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general use in plantations where stand density management 
regimes were not the same as the stand types in our study. 
The other system that incorporated dummy variables was for 
stand type-specific applications. Both systems of equations 
were estimated using 61 plot-based estimates of biomass in 
commercial logs and residue components that were derived 
from systems of equations developed in situ for predicting 
the product and residue biomass of individual trees. To cater 
for all practical applications, two sets of parameters were 
estimated for each system of equations for predicting com-
ponent and total aboveground stand biomass in fresh and 
dry weight respectively. The two sets of parameters for the 
system of equations without dummy variables were jointly 
estimated to improve statistical efficiency in parameter esti-
mation. The predictive performances of the two systems of 
equations were benchmarked through a leave-one-plot-out 
cross validation procedure. They were generally superior to 
the performance of an alternative two-stage approach that 
combined an additive system for major components with an 
allocative system for sub-components. As using forest har-
vest residue biomass for bioenergy has increasingly become 
an integrated part of forestry, reliable estimates of product 
and residue biomass will assist harvest and management 
planning for clear-fell operations that integrate cut-to-length 
log production with residue harvesting.

Keywords Plot-based biomass estimates · Wood 
product · Harvest residue · Bioenergy · Systems of additive 
and allocative equations · Prediction error variance 
functions

Abstract Two systems of additive equations were devel-
oped to predict aboveground stand level biomass in log 
products and harvest residue from routinely measured or 
predicted stand variables for Pinus radiata plantations in 
New South Wales, Australia. These plantations were man-
aged under three thinning regimes or stand types before 
clear-felling at rotation age by cut-to-length harvesters to 
produce sawlogs and pulpwood. The residue material fol-
lowing a clear-fell operation mainly consisted of stumps, 
branches and treetops, short off-cut and waste sections due 
to stem deformity, defects, damage and breakage. One sys-
tem of equations did not include dummy variables for stand 
types in the model specification and was intended for more 
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Introduction

Pinus radiata (D. Don) is a versatile, fast-growing, medium-
density softwood species native to a very limited natural 
range along the Californian central coast and to two Mexican 
islands off Baja California (Lavery and Mead 1998; Rog-
ers 2004; Rogers et al. 2006; Mead 2013). Following its 
introduction and domestication elsewhere in the world over 
much of the last century (Burdon et al. 2017), it has been 
transformed from an agroforestry, landscaping, ornamental 
and Christmas tree species that has little economic impor-
tance within its home countries to a major softwood planta-
tion species outside of its native range with much improved 
growth performance and responsiveness to management and 
cultivation (Lewis et al. 1993; Rogers 2004; Mead 2013). 
Now it is the most extensively planted exotic coniferous spe-
cies over four continents in the Southern Hemisphere. With 
a total worldwide area exceeding 4.3 million hectares and 
expanding (Mead 2013; Burdon et al. 2017), Pinus radiata 
plantations are the mainstay of the forest economy in Aus-
tralia, Chile, New Zealand, Spain and South Africa, serving 
domestic markets and generating income from export (Lewis 
et al. 1993; Lavery and Mead 1998; Toro and Gessel 1999; 
Turner et al. 1999). The harvested wood has a wide range 
of end-uses such as structural sawtimber, board products, 
veneer, pulp, reconstituted wood, posts and poles. The har-
vesting and wood processing residues are increasingly used 
for bioenergy generation (Acuña et al. 2010; Mead 2013; 
Burdon et al. 2017; Ghaffariyan et al. 2017; Lock and Whit-
tle 2018; Van Holsbeeck et al. 2020).

Following New Zealand and Chile, Australia is the third 
largest P. radiata grower with a current plantation estate of 
more than 0.77 million ha (Downham and Gavran 2019). 
About one-third of this resource is in the State of New South 
Wales (NSW) where the first commercial plantation was 
established about a century ago (Horne 1988). Since then, 
the practice of P. radiata plantation silviculture has evolved 
continuously as plantation areas further expanded to cover 
an increasing range of site qualities and previous land-uses 
(Horne 1988; Turner et al. 2001). For plantations established 
in the 1980s and later, the practice has generally been to set 
the initial planting stocking to 1000 − 1300 trees/ha, except 
for steeper slopes where stands are established with a lower 
stocking of 700 − 900 trees/ha and no thinning operations 
are intended (Anon. 2016). For more productive sites, 
either one or two thinnings are prescribed to reduce stock-
ing down to 450 − 550 trees/ha at the age of first thinning 
around 14 years and down to 200 − 300 trees/ha at the age 
of second thinning around 23 years (D. Watt, pers. comm.). 
Although experiments with more than two thinnings have 
been reported (Horne and Robinson 1988), the practice has 
not been adopted in plantation management. The decision to 
thin a particular area is also dependent on other factors such 

as drought exposure, tree health, customer product require-
ments, and economic and market considerations (Anon. 
2016). For poorer sites, no thinning is specified before the 
final harvest at the typical rotation age of 30 to 35 years. All 
thinnings and final harvesting are now routinely carried out 
by cut-to-length (CTL) harvesters as the CTL technology 
has been widely adopted by harvesting companies and con-
tractors across Australia since its introduction to the country 
in the early 1990s (Priddle 2005; Lu et al. 2018; Shan et al. 
2021). This technology processes trees at the stump through 
a combination of harvester and forwarder. It leaves short 
off-cut and waste sections, branches and unprocessed tree 
tops on site, yielding higher levels of residue than traditional 
whole-tree harvesting (Ghaffariyan et al. 2012, 2015; Ghaf-
fariyan and Apolit 2015).

The continuous harvesting of rotation age P. radiata 
plantations throughout the year as determined through 
yield scheduling in NSW provides a sustained steady flow 
of commercial logs and a concomitant potential supply of 
residue biomass to be utilized for bioenergy generation. To 
facilitate the assessment of carbon flow through harvested 
wood products and the estimation of residue biomass poten-
tially available for harvesting in these plantations, Wang 
et al. (2017) developed systems of additive and allocative 
aboveground biomass equations for individual trees using 
data from 239 trees that were destructively sampled and 
completely weighed in rotation age stands under three thin-
ning regimes: unthinned (T0), once thinned (T1) and twice 
thinned (T2), referred to as stand types in plantation man-
agement. The additive equations predicted the total tree 
biomass in two major additive components, i.e., commer-
cial log products and residue, in both fresh and dry weight. 
The allocative equations divided the product biomass into 
two sub-components, i.e., sawlogs and pulpwood, and sepa-
rated the residue biomass into three sub-components: stump 
(including wood and bark biomass from ground level to 
stump height), branch and treetop, short off-cut and waste 
sections due to stem deformity, defects, damage and break-
age. These systems of equations for individual trees pro-
vide a sound basis for estimating total aboveground stand 
biomass in commercial logs and residues to complement 
the existing volume-based stand-level yield information that 
are most commonly reported and used in resource planning 
and decision support systems for forest management. When 
diameter and height measurements of individual trees are 
available from pre-harvest inventories, aboveground stand 
biomass in commercial logs and residues can potentially be 
obtained by scaling up estimates for individual trees, similar 
to the approach often adopted in forest biomass estimation 
(Snowdon 1992; Parresol 1999; Liu 2009; Vargas-Larreta 
et al. 2017). This potential can only be fully realised if three 
additional calculations are made in the scaling up process. 
First, dead standing, broken or badly damaged trees need 
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to be included in the calculation of residue biomass. How-
ever, such trees are not routinely captured during pre-harvest 
inventory as they do not produce any commercial logs and 
so are most likely to be pushed over or cut and discarded as 
waste during harvesting. Second, not every tree produces 
both sawlogs and pulpwood; a small proportion of trees 
may only yield sawlogs but not any pulp wood (Wang et al. 
2017). Therefore, individual trees need to be allocated into 
two groups according to a predetermined empirical prob-
ability before the estimation of their sawlog and pulpwood 
biomass. Third, as is often the case in operational inventory, 
total tree height, a predictor variable in the systems of equa-
tions of Wang et al. (2017), is measured only for a certain 
number of selected trees but not for all individual trees in 
a plot. For the majority of trees, total tree height has to be 
estimated first before their biomass can be calculated using 
the systems of biomass equations.

Even with these additional calculations, scaling up bio-
mass estimates of individual trees over a management area 
beyond the scale of inventory or sample plots may still face 
difficulties as individual tree data are usually not available at 
a larger scale. In present-day Australian softwood resource 
planning systems, stand level attributes such as stand height, 
density, basal area and volumes of log products that are 
extracted from plot-based inventory data are extrapolated 
or imputed spatially over a particular management area 
or at a broad estate level (Rombouts et al. 2015; Caccamo 
et al. 2018). In addition, growth and yield estimates for P. 
radiata plantations are often based upon models that predict 
stand-level attributes for any given stand type and age (Fer-
guson and Leech 1978; García 1984; Horne and Robinson 
1988; Candy 1989; Whyte and Woollons 1990; Kimberley 
et al. 2005; Castedo-Dorado et al. 2007). Therefore, a more 
direct and efficient approach would be to link stand-level 
attributes derived from inventory plots, resource planning 
systems and outputs from conventional growth and yield 
models to biomass estimation of commercial logs and resi-
dues at the same spatial scale. Such an approach was sug-
gested by LeMay and Kurz (2008) for estimating biomass, 
carbon stocks and stock changes in forests. To serve as an 
essential linkage of this kind, stand level biomass equations 
have been developed and adopted for plantations as well as 
natural forests (Bi et al. 2010; Castedo-Dorado et al. 2012; 
Paré et al. 2013; Jagodziński et al. 2019; Dong et al. 2019). 
These equations predict total aboveground stand biomass in 
terms of the structural components such as stemwood, bark, 
branches and foliage of all trees in a stand. To ensure the 
logical consistency of biomass additivity and the statistical 
efficiency in parameter estimation at the same time, stand 
biomass equations have increasingly been specified as a sys-
tem of additive equations with cross-equational parameter 
constraints and estimated by taking into account the inher-
ent error correlation among the system equations for the 

biomass components (Bi et al. 2010; Castedo-Dorado et al. 
2012; Jagodziński et al. 2019; Dong et al. 2019). However, 
stand-level systems of biomass equations for commercial 
logs and harvest residuals have so far not been developed 
for rotation age stands of P. radiata or any other species. 
Building upon and extending the work of Wang et al. (2017) 
on individual trees, this paper aims to develop additive sys-
tems of stand biomass equations for predicting the fresh and 
dry weights of commercial logs and harvest residues and 
the weights of their respective sub-components in rotation 
age P. radiata stands under three thinning regimes in NSW, 
Australia.

Material and methods

Study area and source of data

The Bathurst management area of the Northern Softwood 
Region, Forestry Corporation of NSW (FCNSW) encom-
passes 18 disjunct State Forest Plantations of P. radiata, 
totalling 70,000 hectares spread across an east–west dis-
tance of about 130 km and a north–south distance of about 
190 km on the central west slopes of NSW, Australia. The 
geographical location, geology, climatic and site conditions, 
history of plantation establishment of the management area 
and the initial planting density, three thinning regimes, and 
the rotation length of these plantations were described in 
detail by Knott and Ryan (1990) and by Wang et al. (2017) in 
an open access publication. As the second part of the same 
project on product and residue biomass carried out in the 
management area, this study used the same data set of plot 
measurements as described by Wang et al. (2017), which 
contained diameter at breast height overbark (DBHOB at 
1.3 m above ground level as defined in Australia) and total 
tree height (H) measurements of individual trees from 60 
circular plots established across 12 selected compartments 
(i.e. sampling sites) in the management area. According to 
the current Australian soil classification, the soils of these 
sites included Ferrosols, Kurosoils and Dermosols with 
either clay loam, sandy loam or sandy clay loam texture on 
a variety of parent materials, including dacitic tuffs, mud-
stone, shale, siltstone, and volcanic diorite (Dr. J. Turner, 
pers. comm.). Half of the 60 plots were in unthinned (T0) 
stands and the other half were evenly split between T1 and 
T2 stands. All T0 plots had a radius of 15 m. The T1 plots 
had a radius of 20 m, except for four which had a radius of 
25 m. All T2 plots had a 25 m radius but one with a radius 
of 20 m. The increase in plot size from T0 to T2 stands was 
intended to take in at least 30 trees in every plot, which 
was considered the minimum number of trees required to 
provide reliable estimates of stand attributes for predicting 
aboveground stand biomass (c.f. Garcia 1998, 2006, Zhou 
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et al. 2019) and to produce a full range of sawlog and pulp-
wood products for an adequate representation of product 
and residue biomass. The stand age of these plots ranged 
from 28 to 42 years, stand density from 163 to 1188 trees/
ha, stand basal area from 30.5 to 89.2  m2/ha, and dominant 
height, calculated as the average height of the 100 largest 
diameter trees/ha, ranged from 26.6 to 38.5 m. The key stand 
attributes of these 60 plots were summarized and tabulated 
for each stand type in Wang et al. (2017). Besides the 60 
plots, this study included one additional plot in an unthinned 
stand that was established and measured in the same way 
as part of the same project. However, the sampling site was 
later abandoned because a deep gully cutting through the 
compartment created spatial constraints for the placement 
of all 5 sample plots as intended for each site at a distance 
from each other that was practically operable for destructive 
sampling. Therefore, there were a total of 61 plots used in 
this study. The addition of this single plot to the data set did 
not alter the ranges of the key stand attributes previously 
tabulated in Wang et al. (2017), therefore the descriptive 
statistics of the stand attributes are not presented again here.

Stand biomass calculation

Across the 61 plots, we measured 3298 trees, including both 
live and standing dead trees, and trees with a broken stem 
or top or with other damages or anomalies. The DBHOB of 
these trees and broken stems varied between 6.2 and 71.6 cm 
and their total tree height (H) ranged from 1.5 to 43.0 m 

(Fig. 1). Obviously not all trees could produce a sawlog or 
even pulpwood. Firstly, the minimum small end diameter 
overbark (SEDOB) was 15 cm for small sawlogs and 8 cm 
for pulpwood and the minimum log length was 3.6 m accord-
ing to log specifications for the management area. Small 
trees not reaching the commercial size could only be cut to 
waste during harvesting and accounted for as part of residue 
in biomass calculations. Slightly larger trees that just became 
commercial in size could be harvested for pulpwood only but 
not sawlogs. Some larger live trees of full commercial size 
with a broken top or upper stem could be salvaged to pro-
duce either pulpwood or sawlogs or both. Secondly, stand-
ing dead trees and some live trees with severe stem damage 
beyond salvage could only be treated together with the small 
trees as part of the harvest residue in a plot. Therefore, the 
trees had to be screened and sorted into two broad groups, 
commercial and non-commercial, and subgroups within each 
broad group before calculating their product and residue bio-
mass and that of the constituent components.

Tree assortment

An extensive exploratory analysis was carried out with the 
aid of statistical graphics to screen the data in several steps 
for further assortment. In the first step, standing dead trees 
with either a broken stem or not were identified by the binary 
mortality column and by reading the descriptive field notes 
of individual trees stored as character strings in the data file. 
At the same time, a small number of 24 live trees with either 

Fig. 1  (Left) Caterpillar plots 
of tree size for the 61 plots, 
where T1 plots are within the 
light blue strip, while T2 and 
T0 plots are above and below 
the blue stripe. Each horizontal 
line shows the median (red 
dot) together with the complete 
range of DBHOB or total tree 
height of all individual trees, i.e. 
either alive or dead, in a plot. 
(Right) Scatter plot of total tree 
height against DBHOB of all 
trees in each of the three stand 
types, where the dead trees and 
broken stems are shown by the 
grey circles. The upper and 
lower curves in each panel show 
the 0.50th and 0.005th nonlinear 
conditional quantiles of total 
tree height for any given value 
of DBHOB for all live trees 
across the 61 plots. The param-
eters for the two curves are a

�
 , 

b
�
 and c

�
 as printed in the panel 

for T1 plots (see text)
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a broken top or stem were also tagged. In the second step, 
the scatter plot of H against DBHOB for the remaining live 
trees that did not have any descriptive note flagging stem 
brokage or damage were inspected to detect further outliers 
or anomalies. To facilitate this process, two nonlinear con-
ditional quantile curves in the form of the three parameter 
Chapman-Richards function as specified below were drawn 
through the data cloud:

where Hτ , aτ , bτ and cτ are total tree height in m and the three 
parameters corresponding to the chosen quantile τ of 0.5 and 
0.005, and D represents DBHOB in cm (Fig. 1). This equa-
tion form was among the most commonly used model forms 
for tree height and diameter (H − D) models (see Huang et al. 
1992, 1999; Bi et al. 2000; 2012). For each value of � , the 
three parameters in Eq. (1) were estimated by using the R 
package for quantile regression, quantreg (Koenker 2017, 
2018). The first quantile curve at τ = 0.5 showed the median 
of H for any given DBHOB and so represented the central 
trend of the height and diameter relationship. It was used to 
estimate the value of H for a small number of trees with a 
broken stem as described later. The second quantile curve 
at τ=0.005 delineated the lower limit of H for any given 
DBHOB. A small number of 12 live trees falling below this 
curve were deemed broken (Fig. 1). Although not evidenced 
by any descriptive field note, the abnormality was possibly 
overlooked during field measurements. In the third step, for 
every live tree with a broken stem, the height that the tree 
would reach if the stem were not broken was estimated from 
its DBHOB using the 0.50th nonlinear conditional quantile 
curve in the same form of Eq. (1) but fitted specifically to the 
H and DBHOB data of other trees in the same plot. A broken 
stem that had a height greater than 50% of the estimated 
total tree height was regarded as salvageable and sorted into 
the commercial group. Otherwise, it was regarded as waste 
and put into the non-commercial group. In the final step, 
the stem profiles of individual trees were predicted using 
the three overbark taper equations developed by Wang et al. 
(2017) for trees in T0, T1 and T2 stands respectively in the 
form of the trigonometric variable-form taper equation of 
Bi (2000). Then the stem profiles were evaluated against 
the SEDOB and log length specifications of the smallest 
piece of commercially acceptable pulpwood in a simulated 
log cutting as demonstrated by Lu et al. (2018) and Shan 
et al. (2021). Trees too small to produce any pulpwood were 
regarded as non-commercial and sorted accordingly.

The commercial group had 2878 trees, including 1592 
trees from the 31 unthinned (T0) plots, 668 trees from the 15 
T1 plots and 618 trees from the 15 T2 plots, and accounted 
for about 87.3% of the total number of trees across the 61 
plots. Among these commercial trees, there were 182 small 

(1)H� = 1.3 + a�
(
1 − e−b�D

)c�

ones that could only be harvested for pulpwood and 90% of 
them were in the T0 plots. The remaining 2696 trees in this 
group were found to be large enough to produce both saw-
logs and pulpwood when their predicted stem profiles were 
evaluated against the commercial log specifications in log 
cutting simulations as described above. For any tree with a 
broken stem, a complete stem profile was derived first using 
its DBHOB and estimated tree height as predictors. Then a 
partial log cutting simulation was performed on the remain-
ing part of the stem profile. The non-commercial group had a 
total of 420 trees, including 44 small non-commercial trees, 
12 live trees with broken stems that were too short for any 
wood product, with the rest being standing dead trees either 
with or without a broken stem. Most of these trees were in 
the unthinned (T0) plots (Fig. 1), most likely as a result of 
self-thinning and/or natural mortality in the even-aged P. 
radiata stands similar to the self-thinning stands described 
by Bi (2001).

Biomass calculations for individual trees

For individual trees in the commercial group, one system of 
additive equations and two systems of allocative equations, 
i.e., model (10), (12) and (13) in Wang et al. (2017), were 
used to estimate their product and residue biomass. The sys-
tem of additive equations was used for predicting the product 
and residue biomass and the total above ground biomass of 
individual trees from their DBHOB, H and two dummy vari-
ables indicating stand types. The first system of allocative 
equations was used to allocate the estimated product bio-
mass of each tree into sawlogs and pulpwood components. 
The second was employed to allocate the estimated residue 
biomass to stump, branch and waste components. The waste 
component included stem tops and short off-cut sections due 
to stem anomalies and breakage during tree felling. Unlike 
the system of additive equations which has three predictor 
variables, the allocative equations rely on DBHOB only as 
the single predictor. For each of the three systems of equa-
tions, Wang et al. (2017) provided two sets of parameters 
for predicting fresh and dry weight respectively. In line with 
their work, both fresh and dry weight were obtained in our 
calculations of total tree and component biomass.

However, not all trees could produce both sawlogs and 
pulpwood in a harvesting operation. Some large trees 
would only produce sawlogs. Because the bucking pat-
tern was optimised towards maximum value recovery, the 
remaining upper stem after sawlog cutting could no longer 
satisfy the SEDOB and length specifications of even a 
small pulpwood log. On the other hand, small trees not 
reaching sawlog size could only produce pulpwood. As 
described in Wang et al. (2017), out of the 239 trees that 
were destructively sampled following stratified random 
sampling for developing the biomass equations, there were 
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36 trees that produced sawlogs only but not any pulpwood, 
representing about 15% of all sample trees. An extensive 
exploratory analysis showed that the occurrence of these 
trees could only be regarded as at random because it did 
not relate to or associate with any tree and stand attributes 
including DBHOB, total tree height, stand type and par-
ticular plots or sites. To mimic this pattern of log produc-
tion in a rotation-age clearfell harvest, a binary random 
number was generated from a binomial distribution with 
a p-value of 0.15 for each tree. For trees with a random 
binary number of 1, all their product biomass was allo-
cated to the sawlog component, none to pulpwood. For the 
182 small trees that were identified to produce pulpwood 
only during tree assortment, their product biomass was 
allocated accordingly. For several live trees with a broken 
stem taller than 50% of their estimated total tree height, 
their product, stump and waste biomass was estimated but 
branch biomass was ignored. The estimation followed an 
ad hoc procedure that involved the combined use of the 
following biometric functions: (1) a plot-specific nonlin-
ear H–D quantile curve, (2) a stand-type-specific taper 
equation as described previously, (3) the total stem (i.e., 
both stemwood and bark) biomass equation of Baker et al. 
(1984) for P. radiata, and (4) the allocative systems of bio-
mass equations of Wang et al. (2017). For the sake of brev-
ity, the procedure was not described in detail in this paper.

As there were four categories of trees in the non-com-
mercial group, their biomass calculation varied accordingly. 
For small live trees with an unbroken stem, the total above-
ground tree biomass was treated as residue biomass and allo-
cated to the stump, branch and waste components using both 
the additive and allocative equations of Wang et al. (2017). 
For live trees with a broken stem that was shorter than 50% 
of their estimated total tree height, the ad hoc procedure 
described above was followed, but the calculated stem bio-
mass was allocated only to the stump and waste components. 
For standing dead trees with an unbroken stem, the stem dry 
weight was calculated using the total stem biomass equation 
of Baker et al. (1984) and allocated to stump and waste com-
ponents. For standing dead trees with a broken stem, the dry 
weight of the stem was estimated through the ad hoc proce-
dure described above. For the live trees in both the commer-
cial and the non-commercial groups, biomass was calculated 
in both fresh and dry weight. The total stem moisture content 
of standing dead trees would naturally be lower than that 
of live trees as observed for other species (Bi et al. 2015). 
The dead stems were neither completely fresh as live stems 
nor as dry as oven-dried biomass samples. As dead stems 
were not sampled for moisture content, their average fresh 
weight to dry weight ratio remained unknown. However, 
to obtain at least some estimate of the fresh weight for the 
biomass components of dead trees, the dry weight of each 
biomass component was multiplied by a factor calculated 

as the average ratio of the fresh weight to dry weight of the 
product part of the commercial trees.

Scaling up individual tree biomass to stand‑level

The calculated fresh and dry weights of product and resi-
due biomass and those of their respective components of 
all standing individual trees, either dead or alive, within a 
plot were summed component by component and divided 
by the plot area to obtain the stand level estimates of com-
ponent as well as total aboveground stand biomass in tons 
per hectare. At the same time, stand attributes of live trees 
in the plot were calculated, which included stand age, den-
sity, basal area and stand height, taken as the mean height 
of 100 largest diameter trees/ha on a pro rata basis. The 
scaled-up biomass of all major and sub-components of the 
61 plots were examined in relation to the four stand attrib-
utes through interactive scatter plot matrix to assess their 
inter-variable dependence or correlation structures (Fig. 2). 
For each component, the relationship between the scaled-
up fresh and dry weight was examined in preparation for 
model building (Fig. 3). In addition, the percentage alloca-
tions of total aboveground stand biomass in both fresh and 
dry weight to the two major components as well as to the 
five sub-components were derived for each plot. The patterns 
of biomass allocation were then summarized across the three 
stand types to gain a better understanding of the data to be 
modelled (Fig. 4).

Specifications of two‑ and single‑stage systems 
of equations

Two approaches to model specification were compared for 
predicting the scaled-up stand level component and total bio-
mass in both dry weight and fresh weight. The first was the 
two-stage approach of Wang et al. (2017), which combined 
one system of additive equations for product, residual and 
total aboveground biomass at the first stage with two systems 
of allocative equations at the second stage to allocate the 
predicted product and residue biomass from the first stage to 
their respective components. The first-stage system of addi-
tive equations incorporated all stand variables as predictors:

where Ypro , Yres and Ytot represent observed product, residue 
and total aboveground stand biomass, either in fresh or dry 
weight, in t/ha respectively, Ŷpro and Ŷres are the predicted 
values of Ypro and Yres , T is stand age in years, G stands for 
stand basal area in  m2/ha, H represents stand height in m, and 

(2)

⎧⎪⎨⎪⎩

Ypro = Ŷpro + �1 = e
�10+

�11
T G�12H�13N�14 + �1

Yres = Ŷres + �2 = e
�20+

�21
T G�22H�23N�24 + �2

Ytot = Ŷpro + Ŷres + �3
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N is stand density in trees/ha, �ij are coefficients, and �1 to 
�3 are the corresponding error terms of the three equations. 
As Ypro , Yres and Ytot represent different biomass components 
of the same stand, the error terms are inherently correlated 
and in the matrix algebra notation can be expressed as 
� =

[
�1, �2, �3

]�
 with the expectation E(�) = 0 and a variance 

and covariance matrix E
(
��

�)
= Σ . Each coefficient in the 

model is shared between two equations as cross-equation 
constraints are placed on the structural parameters to 
ensure additivity of biomass estimates, i.e., to eliminate 
the inconsistency between the sum of predicted values for 
biomass components and the prediction for the total tree 
biomass. The four stand variables are the most common 
predictors in stand level biomass equations (Bi et al. 2010; 
Castedo-Dorado et al. 2012; Paré et al. 2013; Dong et al. 

2019; Jagodziński et al. 2019), but the inverse transformation 
of stand age T in our model (2) was based on the model 
specification of Bi et al. (2010) for additive prediction of 
aboveground biomass for P. radiata plantations.

Following the steps of Wang et al. (2017) in specifying the 
systems of allocative equations for individual trees, two second-
stage systems of allocative equations for estimating stand level 
component biomass were specified using stand basal area (G) 
as the only predictor. One was for allocating predicted product 
biomass to sawlog and pulpwood components:

(3)

⎧⎪⎨⎪⎩

Ysaw =
1

1+er11×Gr12
∗ Ŷpro + �11

Ypulp =
e
r11×Gr12

1+er11×Gr12
∗ Ŷpro + �12

Fig. 2  Scatter plots of 
scaled-up component and total 
aboveground stand biomass in 
dry weight against four stand 
variables for T0 (blue), T1 (red) 
and T2 (green) stands
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where Ysaw and Ypulp stand for sawlog and pulpwood biomass 
in either fresh or dry weight in t/ha, Ŷpro is the correspond-
ing predicted product biomass from the first stage system 
of additive equations, rij are coefficients, �11 and �12 are the 

error terms. Another was for allocating residue biomass to 
three components:

Fig. 3  Multi-panel display of 
fresh and dry weight relation-
ships for component and total 
aboveground stand biomass 
of the 61 plots in T0, T1 and 
T2 stands (blue, red and green 
circles). In each panel, the line 
through the data points indicates 
the average fresh to dry weight 
ratio for all stand types. The line 
of unity was plotted below the 
average ratio line to serve as a 
reference
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Fig. 4  Boxplots summarizing the percentage allocations of total aboveground stand biomass in both fresh and dry weight to the two major and 
five sub-components across the three stand types
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where Ystump , Ybranch and Ywaste are the scale-up biomass of 
stump, branch and waste components in either fresh or dry 
weight in t/ha, Ŷres is the predicted residue biomass from the 
first stage system of additive equations, rij are coefficients, 
�21 , �22 and �23 are the error terms. Such a top-down approach 
of allocating component biomass was developed within the 
framework of error-in-variable models by Tang et al. (2000, 
2001) and has been predominantly used by researchers in 
China for developing their so-called compatible biomass 
equations. But it has had only limited exposure in the 
English literature (Dong et al. 2015; Wang et al. 2017).

The above systems of equations were intended for more 
general application in plantations where stand density 
management regimes were not exactly the same as the 
stand types in our study. As stand type was not included as 
a predictor in the equations, these equations are referred to 
in this paper as general two-stage systems of equations. To 
cater for stand type specific applications, the three stand 
types (T0, T1 and T2) were incorporated in the system of 
additive equations through two dummy variables:

where T0 and T2 are dummy variables, equal to 1 for the 
stand type they represent and 0 otherwise, and �dij are their 
coefficients. The incorporation of the two dummy variables 
in the exponent of G gave the best predictive performance 
among alternatives that were carefully compared during 
model specification, although the details were not given here 
for the sake of parsimony. Similar approaches of incorporat-
ing dummy variables in a single or a system of biomass 
equations can be found in Zeng et al. (2011); Fu et al. (2012, 
2014) and Wang et al. (2017). The predicted product and 
residue biomass, Ŷpro and Ŷres , for different stand types would 
be allocated to their respective subcomponents through the 
same systems of allocative equations as specified in Eqs. (3) 
and (4). Incorporating dummy variables for stand types into 
the systems of allocative equations created a higher level of 
complexity in both model specification and estimation but 
led to little gain in predictive performance.

Unlike the two-stage model specifications in the first 
approach, a single system of additive equations was 

(4)

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

Ystump =
1

1+er21×Gr22+er23×Gr24
∗ Ŷres + �21

Ybranch =
e
r21×Gr22

1+er21×Gr22+er23×Gr24
∗ Ŷres + �22

Ywaste =
e
r23×Gr24

1+er21×Gr22+er23×Gr24
∗ Ŷres + �23

(5)

⎧⎪⎨⎪⎩

Ypro = Ŷpro + �1 = e
�10+

�11
T G

�12+�d11T2+�d12T0H�13N�14 + �1

Yres = Ŷres + �2 = e
�20+

�21
T G

�22+�d21T2+�d22T0H�23N�24 + �2
Ytot = Ŷpro + Ŷres + �3

specified for all five biomass components in the second 
approach:

where Ŷstump , Ŷbranch and Ŷwaste are the predicted values of 
Ystump , Ybranch and Ywaste in either fresh or dry weight in t/
ha, �ij are coefficients, and �1 to �6 are the corresponding 
inter-related error terms of the six system equations. This 
single system of additive equations negated the need of any 
further second-stage biomass allocation. Such an approach 
was possible because every plot yielded all biomass compo-
nents and so there were no missing values for any particular 
component in any plots at a stand level. This was not the case 
for individual trees in the work of Wang et al. (2017), where 
15% of the sample trees did not yield any pulpwood. As in 
Bi et al. (2010), the system equation for branch biomass did 
not include stand height as a predictor as did equations for 
other components in the system. This was because the varia-
ble was eliminated in a stepwise least squares regression that 
was carried out separately for each system equation using 
log transformed data in the model building process before 
arriving at the final specification of the system of equations. 
For the same practical reason as stated above for Eq. (5), the 
three stand types (T0, T1 and T2) were also incorporated in 
the model specification in the same way:

where all variables, coefficients, error terms and their prop-
erties are as previously described. Unlike the two-stage 
systems of Eqs. (2 and 5), the two single stage systems of 
Eqs. (6 and 7) did not include component equations for prod-
uct and residue biomass.

Parameter estimation

As often observed in both individual tree and stand level 
biomass data, heteroscedasticity existed in the scale-up data 

(6)

⎧
⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

Ysaw = Ŷsaw + �1 = e
�10+

�11
T G�12H�13N�14 + �1

Ypulp = Ŷpulp + �2 = e
�20+

�21
T G�22H�23N�24 + �2

Ystump = Ŷstump + �3 = e
�30+

�31
T G�32H�33N�34 + �3

Ybranch = Ŷbranch + �4 = e�40G�41N�42 + �4

Ywaste = Ŷwaste + �5 = e
�50+

�51
T G�52H�53N�54 + �5

Ytot = Ŷsaw + Ŷpulp + Ŷstump + Ŷbranch + Ŷwaste + �6

(7)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

Ysaw = Ŷsaw + �1 = e
�10+

�11
T G

�12+�d11T2+�d12T0H�13N�14 + �1

Ypulp = Ŷpulp + �2 = e
�20+

�21
T G�22+�d21T2+�d22T0H�23N�24 + �2

Ystump = Ŷstump + �3 = e
�30+

�31
T G

�32+�d31T2+�d32T0H�33N�34 + �3
Ybranch = Ŷbranch + �4 = e�40G

�41+�d41T2+�d42T0N�42 + �4

Ywaste = Ŷwaste + �5 = e
�50+

�51
T G

�52+�d51T2+�d52T0H�53N�54 + �5
Ytot = Ŷsaw + Ŷpulp + Ŷstump + Ŷbranch + Ŷwaste + �6
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for all the component and the total aboveground stand bio-
mass, although to different degrees (Fig. 2). To negate the 
effects of heteroscedasticity on the second order properties 
of parameter estimates, all systems of additive and allocative 
equations were estimated using the generalised method of 
moments (GMM) in the PROC MODEL procedure of SAS/
ETS. Under heteroscedastic conditions, the GMM estimator 
produces efficient parameter estimates without any specifica-
tion of the nature of the heteroscedasticity (Greene 1999). 
It has been used to estimate systems of additive as well as 
allocative biomass equations (Bi et al. 2004, 2010, 2015; 
Wang et al. 2017). In addition to the GMM, the systems of 
equations were also fitted to the data using weighted non-
linear seemingly unrelated regressions (WNSUR) as dem-
onstrated by Parresol (2001). Consistent with the findings 
of Wang et al. (2017) when estimating systems of biomass 
equations for individual trees, the mean squared errors for 
the system equations indicated that GMM was equivalent or 
slightly better than WNSUR. Therefore, parameter estimates 
obtained using WNSUR are not reported here.

Although developed within the framework of nonlinear 
error-in-variable models, the system of allocative equations 
can be regarded as a system of simultaneous equations when 
the number of equations is equal to the number of variables 
with errors in the system (Tang et al. 2000, 2001, 2008). In 
such cases, the system of allocative equations can also be 
estimated by WNSUR and GMM using the PROC MODEL 
Procedure of SAS/ETS without resorting to the specialist 
software ForStat 2.2 developed by the Chinese Academy of 
Forestry and documented in detail by Tang et al. (2008). As 
exemplified by Dong et al. (2015) and Wang et al. (2017), 
the SAS procedure and ForStat produced almost identical 
parameter estimates and validation statistics.

The three dependent variables,Ypro , Yres and Ytot in Eq. (2) 
represented either fresh or dry weight, so the system of three 
equations was estimated twice to obtain two separate sets 
of parameter estimates initially for fresh and dry weight, 
respectively. The initial values for the parameters of each 
system equation were obtained through linear least squares 
regression after transforming the equation into a log linear 
form. The Marquardt method was specified in the proce-
dure to minimize the objective function since this method is 
essentially an improved Gauss–Newton method by incorpo-
rating the steepest descent method into the iterative update 
scheme (Marquardt 1963; Draper and Smith 1998). This 
method has been found most useful for parameter estima-
tion of nonlinear growth models in forestry, particularly 
when parameter estimates are highly correlated (Fang and 
Bailey 1998; Fekedulegn et al. 1999; Bi et al. 2012). As 
there was a close linear relationship between the fresh and 
dry weight of each biomass component (Fig. 3), the residual 
errors of the fresh and dry systems of equations were highly 
correlated. However, the separate estimations did not take 

such correlations into account. To overcome this deficiency 
and further gain statistical efficiency in parameter estima-
tion, the two systems of equations for fresh and dry biomass 
were jointly estimated as one system of six equations within 
the same the PROC MODEL Procedure. In the same way, 
the fresh and dry systems of additive equations specified 
in Eq. (5) were jointly estimated and so were those speci-
fied in Eq. (6). However, the systems of equations specified 
in Eq. (7) were still estimated separately for fresh and dry 
weight because convergence could not be reached for joint 
estimation. Following parameter estimation, a generalized 
R2 was calculated for each system equation in the form of 
the model efficiency coefficient originally proposed by Nash 
and Sutcliffe (1970):

where yi and ŷi are the observed and predicted biomass in 
t/ha, ȳ =

∑n

i=1
yi∕n is the mean of the observed biomass, 

and n equals 61, the total number of plots. For the two sin-
gle stage systems of Eqs. (6 and 7), the predicted values of 
product and residue biomass were obtained by summing up 
the predicted values of their respective components for the 
calculation of R2.

Evaluation and comparison of prediction accuracy

Benchmarking statistics

The predictive performances of the two- and single-stage 
systems of biomass equations were evaluated and compared 
through a leave-one-plot-out cross validation procedure that 
was carried out for both fresh and dry weight of all biomass 
components. All previously specified systems of additive 
and allocative equations were repeatedly fitted 61 times. 
Each time, biomass data from one of the 61 plots were left 
out from the fitting process. From the systems of equations 
estimated using data from the remaining 60 plots, the pre-
dicted values of total aboveground stand biomass, all major 
and sub-component biomass were obtained for the left-out 
plot that was independent of the fitting process. For each of 
these predicted values of the ith left-out plot ( ̂yi) , a predic-
tion error ( �i ) was calculated as the difference between the 
observed ( yi ) and predicted biomass, i.e. �i = yi − ŷi , in t/ha. 
For the two single-stage systems of equations (Eqns. 6, 7), 
the predicted value of product and residue biomass were 
taken as the sum of their respective predicted components. 
Following the repeated fitting, six benchmarking statistics 
were calculated for the predictions of all component and 
total aboveground stand biomass in fresh and dry weight for 
the 61 plots. These benchmarking statistics included the 
mean error of prediction (MEP), the mean percentage error 

(8)R2 = 1 −

(
n∑
i=1

(
yi − ŷi

)2
/

n∑
i=1

(
yi−

-
y
)2

)
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of prediction (MPEP), the mean absolute error of prediction 
(MAEP), the mean percentage absolute error of prediction 
(MPAEP), the mean squared error of prediction (MSEP) and 
the prediction coefficient of determination ( R2

p
 ) and were 

calculated:

where ȳ =
∑n

i=1
yi∕n is the mean of the observed values of 

biomass in t/ha, and n equals 61, the total number of plots, 
other variables are as previously defined. As reviewed by 
Huang et al. (2003), these benchmarking statistics have been 
commonly used in evaluating the predictive performance of 
forest models as they assess the size, direction and disper-
sion of the prediction error. These statistics were evaluated 
across the three stand types to compare the predictive per-
formances of the two- and single-stage systems of biomass 
equations.

In addition to the benchmarking statistics, the predicted 
biomass of all major and sub-components in each plot was 
divided by the predicted total aboveground stand biomass 
and converted to percentage allocations for the plot. The 
model-derived allocations were compared with the observed 
percentage allocations of total aboveground stand biomass 
to the major and sub-components as summarised in Fig. 4 
through simple scatter plots to further assist model evalua-
tion and comparison of prediction accuracy.

(9)MEP =

n∑
i=1

�i∕n

(10)MPEP = 100 ×

n∑
i=1

(
�i

ŷi

)
∕n

(11)MAEP =

n∑
i=1

||�i||∕n

(12)MPAEP = 100 ×

n∑
i=1

|||||
�i

ŷi

|||||
∕n

(13)MSEP =

n∑
i=1

�2
i
∕n

(14)R2
p
= 1 −

⎛⎜⎜⎜⎝

∑n

i=1
�2
i

∑n

i=1

�
yi−

−
y
�2

⎞⎟⎟⎟⎠

Prediction error variance and approximate confidence 
bands

In addition to the benchmarking statistics, a prediction 
error variance function was derived for each system equa-
tion in order to delineate an approximate confidence band 
containing about 90% of the observed data about the mean 
curve of predicted biomass from the equation. Similar to 
the close match between PRESS and ordinary residuals that 
is often observed in linear regression analysis without the 
presence of outliers (Allen 1974; Myers 1990), the predic-
tion errors ( � ) from the leave-one-plot-out cross validation 
procedure had an almost total correlation along the identical 
(45 degree) line with their corresponding residuals obtained 
when all data were used for parameter estimation. Pearson’s 
correlation coefficient between PRESS and ordinary residu-
als was at least 0.99 or greater for every biomass component 
for all systems of equations. Therefore, the widely applied 
methods of modelling residual heteroscedasticity as shown 
for example in Parresol (2001), Bi et al. (2004, 2010, 2015) 
and Wang et al. (2017) were followed for modelling predic-
tion error variance in this study. For each system equation, 
the prediction error variance, Var(�) , was assumed to be a 
power function of the estimated mean ( ̂Y):

As Var(�) was an unknown quantity, the squares of pre-
diction errors ( �2 ) were used as representatives of their 
variances:

Equation (15) was linearized by taking logarithmic trans-
formation of both sides and estimated through least squares 
regression for system equations that did not incorporate 
dummy variables. For systems of equations with dummy 
variables, a single dummy variable was incorporated in the 
intercept term to separate the thinned and unthinned stands:

where ln indicates natural logarithm, I is a dummy vari-
able which equals 0 for unthinned stands and 1 for thinned 
stands of both T1 and T2 types, d and b are parameters. 
This prediction error variance function was adopted after a 
comparison with the alternative function with two dummy 
variables. Adding an extra dummy variable did not make the 
skedastic patterns of prediction error more discernible for 
all system equations.

As the prediction error variance function was estimated 
using log transformed data, it had an inherent bias when 
back transformed from logarithm. The existence of such bias 
has been well-recognised in biomass estimation as well as in 
applied statistics (Baskerville 1972; Beauchamp and Olson 

(15)Var(�) ≈ �2Ŷb

(16)�2 = �2Ŷb

(17)ln�2 = ln�2 + dI + blnŶ
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1973; Wiant and Harner 1979; Flewelling and Pienaar 1981; 
Sprugel 1983; Snowdon 1991; Shen and Zhu 2008; Zeng 
and Tang 2011). To reduce such bias, Snowdon’s (1991) bias 
correction factor ( �s ) was calculated for the residual vari-
ance function of each system equation. The more complex 
functional methods proposed by Shen and Zhu (2008) were 
also attempted, but they brought little gain over Snowdon’s 
much simpler factor. Following the steps outlined in Bi et al. 
(2015) and Wang et al. (2017), the estimated variance func-
tion, Var(�), was multiplied by �s first, then the square root 
of the product was used to weigh the prediction errors. The 
5th and 95th percentiles from the distribution of weighted 
residuals were taken as the approximate lower and upper 
confidence limits of prediction error at the 90% level. For 
any predicted value of biomass, Ŷ  , the approximate 90% 
confidence band of the observed data were delineated by

where p5 and p95 are the 5th and 95th percentiles of the 
distribution of weighted errors of prediction. Confidence 
intervals thus obtained were not necessarily symmetric about 
zero since the distribution of weighted errors of prediction 
can be skewed.

Results

Two‑stage systems of equations for general application

There were similarities as well as differences between the 
two sets of parameters for the first stage system of additive 
Eqs. (2) that were jointly estimated for predicting the fresh 

(18)
(
Ŷ + p5

√
�S�

2Ŷb, Ŷ + p95

√
�S�

2Ŷb

)

and dry weight of product, residue and total stand biomass. 
In the component equation for product biomass, the param-
eter associated with stand basal area, �12 , was estimated to be 
0.90 and 0.84 respectively for fresh and dry weight predic-
tions (Table 1). The estimated �13 , the parameter associated 
with stand height, was 0.81 and 0.78 for the same two types 
of predictions. For neither parameter was the difference 
between the estimates for fresh and dry weight predictions 
significant at α = 0.05 according to the t-statistics that could 
be easily derived from the standard errors of the parameter 
estimates. In comparison, the remaining three parameters, 
�10 , �11 , and �14 , each had two significantly different esti-
mates for predicting the fresh and dry weight of product 
biomass. In the case of �14 , the estimated value was -0.05 
for fresh and 0.05 for dry weight predictions.

In the component equation for residual biomass, the 
parameter associated with stand basal area, �22 , was esti-
mated to be 2.01 and 1.71 for fresh and dry weight predic-
tions (Table 1). The parameter associated with stand height, 
�23 , was − 0.73 and − 0.62 for the same two types of predic-
tions. The difference between the two estimates for fresh 
and dry weight predictions was marginally significant for 
�22 and not significant for �23 . The other three parameters, 
�20 , �21 and �24 , each had significantly different values for 
predicting fresh and dry weight biomass. The joint estima-
tion of the two systems of additive equations for predicting 
the fresh and dry weight of product, residue and total stand 
biomass resulted in smaller standard errors for the estimated 
parameters as compared with the initial separate estimations. 
The percentage reductions in the standard error of parameter 
estimates in the component equation for product biomass 
ranged between 4.9% and 14.9% among the fresh weight 
parameters and between 8.6% and 21.6% for the dry weight 
parameters. In the component equation for residue biomass, 

Table 1  Two sets of parameter 
estimates and their standard 
errors (SE) for the system of 
additive equations without 
dummy variables for stand 
types (Eq. 2). The two sets 
of parameters were estimated 
jointedly for predicting 
respectively the fresh and 
dry weight of product ( ̂Ypro) , 
residue ( ̂Yres) and total stand 
biomass ( ̂Ytot) . PR(%) stands 
for percentage reductions in 
standard error of parameter 
estimates resulted from the joint 
estimation as compared to the 
separate estimation of the two 
systems of equations

Parameter Fresh weight Dry weight

Estimate SE PR(%) R
2 Estimate SE PR (%) R

2

Ŷpro = e
�10+

�11
T G

�12H
�13N

�14

�10 0.0627 0.2064 7.2 0.982  − 0.7221 0.1468 14.7 0.988
�11 3.3706 1.2781 4.9  − 4.4357 0.9639 8.6
�12 0.9035 0.0361 14.9 0.8449 0.0309 18.5
�13 0.8057 0.0535 9.5 0.7840 0.0421 19.7
�14  − 0.0474 0.0200 10.7 0.0527 0.0149 21.6

Ŷres = e
�20+

�21
T G

�22H
�23N

�24

�20 3.4338 0.7129 6.5 0.852 2.5568 0.5919 16.9 0.901
�21  − 17.3060 4.6013 5.1  − 32.0703 4.1341 8.4
�22 2.0063 0.1461 11.9 1.7095 0.1352 19.6
�23  − 0.7328 0.1973 7.4  − 0.6240 0.1725 21.8
�24  − 0.5698 0.0755 9.7  − 0.3675 0.0671 21.5
Ytot 0.992 0.991



Additive predictions of aboveground stand biomass in commercial logs and harvest residues…

1 3

the reductions ranged between 5.1% and 11.9% for the fresh 
weight parameters and between 8.4% and 21.8% for the dry 
weight parameters.

The two sets of parameter estimates for the first second-
stage Eq. (3) that allocated the predicted product biomass to 
sawlog and pulpwood in fresh and dry weight respectively 
were similar (Table 2). In contrast, significant differences 
were detected by t-tests between the two sets of parameter 
estimates for the other second-stage Eq. (4) that allocated 
the predicted residue biomass into stump, branch and waste 
components in fresh and dry weight. The value of R2 was 
the highest for the sawlog allocation and the lowest for the 
branch allocation in both fresh and dry weight.

Two‑stage systems of equations for specific stand types

With the incorporation of dummy variables for stand types 
in the first-stage system of additive Eq. (5), the param-
eter associated with stand age, �11 , in the component 

equation for product biomass had two similar estimates 
for fresh and dry weight predictions (Table 3). The two 
estimates of �12 , the parameter associated with stand 
basal area, were both in the close neighbourhood of 1; 
that of �13 , the parameter associated with stand height, 
also had similar values for fresh and dry weight predic-
tions. In the component equation for residue biomass, the 
three parameters, �21 , �22 and �23 , each had two estimated 
values that were not significantly different for fresh and 
dry weight predictions, but the other two parameters, �20 
and �24 , showed otherwise. The joint estimation of the 
two systems of additive equations for fresh and dry weight 
predictions also led to smaller standard errors for the esti-
mated parameters as compared with the initial separate 
estimations. The percentage reductions in standard errors 
for parameter estimates in the component equation for 
product biomass ranged between 4.4% and 18.7% for fresh 
weight parameters and between 10.1% and 22.8% for dry 
weight parameters. In the component equation for residue 

Table 2  Parameter estimates 
and their standard errors (SE) 
for the two systems of allocative 
Eqs. (3) and (4) that allocate the 
predicted product and residue 
biomass from Eq. (2) into their 
respective components in fresh 
and dry weight

Tree component Parameter Fresh weight Dry weight

Estimate SE R
2 Estimate SE R

2

Sawlog
Pulpwood

r11  − 3.1844 0.2363 0.971  − 3.5733 0.2881 0.976
r12 0.3479 0.0605 0.849 0.4279 0.0737 0.880

Stump
Branch
Waste

r21 4.3825 0.2762 0.754 2.8518 0.1631 0.879
r22  − 0.7650 0.0690 0.474  − 0.4347 0.0418 0.494
r23 0.1510 0.1256 0.786  − 1.4945 0.2735 0.822
r24 0.3275 0.0320 0.7558 0.0672

Table 3  Two sets of parameter 
estimates and their standard 
errors (SE) for the system of 
additive equations with dummy 
variables for stand types (Eq. 5). 
The two sets of parameters were 
estimated jointly for predicting 
respectively the fresh and 
dry weight of product ( ̂Ypro) , 
residue ( ̂Yres) and total stand 
biomass ( ̂Ytot) . PR(%) stands 
for percentage reductions in 
standard error of parameter 
estimates resulted from the 
joint estimation as compared to 
two separate estimations of the 
system of equations

Parameter Fresh weight Dry weight

Estimate SE PR(%) R
2 Estimate SE PR(%) R

2

Ŷpro = e
�10+

�11
T G

�12+�d11
×T2+�

d12
×T0

H
�13N

�14

�10  − 0.1474 0.1170 10.9 0.995  − 0.9129 0.0848 12.5 0.997
�11 2.4900 0.9869 5.8 2.5624 0.9259 11.0
�12 1.0805 0.0235 6.4 1.0061 0.0240 10.1
�13 0.6574 0.0263 4.4 0.6729 0.0238 15.3
�14  − 0.0372 0.0135 18.7  − 0.0035 0.0112 22.8
�
d11

0.0242 0.0023 8.7 0.0304 0.0020 11.5
�
d12

 − 0.0162 0.0034 17.1 0.0227 0.0030 22.3

Ŷres = e
�20+

�21
T G

�22+�d21
×T2+�

d22
×T0

H
�23N

�24

�20 3.9179 0.3777 12.7 0.911 2.8026 0.3350 18.0 0.924
�21  − 24.1681 3.9633 5.0  − 27.1308 4.2171 13.0
�22 1.4766 0.0875 6.6 1.3534 0.0986 12.7
�23  − 0.3161 0.0960 3.9  − 0.3093 0.0985 19.5
�24  − 0.4977 0.0483 15.7  − 0.3866 0.0474 24.2
�
d21

 − 0.0802 0.0092 9.8  − 0.0480 0.0100 9.9
�
d22

 − 0.0004 0.0137 12.7 0.0404 0.0143 23.9
Ytot 0.994 0.996
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biomass, the reductions ranged between 3.9% and 15.7% 
for fresh weight parameters and from 9.9% to 24.2% for 
dry weight parameters (Table 3). Now Ŷpro and Ŷres from 
the first-stage systems of additive Eq. (5) with dummy 
variables were taken as the predictor variables in the two 
second-stage systems of allocative Eqs. (3 and 4). The new 
parameter estimates shown in Table 4 were similar to their 
counterparts in Table 2 with only slight, nonsignificant 
differences, but their standard errors tended to be smaller.

Single‑stage systems of additive equations for general 
application

The joint estimation of the two single-stage systems of addi-
tive Eq. (6) for respective fresh and dry weight predictions 
also resulted in appreciable reductions in the standard errors 
of all parameter estimates as compared with the initial sepa-
rate estimations. The percentage reduction ranged from 2 to 
34% for parameters in the fresh weight equations and from 
3.8% to 35% for parameters in the dry weight equations. In 
the component equation for sawlog biomass, the estimated 
�12 , the parameter associated G was 0.98 for fresh weight 
and 0.92 for dry weight (Table 5). The estimated �13 , the 
parameter associated H, was 0.84 for fresh weight and 0.82 
for dry weight. The estimated �14 , the parameter associated 
with N, was slightly less than zero for fresh weight, but 
about zero for dry weight. The values of R2 ranged between 
0.75 and 0.97 for the fresh weight components and between 
0.85 and 0.98 for the dry weight components. For total 
aboveground stand biomass in both fresh and dry weight, 
the R2 value was greater than 0.99.

Single‑stage systems of additive equations for specific 
stand types

The incorporation of dummy variables for stand types in the 
single-stage systems of additive Eqs. (7) improved the fit 
for all five component equations (Table 6). The values of R2 
ranged between 0.85 and 0.99 for the fresh weight compo-
nents and between 0.89 and 0.99 for the dry weight compo-
nents. For total aboveground stand biomass in both fresh and 
dry weight, R2 values were greater than 0.99 and closer to 1. 

In the component equation for sawlog biomass, the estimated 
�12 , the parameter associated G was 1.11 for fresh weight 
and 1.05 for dry weight, but the difference was only margin-
ally significant. The estimated �13 , the parameter associated 
H, was 0.71 for fresh weight and 0.74 for dry weight. Here 
the difference was small and not significant. The estimated 
�14 , the parameter associated with N, was − 0.099 for fresh 
weight and − 0.075 for dry weight prediction. Both estimates 
were significantly less than zero and the difference between 
them was not significant. Although estimated separately for 
fresh and dry weight predictions because convergence could 
not be reached for joint estimation, the incorporation of 
dummy variables also gained some efficiency in the param-
eter estimates. The standard errors of parameter estimates 
for predictor variables as shown in Table 6, when evaluated 
relative to the values of the estimated parameters, were more 
or less comparable to that for the same predictors without 
the incorporation of the dummy variables for stand type as 
shown in Table 5.

Comparative prediction accuracy

Benchmarking statistics

Although without dummy variables for stand types, the 
general two-stage systems of equations predicted com-
ponent and total stand biomass in fresh and dry weight 
with only small biases (Fig. 5). The MEP values were 
between − 0.07 and 0.43 t/ha for product, residue and total 
stand biomass and between − 0.30 to 0.55 t/ha for sub-
component biomass predictions. The corresponding MPEP 
values ranged from 0.08% to 0.48% for product, residue 
and total stand biomass and from − 1.22% to 2.54% for 
component biomass predictions. With the incorporation 
of dummy variables, the stand type-specific systems of 
equations had slightly smaller biases for predicting major 
component and total stand biomass, but a similar degree of 
bias to that of the general two-stage systems of equations 
for all sub-component biomass predictions (Fig. 5). The 
incorporation of dummy variables substantially increased 
the precision of prediction for the major component and 
total stand biomass as well as sawlog and waste biomass 

Table 4  Parameter estimates 
and their standard errors (SE) 
for the two systems of allocative 
Eqs. (3) and (4) that divide the 
predicted product and residue 
biomass from Eq. (5) into their 
respective components in fresh 
and dry weight

Tree component Parameter Fresh weight Dry weight

Estimate SE R
2 Estimate SE R

2

Sawlog
Pulpwood

r11  − 3.1128 0.2272 0.984  − 3.5582 0.2442 0.988
r12 0.3304 0.0581 0.859 0.4236 0.0625 0.876

Stump
Branch
Waste

r21 4.8456 0.3156 0.814 2.9651 0.1568 0.879
r22  − 0.8778 0.0797 0.456  − 0.4640 0.0403 0.406
r23 0.1363 0.1433 0.834  − 1.2885 0.2226 0.850
r24 0.3317 0.0368 0.7047 0.0545
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in both fresh and dry weight, for which the values of 
MSEP decreased by between 5 and 67%. Consequently, 
the model-derived biomass allocations were closer to and 
more consistent with the observed percentage allocations 
of total aboveground stand biomass to the major and sub-
components (Fig. 6). The allocations to product biomass 
in fresh weight were in the range of 73%–83% with an 
average of 78% for the unthinned (T0) stands, between 76 
and 83% with a mean of 80% for the T1 stands, and within 
80–86% with an average of 83% for the T2 stands. When 
biomass predictions were in dry weight, the derived allo-
cations to product biomass slightly increased to 76%–84% 
with an average of 81% for the T0 stands, to 80%–85% 
with a mean of 83% for the T1stands and to 83%–87% 
with an average of 85% for the T2 stands. The biomass 

allocations to sawlogs were the highest for the T2 stands, 
averaging 72% and 75% in fresh and dry weight respec-
tively, greater than the corresponding values of 69% and 
72% for the T1 stands and 67% and 69% for the T0 stands. 
The thinned stands had slightly greater allocations to the 
branches but less allocations to the waste component than 
the unthinned stands (Fig. 6).

The benchmarking statistics from the leave-one-plot-out 
cross validation procedures also showed that the single-
stage systems of additive equations performed generally 
better than the two-stage systems of additive and alloca-
tive equations (Fig. 5). When dummy variables for stand 
types were not incorporated as predictors in the models, the 
MSEP values for fresh weight predictions from the single-
stage system of additive equations (Eq. 6) were 2.0% smaller 

Table 5  Two sets of parameters 
and their standard errors (SE) 
for the single-stage system 
of additive equations (Eq. 6) 
that were jointly estimated for 
predicting respectively the fresh 
and dry weight of component 
and total aboveground stand 
biomass. PR (%) stands for 
percentage reductions in 
standard error of parameter 
estimates resulted from the 
joint estimation as compared to 
two separate estimations of the 
systems of equations

Parameter Fresh weight Dry weight

Estimate SE PR (%) R
2 Estimate SE PR (%) R

2

Ŷsaw = e
�10+

�11
T G

�12H
�13N

�14

�10  − 0.3283 0.2065 14.7 0.974  − 1.0282 0.1659 25.7 0.979
�11 5.6514 1.0077 21.7  − 2.8145 0.8234 19.2
�12 0.9820 0.0402 2.0 0.9202 0.0338 19.5
�13 0.8419 0.0538 10.6 0.8235 0.0439 25.8
�14  − 0.0912 0.0236 4.1 0.0004 0.0193 23.4

Ŷpulp = e
�20+

�21
T G

�22H
�23N

�24

�20  − 1.8247 0.4521 21.3 0.898  − 2.5495 0.4735 5.7 0.944
�21 2.1211 2.7481 17.4  − 8.5298 2.8152 5.7
�22 0.5986 0.0925 30.0 0.3840 0.0979 9.3
�23 0.6432 0.1282 22.8 0.6305 0.1354 12.4
�24 0.2370 0.0391 34.3 0.4263 0.0440 7.4

Ŷstump = e
�30+

�31
T G

�32H
�33N

�34

�30 3.3950 1.0547 28.9 0.751  − 1.1741 0.1814 31.3 0.980
�31  − 31.6293 6.0298 29.0  − 10.0325 1.0480 24.8
�32 2.3686 0.2375 10.0 1.2069 0.0389 17.2
�33  − 1.3362 0.2898 20.7  − 0.1857 0.0499 28.1
�34  − 0.7499 0.1251 15.8  − 0.1339 0.0204 26.6

Ŷbranch = e
�40G

�41N
�42

�40 1.2082 0.0977 18.1 0.862  − 0.3867 0.0408 3.8 0.984
�41 1.7024 0.0462 23.6 1.4889 0.0247 9.2
�42  − 0.6484 0.0220 23.3  − 0.4167 0.0115 12.2

Ŷwaste = e
�50+

�51
T G

�52H
�53N

�54

�50 4.3980 0.8105 31.6 0.829 3.9774 0.7831 34.9 0.849
�51  − 42.7079 4.9998 30.6  − 64.0261 5.1422 28.6
�52 2.0079 0.1994 11.2 1.8668 0.1988 19.4
�53  − 1.1630 0.2281 23.1  − 1.0832 0.2182 30.9
�54  − 0.4885 0.1036 16.9  − 0.3976 0.1041 25.7
Ypro 0.981 0.988
Yres 0.837 0.897
Ytot 0.993 0.991
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for total stand biomass, but 5.0% and 9.3% larger for product 
and residue biomass than that from the two-stage systems of 
equations (Eqs. 2, 3 and 4). The MSEP values for the saw-
log and pulpwood components in the product category were 
9.2% and 26.6% smaller, while that for the stump, branch 
and waste components in the residue category were respec-
tively 10.6% larger but 72.6% and 12.9% smaller. For dry 
weight predictions, the MSEP values were 1.9%, 3.6%, and 
9.3% larger for product, residual and total aboveground stand 
biomass, but were 10.6% and 48.3% smaller for the sawlog 
and pulpwood components and 82.2%, 96.7%, and 7.0% 

smaller for the stump, branch and waste components. With 
the incorporation of dummy variables for stand types in the 
model specifications, the MSEP values for fresh weight pre-
dictions from the single-stage system of additive equations 
(Eq. 7) were 9.1% and 2.2% smaller for product and residue 
biomass, but 6.4% larger for total stand biomass than that 
from the two-stage systems of equations (Eqs. 5, 3 and 4). 
For the sawlog and pulpwood components, the MSEP values 
were 13.9% and 37.7% smaller, while for the stump, branch 
and waste components they were 10.4%, 93.6%, and 23.1% 
smaller, respectively. The MSEP values for dry weight 

Table 6  Two sets of parameter 
estimates and their standard 
errors (SE) for the single-stage 
system of additive Eqs. (7) 
that were obtained by running 
two separate estimations for 
predicting respectively the fresh 
and dry weight of component 
and total aboveground stand 
biomass

Tree component Parameter Fresh weight Dry weight

Estimate SE R
2 Estimate SE R

2

Equation (7), four‑variable model, with dummy variable
Sawlog ( Ysaw) �10  − 0.3405 0.1865 0.988  − 1.1324 0.1591 0.991

�11 5.2206 1.3839 5.6876 1.3570
�12 1.1133 0.0297 1.0462 0.0316
�13 0.7098 0.0401 0.7401 0.0405
�14  − 0.0988 0.0256  − 0.0745 0.0240
�
d11

0.0238 0.0029 0.0300 0.0027
�
d12

 − 0.0052 0.0058 0.0348 0.0054
Pulpwood ( Ypulp) �20  − 1.5950 0.4606 0.922  − 2.4735 0.4994 0.950

�21  − 11.0375 4.1088  − 12.2195 4.0878
�22 0.7285 0.1110 0.5580 0.1126
�23 0.4714 0.1323 0.4712 0.1360
�24 0.2955 0.0596 0.4159 0.0616
�
d21

0.0130 0.0109 0.01960 0.0099
�
d22

 − 0.0553 0.0141  − 0.0208 0.0136
Stump ( Ystump) �30 3.2781 0.8900 0.851  − 1.1802 0.1581 0.985

�31  − 36.2779 6.9847  − 8.4094 1.5667
�32 1.5856 0.1194 1.1369 0.0349
�33  − 0.5723 0.1600  − 0.1146 0.0402
�34  − 0.6325 0.1032  − 0.1376 0.0230
�
d31

 − 0.0972 0.0184  − 0.0137 0.0040
�
d32

0.0253 0.0258 0.0089 0.0057
Branch ( Ybranch) �40 0.8401 0.1295 0.969  − 0.3890 0.0921 0.984

�41 1.7133 0.0444 1.4835 0.0265
�42  − 0.5760 0.0238  − 0.4118 0.0160
�
d41

 − 0.0385 0.0031  − 0.0017 0.0023
�
d42

 − 0.0399 0.0055  − 0.0018 0.0040
Waste ( Y

waste
) �50 4.1422 0.6514 0.891 3.6300 0.6663 0.892

�51  − 41.1373 6.5005  − 49.5521 8.1848
�52 1.4401 0.1193 1.5007 0.1485
�53  − 0.5799 0.1454  − 0.6717 0.1686
�54  − 0.4128 0.0872  − 0.4212 0.1013
�
d51

 − 0.1030 0.0172  − 0.0782 0.0201
�
d52

0.0201 0.0243 0.0619 0.0299
Product ( Ypro) 0.995 0.997
Residue ( Yres) 0.911 0.926
Total ( Ytot) 0.994 0.995
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predictions from the single-stage system of additive equa-
tions (Eq. 7) were 5.6% and 4.2% smaller for product and 
residue biomass, but 4.5% larger for total biomass. For the 
sawlog and pulpwood components, the MSEP values were 
14.2% and 53.1% smaller. For the stump, branch and waste 
components, they were 84.8%, 97.1%, and 17.5% smaller 
respectively. For both single- and two-stage models, the 
incorporation of dummy variables for stand types led to sub-
stantial reductions of MSEP for most biomass components 
and total stand biomass in both fresh and dry weight (Fig. 5).

The mean error of prediction (MEP) and mean percent-
age error of prediction (MPEP) for all component and total 
stand biomass in both fresh and dry weight were small and 
practically negligible for both single- and two-stage models, 
regardless of whether dummy variables were incorporated 
into the models. The mean percentage error of prediction 
(MPEP) was mostly within ± 0.5% for product, residue 
and total stand biomass across the four systems of equa-
tions (Fig. 4). The values of MPEP for sawlog biomass were 
within ± 0.18% and that for pulpwood biomass were mostly 
positive and less than 1.5%. For the three residue compo-
nents, MPEP ranged narrowly between − 0.92% and 1.56% 
for the single-stage models (Eq. 6, 7) and slightly wider, 
from − 1.22% to 2.85%, for the two-stage models (Eqs. 2, 
3, 4 and 5).

Prediction error variance and approximate confidence 
bands

For the sake of parsimony, prediction error variance func-
tions and approximate confidence bands are presented here 
for the two single-stage systems of additive equations (Eqs. 6 
and 7) only as their predictive performances were better than 
those of the two-stage models. For the general single-stage 
system of additive equations (Eq. 6), the exponent (b) in the 
prediction error variance function was almost zero for prod-
uct biomass in both fresh and dry weight (Table 7). In this 
case, the prediction error variance was almost a constant that 
was determined solely by the estimated scale factor �̂2 and 
consequently the width of the approximate 90% confidence 
band derived from Eq. (18) changed little as the predicted 
values of biomass increased (Fig. 7). This pattern of predic-
tion error variance reflected to a large degree that for predic-
tions of sawlog biomass, the major component of product 
biomass as shown in Fig. 4. The estimated values of b were 
much smaller than 1 for predictions of sawlog biomass in 
both fresh and dry weight, therefore the approximate confi-
dence bands for the predictions expanded little with the pre-
dicted biomass. In contrast, the estimates of b were greater 
than 3 for predictions of pulpwood biomass in both fresh 
and dry weight (Table 7) and so the approximate confidence 

-1.0 0.0 1.0
MEP(t/ha)

Eqn7

Eqn6

Eqn5

Eqn2

Eqn7

Eqn6

Eqn5
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0 5 10 15
MPAEP(%)
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Fig. 5  Dot plots displaying six benchmarking statistics of predictive 
performance in fresh and dry weight (upper and lower halves) as cal-
culated in Eqs.  (9–14) for each system of equations. In each panel, 
statistics for predictions of product, residue and total aboveground 

stand biomass are shown from top down within the shaded strip, 
while that for predictions of sawlog, pulpwood, stump, branch and 
waste biomass are shown from top down in the unshaded area



 X. Qiao et al.

1 3



Additive predictions of aboveground stand biomass in commercial logs and harvest residues…

1 3

bands expanded with the predicted values (Fig. 7). Unlike 
the case for product biomass, the estimated values of b were 
not close to zero but greater than 2 for residue biomass pre-
dictions in fresh as well as dry weight, so the approximate 
confidence band became much wider as the predicted resi-
due biomass increased. This expanding pattern of predic-
tion error variance for residue biomass reflected the pattern 
for waste biomass to a large extent and, to a lesser degree, 
the patterns for the stump and branch components (Table 7, 
Fig. 7). 

For the stand type-specific single-stage system of addi-
tive equations (Eq. 7), the estimated scale factor in log form 
( ln�T2 ) that was associated with the dummy variable for 
thinned stands (T1 and T2) in the prediction error variance 
function (Eq. 17) was negative or close to zero for all but the 
stump component in both fresh and dry weight (Table 8). As 
a result, the approximate confidence bands for thinned stands 
were slightly narrower than those for unthinned stands for 
predictions of all component and total aboveground stand 
biomass in both fresh and dry weight, except for the stump 
component (Fig. 8). The patten of change in the approximate 
confidence band with the predicted biomass of each com-
ponent was similar to that shown in Fig. 7 for the general 
system of equations. So, the comparative differences in the 
skedastic pattern of prediction error across the major and 
sub-components were comparable to those for the general 
system of equations.

Discussion

Biomass data are inherently hierarchical at both individual 
tree and stand levels, where the total is the sum of all major 
components and each major component is comprised of 
certain sub-components. To maintain this inherent logical 
consistency in a system of equations for predicting compo-
nent and total biomass, two approaches have been generally 
adopted over the past 20 years. One is the bottom-up additive 
approach, which is well known and has been widely applied 
in the English literature (Parresol 1999, 2001; Bi et al. 2001, 
2004). The other is the top-down allocative approach, which 
was developed within the framework of error-in-variable 
models by Tang et al. (2000, 2001) and has been used mostly 
in China. Although the two approaches differ in model speci-
fication and also in the method of parameter estimation, their 

predictive performance is, by and large, comparable, being 
either equivalent or with one being slightly superior to the 
other (Dong et al. 2015; Fu et al. 2016). Even when the 
additive and allocative systems of nonlinear biomass equa-
tions were specified within a probabilistic framework and 
fitted using Gaussian maximum likelihood estimation, their 
predictive performances were hardly differentiable (Affleck 
and Diéguez-Aranda 2016). The results of this study showed 
that the single-stage systems of additive equations generally 
performed better than the two-stage systems of additive and 
allocative equations (Fig. 5). The improvements were sub-
stantial for the five sub-components and less so for the two 
major components but slightly reversed for total stand bio-
mass when the MSEP values of the two approaches from the 
leave-one-plot-out cross-validation process were compared. 
As predicting the biomass of the major and sub-components 
of rotation-age stands in P. radiata plantations was the pri-
mary objective of this study, the two single-stage systems of 
additive equations (Eqs. 6 and 7) are recommended for use 
in forest management.

The two single-stage systems initially included compo-
nent equations for product and residue biomass that were 
constrained to be the sum of their respective sub-compo-
nents in the model specifications. However, placing two 
additional additivity constraints led to a greater degree of 
complexity in the model structure, particularly in the stand 
type-specific system of equations (Eq. 7) with dummy vari-
ables. It made little difference to the fit statistics when all 
data were used in the fitting but caused some complica-
tions in parameter estimation during the leave-one-plot-out 
repeated fitting and validation procedure. Parresol (2001) 
briefly illustrated the way to impose multilayered hierarchi-
cal additivity constraints upon major and sub-components 
in a system of additive biomass equations, but he did not 
explore further through model estimation and comparison. 
Few subsequent studies have done so but they did show that 
imposing additional constraints brought little or no gain and 
even a slight loss in prediction accuracy for the major com-
ponents in some circumstances (Dong et al. 2015; Zhao et al. 
2015; Widagdo et al. 2020). Although placing multilayered 
hierarchical additivity constraints in a system of biomass 
equations can be appealing theoretically, its practical impli-
cations in model specification, parameter estimation and 
prediction accuracy of component and total biomass may 
need to be carefully evaluated in future studies.

The joint estimation of two sets of parameters of the same 
system of additive equations for both fresh and dry weight 
predictions led to much improved statistical efficiency in 
parameter estimation as compared with running two separate 
estimations. The reductions in the standard error of param-
eter estimates ranged from 2 to 35% among the parameters 
of the three systems of equations (Eqs. 2, 5 and 6) that were 
each estimated this way (Tables 1, 3 and 5). The gain in 

Fig. 6  Observed allocations of total aboveground biomass to the five 
biomass components plotted against the corresponding model-derived 
allocations with a diagonal line of unity for the 61 plots in T0 (blue), 
T1 (red) and T2 (green) stands. The two columns of graphs on the left 
are for the system of Eq. (2) that did not incorporate dummy variables 
for stand types, while the two columns on the right are for the system 
of Eq. (5) where dummy variables were specified for stand type-spe-
cific applications

◂
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statistical efficiency varied even among parameters of the 
same system equation for one biomass component. For the 
two systems of equations that predicted product, residue and 
total aboveground biomass in the two-stage approach (Eqs. 2 
and 5), the gain in statistical efficiency was greater for the 
dry weight parameters than for the fresh weight equations. 
Interestingly, the results were mixed for the system of addi-
tive equations that predicted all five sub-components (Eq. 6), 
where the gain was greater for dry weight parameters for 
sawlog, stump and waste biomass but vice versa for pulp-
wood and branch biomass. The overall gain in statistical 
efficiency of parameter estimation could only be attributed 
to the close correlation between the fresh and dry weight of 
each and every component as well as the total aboveground 
stand biomass (Fig. 3). Such an overall gain will not only 
facilitate variable selection in the model building process, 
particularly when developing systems of additive biomass 
equations that involve a number of predictor variables, but 
also sharpen statistical inferences about the parameters 
once they are estimated. The joint estimation of two sets 
of parameters of one system of additive biomass equations 
has not been reported in the literature. This approach was 
contemplated but not implemented in the studies of Bi et al. 

(2015) and Wang et al. (2017). Because of the advantages 
from the improved statistical efficiency in parameter estima-
tion, this approach is recommended for use in future studies 
that aim to simultaneously predict the fresh and dry weight 
of component and total biomass of either individual trees or 
forest stands through a system of equations.

As a by-product of timber harvesting, the amount of resi-
due biomass is determined to a large degree by log specifi-
cations used in bucking as well as the harvesting methods 
and technology. The commercial product specifications for 
plantations in the study area were based largely on the min-
imum small end diameter overbark (SEDOB), which was 
26 cm for sawlogs of 2.5–3 m in length, 15 cm for small 
sawlogs of 3.6–6.1 m in length, and 8 cm for pulpwood. 
The log specifications and prices were used by cut-to-length 
harvesters to optimize the bucking strategies for individual 
trees during harvesting without on-site debarking (see Lu 
et al. 2018; Shan et al. 2021). As the cut-to-length harvest-
ing yields significantly higher levels of residue than the 
traditional whole-tree or tree-length harvesting (Ghaffari-
yan et al. 2012, 2015; Ghaffariyan and Apolit 2015), the 
systems of equations developed here are only applicable to 
plantations with similar log specifications and harvesting 
methods. A case in point is the simple linear relationship 
between the potential harvest residue biomass in dry weight 
and stand basal area reported by Cartes-Rodríguez et al. 
(2016) for P. radiata plantations in south-central Chile. They 
destructively sampled 250 trees from 27 stands with stand 
basal areas over a range similar to that of the 61 plots in this 
study. But five of their 27 stands had stand densities between 
1200 and 1600, much higher than the unthinned plots in 
our study. The destructive sampling appeared to mimic a 
tree-length (from stump to a SEDOB of 8 cm) harvesting 
with on-site debarking and stembark was treated as part of 
harvest residue. Their biomass samples were dried at 65 °C, 
much lower than the drying temperature of 103 °C in our 
case as documented in Wang et al. (2017). Lower drying 
temperatures tend to result in less loss of not only volatile 
organic compounds but also water in biomass samples. 
Matthews (2010) found approximately 2.5% of additional 
moisture in pine samples dried at 65 °C compared to when 
samples were dried at 103 °C in an air-conditioned labora-
tory at 20 °C and 40% relative humidity. These differences 
in the method of harvesting, in the composition of harvest 
residues, and in the drying temperature of biomass samples 
could lead to differences in the predicted residue biomass. 
For the same stand basal area, the predicted harvest residue 
biomass in dry weight from the simple linear relationship 
of Cartes-Rodríguez et al. (2016) was on average more than 
60% greater than what was predicted by the systems of equa-
tions developed in this study.

Because the model specifications for component equa-
tions in this study aligned with the log production process 

Table 7  Estimated scale factors �̂2 in log form and exponents (b) of 
the prediction error variance functions for the general system of addi-
tive equations without dummy variables for stand types (Eq. 6)

θ
s
 is Snowdon’s bias correction factor, p

5
 and p

95
 are the fifth and 

ninety-fifth percentiles of the weighted prediction errors. Two sets of 
estimates are shown for fresh and dry weight predictions of compo-
nent and total aboveground stand biomass

Biomass compo-
nent

ln�2 = ln�2 + blnŶ �
S

p5 p95

ln(�̂
2
) b

Fresh weight
Sawlog 2.2230 0.3523 3.7563  − 1.6859 1.7109
Pulpwood  − 11.9196 3.4344 2.4623  − 1.4061 2.0375
Stump  − 5.7464 2.5307 2.6169  − 1.6148 1.7777
Branch  − 1.7311 0.8366 3.3566  − 1.2745 1.3542
Waste  − 4.6828 2.0980 2.5037  − 1.7366 1.5407
Product 4.5043 0.0001 3.4148  − 1.2244 1.6819
Residue  − 6.7100 2.2677 3.4566  − 1.7313 1.5842
Total  − 25.8451 4.6283 2.0353  − 1.5730 1.9982
Dry weight
Sawlog 1.6139 0.4030 2.0885  − 1.5825 1.3690
Pulpwood  − 10.0702 3.1937 2.1563  − 1.6288 2.0938
Stump  − 5.8766 1.1645 3.2594  − 1.4050 1.5087
Branch  − 10.9917 2.6893 4.5031  − 1.4026 2.1300
Waste  − 2.7790 1.6244 2.8730  − 1.3979 1.3072
Product 3.6755 0.0001 1.9451  − 1.7012 1.2151
Residue  − 5.3839 2.0152 3.2516  − 1.3834 1.2354
Total  − 11.5885 2.6536 1.9943  − 1.5440 1.7382
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Fig. 7  Multi-panel display of 
observed component and total 
aboveground stand biomass in 
fresh and dry weight plotted 
against their predicted values 
from the system of equations 
that did not include dummy 
variables for stand types (Eq. 6). 
In each panel the diagonal line 
of unity was shown together 
with the 90% upper and lower 
confidence limits of prediction 
error that were derived from 
Eq. (18) using parameter values 
in Table 7
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Table 8  Estimated scale factors 
�̂2 in log form and exponents 
(b) of the prediction error 
variance functions for the stand 
type-specific system of additive 
equations (Eq. 7). The dummy 
variable I equals 1 for thinned 
stands and 0 for unthinned 
stands.θ

s
 is Snowdon’s bias 

correction factor, p5 and p95 
are the fifth and ninety-fifth 
percentiles of the weighted 
prediction errors. Two sets of 
estimates are shown for fresh 
and dry weight predictions 
of component and total 
aboveground stand biomass

Biomass component ln�2 = ln�1
2 + ln�T

2
I + blnŶ �

S
p5 p95

ln(�̂1
2
) ln(�̂T

2
) b

Fresh weight
Sawlog  − 5.4735  − 0.9384 1.5736 3.1887  − 1.7858 1.3535
Pulpwood  − 13.0496 0.0507 3.6351 2.3435  − 2.0192 2.4968
Stump  − 3.4884 0.1593 1.5739 2.6508  − 1.3339 1.9830
Branch  − 7.6013  − 0.5224 1.9556 3.9221  − 1.3836 2.0683
Waste 1.1151  − 0.6704 0.6219 3.7176  − 1.1949 1.4590
Product 3.6737  − 1.3984 0.0001 3.5512  − 1.9093 1.4149
Residue  − 3.2640  − 0.4745 1.5430 2.9061  − 1.2783 1.6601
Total  − 10.9321  − 1.5618 2.3243 3.5455  − 1.4745 1.6730
Dry weight
Sawlog  − 11.2675  − 0.2030 2.5799 2.7632  − 1.5603 1.5414
Pulpwood  − 5.6973  − 0.5895 2.0335 2.2918  − 1.7241 2.1540
Stump  − 8.1251 0.3401 2.1559 3.3160  − 1.1451 1.7382
Branch  − 5.4999  − 0.5697 1.0133 3.9031  − 1.2695 1.8848
Waste  − 2.4606  − 0.0552 1.3766 4.0653  − 1.2014 1.3671
Product 0.6815  − 1.1060 0.3342 2.8197  − 1.8079 1.6573
Residue  − 6.4210  − 0.0295 2.1539 4.0088  − 1.2481 1.4297
Total  − 7.3084  − 1.1308 1.7156 4.9551  − 1.5435 1.6826
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of typical clear-fell harvesting operations, the two systems of 
additive equations (Eqs. 6 and 7) are not directly comparable 
to other existing stand level systems of additive equations 
that predict the biological or structural component biomass 
of P. radiata plantations as described in Bi et al. (2010) 
and Castedo-Dorado et al. (2012). Although predictions 
of component biomass are not comparable, those of total 
aboveground stand biomass can readily be compared. The 
three systems of equations developed by Bi et al. (2010) 
were intended for general worldwide as well as country-
specific applications in Australia and New Zealand. They 
were based on published stand level biomass data from plan-
tations less than 5 years old to rotation age, but with an over-
whelming majority concentrating in younger age classes. In 
comparison to the two systems of equations (Eqs. 6 and 7) 
developed in this study, the three, systems of equations for 
general use and for plantations in Australia and New Zea-
land overestimated the total aboveground stand biomass by 
an average of 11.2%, 21.5%, and 9.8% across the 61 plots. 
By contrast, the system of biomass equations developed by 
Castedo-Dorado et al. (2012) for P. radiata plantations in 
northwest Spain showed only a slight underestimation of 
0.5% when averaged across the 61 plots. These comparative 
differences may need to be further examined to evaluate if 

the systems of equations developed by Bi et al. (2010) need 
to be improved and updated with additional biomass data 
from rotation age stands.

Extending the work of Wang et al. (2017) on individual 
trees to stand level, this study provided the first example of 
how stand level product, residue and their sub-component 
biomass of rotation-age P. radiata plantations could be 
estimated through a system of equations with either an 
additive and/or allocative model specification. Of the two 
systems of equations that are recommended for use, one 
system (Eq. 6) was intended for more general application in 
plantations where stand density management regimes were 
substantially different from the stand types in our study, 
while the other system (Eq. 7) was intended for stand type-
specific applications in plantations in NSW and other states 
of Australia where the silvicultural regimes are the same as, 
or similar to, the T0, T1 and T2 stands. When using either 
of the two systems of equations to estimate log product and 
harvest residue biomass of a rotation-age stand, it would 
be prudent to compare its stand attributes with those of the 
three stand types in this study. The average and range of 
stand density, basal area, dominant height tabulated for each 
stand type in Wang et al. (2017) would serve this purpose. 
In addition, it should be kept in mind that the two systems 

Fig. 8  Multi-panel display of 
observed component and total 
aboveground stand biomass in 
fresh and dry weight plotted 
against their predicted values 
from the system of equations 
that incorporated dummy vari-
ables for stand types (Eq. 7). In 
each panel the diagonal line of 
unity was shown together with 
the 90% upper and lower confi-
dence limits of prediction error 
for unthinned (red lines) and 
thinned (blue lines) stands. The 
confidence limits were derived 
from Eq. (18) using parameter 
values in Table 8
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of equations were developed for cut-to-length harvesting 
with no on-site debarking and so may not be suitable for 
other harvesting methods such as whole tree harvesting with 
on-site debarking.

The two systems of equations provide reliable estimates 
of not only the total amount of product and residue biomass 
but also their compositions across the stand types. The 
thinned stands had a greater proportion of product biomass 
in sawlogs than the unthinned stands. In unthinned stands, a 
greater proportion of residue biomass potentially available 
for harvesting was observed and predicted to be in short off-
cut and waste sections (Figs. 4 and 6), while more residue 
biomass was found in treetops and branches in the thinned 
stands. As using forest harvest residue biomass for bioenergy 
has increasingly become integrated into commercial forestry 
(Hall 2002; Campbell and Anderson 2019; Hanssen et al. 
2019; Van Holsbeeck et al. 2020), reliable estimates of this 
nature will assist harvest and management planning for clear-
fell operations that integrate cut-to-length log production 
with residue harvesting ( Ghaffariyan et al. 2012, 2015). 
Stump biomass as a component of harvest residues in P. 
radiata plantations is unlikely to be collected for bioenergy 
purposes at present, unlike in some other forests ( Persson 
and Egnell 2018; Eufrade-Junior et al. 2020). However, it 
is an essential part of the predicted total aboveground stand 
biomass, from which root biomass can be estimated by 
applying a root/shoot ratio of 0.2 as recommended by Beets 
et al. (2007) for P. radiata stands across all stand ages and 
sites.

Conclusions

The use of harvest residue biomass for renewable energy 
generation has become an integral part of the sustainable 
management of P. radiata plantations in Australia and other 
major growing countries. To facilitate this trend, this study 
developed the first systems of equations for predicting stand 
level product, residue, and their sub-component biomasses 
in fresh and dry weight of rotation-age plantations to be 
clear felled by cut-to-length harvesters. Two systems of addi-
tive equations are recommended for use based on their com-
parative predictive performances: one (Eq. 6) for general and 
the other (Eq. 7) for stand type specific applications. Both 
systems of equations are driven by stand level predictor vari-
ables that are commonly obtained from inventory plots and 
outputs from conventional growth and yield models at the 
same spatial scale. Thus, these systems of equations could 
readily be incorporated into forest resource information 

systems to assist the sustainable management of P. radiata 
plantations.
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