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Abstract
Biomass and carbon content are essential indicators for monitoring forest ecosystems and their role in climate action, but 
their estimation is not straightforward. A typical approach to solve these limitations has been the estimation of tree or stand 
biomass based on forest inventory data, using either allometric equations or biomass expansion factors. Many allometric 
equations exist, but very few studies have assessed how the calculation methods used may impact outcomes and how this 
impact depends on genera, functional group, climate or forest structural attributes. In this study we evaluate the differences 
in biomass estimates yielded by the most widely used biomass equations in Spain. We first quantify the discrepancies at 
tree level and among the main forest tree species. We observed that the divergences in carbon estimations between different 
equations increased with tree size, especially in the case of hardwoods and for diameters beyond the range used to calibrate 
the equations. At the plot level, we found considerable differences between the biomass values predicted using different 
methods (above 25% in one out of three plots), which constitutes a warning against the uncritical choice of equations to 
determine biomass or carbon values. The spatial representation of the differences revealed geographical patterns related 
to the dominance of fast-growing species such as Eucalyptus or Pinus pinaster, with a minor effect of forest structure, and 
almost no effect of climate. Finally, we observed that differences were mostly due to the data source rather than the modelling 
approach or equation used. Based on our results, BEF equations seem a valid and unbiased option to provide nation-level 
estimations of carbon balance, although local equations should preferably be used if they are available for the target area.
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Introduction

Biomass and carbon content are essential indicators for mon-
itoring forest ecosystems and their role in climate action 
(Ruiz-Peinado et al. 2017). Accurate estimations of forest 
biomass are critical for assessing carbon balance and green-
house gases and to inform about the effectiveness of mitiga-
tion policies such as REDD + (Schepaschenko et al. 2019), 
the Kyoto Protocol (Breidenich et al. 1998) or the Paris 
Agreement (Roelfsema et al. 2020). Countries adhering to 
those international agreements commit to conduct regular 
estimations of forest-related CO2 release and removals, to 
account for the role that forests play in the global carbon 
cycle (Eggleston et al. 2006).

The carbon sink capacity of forests is closely linked to 
the amount of biomass they harbor. Measuring or estimat-
ing the biomass of a tree or forest is not straightforward, 
and several approaches have been developed, each with its 
limitations. In situ, direct measurement of forest biomass in 
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the field requires destructive sampling and extensive field 
and lab work, which includes the separation and weighting 
of the different tree compartments (stem, branches, foliage 
and roots) (Neumann et al. 2016). A typical approach to 
solve these limitations has been the estimation of tree or 
stand biomass based on forest inventory data (Chave et al. 
2001). Different methods are however available, leading 
to lack of consistency in the reporting of biomass stocks 
between and within countries (Neumann et al. 2016; Peters-
son et al. 2012). The two main methods to convert field 
measurements into aboveground biomass consist of either 
allometric biomass equations or biomass expansion factors 
(BEFs) (Brown, 2002). Allometric equations require infor-
mation on individual tree dimensions, which are then con-
verted into biomass as a function of diameter at breast height 
alone or diameter and tree height (Soares and Tomé, 2004). 
In the latter case, height must be estimated form diameter 
if it is not measured, thus requiring additional height–diam-
eter allometric equations. The second method consists of 
converting volume measurements or estimates through the 
use of biomass expansion factors (BEFs). In either method, 
biomass estimations can then be transformed into carbon 
stocks using species- or genus-specific carbon fraction ratios 
(Brown, 2002).

BEFs are commonly used for greenhouse gas reporting, 
as recommended by several international agencies, includ-
ing the IPCC (Eggleston et al. 2006), the FAO (Neumann 
et al. 2016), and more recently by the Spanish Ministry for 
the Ecological Transition and the Demographic Challenge 
(MITECO, 2019), among others. This method presents the 
advantage of not requiring individual tree information, since 
stand-level volume information—common in national for-
est inventories—can be multiplied by species-specific con-
stants to convert to tree biomass and carbon content (Condés 
and McRoberts, 2017). However, several studies compar-
ing biomass estimates from allometric equations and BEFs 
highlight that the relationship between volume and biomass 
(i.e., BEF) is not constant but depends on both intrinsic and 
extrinsic factors such as tree age, stand volume, site index or 
climate (Aguirre et al. 2021; Jalkanen et al. 2005; Petersson 
et al. 2012; Soares and Tomé 2004). To reduce the risk of 
bias, the use of age-dependent or volume-dependent BEFs 
is recommended, and biomass allometric equations are pre-
ferred when available (Petersson et al. 2012).

Many available predictive allometric equations exist; 
most of them developed for specific study sites or small 
regions (Muukkonen, 2007). Likewise, comprehensive 
reviews and collections of biomass equations for broader 
regions are available, mostly for North America (Jenkins 
et al. 2003; Rojas-García et al. 2015; Ter-Mikaelian and Kor-
zukhin, 1997) and Europe (Annighöfer et al. 2016; Muuk-
konen, 2007; Zianis et al. 2005). The recent Forest Obser-
vation System initiative (Schepaschenko et al. 2019) even 

aims at building a global dataset of ground-based biomass 
observations as reference for the calibration and validation 
of algorithms implemented from the various space-borne 
missions existent and to come (e.g., GEDI mission from 
NASA (Dubayah et al. 2020), ESA’s BIOMASS mission, 
(Scipal et al. 2010)). However, these datasets aggregate 
data from plots contributed by several existing networks, 
in which biomass is typically not measured but estimated 
from site-specific, often inconsistent allometric equations 
(Schepaschenko et al. 2019).

Unless equations for the species or region of interest 
do exist, the choice often comes out of habit (Muukkonen, 
2007), without conducting any systematic evaluation of the 
impact of the available sources on biomass estimates. Sev-
eral studies have reported that the use of constant, species-
specific BEFs can lead to biased estimates of forest biomass 
(Castedo-Dorado et al. 2012; Jalkanen et al. 2005; Neumann 
et al. 2016; Petersson et al. 2012), but very few have assessed 
how the calculation methods used in allometric equations 
may impact outcomes (but see, for example Neumann et al. 
(2016)); or if/how this impact depends on genera, functional 
group, or forest attributes such as tree size.

In this study we evaluate the differences in biomass esti-
mates yielded by the most widely used biomass equations 
in Spain, including both allometric equations and BEFs. We 
first quantify the discrepancies at tree level and among the 
main forest tree species, providing further insights into the 
role played by forest attributes (namely, tree size, species 
and functional group) in the observed discrepancies. Then, 
we assess the implications of the choice of equations on 
plot-level biomass estimates for the whole Spanish territory. 
We expected tree-level differences in biomass to grow with 
tree size, which would lead to greater differences in mature 
or large-stocking plots. Finally, we identify the factors that 
determine the disagreement in biomass estimates, which 
allows us to endorse specific recommendations on the cri-
teria for choosing the best alternative among the available 
sources.

Methods

Equation data sources

We used the biomass equations most used in Spain. These 
equations include different sources and data acquisition 
methods that can be resumed as follows. The first group of 
sources are based on allometric equations, which estimate 
aerial biomass—either total biomass or separated by tree 
compartments—directly from tree diameter and, in some 
cases, also from tree height. We gathered several equations 
using this approach: the first set of equations was developed 
by the National Institute for Agronomic Research (INIA) as 
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a requirement by the Ministry of Environment. Published 
as a monograph (Montero et al. 2005), they were the first 
attempt to provide accurate biomass estimations for the 
main tree species in Spain and have thus been extensively 
used since then. Montero et al. (2005) sampled 32 forest 
species across different provinces in Spain (13 softwood 
and 19 hardwood species), in order to quantify the carbon 
stocks of Spanish forests and their potential as carbon sinks. 
The set of equations obtained from this source are hereafter 
named”INIA” and used the same log–log equation for all 
species, where:

This approach was later updated by Ruiz-Peinado (2012, 
2011), who used the same original dataset to build biomass 
equations for 10 softwood (Ruiz-Peinado et al. 2011) and 13 
hardwood species (Ruiz-Peinado et al. 2012). As opposed to 
Montero et al. (2005), the new equations by Ruiz-Peinado 
include total height as a potential independent variable and 
ensure that the models fulfill the additivity property (i.e., 
the sum of biomass estimation of the different tree fractions 
equals the estimation of total aerial biomass). They also 
considered a wider set of equations, evaluating 15 different 
biomass models for each component and species. The set 
of equations obtained from Ruiz-Peinado (2012, 2011) are 
hereafter named”RUIZ” (Table 1).

A third set of equations was obtained from the Ecologi-
cal and Forestry Inventory of Catalonia (Inventari Ecologic 
i Forestal de Catalunya; IEFC). The IEFC was carried out 
between 1988 and 1998 by CREAF and the Catalan Govern-
ment and aimed at complementing traditional forest invento-
ries by focusing on environmental issues such as the role of 
forests in the carbon cycle. It included a total of 10,644 plots 
randomly distributed within the forested area of Catalonia, 
at a rate of approximately one plot for every 100 hectares 
(Vayreda et al. 2005). It incorporated the systematic sam-
pling, in 20% of the plots, of a set of variables including 
wood, branches, leaves and bark biomass, which were then 

ln(biomass) = a + bln(diameter)

used to derive species-specific allometric regressions as a 
function of tree diameter (we named those”IEFC1 “) and as 
a function of diameter and height (”IEFC2 “) (Ibáñez et al. 
2002). It also included volume estimates and biomass expan-
sion factors for the main species (this approach is hereafter 
named”BEF”), so both approaches were developed using 
the same dataset. Moreover, it included height–diameter 
allometric equations that we used to obtain height values 
for our calculations (see next section). The methodology 
and results of the IEFC have been published in a series of 
books and are also available online (http://​www.​creaf.​uab.​es/​
iefc/), and the equations and parameters are available in the 
Catalan Forestry Lab (https://​labor​atori​fores​tal.​creaf.​cat/). 
All the equations used for this work, and the species-specific 
parameters can be found in the Supplementary Material S1.

Predicting individual‑tree aboveground 
biomass and differences across sources

We determined total aerial biomass for each source of 
equations and species in the following manner: we gener-
ated tree diameter pseudo-observations as a sequence of 
diameter values equally spaced at a 1-cm interval ranging 
from 5 to 80 cm (Muukkonen, 2007), and we computed for 
each pseudo-observation species-wise values of total aer-
ial biomass according to each of the five equation sources 
selected and summarized in Table 1. To avoid differences 
in the results due to the height-diameter allometric equa-
tion, the height values for those equations requiring it were 
always computed in the same way, using the height–diam-
eter equations developed in the IEFC, which determine tree 
height based on tree diameter (See Supplementary Material 
S1). We only kept those species that were parameterized 
for all the sources, leading to a final set of 17 species: 10 
hardwoods and 7 softwoods (Table 2). Altogether, these 17 
species are widely represented in Spanish forests, being pre-
sent in 89% of the forest plots and representing 81% of the 

Table 1   Main sources of biomass estimation equation used in this comparative study. For each source, we indicate the main reference, the num-
ber of species included, and the equations used, as well as an indicator of model performance

AGB aboveground biomass, DBH diameter at breast height, VOB volume over bark, Ht total height

Source Name Reference Number of 
species

Equation used R2 range

INIA (Montero et al. 2005) 32 AGB = a·DBHb· 0.962 (0.901–0.996)
RUIZ (Ruiz-Peinado et al. 2011, 2012) 23 Several (see Tables S2 and S3 

in Suppl. Mat. 1)
Not reported

IEFC1 (Ibáñez et al. 2002; Vayreda et al. 2005) 34 AGB = a·DBHb 0.945 (0.865–0.988)
IEFC2 AGB = a·DBHb·Htc 0.945 (0.865–0.988)
BEF AGB = VOB * BEF Not reported
Height-diameter 64 Height = a·DBHb 0.496 (0.05–0.89)

http://www.creaf.uab.es/iefc/
http://www.creaf.uab.es/iefc/
https://laboratoriforestal.creaf.cat/
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total number of trees according to the Third National Forest 
Inventory (Direccion General para la Biodiversidad, 2007).

We estimated the pairwise difference between biomass 
estimations of different sources (i.e., different equations) 
through the normalized difference, calculated as:

where AGBeq1 and AGBeq2 are aboveground biomass esti-
mations for equations 1 and 2, respectively. This type of 
formulation has a series of advantages as compared to the 
absolute difference, ratios or percentage change: it defines 
values from − 1.0 to 1.0, where values close to zero indi-
cate small differences in biomass estimation between the 
two sources. Moreover, as opposed to ratios or percentage 
change, the mean normalized difference is symmetrical, i.e., 
Diff1−2 =—Diff2−1.

We calculated the mean normalized difference between 
each pair of sources for each species and diameter in our 
sequence, and then we assessed the distribution of normal-
ized differences across diameter classes, species and func-
tional groups (hardwoods vs. softwoods). The width of the 
distribution indicates the range of variability in the nor-
malized differences across all the sources, so that narrower 
distributions indicate more agreement in biomass estimates 
between all sources. In turn, the number of peaks of the 
distribution of normalized differences indicates how the 

Diffeq1−2 =
AGBeq2 − AGBeq1

AGBeq2 + AGBeq1

predictions from different sources are clustered into similar 
values.

Plot‑level biomass predictions

To assess the source-dependent effects on biomass estima-
tions at the plot level we calculated total aerial biomass for 
all the plots measured in the Third National Forest Inventory 
(NFI3) in Peninsular Spain. NFI3 provides a comprehensive 
data set on forest composition and structure through perma-
nent plots located at the intersections of a 1 × 1 UTM grid 
and sampled about every 10 years. Each plot is composed 
of four nested subplots of 5 to 25 m radii in which trees are 
inventoried depending on diameter at breast height (Alberdi 
et al. 2017a).

We only kept those plots in which the studied species 
represented at least 80% of the total basal area, resulting in 
a final dataset of 61,983 plots (82% out of the 75,629 plots 
in the original database) containing 1,006,826 measures 
of individual trees. For each plot, we calculated total plot 
biomass as the sum of biomass estimations of all the indi-
vidual trees in the plot, using each of the equation sources 
described above. We then estimated differences in plot bio-
mass estimations across different sources and represented 
the results spatially to depict spatial patterns of discrepan-
cies or similarities across equations. In this case we calculate 
the differences between plots as relative differences, in order 

Table 2   List of species 
included in the final dataset, 
and information on minimum 
and maximum diameter used in 
the calibration sample of each 
equation

N represents the number of trees used to calibrate the equations for each source and species, whereas Dmin 
and Dmax are the minimum and maximum diameter (in cm) of the calibration sample

Source INIA; RUIZ Montero et al. (2005) IEFC1, IEFC2, BEFIbáñez et al. 
(2002)

N Dmin Dmax N Dmin Dmax

Alnus glutinosa 16 8.3 47.3 13 7 25.05
Castanea sativa 24 10.6 50.6 14 7.2 41.8
Eucalyptus spp. 24 9.8 54.0 11 6.3 52.1
Fagus sylvatica 72 9.5 74.8 72 5.7 49
Fraxinus spp. 27 7.2 52.2 20 5 37.1
Populus x canadensis 32 11.3 50.7 13 8.9 50.1
Quercus canariensis 23 10.0 60.0 8 6.8 19
Quercus faginea 24 9.5 46.5 34 5.05 26.9
Quercus ilex 43 7.8 85.9 722 5 36.4
Quercus suber 33 10.5 69.0 50 5.2 24.3
Abies alba 29 9.0 57.5 101 6.15 69.7
Pinus halepensis 55 8.0 44.0 1387 5 46.65
Pinus nigra 50 9.9 77.3 919 5 54.8
Pinus pinaster 198 7.0 64.0 47 6.85 36.1
Pinus pinea 47 7.5 63.0 140 5.6 39.2
Pinus sylvestris 316 6.2 76.0 1422 5 57.4
Pinus uncinata 21 8.0 41.0 417 5.9 57.7
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to obtain values that are more easily interpretable at the plot 
scale, as follows:

Finally, we assessed the importance of different variables 
as predictors of the pairwise differences in biomass estima-
tion across all the tested sources. For each pairwise differ-
ence in plot-level estimates, we fit a random model in which 
we included as potential predictors variables related to spe-
cies composition (dominant species, proportion in basal 
area of the main species), forest structure (mean quadratic 
diameter, mean tree height, stem density and basal area), 
climate (mean annual temperature and annual rainfall) and 
plot topography (elevation, slope) (Table3). We avoided 
the potential misspecification of the model due to spatial 
autocorrelation through bootstrapping: we fitted 100 mod-
els each with a subsample of ~ 10% randomly chosen data 
points, from which 60% were used for calibration and 40% 
for validation. We retrieved variable importance for each 
predictor as the mean variable importance across the 100 
models, and we calculated the R-squared—using the valida-
tion sample—as indicative of model performance. All the 
analyses were carried out in R version 4.2, and we used the 
packages caret (Kuhn, 2008) and randomForest (Liaw and 
Wiener, 2002) to fit the models.

Results

Tree‑level estimates of aboveground 
biomass

The different equations produced similar estimates of above-
ground biomass for trees of small diameter, and the discrep-
ancies between them grew with tree size and only emerged 

Eq1 vs Eq2 = 100*
AGBeq1 − AGBeq2

AGBeq2

for trees with DBH > 30–40 cm (Fig. 1). None of the equa-
tions produced consistently higher biomass values for all 
species, and the ranking among the different data sources 
varied markedly among species. For most species, the range 
of diameters used to calibrate the equations was sufficiently 
wide as to include more than 80% of the trees measured in 
the National Forest Inventory. This proportion was lower 
for Castanea sativa (64%), Quercus faginea (66%), Euca-
lyptus spp. (72%) and Quercus canariensis (78%), mostly 
due to the presence of many trees with lower DBH than the 
minimum sampled to calibrate the equations (Table 2). In 
the case of Quercus canariensis, however, up to 9% of the 
trees in the NFI3 were larger than the largest tree sampled 
(Fig. 1).

The pattern of normalized differences in biomass estima-
tion along size classes presented a marked species-specific 
character (Fig. 2). For some species, such as Abies alba or 
Pinus uncinata, the normalized differences were not size-
dependent, i.e., the differences in biomass estimations pro-
duced by the five equation sources were similar regardless 
tree size. For others (e.g., Pinus halepensis, Pinus pinaster, 
Quercus faginea) there was a marked size-dependent effect, 
and the width of the normalized differences widened as tree 
size increased, creating two to three modes produced by the 
five equation sources tested.

These patterns became more evident when we analyzed 
the two main functional groups (Fig. 3). For softwoods we 
could detect two main modes in the differences, indicating 
that biomass estimates produced by the five equations were 
concentrated in two groups with similar values. One of them 
had mean zero, indicating consistent and similar biomass 
estimates for at least two of the sources. Moreover, the dif-
ference between these two groups was not size-dependent. 
For hardwoods, on the other hand, there was more discrep-
ancy among biomass estimates, with a wide range of values 
clustered around the zero mean. These differences, how-
ever, increased with tree size, dispersing without clustering 
around any single value.

Table 3   Proportion of plots, 
according to the 3NFI within 
each class of differences in plot-
level biomass estimation

Source comparison  <  − 50% (− 50, − 25] (− 25, − 10] (− 10,10] (10,25] (25,50]  + 50%

IEFC2 versus IEFC1 0.4 7.6 33.9 35.5 10.0 5.9 6.7
INIA versus IEFC1 0.0 0.0 1.7 29.2 24.7 28.7 15.6
RUIZ versus IEFC1 0.1 3.9 7.1 23.5 17.5 30.2 17.6
INIA versus IEFC2 0.o 1.8 5.7 22.6 23.2 23.3 23.5
RUIZ versus IEFC2 0.0 2.0 9.0 22.2 14.8 29.6 22.3
RUIZ versus INIA 0.6 8.9 23.2 38.5 18.4 7.1 3.3
BEFs versus IEFC1 0.0 0.8 3.1 57.7 25.2 7.8 5.4
BEFs versus IEFC2 3.3 4.4 8.0 29.1 23.2 21.1 11.0
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Plot‑level aboveground biomass

At the national scale, plot-level estimates could be grouped 
into two large sets that were quite different from each 
other, confirming the bimodal trend observed when ana-
lyzing the differences at the individual tree level. Estimates 
obtained from INIA and RUIZ were very similar between 
them, with an average difference of 0.6% (mean biomass 
content for RUIZ: 63.8 Mg·ha−1; for INIA: 62.1 Mg·ha−1), 
whereas biomass estimates using IEFC’s equations—
including BEFs—were also very similar and gave the 
smallest estimate for biomass (IEFC1 = 48.3 Mg·ha−1; 
IEFC2 = 52.4 Mg·ha−1; BEF = 54.6 Mg·ha−1). However, 
the mean difference in biomass estimation did not fully 
capture the variability in discrepancies between sources. 
In one out of two plots, the differences in biomass estima-
tion between IEFC1 or IEFC2 and those from INIA and 
RUIZ were larger than 25%, and in one quarter of them 
they surpassed 50% (Table 3).

The spatial representation of differences in biomass esti-
mation showed that RUIZ and INIA overpredicted IEFC1 
and IEFC2 almost in all territories, although for INIA the dif-
ferences were particularly large in the Western part of Spain 
(Fig. 4). The main pairwise differences were observed either 
along the northern fringe—when IEFC1 was compared to any 
other equation—or in the southwestern part of Spain when 
INIA and/or RUIZ were compared to IEFC1 and IEFC2. 
On the other hand, differences between IEFC1 and IEFC2, 
or between RUIZ and INIA were rather slim in most of the 
territory and only surpassed 25% in around 10% of the plots 
(Table 3; Fig. 4).

Fig. 1   Total aerial biomass estimated for each of the main 17 tree 
species in Spain along a DBH sequence and according to different 
sources of aboveground biomass equations. Colored lines represent 
biomass estimations, whereas vertical dashed lines indicate the min-

imum and maximum diameter used for the calibration of the equa-
tions. Barplots in the background indicate the diameter distribution of 
the species according to the Spanish third National Forest Inventory 
(NFI3)
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Main factors driving differences in biomass 
estimation

Random forest models provided insights into the importance 
of species identity behind the pairwise differences across 
sources (Fig. 5). The dominance of fast-growing species 
such as Eucalyptus spp. or Pinus pinaster was behind the 
sharp differences detected in the northern fringe between 
IEFC1 and IEFC2, and between IEFC1 and INIA. How-
ever, structural features had a prevalent role in some of the 
observed differences. In particular, mean tree height was the 
main driver of the differences when RUIZ was compared to 
equations not including height as a predictor (i.e., IEFC1 
and INIA). Conversely, climatic variables had none or very 
little importance as predictors of the differences in biomass 
estimates between sources (Fig. 5). Biomass estimates using 
BEFs were rather similar to those produced by allometric 
equations calibrated with the same dataset (IEFC1 and 
IEFC2). Differences between BEF and IEFC1 were less 
than 10% in most plots and for most species but Quercus 
suber. Large differences between BEF and IEFC2 were in 
turn observed for the productive, fast-growing plantations in 
Northern Spain (Fig. 4).

Discussion

We found considerable differences between the biomass 
values predicted using different methods, particularly when 
escalating the predictions to the plot level. Our findings 
constitute a warning against the uncritical choice of equa-
tions to determine biomass or carbon values. Previous stud-
ies already report noteworthy country-specific differences 
in biomass estimates that have been partially attributed to 
the use of constant species-specific BEFs (Jalkanen et al. 
2005), but also to the use of different sources of data or 
different mathematical approaches. Our results show that 
even within one country, the choice of allometric equa-
tion can lead to very high disparities—in some cases above 
50%—in biomass (and ultimately carbon) estimates at the 
plot scale. The large discrepancies observed have very rel-
evant implications for the calculation of biomass and car-
bon accumulated in forests, and for the accurate accounting 
of carbon balance associated to mitigation initiatives such 
as the Paris Agreement or the European Union Green Deal 
(COM/2019/640). Moreover, we could identify some of the 
main factors behind those disparities, which will eventually 
help obtain more accurate estimations by considering the 

Fig. 2   Species-specific distribution of pairwise normalized differences in biomass estimation across the five sources tested, along a diameter 
gradient
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uncertainties associated to the local environment and the 
main species to assess.

Effects of functional group and tree size 
on biomass estimates

The divergences in carbon estimations produced by the dif-
ferent sources increased with tree size for all species, which 
is common in biomass equations and was expected consider-
ing their nonlinear nature (Annighöfer et al., 2016; Zianis 
and Mencuccini, 2004). However, they increased unevenly 
depending on the species or the functional group consid-
ered. For some species (e.g., Abies alba, Pinus uncinata, 
Pinus nigra), the differences between equations remained 
stable along the tree size gradient, whereas for most spe-
cies the difference grew with size, especially in the case of 
hardwoods. This trend has also been observed in Sweden, 
where the errors associated with the biomass calculations 
at the tree level do not depend so much on the size or age 
of the trees for pine species as they do for other genera (Jal-
kanen et al., 2005). Moreover, many hardwood stands in 
Spain have been managed as coppice systems for centuries 
and then abandoned in the last decades (Ruiz-Peinado et al., 
2012; Valbuena-Carabaña et al., 2010). As a consequence, 
they often develop large root systems and tortuous growth 

patterns in the aerial part, with trunk shapes far from a cylin-
der or cone. They are also longer-lived than softwoods, often 
reaching larger sizes, particularly in diameter (Falster et al., 
2015). Under these circumstances, it is logical to expect fur-
ther differences between equations, since each of them is fit 
to the particularities of the dataset used to calibrate them. 
A possible solution could be the use of different equations 
according to the shape of the tree, which is estimated using 
a shape parameter. This approach is for instance used for the 
calculation of volumes in the Spanish Forest Inventory and 
other sources (Alberdi et al. 2017b).

The discrepancies in biomass estimations were particu-
larly high for diameters beyond the range used to calibrate 
the equations. It is fundamental that the databases used to 
obtain regression equations contain trees with large diam-
eters, since they can account for a large proportion of stand 
aboveground biomass, particularly in mature forests (Brown, 
2002). Extrapolating beyond the measured size range is 
obviously a practice to avoid, but for the majority of species 
analyzed here the size range used to calibrate the equations 
was wide enough to encompass the vast majority of the trees 
measured in the National Forest Inventory. However, special 
attention should be paid when estimating the biomass or 
carbon content in highly capitalized, fast-growing or mature 
forests, which contain trees with large diameters that can 
cause disparities to be more pronounced (Brown, 2002), but 

Fig. 3   Group-specific distribution of pairwise normalized differences in biomass estimation across the five sources tested, along a diameter gra-
dient
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also on very dense stands, where the accumulation of many 
small discrepancies can also lead to sharp differences in total 
biomass.

Many allometric equations include tree height (H)—in 
addition to diameter (D)—as a covariate for tree biomass 
estimation, and some studies even include more complex 

Fig. 4   Spatial representation of the pairwise differences in plot-level estimations of biomass for the plots of the Third National Forest Inventory 
(NFI3)
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formulations such as D2*H. Although including height is con-
sidered to generally improve biomass estimations (Ruiz-Pei-
nado et al. 2012), it is a variable more complicated to measure 
and the gains are generally low, so some authors argue it does 
not pay-off the effort (Annighöfer et al. 2016). In this study we 
did not observe any clear trend derived from the inclusion of 
height as a parameter in biomass estimates. The two sources 
that include this variable (IEFC2 and RUIZ) did not predict 
systematically higher or lower biomass values as compared to 
the other sources.

Plot‑level biomass estimations 
across different equation sources

Upscaling from tree-level to plot-level estimates often 
reveals patterns that cannot be appreciated when using 
individual tree results (Aguirre et al. 2021; Cosmo et al. 
2016). As seen above (Fig. 3), the differences in biomass 
estimates for young trees are very small in absolute val-
ues, but still the total biomass results of young stands can 

Fig. 5   Main predictors of the pairwise differences between biomass estimates according to the variable importance as determined by the random 
forest models
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overcome that from older stands. This is due to the larger 
number of trees per unit area of younger stands (Pretzsch 
and Biber, 2005), which have an amplifying effect on the 
differences on forest stand level (Neumann et al. 2016). 
Moreover, it is known that the height–diameter relation-
ship often varies with other variables such as tree density, 
site index and degree of competition, among others, which 
are usually not included when developing tree height 
allometric equations (Cysneiros et al. 2020). Therefore, 
the use of height as a predictor of biomass or carbon can 
become a source of uncertainty not visible using individ-
ual tree results (Neumann et al. 2016).

In our study, upscaling the biomass prediction to the plot 
level revealed interesting geographical patterns related to the 
presence of certain dominant species in the plots, but also 
to some structural features, as shown by the random forest 
models. Differences in plot-level estimates were particularly 
high in the northern fringe, mainly due to the presence of 
fast-growing species such as Eucalyptus or Pinus pinaster, 
which quickly reach large diameters. Due to their economic 
importance—these two fast-growing species represent 60% 
of the total volume harvested in Spain (Bravo et al. 2017)—
discrepancies in biomass estimation for these species can 
lead to misestimating the revenues and the carbon balance 
of forest plantations (Paquette and Messier, 2010). There-
fore, extreme caution should be paid when deciding which 
equation to use for each project. However, other not so pro-
ductive areas also showed important differences in biomass 
estimations, notably dehesas in southwestern Spain. In this 
case, dehesas are sabana-like landscapes with only a few 
scattered trees, so total biomass values are lower than dense 
forests. Consequently, even small deviations in total biomass 
can lead to high percentage differences. However, their large 
extension may lead to important disparities in the estimation 
of their absorption/mitigation capacity.

Good practices for biomass estimates

Although the aim of this work never was to identify the 
best available equation—since there is no “ground truth” to 
compare with—we did find some patterns in similarities/dis-
crepancies that deem helpful to choose a suitable allometric 
equation. In general, equations fitted from the same data-
set led to similar estimates, regardless of the method used. 
Hence, IEFC1 and IEFC2 reached similar results, and so 
did INIA and RUIZ—though generally yielding higher esti-
mates. Previous research has found that part of the observed 
differences in biomass and carbon estimation across differ-
ent sources can be attributed to the environmental grow-
ing conditions (Neumann et al. 2016). In our dataset, there 
are indeed species that have been parameterized in differ-
ent places for each source, and this can undoubtedly foster 

differences in the results. In this sense, if local equations 
are available for the target area, these should be given prior-
ity over “more generalist” equations (in the sense of those 
calibrated on data acquired over a large area), at least if the 
aim is to obtain the most accurate estimates. If generality 
is sought, it may be in turn preferable to use equations that 
cover larger territories. However, these are often fitted from 
datasets collected by different teams, and several authors 
have emphasized the need to unify methodologies to ensure 
that the results are truly comparable (Annighöfer et al. 2016; 
Neumann et al. 2016).

Biomass estimations using BEFs are often considered 
of poorer quality, only recommended when no estimates 
at the tree level are available (Castedo-Dorado et al. 2012; 
Jalkanen et al. 2005; Neumann et al. 2016; Petersson et al. 
2012). The reasons are varied and include a double source 
of uncertainty—from volume equations and from biomass 
expansion factors themselves—and the fact that constant 
BEF are commonly used, as was the case in our study. BEFs 
are known to vary with tree age (Jalkanen et al. 2005), total 
stand volume (Aguirre et al. 2021; Soares and Tomé, 2004) 
and climate (Aguirre et al. 2021), among other factors. Nev-
ertheless, we found that the BEF equations produced simi-
lar estimates than the allometric equations derived from the 
same dataset (IEFC1 and IEFC2; see Supplementary Mate-
rial S3). In this regard, the use of BEF equations to provide 
nation-level estimations of carbon balance for international 
agencies seems like a valid and unbiased option, although 
further research would be required to confirm this extreme.

Conclusions

We observed contrasting differences in plot-level biomass 
estimates depending on the source of allometric equations 
used. The differences were mostly related to tree size, main 
species and source of data used to calibrate the models. Our 
results show that special attention on the choice of allomet-
ric equations should be put for capitalized forests, where 
large trees can trigger large differences between estimations, 
especially if they hold trees bigger than the sample used to 
calibrate the equations. The main differences were found 
when using equations parameterized using different datasets, 
which constitutes a warning against the uncritical choice 
of equations to determine biomass or carbon values. Our 
results can provide insights into the use of allometric equa-
tions for biomass and carbon estimation and inform carbon 
accountability in restoration programs and in nation-wide 
monitoring initiatives for climate action.
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