the models
incorporating environmental variables outperformed the
site-level allometric models or our fitted “national”
model. In fact, G3 and P1 dramatically underestimated
mean AGB. Inclusion of environmental factors, therefore, cannot substitute for local tree height measurements and direct validation of local D:H relationships.
Although the application of some generic models
resulted in unacceptable bias and uncertainty in AGB in
this study, it is important to note that the accuracy of
AGB estimates from pantropical equations is affected by
the spatial scale of the study area of interest. Ngomanda
et al. (2014) pointed out that while unacceptably large
error may result from application of published, pantropical equations for studies operating at small spatial
scales, the models may be valid at national, georegional,
or global scales. Our results provide strong support for
this notion. For example, Chave’s model incorporating
environmental stress (P3) showed greater heterogeneity
in plot-level AGB predictive ability than locally fitted
alternatives; however, averaged across all 102 simulated
plots, the mean AGB per hectare (317 Mg/ha) was comparable to that obtained through locally fitted equations
(315 Mg/ha). However, given that all other national, georegional and pantropical models consistently over- or

Ecological Applications
Vol. 29, No. 8

underestimated average AGB per hectare, we do not recommend assuming that bias in georegional or pantropical model predictions will “average out” across large
spatial scales: the model with the least bias for one
region of interest may not be the least biased for
another. Chave et al. (2014) advocated for the development of local D:H allometry over the use of their
pantropical model if possible, and the evidence presented here strongly supports the collection of local
height data. Crucially, poor fit of allometric models may
introduce artificial spatial patterns in forest biomass estimates at the regional or continental scales (Saatchi et al.
2015). Such structure could lead to false positive or false
negative results in studies relating site-specific AGB to
other site-specific ecological variables (e.g., biodiversity),
or perhaps more nefariously, erroneously identify a site
as appropriate for forest conversion and agricultural
development when it is actually a high carbon site.
Although not the principal focus of our work, there
remains considerable debate over the best functional
form of allometric models for the development of locally
derived D:H models, with support for the power law
model (Feldpausch et al. 2011), second order polynomial of the log-log data (Lewis et al. 2009), and asymptotic models such as the Weibull (Feldpausch et al.
2012), three-parameter exponential (Banin et al. 2012,
Kearsley et al. 2013), and the Michaelis-Menten (Molto
et al. 2014, Fayolle et al. 2016). Here, the functional
form of best-fitting allometric relationships varied across
all scales tested: site, disturbance history, forest type,
family and species. Crucially, there was no D:H model
that clearly outperformed all of the alternatives across
different scales, suggesting that a flexible approach in
which allometric relationships are allowed to vary
between scales of interest will best capture spatial variation in D:H relationships. Variation in the structural
form of the best-fitting D:H models is likely driven by a
host of different factors, including forest structure (Feldpausch et al. 2012), climate (Hulshof et al. 2015), topography (Huang et al. 2000), and soil fertility (Urban
et al. 2013), which can only be implicitly captured by
competing models with different forms at the site level.
Despite previous work linking forest disturbance to variation in D:H relationships (Rutishauser et al. 2016,
Kearsley et al. 2017), we found that, across Gabon as a
whole, forest disturbance history (primary, logged, or
secondary) only weakly influenced the selection of D:H
model. Furthermore, of the four coarse forest types
tested, only savannah–forest matrix showed marked
divergence in D:H model form. Given that the response
of forest growth dynamics to anthropogenic disturbance
will vary depending on the nature and intensity of disturbance, site-specific abiotic characteristics, and species
composition (Makana and Thomas 2006), it is not surprising that generalizing diverse disturbance regimes and
complex forest habitat types into several simplified categories did not substantially improve D:H model performance when operating at large spatial scales with high
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habitat heterogeneity. While it is beyond the scope of this
work to elucidate all the mechanisms driving variation
in the form of D:H relationships, some general patterns
were observed. For example, at the site, family, and species levels, linear functions performed effectively at sites
where trees had smaller than average diameters and
heights. Even though it would be impractical to develop
species-specific models for highly diverse tropical forests
(often > 100 species/ha), the variation in D:H models
for several families and species highlights the importance
of species composition in determining the D:H relationship of a given site.
Typically researchers provide updated national or
habitat-specific equations for future use. Although we
do provide a comprehensive list of the D:H model equations used within this manuscript (see Appendix S1:
Table S2), we highlight that researchers should use these
equations with caution, particularly if their focal study
region contains soil types other than ferralitic and
coastal sedimentary. Here we demonstrate that collection of site-level height measurements and use of sitespecific D:H relationships is the best way to minimize
bias and uncertainty in AGB estimation, and also avoids
making overly simplistic assumptions about the factors
driving allometric relationships across large spatial
scales. Moreover, measurements of tree heights can be
relatively fast and accurate with the use of laser hypsometers (Vieilledent et al. 2010) and measuring as few
as 20 trees per site can predict tree height with lower
error than generic models (Sullivan et al. 2018). Sullivan
et al. (2018) recommend measuring 50 trees per site,
including the ten trees with the largest diameter, to accurately derive local allometries. If site-level height measurements are not available, validated national models
(Nat) or the pantropical model incorporating an environmental stress factor (P3; Chave et al. 2014) appear to
be the most appropriate alternatives for Gabonese forests, although both approaches still result in larger sitespecific heterogeneity in AGB error and bias. Indiscriminate application of generic pantropical models could
lead to substantial error in local and national estimates
of AGB for tropical regions, and ultimately hamper the
successful implementation of initiatives designed to mitigate climate change and protect ecosystem services.
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Additional supporting information may be found online at: http://onlinelibrary.wiley.com/doi/10.1002/eap.1987/full
DATA AVAILABILITY
All code and a subset of the data (16 sites) are available on Figshare: shapefiles, https://doi.org/10.6084/m9.figshare.8319878;
data, https://doi.org/10.6084/m9.figshare.8319872.v2; code, https://doi.org/10.6084/m9.figshare.8319839.v1. The full data set is
available from the owner of the data (the Gabonese National Park Authority: ANPN) on request to Lee White (lwhite@parcsgabon.ga).

