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Methods for estimating aboveground biomass and its
components for Douglas-fir and lodgepole pine trees
K.P. Poudel and H. Temesgen

Abstract: Estimating aboveground biomass and its components requires sound statistical formulation and evaluation. Using
data collected from 55 destructively sampled trees in different parts of Oregon, we evaluated the performance of three groups
of methods to estimate total aboveground biomass and (or) its components based on the bias and root mean squared error (RMSE)
that they produced. The first group of methods used an analytical approach to estimate total and component biomass using
existing equations and produced biased estimates for our dataset. The second group of methods used a system of equations fitted
with seemingly unrelated regression (SUR) and were superior to the first group of methods in terms of bias and RMSE. The third
group of methods predicted the proportion of biomass in each component using beta regression, Dirichlet regression, and
multinomial log-linear regression. The predicted proportions were then applied to the total aboveground biomass to obtain the
amount of biomass in each component. The multinomial log-linear regression approach consistently produced smaller RMSEs
compared with both SUR methods. The beta and Dirichlet regressions were superior to both SUR methods except for Douglas-fir
(Pseudotsuga menziesii (Mirb.) Franco) branch biomass, for which the simple SUR method produced smaller RMSE compared with
the beta and Dirichlet regressions.

Key words: component ratio method, seemingly unrelated regression, multinomial log-linear regression, beta regression, Dirichlet
regression.

Résumé : L'estimation de la biomasse aérienne et de ses composantes requiert une formulation et une évaluation statistiques
fiables. À l'aide de données récoltées à partir d'un échantillonnage destructif de 55 arbres distribués dans différentes parties de
l'Oregon, nous avons évalué la performance de trois groupes de méthodes pour estimer la biomasse aérienne totale ou ses
composantes sur la base du biais et de l'erreur quadratique moyenne (EQM) qu'elles ont produits. Le premier groupe de méthodes
utilisait une approche analytique pour estimer la biomasse totale et ses composantes à l'aide d'équations existantes, ce qui a
produit des estimations biaisées pour notre fichier de données. Le deuxième groupe utilisait un système d'équations ajustées par
régression apparemment indépendante (RAI) et a produit des résultats supérieurs à ceux du premier groupe en termes de biais
et d'EQM. Le troisième groupe de méthodes estimait la proportion de la biomasse de chaque composante en utilisant des
régressions bêta, Dirichlet et multinomiale log-linéaire (RML). Les proportions prédites ont ensuite été appliquées à la biomasse
aérienne totale pour obtenir la biomasse de chaque composante. L'approche RML a systématiquement produit de plus petites
valeurs d'EQM que celles des deux approches RAI. Les régressions bêta et Dirichlet étaient supérieures aux deux méthodes RAI
à l'exception de la biomasse des branches de douglas de Menzies (Pseudotsuga menziesii (Mirb.) Franco) pour laquelle la RAI simple
a produit une plus petite valeur d'EQM que celles des régressions bêta et Dirichlet. [Traduit par la Rédaction]

Mots-clés : méthode du rapport des composantes, régression apparemment indépendante, régression multinomiale log-linéaire,
régression bêta, régression Dirichlet.

Introduction
Forests play a dual role in the global carbon cycle as an impor-

tant carbon sink by removing carbon dioxide through photosyn-
thesis and converting that photosynthate to forest biomass and as
a carbon source by releasing carbon dioxide through respiration,
wildfires, and decomposition. If forests are properly managed and
timber is used for long-term products such as buildings, then
forest management could result in a net reduction of atmospheric
carbon, whereas burning of wood for residential and commercial
uses increases carbon emission rates. Thus there is great concern
about the uncertainty over whether forests will be a sink or a
source of carbon in the future. Forest growth rates, harvest activ-
ities, natural disturbances such as wildfire, and loss of forest cover
due to land-use changes are key factors that alter the carbon stock
and absorption ability of a forest. It is essential to have knowledge

of carbon stocks and fluxes to understand the current state and
future course of the carbon cycle in response to changing land
uses and climatic conditions (Hollinger 2008). The amount of bio-
mass as living vegetation or dead wood and debris is an important
factor that relates forestry function and atmospheric carbon reg-
ulation (Brown 2002).

Total carbon stocks in forest ecosystems can be divided into two
main parts: aboveground pools and fluxes and belowground pools
and fluxes (Hoover 2008). Aboveground biomass constitutes the
major portion of carbon pools in forest ecosystems (Vashum and
Jayakumar 2012). Xiao et al. (2003) found a 0.14 ratio of below-
ground biomass to aboveground biomass in a 73-year-old Scots
pine forest. Czapowskyj et al. (1985) found 80% biomass in the
aboveground components and 20% biomass in the belowground
components of black spruce (Picea mariana B.S.P. (Mill.)) in Maine.
Aboveground biomass estimation has received significant atten-
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tion in recent years because of the fact that the change in aboveg-
round biomass is associated with the components of climate
change (Lu et al. 2002). It depicts the forest's potential to sequester
and store carbon dioxide. Therefore, estimation of aboveground
biomass is central in quantifying and monitoring of the amount
of carbon stored in forest ecosystems.

The amount of biomass contained in a tree is influenced by
various site factors such as stand density, site productivity, soil
characteristics such as texture and moisture content, and tree
characteristics such as species and age. Generally, aboveground
biomass is estimated through the use of allometric equations that
relate easily measurable attributes such as diameter at breast
height (DBH, 1.3 m), height, etc., to total tree biomass or compo-
nent biomass. It is critical to note, however, that different regions
and species link these attributes to biomass through different
functions such as logarithmic, linear, or quadratic forms (Zhou
and Hemstrom 2009). Thus, site- and species-specific models
might be preferred to regional models in their current form when
predicting biomass at the local scale. de-Miguel et al. (2014a) found
that the generalized mixed-effects metamodels calibrated with a
location-specific small sample using a best unbiased linear predic-
tor performed better than fitting location-specific equations
based on much larger samples.

Aboveground biomass is commonly divided into three major
components: bole (main stem), stem bark, and crown (branch
wood and foliage). The component biomass models are useful to
account for the variability within the tree. Moreover, different
tree components are used for different purposes that require sep-
arate estimates of component biomasses. Primarily, the bole is
used for timber production, crown biomass can provide informa-
tion on fuel load and wildfire assessment, and small branches and
leaves are useful in bioenergy production. Thus the information
on biomass in each component is required to determine the asso-
ciated cost of transportation and processing biomass. However,
on the other hand, if the objective is to process whole trees
through cull removal or removal of small diameter trees for
whole-tree chipping at the bioenergy plant, then the component
biomass estimates may not be as essential.

The amount of biomass allocated to different tree components
varies by species and by their geographic locations (Luo et al.
2013). In an effort to quantify aboveground biomass and net pri-
mary production of pine, oak, and mixed pine–oak forests, Nunes
et al. (2013) found that in pine stands, the greater distribution of
biomass was from the stem component, whereas in oak and
mixed stands, the foliage was the component with the greater
distribution of biomass. Repola (2006) found that wood density in
pine decreased from the butt to the top and that the gradient in
wood density was steep at the butt but decreased in the upper part
of the stem. Even though the vertical dependence was similar in
birch (a hardwood species), the density gradient was much
smaller. Because mass is a function of volume and density, it also
affects the amount of biomass contained in trees. In addition, the
allocation of biomass to different components is influenced by
differences in management practices (Tumwebaze et al. 2013;
de-Miguel et al. 2014b), age, and stand structure (de-Miguel et al.
2014b). Therefore, locally derived, species-specific biomass equa-
tions may yield biomass estimates that are considerably different
from the estimates obtained by using more generalized regional
biomass equations without local calibration. Weighing trees in
the field would be the most accurate method for estimating tree
biomass. However, it is time consuming and very expensive, mak-
ing the use of allometric equations inevitable. The type and
amount of data and the number of equations required to accu-
rately quantify biomass is unknown. Cautionary measures should
be taken in developing and evaluating the methods for estimating
aboveground biomass and its components.

When component models are fitted, the strength of relation-
ship exhibited by bark, branch, and foliage models is nowhere

near that for the stem wood (Boudewyn et al. 2007). However, it is
desired that the prediction from component regression equations
add to the prediction from the total tree regression model
(Parresol 2001). The relationships between component mass and
easily measurable tree attributes differ considerably in conifers
and hardwoods. Component biomass modeling in hardwood re-
quires a more innovative approach due to decurrent form (Westfall
et al. 2012).

With a substantial increase in the demand of forest biomass
information in recent years, considerable efforts have been made
to estimate aboveground biomass and its components. Stem wood
biomass accounts for the major portion of aboveground biomass.
In comparing different approaches of aboveground biomass esti-
mation, Zhou and Hemstrom (2009) found that the proportion of
softwood merchantable biomass ranged from 72% to 83% of the
total aboveground biomass, with little variation among species.
Their methods of obtaining total and component aboveground
biomass include the U.S. Department of Agriculture (USDA) Forest
Service's Forest Inventory and Analysis component ratio method
(FIA-CRM), the regional approach for the Pacific Northwest (FIA-
PNW), and the equations developed by Jenkins et al. (2003) (here-
after, the Jenkins method). Using LiDAR data from a Picea crassifolia
Kom. (a coniferous tree) stand, He et al. (2013) found that, on
average, 72% of the total aboveground biomass of a tree is con-
tained within the stem. The branches, foliage, and fruits in their
study accounted 11%, 13%, and 4% of total aboveground biomass,
respectively. However, Kuznetsova et al. (2011) found only 31% and
27% of aboveground biomass in the main stems of 8-year-old Scots
pine (Pinus sylvestris L.) and lodgepole pine Pinus contorta var. latifo-
lia Engelm. respectively, in the oil shale postmining landscapes in
Estonia. They found 32% and 28% in shoots and 37% and 45% in the
needles of those 8-year-old Scots pine and lodgepole pine, respec-
tively. The stem biomass for 20-, 40-, and 60-year-old eastern Med-
iterranean Pinus brutia Ten. estimated using intrinsically linear
models was found by de-Miguel et al. (2014b) to be 79.8%, 80.5%,
and 80.6% of total aboveground biomass, whereas the crown bio-
mass was 20.2%, 19.5%, and 19.4%, respectively. They found the
proportion of stem and crown biomass for uneven-aged stands to
be 61.8% and 38.1%, respectively.

These differences in proportion of biomass in different compo-
nents among species warrant for species-specific component mod-
els. More than 90% of aboveground live tree biomass in Oregon is
contributed by softwood species (Zhou and Hemstrom 2009).
Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) by itself contrib-
utes about 51% of total aboveground biomass of trees with a
DBH > 12.5 cm (5 in.), and western hemlock (Tsuga heterophylla
(Raf.) Sarg.) and ponderosa pine (Pinus ponderosa Douglas ex
P. Lawson & C. Lawson) contribute about 8% each (Zhou and
Hemstrom 2009). Additionally, Douglas-fir, western hemlock,
grand fir (Abies grandis (Douglas ex D. Don) Lindl.), red alder (Alnus
rubra Bong.), and lodgepole pine account for approximately 50% of
the gross live volume in the Pacific Northwest. In this study, we
developed and evaluated different approaches for estimating
aboveground biomass and its components for Douglas-fir and
lodgepole pine trees using the data collected destructively from
sampled trees. The ideal method for estimating biomass for a
population would be to randomly select sample plots, harvest all
trees in that plot to estimate plot biomass, and then extrapolate to
the population of interest. However, the design-based biomass
estimation of a population is prohibitively expensive. Therefore,
the sample tree measurement and forest area estimates are
commonly obtained from independent forest inventory. The
individual-tree biomass equations are then applied to the inven-
tory data to obtain the biomass of the target population.

Approaches in biomass estimation depends on the scale of anal-
ysis, need for detail, user group interests, and purpose of estima-
tion (Zhou and Hemstrom 2009). Although there is a need for
consistent methods of biomass estimation, there is no strong
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rationale to justify one method of estimation as being superior to
another. In this study, we compared different methods that be-
longed to three major groups. The first group of methods (group I
methods) uses an analytical approach to estimate total and com-
ponent biomass using existing equations and are the FIA-CRM,
FIA-PNW, and Jenkins methods. The second group of methods
(group II methods) is a regression-based approach that used a
system of equations fitted with seemingly unrelated regression
(SUR). The dependent variables in the system of equations were
component biomass and total biomass, and the independent vari-
ables were DBH, DBH and total height, or DBH and crown length.
These two groups of methods give the amount of biomass con-
tained in each component and also the total aboveground bio-
mass. The third group of methods (group III methods) predicted
the proportions of biomass in each component using beta, multi-
nomial log-linear, and Dirichlet regressions. Predicted propor-
tions are then applied to the observed total aboveground biomass
to obtain the amount of biomass in each component.

Materials and methods

Data and study area
A detailed biomass data collection was carried out by destruc-

tively sampling 22 Douglas-fir and 33 lodgepole pine trees in dif-
ferent forests within the state of Oregon (Fig. 1). Efforts were made
to select trees to give an approximately equal representation
across a range of size classes while avoiding the trees with severe
defects and that were close to the stand edges. Trees that were
forked below breast height and trees with damaged tops were also
not included in sampling. The field work was carried out between
the first week of July and third week of September 2012 and 2013.
The following tree-level attributes were recorded: DBH, total
height, crown base height (height to the base of the first live
branch), crown width, and main stem diameter at 0.15 m, 0.76 m,
1.37 m, and 2.4 m above ground and every 1.22 m afterwards.
Diameter measurements were made on a total of 2975 and 4458
branches from Douglas-fir and lodgepole pine, respectively. The
mean DBHs were 54.9 cm and 24.6 cm and mean heights were

33 m and 17 m for Douglas-fir and lodgepole pine trees, respec-
tively (Table 1).

The crown of the sample tree was divided into three equal-
length strata. For all first-order branches, i.e., for the branches
that are directly attached to the main bole, height to branch base
and diameter at the branch base were measured, and for the first
branch and every third branch in each stratum, branch length and
green mass of both live and dead branches were recorded. Four,
three, and two branches from lower, middle, and upper stratum,
respectively, were randomly selected for weighing with and with-
out foliage. The needles were removed in the field to obtain a
separate green mass of branch wood and foliage. These branches
were then brought to the lab, keeping branch wood and foliage in
separate paper bags, for drying. Disks that were 3–5 cm thick were
removed from the top of the stump and every 5.18 m. Green mass
of disks with and without bark, as well as four measurements 90°
apart along the disk edge for thickness, was recorded in the field.
A bark sample that was 5–10 cm long was removed from each disk.
The width, thickness, and length of the bark samples were also
recorded in the field.

The sample branches were chipped into small pieces to expe-
dite the drying process and placed in a kiln for drying at 105 °C.
Oven-dried mass was recorded by tracking the mass lost by each
sample (disk, branch wood, needle, and bark) until no further
mass was lost.

Total tree biomass computation involved additional steps. Once
on the ground, the bole of the sampled tree was sectioned into
5.18 m long sections. Disks that were 3–5 cm thick were removed
from the top of the stump and every 5.18 m; diameter inside bark
at both ends of the 5.18 m sections were also obtained. The inside-
bark cubic volume of these sections was calculated using the
Smalian's formula, which was then converted to inside-bark sec-
tion biomass by multiplying it by the mean density of the disks
taken from two ends. Inside-bark volume of the stump was calcu-
lated as a cylinder, whereas the volume of the top section was
calculated as a cone. Both the stump volume and volume of the
top section were multiplied by the density of the lowest and top

Fig. 1. Locations of study sites. Data collection was carried out in the summers of 2012 and 2013.
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disks to obtain the stump and top biomass, respectively. Total
inside-bark bole biomass was obtained by summing the stump,
sections, and top masses. Outside-bark bole volume was obtained
in the same way as to obtain total inside-bark stem volume, using
outside-bark diameters in place of inside-bark diameters. Total
stem bark volume was then obtained by subtracting inside-bark
stem volume from the outside-bark stem volume. The density of
bark samples was obtained as the ratio of dry mass to its volume
calculated assuming a rectangular shape. Then, the method of
bark biomass calculation was same as the method for inside-bark
bole biomass calculation except that the bark sample densities
were used instead of the disk density.

Individual branch wood and foliage biomass was obtained by
fitting a species-specific log-linear model of the following form:

(1) ln(yij) � �0i � �1i ln(BDij) � �ij

where yij and BDij are oven-dried mass (kg) of branch wood (or
foliage) and branch diameter (cm) at base of the jth branch on ith
tree, respectively; �ijs are regression parameters to be estimated
from the data; ln(·) is the natural logarithm; and �ijs are the ran-
dom errors. The scatterplot of the logarithm of branch wood and
foliage biomasses against the logarithm of branch basal diameter
showed that a linear model was appropriate for modeling these
relationships. Similar model form has been used by Temesgen
et al. (2011) to model foliar biomass for Douglas-fir and ponderosa
pine and by Poudel et al. (2015) to estimate crown biomass in
Douglas-fir. When logarithmic regressions are used, there is in-
herent negative bias due to the fact that the dependent variable is
transformed prior to estimation (Snowdon 1991). The commonly
used remedy to this is to multiply the back-transformed results by
a correction factor [exp(MSE/2)], proposed by Baskerville (1972),
where MSE is the mean squared error obtained by the least-
squares regression. However, there are conflicting remarks about
the correction factor itself (e.g., Beaucham and Olson 1973;
Flewelling and Pienaar 1981), and the effects of adjustment might
be negligible (e.g., Harrison et al. 2009). Therefore, we did not use
the correction factor in this study. The correction factors for
Douglas-fir branch wood and foliage biomass models were 1.06
and 1.14, respectively, and for lodgepole pine, the correction fac-
tors were 1.12 and 1.16 for branch wood and foliage biomass mod-
els, respectively. Total branch wood and foliage biomass in each
tree was obtained by summing these fitted values. The distribu-
tion of aboveground biomass in different components differed
among species, with the majority of the aboveground biomass
being present in the main bole (Fig. 2).

Methods for estimating aboveground biomass

Group I methods
There are many different methods available for the calculation

of aboveground biomass and its components. The Forest Inven-
tory and Analysis (FIA) of the USDA Forest Service uses the com-
ponent ratio method (CRM) described in Heath et al. (2008) to
produce national-level biomass and carbon estimates. The FIA-
CRM method is a multistep process that involves converting
sound volume of wood in the merchantable bole to bole biomass
using a compiled set of wood-specific gravities. The biomass in
bole bark is calculated using a compiled set of percent bark and
bark-specific gravities. The set of wood- and bark-specific gravities
and percent bark are compiled in Miles and Smith (2009). The
biomass of tops and limbs is calculated as a proportion of the bole
biomass, based on component proportions from Jenkins et al.
(2003). Biomass in stump wood and bark is based on volume equa-
tions in Raile (1982), as well as the compiled set of wood- and
bark-specific gravities. Total aboveground biomass is obtained by
summing these component masses.

The FIA program of the USDA Forest Service has four regional
units: Northern, Southern, Interior West, and Pacific Northwest
(FIA-PNW). The FIA-PNW collects and maintains the data on plots
in coastal Alaska, California, Hawaii, Oregon, Washington, and
United Sates affiliated Pacific Islands. To calculate aboveground
biomass, the FIA-PNW uses its specific set of equations. Tree stem
biomass is calculated from the cubic volume and wood density
factor. The specific equations used by FIA-PNW for volume and
aboveground biomass in the Pacific Northwest can be found in
Zhou and Hemstrom (2010).

The Jenkins et al. (2003) equations were derived by fitting re-
gressions on pseudo data generated from previously published
equations. The Jenkins et al. (2003) equations for total aboveg-
round biomass are single-entry equations that only use DBH as a
predictor variable. Biomass of the components is predicted as the
proportions of total aboveground biomass using an exponential
function of DBH, predicted differently for hardwood and soft-
wood species groups.

Group II methods
Aboveground biomass equations are used to convert forest

inventory data to biomass estimates. These equations combine
biomass data obtained from destructive sampling with the den-
drometric information through regression. Regression models for
total and component aboveground biomass have been fitted using
different fitting approaches with linear and nonlinear functions.
The sets of component biomass equations can be fitted indepen-
dently or as a system of equations. When a system of equations is
fitted simultaneously, the residuals are correlated because the
component biomasses come from the same tree. Therefore, the
SUR method that allows the inclusion of dependencies among
the error terms of the component biomass equations is commonly
used to estimate component and total aboveground biomass (e.g.,
Parresol 1999; Lambert et al. 2005; Ritchie et al. 2013). The SUR
models can be constrained such that the prediction of component
equations sum to the prediction of total tree regression.

The single-entry DBH-based allometric models for component
biomass are much more complex than for total aboveground bio-
mass (Jenkins et al. 2003). Zhang et al. (2004) found that diameter
at the base of the live crown was a better predictor of crown
foliage biomass than DBH. For mixed-species Atlantic forest
stands, a transformed nonlinear biomass equation that used
squared DBH, total tree height, and wood density as predictor
variables was the most accurate model for aboveground biomass
(Nogueira Junior et al. 2014). Therefore, we extended the single-
entry DBH-based SUR models to include other predictor variables.
Both single- and multiple-entry SUR models were constrained
such that the prediction of component equations sum to the pre-

Table 1. Summary statistics for tree data sampled.

Variable Minimum Mean Maximum CV

Douglas-fir
Foliage (kg) 10.0 56.91 169.00 0.82
Branch (kg) 19.0 221.7 791.0 1.03
Bark (kg) 6.0 105.6 372.0 1.03
Bole (kg) 123.0 1916.9 6515.0 1.05
Total (kg) 187.0 2301.2 7578.0 1.04
DBH (cm) 19.3 54.9 114.0 0.54
Total height (m) 16.6 33.0 48.8 0.31

Lodgepole pine
Foliage (kg) 5.0 17.61 54.00 0.70
Branch (kg) 10.0 47.6 178.0 0.90
Bark (kg) 1.0 11.9 49.0 0.97
Bole (kg) 24.0 220.2 798.0 0.97
Total (kg) 49.0 297.5 899.0 0.87
DBH (cm) 13.5 24.6 42.9 0.35
Total height (m) 9.2 17.0 31.9 0.35

Note: CV, coefficient of variation; DBH, diameter at breast height
(1.3 m).
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diction of total tree regression. The models for component and
total biomass in the simple and extended SUR methods were in
the following form:

(2) Bole � exp(a11 � a12X1 � a13X2 � a14X3)

(3) Bark � exp(a21 � a22X1 � a23X2 � a24X3)

(4) Branch � exp(a31 � a32X1 � a33X2 � a34X3)

(5) Foliage � exp(a41 � a42X1 � a43X2 � a44X3)

(6) Total � �i,j
exp(aij � aijX1 � aijX2 � aijX3)

where aij (i = 1,2,3,4, and j = 1,2,3,4) are parameters to be estimated
from the data and X1, X2, and X3 are natural logarithms of DBH,
total tree height, and crown length, respectively. Note that for the
simple SUR method, only X1 was used as explanatory variable. The
dependent variables in these equations were component or total
biomass (kg) in the original scale (not in the logarithmic scale).
The choice of model form was primarily guided by past literature,
and the diagnostic plots did not show a severe problem with the
model form. The studentized residuals for the extended SUR mod-
els for bole biomass estimation in Douglas-fir and lodgepole pine
trees are shown in Fig. 3. SAS procedure PROC MODEL (SAS
Institute Inc. 2013) was used to fit both simple and extended SUR
models. We made the necessary computational adjustments to
match the component definitions in all methods and applied
these methods to estimate component and total aboveground bio-
mass of all five species.

Group III methods
The component biomass can be estimated as the proportions of

total aboveground biomass. A proportion is bounded between 0
and 1, and therefore, the effect of explanatory variables tends to

be nonlinear, and the variance tends to decrease when the mean
get closer to one of the boundaries. In this study, we evaluated
three different methods for estimating proportions, namely the
beta regression, Dirichlet regression, and the multinomial log-
linear regression (MLR).

Beta regression
The beta regression model was introduced by Ferrari and

Cribari-Neto (2004) and is useful when the variable of interest is
continuous, restricted to the interval (0, 1) such as percentages,
proportions, and fractions or rates, and related to other variables
through a regression structure. Since then, it has been used in
many fields including medicine (Hubben et al. 2008), economics
(De Paola et al. 2010), education (Smithson and Verkuilen 2006),
and forestry (Korhonen et al. 2007; Eskelson et al. 2011). Korhonen
et al. (2007) used this technique for modeling percent canopy
cover in a conifer-dominated study area in central Finland.
Eskelson et al. (2011) used beta regression to estimate riparian
percent shrub cover. This method produced smaller mean
squared prediction error and absolute bias compared with the
ordinary least squares and generalized least squares regression
models used in their study. The usual beta distribution is of the
following form:

(7) f(y; �, �) �
�(� � �)
�(�)�(�)

y��1(1 � y)��1 for 0 	 y 	 1

where � and � > 0 are two shape parameters and ��·� is the
gamma function.

To obtain a regression structure for the mean of the response
and a precision (dispersion) parameter, Ferrari and Cribari-Neto
(2004) used a different parameterization of the beta distribution.
With mean and precision parameters defined as 
 = �/(� + �) and
� = (� + �), respectively, the beta density function has the follow-
ing form under new parameterization:

Fig. 2. Aboveground biomass distribution in different tree components (percentage of total aboveground biomass) in different species (DF,
Douglas-fir; LP, lodgepole pine). Note the differences in scale.

Poudel and Temesgen 81

Published by NRC Research Press

C
an

. J
. F

or
. R

es
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
O

re
go

n 
St

at
e 

U
ni

ve
rs

ity
 o

n 
04

/3
0/

18
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



(8) f(y; 
,�) �
�(�)

�(
�)�[(1 � 
)�]
y
��1(1 � y)(1�
)��1 for 0 	 y 	 1

where 0 <
 < 1 and � > 0.
With this parameterization, the beta regression model can be

written as

(9) g(
i) � xi
T� � �i

where g�·� is strictly increasing and is a double differentiable link
function that maps (0, 1) on to the real line R, xi � �xi1, … … …,
xik�

T is a vector of k explanatory variables, � � ��1, … … …,
�k�

T is a vector of k unknown regression parameters (k < n), and �i
is a linear predictor (i.e., �i = �1xi1 + … + �kxik, usually xi1 = 1 for all
i so that the model has an intercept) (Cribari-Neto and Zeileis 2010).

We used various combinations of explanatory variables to pre-
dict proportion of aboveground biomass present in different com-
ponents. The logit link function g�
� � log�
/�1 � 
�� was used,
thus the predicted proportions are obtained as 
i � �exp��i�/
�1 � exp��i���. The beta regression was performed in R version 3.1.2
(R Core Team 2014) with function betareg in package betareg
(Cribari-Neto and Zeileis 2010). The predictor variables in the beta
regression were DBH and total tree height for both species.

Dirichlet regression
The Dirichlet distribution is a multivariate generalization of the

beta distribution and takes the following form:

(10) f(y; �) �
1

B(�) �c�1

C
yc

(�c�1)

where �c are the shape parameters for each variable, �c > 0 for all
c (component ID, ranges from 1 to C), yc � �0,1�, �c�1

C yc � 1 for

all c, and C is the number of variables. B��c� � ���c�1
C

���c��/
���c�1

C
�c�� is the multinomial beta function. If C = 2, then the

Dirichlet distribution reduces to the beta distribution. Maier
(2014a) used the generalization of Ferrari and Cribari-Neto (2004)
and reparameterized the Dirichlet distribution with mean and
precision parameters 
c � ��c/�� and � � �0 � �c�1

C
�c, respec-

tively. Then, the Dirichlet density has the following form:

(11) f(y; �, �) �
1

B(��) �c�1

C
yc

(
c��1)

where 0 < 
 < 1 and � > 0.

The Dirichlet regression is useful for modeling data that repre-
sent the components as percentage of the total. With the usual
parameterization, the regression model can be formulated as

(12) g(�c) � �c � X[c]�[c]

Where g�·� is the link function, which is log �·� for the model with
usual parameterization (Maier 2014a), the superscript [c] repre-
sents the predicted proportion of component c. The predicted
values are obtained as 
c = exp(�c). The Dirichlet regression was
performed in R version 3.1.2 (R Core Team 2014) with function
DirichReg in package DirichletReg (Maier 2014b). The predictor
variables used in Dirichlet regression were also the DBH and total
tree height for both species.

Multinomial log-linear regression
In this method, four components (bole, bole bark, branch, and

foliage) were set to four nominal values. The models to predict
proportions of total tree biomass found in bole wood, stem bark,
foliage, and branch were fit simultaneously using a multinomial
logit model. The models for component proportions were

(13) pBole �
1

1 � e(a1�a2X1�a3X2) � e(b1�b2X1�b3X2) � e(c1�c2X1�c3X2)

(14) pBark �
e(a1�a2X1�a3X2)

1 � e(a1�a2X1�a3X2) � e(b1�b2X1�b3X2) � e(c1�c2X1�c3X2)

(15) pFoliage �
e(b1�b2X1�b3X2)

1 � e(a1�a2X1�a3X2) � e(b1�b2X1�b3X2) � e(c1�c2X1�c3X2)

(16) pBranch �
e(c1�c2X1�c3X2)

1 � e(a1�a2X1�a3X2) � e(b1�b2X1�b3X2) � e(c1�c2X1�c3X2)

where pBole, pBark, pFoliage, and pBranch are proportions of total
aboveground biomass in bole, bark, foliage, and branch, respec-
tively; X1 = DBH; X2 = total tree height; and ai, bi, and ci (i = 1,2,3) are
model parameters. The multinomial logit fit provides the “proba-
bility” of observing these components and can be considered as
the proportion of biomass in each component and estimated by
model parameters (Boudewyn et al. 2007). The MLR was per-
formed in R version 3.1.2 (R Core Team 2014) with function multi-
nom in package nnet (Venables and Ripley 2002). The biomass
present in each component was used as the frequency weight, and
the bole component was used as the reference group.

Fig. 3. Studentized residuals for the extended seemingly unrelated regression (SUR) models for bole biomass estimation in (a) Douglas-fir and
(b) lodgepole pine trees.

82 Can. J. For. Res. Vol. 46, 2016

Published by NRC Research Press

C
an

. J
. F

or
. R

es
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
O

re
go

n 
St

at
e 

U
ni

ve
rs

ity
 o

n 
04

/3
0/

18
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



The methods used to estimate aboveground biomass and (or) its
components in this study were applied to Douglas-fir and lodge-
pole pine trees. Performance of all the methods was evaluated
based on the bias and RMSE produced by each method. In statis-
tics, bias is defined as the difference between the true value of an
unknown parameter and the expected value of its estimator. Bias
in this study is defined as the mean difference between the mea-
sured or observed value and the predicted value of the variable of
interest.

Results and discussion
The FIA-CRM, FIA-PNW, and the Jenkins methods were biased

and produced the highest values for RMSE. The mean bias and
RMSE produced by these methods are given in Table 2. These
methods produced similar estimates for total aboveground bio-
mass for lodgepole pine trees, but for the Douglas fir trees, these
methods provided differing estimates. The Jenkins method for
Douglas fir produced total aboveground biomass that was 18.4%
and 23.7% higher than the estimates provided by the FIA-PNW and
FIA-CRM methods, respectively. These methods provided the com-
ponent biomass estimates for lodgepole pine that were closer to
each other than the component biomass estimates for Douglas-fir.
However, none of these methods were consistent in over- or
under-predicting the component masses (Fig. 4). Previous studies
have also shown great discrepancies in biomass estimates ob-
tained from the FIA-CRM, FIA-PNW, and Jenkins methods. For
example, Nay and Bormann (2014) found the Jenkins equation to
predict up to 190% of the site-specific foliage biomass equation for
Douglas-fir.

The lodgepole pine trees in our sample were the trees with
smaller DBHs (mean DBH, 24.6 cm) compared with the DBHs of
the Douglas-fir trees (mean DBH, 54.9 cm). Indeed, the Jenkins,
FIA-CRM, and FIA-PNW methods were more sensitive to tree size
compared with other methods. For example, the RMSE percent
for total aboveground biomass using the Jenkins equations for
Douglas fir dropped from 57.7% to 11.1% when this approach was
applied to the trees that are < 94 cm in DBH. With the FIA-CRM
method, the RMSE percent for total aboveground biomass of
Douglas fir decreased from 10.2% to 7.1% for trees that are < 94 cm
in DBH. Similarly, the RMSE percent for total aboveground bio-
mass of Douglas fir decreased from 16.3% to 8.5% in using the
FIA-PNW method for trees that are < 94 cm in DBH.

The parameter estimates and their approximate standard er-
rors of the simple and extended SUR models are presented in
Table 3. The mean bias and RMSE produced by simple and ex-
tended SUR approaches are presented in Table 4. These locally
fitted SUR models (both simple and extended) provided compo-
nent and total aboveground biomass estimates that were more
accurate (lower RMSE) than the estimates produced by the FIA-
CRM, FIA-PNW, and Jenkins methods. Including additional ex-
planatory variables than just DBH in the SUR models resulted in

the decrease in RMSE percent from 10.7% to 8.3% for Douglas fir
and from 22.8% to 20.5% for lodgepole pine total aboveground
biomass. The RMSE for bole biomass estimation was reduced by
2.3% and 6.9% for Douglas fir and lodgepole pine, respectively, by
using the extended SUR model instead of the simple SUR models.
It is logical because one would, for example, expect differences, at
least, in the bole biomass for a same DBH tree with a different
height, which would not be accounted for by DBH-only models.

However, it should be noted that even though the RMSE for
total aboveground biomass is decreased by using the extended
SUR model, the RMSE for some component biomass slightly in-
creased (Fig. 5). This could have been avoided by not constraining
the extended SUR models, i.e., fitting independent component
models rather than fitting a system of equations, which, in turn,
would have affected the additivity of the component models.

The beta regression, Dirichlet regression, and MLR provided the
predicted proportions of each component biomass. The predicted
proportions were then applied to observed total aboveground bio-
mass to obtain predicted biomass estimates in different compo-
nents (B̂c), i.e., B̂c � p̂AGB, where p̂ and AGB are predicted
proportions and observed total aboveground biomass (kg), respec-
tively. In practice, it is unreasonable to assume that information
on actual or measured total AGB would be available. In that case,
the AGB should be replaced with AGB̂, i.e., the predicted total
aboveground biomass. The model given in eq. 6 can be used to
obtain AGB̂. The parameter estimates for these models are avail-
able on request. The bias and RMSE produced by these methods
are given in Table 5. These methods unbiasedly predicted compo-
nent proportions for all species. These methods also provided
component biomass estimates that were more accurate (lower
RMSE) than the estimates produced by the FIA-CRM, FIA-PNW, and
Jenkins methods.

The beta regression produced smaller RMSEs compared with
the simple SUR models, except for Douglas-fir branch biomass,
whereas it produced smaller RMSEs than the extended SUR mod-
els for both the Douglas-fir and lodgepole pine component bio-
masses. The beta regression produced a 2.8% higher RMSE for
Douglas-fir branch biomass, but for foliage, bark, and bole bio-
mass, it decreased the RMSE by 5.4%, 7.8%, and 8.8%, respectively,
compared with the simple SUR models. In case of lodgepole pine,
the beta regression decreased RMSEs by 16.5%, 4.2%, 13.7%, and
24.6% for foliage, bark, branch, and bole biomass, respectively,
compared with the simple SUR models. Comparing the perfor-
mance of beta regression against the extended SUR models, it
decreased RMSEs by 8.1%, 11.8%, 0.2%, and 6.5% for Douglas-fir and
by 13.6%, 4.2%, 8.4%, and 17.7% for lodgepole pine foliage, bark,
branch, and bole biomasses, respectively. This was expected be-
cause the measurement of proportion takes values on the open
interval (0, 1), and the influence of explanatory variables on con-
tinuous responses bounded between 0 and 1 can be investigated
with the beta regression (Ferrari and Cribari-Neto 2004).

Table 2. Mean bias and root mean squared error (RMSE) for component and total aboveground
biomass produced by the FIA-CRM, FIA-PNW, and Jenkins methods.

Bias (kg) RMSE (kg)

Species Foliage Bark Branch Bole Total Foliage Bark Branch Bole Total

FIA-CRM method
DF −79.6 −189.6 −73.3 −109.7 −32.5 126.0 281.1 136.8 289.8 234.5
LP 3.2 −4.8 19.4 25.1 72.4 12.7 12.5 37.9 70.5 101.8

FIA-PNW method
DF −14.9 −143.2 −161.2 182.8 −136.6 37.7 232.5 280.3 311.7 376.1
LP 6.6 −3.9 22.7 38.8 64.2 12.0 9.4 40.6 78.7 99.7

Jenkins method
DF −102.1 −255.5 −134.8 −93.8 −586.2 176.0 418.7 246.5 597.6 1327.7
LP 3.5 −18.7 29.7 49.1 63.6 9.9 26.7 44.6 102.5 104.2

Note: DF, Douglas-fir; LP, lodgepole pine.
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Similarly, the Dirichlet regression also produced a smaller
RMSE compared with the simple SUR methods, except for
Douglas-fir branch biomass, but it produced smaller RMSEs than
the extended SUR models for both Douglas-fir and lodgepole pine
component biomasses. The Dirichlet regression produced a 2.1%
higher RMSE for Douglas-fir branch biomass; however, for foliage,
bark, and bole biomass, it decreased RMSE by 1.6%, 3.7%, and 8.7%
compared with the simple SUR models. In the case of lodgepole

pine, the Dirichlet regression decreased RMSEs by 7.4%, 0.8%,
14.7%, and 23.2% for foliage, bark, branch, and bole biomass, re-
spectively, compared with the simple SUR models. Comparing the
performance of Dirichlet regression with the performance of the
extended SUR models, it decreased RMSEs by 4.2%, 7.8%, 0.9%, and
6.3% for Douglas-fir and by 4.5%, 0.8%, 9.5%, and 16.3% for lodge-
pole pine foliage, bark, branch, and bole biomasses, respectively.
One advantage of using Dirichlet regression over beta regression
is that the Dirichlet regression allows simultaneous fitting of the
component proportions, and therefore, the predicted proportions
sum to 1. The better performance of Dirichlet regression models
could be attributed to their capability to capture the variance in
proportions that sum to a constant exhibiting skewness and het-
eroscedasticity.

The MLR consistently produced a smaller RMSE compared with
both SUR methods for both species and all components. The MLR
decreased RMSEs by 2.1%, 4.7%, 1.1%, and 9.1% for Douglas-fir and
by 10.2%, 5.0%, 14.9%, and 23.5% for lodgepole pine foliage, bark,
branch, and bole biomasses, respectively, compared with the sim-
ple SUR models. The MLR produced RMSEs that were 4.7%, 8.8%,
4.2%, and 6.8% smaller for Douglas-fir and 7.4%, 5.0%, 9.7%, and
16.6% smaller for lodgepole pine foliage, bark, branch, and bole
biomasses, respectively, compared with the RMSEs produced by
the extended SUR models.

There was no single method to predict proportion that was best
for all both species and component biomass. The beta regression
produced the smallest RMSEs for foliage and bark biomass esti-
mation, whereas the MLR produced the smallest RMSEs for
branch and bole biomass estimation for Douglas-fir. In the case of
lodgepole pine, the beta regression produced the smallest RMSEs
for foliage and bole biomass estimation, but the MLR produced
the smallest RMSEs for bark and branch biomass estimation. It
should be noted, however, that the RMSE percent produced by
these methods were within 4.2% of each other, except for the
lodgepole pine foliage estimation; in which case, the Dirichlet
regression produced a 9.1% higher RMSE compared with the beta
regression.

Fig. 4. Mean component biomass estimates produced by the FIA-CRM, FIA-PNW, and Jenkins methods in Douglas-fir and lodgepole pine trees.

Table 3. Parameter estimates and their approximate standard errors
of the simple and extended seemingly unrelated regression (SUR)
models for Douglas-fir and lodgepole pine.

Douglas-fir Lodgepole pine

Parameter Estimate
Approximate
standard error Estimate

Approximate
standard error

Simple SUR model
a11 −0.349 0.096 −2.374 0.334
a12 1.925 0.021 2.373 0.093
a21 −3.247 0.701 −4.401 1.150
a22 1.919 0.154 2.105 0.324
a31 −2.604 0.822 −3.384 1.137
a32 1.942 0.180 2.202 0.318
a41 −3.242 0.896 −2.472 0.855
a42 1.758 0.197 1.637 0.245

Extended SUR model
a11 −1.993 0.062 −1.622 0.174
a12 1.597 0.012 1.067 0.069
a13 0.827 0.009 1.234 0.077
a21 −4.459 0.806 −4.602 1.165
a22 2.169 0.176 1.842 0.643
a23 — — 0.361 0.606
a31 −3.856 0.454 −6.345 0.921
a32 1.795 0.093 4.678 0.318
a33 0.611 0.046 −1.865 0.283
a41 −4.517 0.564 −5.134 0.776
a42 1.497 0.147 3.843 0.324
a43 0.779 0.171 −1.647 0.325
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Summary and conclusion
The methods to estimate aboveground biomass and (or) its com-

ponents used in this study provided differing estimates for total
aboveground biomass and its components. Both simple and ex-

tended SUR methods performed better than the FIA-CRM, the
FIA-PNW, and the Jenkins methods for our dataset. The FIA-CRM,
FIA-PNW, and Jenkins methods provided results comparable with
both SUR methods for smaller trees (DBH, <94 cm), but they were
highly biased for bigger trees. The methods for estimating propor-
tions were clearly superior to the FIA-CRM, FIA-PNW, and Jenkins
methods in terms of bias and RMSE. These methods were also
superior to both simple and extended SUR methods with some
exceptions. However, none of these methods was clearly superior
to the other.

The Jenkins method for our Douglas fir trees produced total
aboveground biomass that was 18.4% and 23.7% higher than the
estimates provided by the FIA-PNW and FIA-CRM methods, respec-
tively. Zhou and Hemstrom (2009) reported similar differences
(17% and 20%, respectively) for the major softwood species in Or-
egon. The FIA-CRM, FIA-PNW, and Jenkins methods produced up
to 3.4 and 2.6 times higher mean bark biomass estimates for
Douglas-fir and lodgepole pine trees. The bole biomass estimates
were within 10% for Douglas fir and within 22% for lodgepole pine.
These methods were very inconsistent for branch and foliage bio-
mass, overestimating for one species–component combination
and underestimating for other combinations. The FIA-CRM and
Jenkins methods were developed for larger scale biomass estima-

Table 4. Mean bias and root mean squared error (RMSE) for component and total aboveground
biomass produced by the simple and extended seemingly unrelated regression (SUR) approaches.

Bias (kg) RMSE (kg)

Species Foliage Bark Branch Bole Total Foliage Bark Branch Bole Total

Simple SUR method
DF 4.0 0.4 0.3 −44.1 −39.3 18.4 28.2 66.2 249.2 245.8
LP 0.7 0.1 2.3 −2.7 0.5 8.8 7.1 28.7 79.7 67.9

Extended SUR method
DF −0.7 12.7 −16.6 −16.3 −20.9 19.9 32.5 72.9 204.3 190.9
LP 2.5 0.2 6.8 −10.9 −1.2 8.3 7.1 26.2 64.4 60.9

Note: DF, Douglas-fir; LP, lodgepole pine.

Fig. 5. Root mean squared error (RMSE, kg) produced by simple and extended seemingly unrelated regression (SUR) models in estimating
component biomass in Douglas-fir and lodgepole pine trees.

Table 5. Mean bias and root mean squared error (RMSE) of compo-
nent biomass produced by the beta, multinomial loglinear regression
(MLR), and Dirichlet regression methods.

Bias (kg) RMSE (kg)

Species Foliage Bark Branch Bole Foliage Bark Branch Bole

Beta regression method
DF −0.218 −2.619 −1.221 2.994 15.3 20.0 72.5 79.8
LP −0.122 0.105 −0.111 −0.766 5.9 6.6 22.2 25.5

MLR method
DF 0.001 −0.005 −0.004 −0.083 17.2 23.2 63.7 74.3
LP −0.007 −0.006 −0.025 −0.114 7.0 6.5 21.6 27.9

Dirichlet regression method
DF −1.948 −2.971 6.807 −1.979 17.5 24.3 70.8 83.0
LP −1.515 −1.356 0.729 1.990 7.5 7.0 21.7 28.6

Note: DF, Douglas-fir; LP, lodgepole pine. Predicted component biomass was
obtained by applying predicted proportions to the observed total aboveground
biomass.

Poudel and Temesgen 85

Published by NRC Research Press

C
an

. J
. F

or
. R

es
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
O

re
go

n 
St

at
e 

U
ni

ve
rs

ity
 o

n 
04

/3
0/

18
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 



tion; therefore, the estimates obtained from these methods are
inconsistent at the smaller scale.

In fitting the SUR models, the use of explanatory variables other
than DBH was justified by the reduction in RMSE produced by the
extended SUR method in estimating total aboveground biomass.
This also reduced the RMSE for bole biomass. However, it did not
improve prediction for some components. This could be because
the added variable provided more information for the bole and
total biomass but not for other components. We also found that,
for Douglas fir, the addition of crown length rather than total
height to the DBH-only model was useful in estimating foliage and
branch biomass. By using crown length instead of total height, the
adjusted R2 of the foliage and branch models increased from 0.44
and 0.55 to 0.81 and 0.89, respectively.

The knowledge of biomass distributions in different tree com-
ponents is essential to determine which portion of the tree can
provide what amount of biomass for different purposes. The pro-
portion of component biomass can be predicted using the beta
regression, Dirichlet regression, and MLR. These methods were
not only unbiased, but also produced very small RMSE values
compared with the FIA-CRM, FIA-PNW, and Jenkins methods.
They also provided better results compared with both SUR meth-
ods for most of the species–component combinations. One de-
sired property in the component biomass estimation is the
property of additivity, which can be attained by simultaneous
fitting of component proportions in the Dirichlet regression and
MLR. These methods ensure that the predicted component pro-
portions sum to 1.

Even though the methods or models that are capable of predict-
ing forest biomass at the large scale are desired, the use of such
models without local calibration could lead to serious bias. When
the large-scale models are calibrated, these models could perform
even better than the locally fitted equations (e.g., de-Miguel et al.
2014a). With increasing interest in the utilization of component
biomass for bioenergy, the importance of component models is
also increasing. The differences in the scale of development and
application of model could result in higher bias for the compo-
nent biomass estimation. The findings of this study should pro-
vide information on the efficiency of selected methods in
quantifying component and total aboveground biomass. Applica-
tion of the methods to predict component proportions for other
species and locations and with a larger dataset would further
validate their accuracy.
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