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Abstract: Accurate quantification of tree biomass is critical and essential for calculating carbon
storage, as well as for studying climate change, forest health, forest productivity, nutrient cycling,
etc. Tree biomass is typically estimated using statistical models. Although various biomass models
have been developed thus far, most of them lack a detailed investigation of the additivity properties
of biomass components and inherent correlations among the components and aboveground
biomass. This study compared the nonadditive and additive biomass models for larch (Larix olgensis
Henry) trees in Northeast China. For the nonadditive models, the base model (BM) and mixed
effects model (MEM) separately fit the aboveground and component biomass, and they ignore the
inherent correlation between the aboveground and component biomass of the same tree sample.
For the additive models, two aggregated model systems with one (AMS1) and no constraints
(AMS2) and two disaggregated model systems without (DMS1) and with an aboveground biomass
model (DMS2) were fitted simultaneously by weighted nonlinear seemingly unrelated regression
(NSUR) and applied to ensure additivity properties. Following this, the six biomass modeling
approaches were compared to improve the prediction accuracy of these models. The results showed
that the MEM with random effects had better model fitting and performance than the BM, AMSI,
AMS2, DMSI1, and DMS2; however, when no subsample was available to calculate random effects,
AMS1, AMS2, DMSI, and DMS2 could be recommended. There was no single biomass modeling
approach to predict biomass that was best for all aboveground and component biomass except for
MEM. The overall ranking of models based on the fit and validation statistics obeyed the following
order: MEM > DMS1 > AMS2 > AMSI1> DMS2 > BM. This article emphasized more on the
methodologies and it was expected that the methods could be applied by other researchers to
develop similar systems of the biomass models for other species, and to verify the differences
between the aggregated and disaggregated model systems. Overall, all biomass models in this study
have the benefit of being able to predict aboveground and component biomass for larch trees and
to be used to predict biomass of larch plantations in Northeast China.

Keywords: mixed effects models; aggregation model system; disaggregation model system;
nonlinear seemingly related regression; biomass additivity

1. Introduction

Plantation forests typically have high growth rates and thereby absorb large amounts of carbon
dioxide and help mitigate global climate change. Larch (Larix olgensis Henry) is an important tree
species for afforestation and acquiring commercial timber in Northeast China. This species is the
fourth most important in China, and it is used to establish fast growing and high-yielding plantation
forests, covering a wide geographical range from the northeast to northern subalpine areas of China
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[1]. Thus, to calculate plantation productivity and study forest health, fuel, nutrient cycling, accurate
quantification of tree biomass for larch is critical and essential [2-5]. A biomass estimation model
constructed by direct measurement data of tree biomass is undoubtedly the most appropriate and
accurate method for practical applications [6-9]. To date, hundreds of biomass models have been
developed worldwide, in which the diameter at breast height (DBH) is a commonly used and most
reliable predictor of aboveground and component biomass [8,10-16]. In addition, tree height (H) can
also be used as a predictor. Adding H into biomass quantification can significantly improve model
titting and performance, and it can help explain the potential limitation of intra-species divergence.
Many studies have shown that biomass models withboth DBH and H parameters can more reliably
predict tree biomass [5,7,9,17-20].

At present, model specifications of developing biomass equations for aboveground and
components have evolved from nonadditive models to additive models [7,9,20]. Meanwhile, various
model estimation methods have been developed to ensure the additivity property for nonlinear
biomass models such as the generalized method of moments (GMM), two-stage nonlinear error-in-
variable models (TSEM), and nonlinear seemingly unrelated regression (NSUR) [6,7,21,22].
Nonadditive models separately fit the aboveground and component biomass data, and they ignore
the inherent correlation among the aboveground and component biomass of the same sample tree.
Thus, the biomass models established fall short of statistical efficiency in parameter estimation and
fail to consider the additivity among the aboveground and component biomass [7,23]. For
nonadditive models, the base model (BM) fitted by nonlinear ordinary least squares (OLS) is believed
to be the most widely used technique on parameter estimation, and it is appropriate for datasets with
general structures containing random and independent observations [7,24-26]. For hierarchically
structured data (e.g., trees within plots), mixed effects models (MEM) are likely to be a better choice;
they are characterized by fixed parameters corresponding to population and random parameters
corresponding to each subject. Some studies have applied MEM to establish component biomass
models [27-29].

Thus far, two model structures have been used to achieve additivity of the aboveground and
component biomass models. Parresol [30] proposed an aggregation model system (referred to as
AMS]1), in which a nonlinear model is specified for each component, and these component models
for stems, branches, and foliage are aggregated to the aboveground biomass. Other researchers
proposed that the aboveground biomass model may not occur in Parresol’s model system, i.e., that
Parresol’s model system may only fit the component biomass models, rather than the aboveground
and component biomass models (referred to as AMS2) [23,31]. The NSUR methods are often used to
simultaneously compute the aboveground and component biomass for the aggregation model system
[6,7,23-27]. The aggregation model system has become a standard for developing new biomass
models because it can easily ensure additivity among the aboveground and component biomass
predictions [16,20,23,31]. Tang et al. [32] proposed a disaggregation model system (referred to as
DMS1), in which the aboveground biomass model is first developed, and then, the estimated
aboveground biomass is disaggregated into different tree components (e.g., stems, branches, and
foliage) based on their proportions in the aboveground biomass. Furthermore, some researchers have
developed an extended disaggregation model system (referred to as DMS2), in which the
aboveground and component biomass models can be fitted simultaneously [21,22]. The TSEM and
NSUR methods are often used to estimate the parameters of the aboveground and component
biomass models jointly, and to guarantee the additivity of the aboveground and component biomass
[7,21,22]. Several studies have shown that the prediction accuracies of the two fitting methods, TSEM
and NSUR, were virtually identical for each component and aboveground biomass. However, the
advantage of the NSUR method over the TSEM method lies in the fact that it can be readily
implemented by PROC MODEL procedure in SAS version 9.3 and nlsystemfit procedure in R version
3.5.1[7,21,22,33,34].

We aimed to explore the difference in biomass predictions of the BM, MEM, AMS1, AMS2,
DMS1, and DMS2. Therefore, the objectives of our study were: (1) to construct two nonadditive
biomass models (i.e., BM and MEM) of each component based on DBH only or both DBH and H;
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(2) to construct four additive biomass models (i.e., AMS1, AMS2, DMS1, and DMS2) based on D only
or both D and H with weighted NSUR; (3) to verify the performance of the biomass models with
jackknife resampling; and (4) to compare the accuracy of model fitting and performance of the
different nonadditive and additive biomass models.

2. Materials and Methods

2.1. Data

Data used in this study are obtained from a large dataset of trees sampled from larch plantation
stands in Heilongjiang Province, one of the largest forestry provinces in Northeast China. The sample
plots were established in July/August of 2007-2016. A total of 40 plots were selected from 10 sites
(Figure 1). Each plot was 20 x 30 m or 30 x 30 m in size. For each of the 40 plots, 1-2 sample trees for
each of the dominant, codominant, intermediate, and suppressed types were analyzed, and thus, 5-
7 trees were sampled from each plot. In total, the dataset consisted of measurements on 229 larch
trees using destructive biomass sampling and included the following parameters: diameter at breast
height (DBH), total tree height (H), green weights of stems, branches and foliage, green weights of
the sampled disks, branches, and foliage, and the moisture content of disks, branches, and foliage.
The specific biomass determination method including field and laboratory measurements followed
similar protocols as Dong et al. [5]. For each sampled tree, the sum of branches, foliage, and stem dry
biomass was calculated as the aboveground biomass. A summary of the descriptive statistics for DBH
and H, as well as the aboveground and component biomass of trees is listed in Table 1. The stem,
branch, and foliage biomass of all sample trees as well as their relationships with DBH and H are
shown in Figure 2.

Heilongjiang Province
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Figure 1. Geographical position of study area and sampling plots in Heilongjiang Province of

Northeast China.
Table 1. Descriptive statistics of tree variables for all data.

Tree Variables N Min Max Mean Std
DBH (cm) 229 2.0 35.7 17.9 6.9
H (m) 229 38 27.0 16.8 54
Stem biomass (kg) 229 0.27 510.19 133.37 110.83
Branch biomass (kg) 229 0.10 4230 11.92 8.89
Foliage biomass (kg) 229 0.07 9.79 3.80 2.11

Aboveground biomass (kg) 229 040 561.10 149.08 119.60
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Figure 2. Relationships between stem, branch, and foliage biomass and diameter at breast height
(DBH) and tree height (H).

2.2. Model Specification and Estimation

2.2.1. Base Model

In general, DBH is used as the first variable in tree biomass models because it is simple and easy
to apply. To improve the performance of biomass models, H is the second variable incorporated into
the model. According to the data obtained by the visual inspection of stems, branches, and foliage,
biomass data can be modeled by a power function with DBH and H (Figure 1). Thus, two BMs were
used to establish independent component biomass models. These BMs are given by:

W, = ePoDBHPr1 + ¢, 1)
W, = ePoDBHPriHPk2 + ¢, )

where W, represents the stem, branch, and foliage biomass in kilograms (k = s, b, and f, for stem,
branch, and foliage, respectively); DBH and H represent the diameter at breast height and total tree
height, respectively; Sro, Br1, and Sy, represents the model parameters; and ¢ is the model error

term.

2.2.2. Mixed Effects Model

Considering the structure of biomass data, two MEMs with the sample plots as a random factor
can be used to establish independent component biomass models. These MEMs are given by:

Wy, = eProttiko DBHPr1* Uikt + ¢, 3)
Wiy, = eProttiko DBHPri*tika HBk2 ¥ uika 4 ¢, 4)

where u;, U1, and uy, are the random effect parameters in ith sample plot (i = 1,2,3 ..., m), and
&j is the error term. In the equation, ¢;;, obeyed a normal distribution with zero mean and within
sample plot variance and covariance matrix R, and uy, of the sample plot random effects (u,o, U1
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and uy,) obeyed a normal distribution with zero mean and sample plot variance and covariance
matrix D.

2.2.3. Aggregated Model Systems

Aggregated model systems fit the component biomass data simultaneously, which explicates
the instinctive correlations among the component biomass of the same sample tree. There are two
structures for an aggregated model system, i.e., those with one constraint (AMS1) and those with no
constraint (AMS2).

o Aggregated model systems with one constraint

Following the model structure specified in Parresol [30], AMS1 ensures additivity between the
tree aboveground biomass and component biomass with one constraint: tree aboveground biomass
is equal to the sum of the tree component biomass. The expressions of AMS1 with DBH only and
combination of DBH, H are given as:

W, = ePsoDBHPs1 + ¢
W, = eProDBHPb1 + ¢,

W; = eProDBHP! + ¢, ®)
W, =W+ W, +W; +¢,
W, = ePsoDBHPs1HPs2 + ¢

4 W, = eProDBHPr1HPb2 + ¢, ©)

Wy = efroDBHPr1HFr2 + ¢
L Wa=VVS+Wb+Wf+£a

where g, 5, b, and f denote the aboveground, stem, branch, and foliage, respectively.
e Aggregated model systems with no constraint

Following the model structure specified in Affleck and Diéguez-Aranda [31], the expressions of
AMS2 with DBH only and a combination of DBH and H are:

W, = ePsoDBHPst + ¢
W, = eProDBHPb + ¢, 7)
Wy = efroDBHPI + ¢

W, = ePsoDBHPs1HPs2 + ¢
W, = eProDBHPr1HPb2 4 ¢, (8)
W; = eProDBHPr1HFr2 + ¢

2.2.4. Disaggregated Model Systems

Disaggregated model systems can ensure biomass additivity by directly partitioning tree
aboveground biomass into three components (W, Wy, and W;) in this study. There are also two

structures for the disaggregated model systems, i.e., those without an aboveground biomass model
(DMS1) and those with an aboveground biomass model (DMS2).

e Disaggregated model systems without an aboveground biomass model

For DMS], the given tree aboveground biomass (W,_pzy and W,_ppy 4) are from the fitted model
W,_ppy = ePaoDBHPa1 and Wa_DBH,H = ePaopBHPaifBaz | respectively. The expressions of DMS1
with DBH only and a combination of DBH and H are as follows:
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where % = a,, and % =y, are model parameters to be estimated.
S2 S2

e Disaggregated model systems with an aboveground biomass model

6 of 21

©)

(10)

For DMS2, the tree aboveground biomass model (W,_ppy and W,_ppy ) and component
biomass models were fitted simultaneously. The expressions of DMS2 with DBH only and a

combination of DBH and H are as follows:

eBso DB HPBs1

X
ePso DBHPBs1 + eBro DBHBv1 + eProDBHFr
1

= 1+ ayDBH® + yoDBH"
eBro D BHBb1

= ePoDBHPs + eProDBHPm + cProDBHPI

) _ ayDBH® y

1+ ayDBH®* + y,DBH"

ePropBHPB

= ePoDBHPs + eProDBHPw + cProDBHP
3 BoDBHF1

" 1+ ayDBH% + y,DBHn

Wo_ppy = ePawoDBHPa1 4 ¢,

W = Wo_ppu + &

Wa_ppn + &

Wa_ppu + €

Wa_pgn + €

Wy Wa-psu + &

X Wa—DBH + gf

(11)
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eBso DB HPBs1 HBsz

= X
eBso DBHBs1 HBs2 + eBroDBHPBv1HBb2 + eBropBHPr1HBr2
1

~ 1+ ayDBH%H% + y,DBHVH"2 |
eBropBH B
- eBsoDBHBs1HPBs2 + eBroDBHPAv1HBb2 + ePropBHPriHPr2 %
_ ay,DBH*1H*2 (12)
~ 1+ auDBH%H% + y,DBH"H": < Wa-ppr + &
ePropBHBs

W, = X
I eBso DBHPs1HPs2 + eProDBHPm HPvz + ePropBHPr HPF2
yODBHh HY2

= W, 4
1+ ayDBH*1H% + y,DBHY1HY2 a-pBHH T &
\ Wa—DBH,H = eﬁaODBHBalHﬁaz + &q

Wa_ppunu t+ &

Wa_ppuu t+ &

Wa_ppuu + €

Wa_ppuu + &

2.2.5. Parameter Estimation Methods

In our study, the model parameters in the BM and MEM were estimated using nonlinear
ordinary least squares (OLS) and restricted maximum likelihood (REML) methods, respectively. For
AMS1, AMS2, DMS1, and DMS2, the model parameters were estimated using nonlinear seemingly
unrelated regression (NSUR). More detailed information on the theory and algorithm of the three
methods can be found in the literature [7,21-23].

All the above models were fitted using different procedures, such as PROC NLIN, PROC
NLMIXED, and PROC MODEL in SAS 9.3 software [33].

2.2.6. Weighting Function for Heteroscedasticity

Because of the heteroscedasticity in the model residuals shown by the tree biomass data, to
correct the heteroscedasticity of variance, a power variance function of the following equation
var(ey) = JZWiid’ was used in the tree biomass models, where ¢;, is the mixed model residual, ¢
is a parameter to be estimated, W, is the estimated biomass of k component of each tree on the ith
sample plot using fixed part of the mixed effects model, and ¢? is a scaling factor for error dispersion
[23,35].

2.3. Model Evaluation and Validation

As described above, the six biomass modeling approaches evaluated in this study were: (1) BM,
(2) MEM, (3) AMS1, (4) AMS2, (5) DMSI, and (6) DMS2. It is well known that the quality of model
fitting does not entirely reflect the quality of future prediction, so that model validation is necessary
to assess and evaluate the predictive quality of the different biomass models. Several authors suggest
that the most applicable models should be validated using a Jackknifing technique, also known as
the “leave-one-out” method or Predicted Sum of Squares (PRESS) [5,7,9]. Thus, in this study, the
biomass equations were fitted to the entire dataset (sample trees N of all plots), while model
validation was accomplished by Jackknifing technique in which the biomass models were
constructed using all but some sample trees of one sampled plot data (fitting data included the
sample trees of m — 1 sample plots), and then the fitted models were used to predict the value of the
dependent variable for some sample trees of the excluded sample plot. The model fitting was
assessed by two goodness-of-fit statistics (Equations (13) and (14)), and the model performance was
evaluated by four model validation statistics of Jackknifing (Equations (15)-(18)) as follows:

The coefficient of determination (R?):

RZ—1— ?;1 Z:%l(wuk - Vlfjk)z (13)
2 2L (Wi — Wy)?

The percent root mean square error (RMSE%):
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n: N 2
1 250 (Wi = Wiy / Wiji) (14)

RMSE% =
2L n

and the predictive performance (mean prediction error (MPE), mean prediction error percent
(MPE%), mean absolute error (MAE), and mean absolute percent error (MAE%) of the tree biomass
prediction equation:

n; o~
= Zjila/yijk = Wiji-)

Yt m
m nj ~ _
m oy Wi — Wi )/ W,
MPE% = 1‘12]=1(( l:r’: ijk,—-i)/ W) 16)
Zi=1nj
nj — A.. .
MAE = ﬁlzfﬂ“/n'fiik Wi a7
i=1 1y
MAE% = i=1 Z]‘=1|(V|/l]7]:1 Wl]k,—l)/VVL]k| (18)
Xy

where W, is the observed k (k =s, b, f, and a, represented stem, branch, foliage and aboveground,
respectively) component biomass value of jth tree in ith sample plot; W;j, is the estimated biomass
value of jth tree in ith sample plot of the model to which were fitted all the observations of m sample
plots; W, is the average value of the biomass; W, jk—i is the predicted value of the model to which
was fitted all the observations of m —1 sample plots; n; was the number of observations in ith sample
plot; and m the number of sample plots.

It is important that the parameters of random effects were predicted using the best linear
unbiased predictions (BLUPs) method for MEM [36,37]. A vector of random effects parameters of
sample plot i was calculated using:

Uy = DZ} (ZyDZ], + R)™*éy, (19)

where the element of the Z;, matrix was the partial derivative of the nonlinear function with respect to
its random parameters; £;;, was obtained by the difference between the observed and predicted biomass
using the model, including only fixed effects; D was the variance-covariance matrix estimated in the
modelling process; and R was the corresponding variance-covariance matrix of within sample plot.

2.4. Comparison of Different Biomass Modeling Approaches

In this study, once the biomass estimate was calculated for each component, the component
estimates were summed up to generate the aboveground biomass estimate. We used the six modeling
approaches to calculate the biomass of each tree component, and we compared the difference among
these modeling approaches using the values of R?, RMSE, MPE, MPE%, MAE, and MAE%.

3. Results

3.1. BM and MEEM Based on DBH and H

The stem, branch, and foliage biomass equations were fitted independently by weighted OLS and
REML. The parameter estimates and their standard errors for the BMs and the MEMs are listed in Table
2. The parameters estimates were significantly different from 0 in each biomass equation (Table 2). For
both BM and MEM, the parameter §;; of DBH was positive for each biomass component, while the
parameter f5;, of H was positive for the stem component and negative for the branch and foliage
components. These data show that stem biomass increased with an increase in H; however, the branch
and foliage decreased with an increase of H for the same DBH. For BM and MEM, the aboveground
biomass should be estimated by summing the estimated stem, branch, and foliage biomass.
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Table 2. Parameter estimates and their standard errors (SE) for the base Model (BM) [Equations (1) and (2)] and mixed Effects Model (MEM) [Equations (3) and (4)].

Bro, Br1 and fy,: fixed parameters; u;g, Uiy and ug,: random effect parameters; aﬁikoz variance of u;g; crlfl.k1 variance of ujq; 072

covariance of u;,, and uq; o2: residual variance.

ik2

: variance of u;, oy

iko O—uikl :

Model Bro Br B o2 o2 o Oy Oy o?
A h t ikQ ik1 ik2 ik0 ikl
pproaches Variables Components Estimate SE Estimate SE Estimate SE Estimate Estimate [Estimate [Estimate Estimate
Stem -3.6254 0.1094 2.8280 0.0372
DBH Branch -3.2894 0.1730 1.9052 0.0601
Foliage -2.7397 0.1597 1.3881 0.0536
0.05
BM Stem —-4.4630 0.0628 1.6982 0.0461 1.4599 80
0.19
DBH and H Branch -2.1076 0.2085 2.8131 0.1558 -1.3228 56
. 0.15
Foliage -2.2125 0.1843 1.9205 0.1310 -0.7261 94
Stem -2.3110 0.1022 2.3800 0.0325 1.6379 0.2029
DBH Branch -4.7310 0.2215 2.4410 0.0696 4.5084 0.1005 -0.6730 0.3069
Foliage -3.1880 0.1764 1.5570 0.0615 0.0228 0.4049
0.06
MEM Stem -4.3494 0.0846 1.7002 0.0454 1.4186 4 0.2189 0.1254
DBH and H Branch -2.7585 0.2648 2.8486 0.1375 -1.1033 O(.)éﬂ 0.0542 0.3554
. 0.17
Foliage -2.3976 0.2155 1.9932 0.1322 -0.7285 0.0107 0.4103

14
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3.2. AMS1 and AMS?2 Based on DBH and H

The parameter estimates of the stem, branch, and foliage biomass models in AMS1 and AMS2
were fitted simultaneously by weighted NSUR and listed in Table 3. The parameters f;,, B;1, and f;;
were highly significant, and their negative or positive prescriptions were consistent with those values
in BM and MEM, and they had biological significance. Compared to AMS1, there was no constraint
of W, =W, + Wy + W}, + W; and three equations (i.e., stem, branch, and foliage equations) in AMS2.
Thus, the aboveground biomass was also estimated by summing the estimated stem, branch, and
foliage biomass. For AMS2, a constant 3 x 3 matrix was assumed for cross-correlations among all
three equations, and a 4 x 4 matrix was assumed for AMSI.

For example, in this study, there were strong correlations between aboveground and stem
biomass, and between branch and foliage components in AMS1 and AMS2 based on DBH, as shown
in the following two correlation matrices:

AMS1 Aboveground Stem  Branch  Foliage
Aboveground 1.0000 0.9338  —0.0381  0.0298
Stem 0.9338 1.0000  —0.3315 —0.2073
Branch —0.0381 —0.3315  1.0000 0.5761
Foliage 0.0298  —-0.2073  0.5761 1.0000

AMS2 Stem Branch Foliage
Stem 1.0000 —0.3439 —0.2246

Branch [ —0.3439 1.0000 0.5627
Foliage \-0.2246 0.5627  1.0000

Table 3. Parameter estimates and their standard errors (SE) for the AMS1 [Equations (5) and (6)] and
AMS?2 [Equations (7) and (8)].

Model i0 i i2
Approaches Variables Components Estimatf SE Estimatf SE Estimatf SE
Stem -3.7676  0.0946  2.8834  0.0319
DBH Branch -3.0780  0.1250 1.8217 0.0443
AMS1 Foliage -2.9308 0.1249 1.4360 0.0421
Stem —4.4736 0.058 1.667 0.0431 1.4957 0.0543
DBH and H Branch -2.1082 0.1454  3.0106  0.1194 -1.5347 0.1461
Foliage -2.4338 0.1598  2.0931 0.1169 -0.8408 0.1473
Stem -3.5897  0.1057 2.8216 0.0359
DBH Branch -3.1333  0.1587 1.8538 0.0555
AMS2 Foliage -2.757  0.1589  1.3856  0.0533
Stem -4.4649  0.0628 1.6980 0.0461 1.4611 0.0579
DBH and H Branch -2.0674  0.2072 2.7545 0.1547 -1.2799 0.1954
Foliage -2.1882 0.1858  1.9121 0.1323 -0.7330 0.1613

3.3. DMS1 and DMS2 Based on DBH and H

The only difference between DMS1 and DMS?2 lies between the tree aboveground biomass model
being fitted independently or simultaneously. The parameter estimates for DMS1 and DMS2 were
fitted by weighted NSUR and listed in Table 4. All the other parameter estimates except y; were
highly significant in each biomass equation. Similarly, a 3 x 3 and 4 x 4 matrixes for cross-correlations
in DMS1 and DMS2 based on DBH are given by:
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DMS1 Stem Branch Foliage
Stem 1.0000 —0.3595 —0.2462

Branch [ —0.3595 1.0000  0.5575
Foliage \-0.2462 0.5575  1.0000

DMS2 Aboveground Stem Branch Foliage
Aboveground 1.0000 0.9438  —0.0759  0.0209
Stem 0.9438 1.0000  —0.3435 —0.2309
Branch —0.0759  —0.3435  1.0000 0.5761
Foliage 0.0209  —-0.2309  0.5761 1.0000

As with AMS1 and AMS2, there were high correlations between the aboveground and stem
biomass, between the branch and foliage components, and weak correlations between the
aboveground and branch components and between the aboveground and foliage components.

Table 4. Parameter estimates and their standard errors (SE) for the DMS1 [Equations (9) and (10)] and
DMS2 [Equations (11) and (12)].

Approaches Model Variables Parameters Estimate SE

a 1.6051  0.3328
a -0.9811  0.0711

yo 21940 04222

DBH y ~1.4266  0.0641

Pao -2.8937  0.0826

Bar 26351  0.0282

a 95379  2.0289

DMS1 a 1.0793  0.1604
@ 27155  0.2012

o 8.4438  1.6068

DBH and H i 02201  0.1359

» 21524 0.1678

Bao 35555  0.0628

Bar 1.8492  0.0448

Baz 1.0405  0.0560

a0 3.0795  0.5535

a ~1.2101  0.0626

yo0 33838  0.5707

DBH i ~1.5740  0.0569

Bao -3.1429  0.0793

Bar 27154 0.0270

a0 10.7671  1.5583

DMS2 a 13375  0.1212
@ -3.0285  0.1482

o 75777 1.1985

DBH and H i 04091  0.1164

2 23142 0.1482

Pao -3.5705  0.0623

Bar 1.8234  0.0442

B2 1.0683  0.0556
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3.4. Comparison between Different Biomass Modeling Approaches

Table 5 shows the R?, RMSE%, and weight functions for each biomass equation developed using
the six different biomass modeling approaches. The results indicated that a majority of the biomass
equations fit the biomass data well, with R? >0.70. All models fit the aboveground and stem biomass
data best, while small R? values were observed in the branch and foliage biomass equations. Figure
3 shows the scatterplots of the observed aboveground and component biomass as well as the model
predictions by the six biomass modeling approaches. Table 5 and Figures 3 indicated that the MEM
with DBH only and combination of DBH and H yielded higher R? and smaller RMSE% than did
the other five biomass modeling approaches, and the addition of H improved the goodness-of-fit for
the majority of the aboveground and component biomass equations. The DMS1 and AMS2 produced
a slightly larger R? value for most of the aboveground and component biomass models, compared
with AMS1 and DMS2, and had a very close values of R* and RMSE% for predicting the
aboveground and component biomass (Table 5).

Table 5. Goodness-of-fit statistics and the parameter of weight functions (¢) for the biomass models
developed using the BM, MEM, AMS1, AMS2, DMS1, and DMS2.

Approaches Model Variables Variables Stem Branch Foliage Aboveground

R? 09291 0.6675 0.7045 0.9420
DBH RMSE% 22.86  52.63 88.07 16.84
BM 0] 1.7666 1.8852  1.3586 -
R? 09738 0.7239  0.7213 0.9764
DBH and H RMSE% 11.20  49.53 78.51 10.69
0] 1.876  1.7848  1.3512 -
R? 0.9757 0.8631  0.8056 0.9773
DBH RMSE% 12.07  33.14 77.6 11.09
) 1.7666 1.8852  1.3586 -
MEM
R? 0.9839 0.8597 0.7938 0.9844
DBH and H RMSE% 9.19 38.11 7491 8.94
0] 1.876  1.7848  1.3512 -
R? 0.9237 0.6307  0.6893 0.9393
DBH RMSE% 2333  52.34 78.82 17.01
¢ 1.7666 1.8852  1.3586 1.7772
AMS1
R? 0.9737 0.7151  0.7062 0.9763
DBH and H RMSE% 11.22  46.88 66.93 10.52
0] 1.876  1.7848  1.3512 1.7866
R? 0.9296 0.6627  0.6996 0.9432
DBH RMSE% 23.24 53.8 85.75 16.83
0] 1.7666 1.8852  1.3586 -
AMS2
R? 09738 0.7172  0.7202 0.9764
DBH and H RMSE% 11.22  49.61 77.59 10.73
0] 1.876  1.7848  1.3512 -
R? 0.9349 0.6507  0.7037 0.9478
DBH RMSE% 2488  53.74 82.73 27.33
¢ 1.7666 1.8852  1.3586 1.7772
DMS1
R? 09744 0.7235 0.7215 0.9769
DBH and H RMSE% 12.04 4948 75.22 18.19

0] 1.876  1.7848  1.3512 1.7866
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R? 0.9285 0.5986  0.6976 0.9442
DBH RMSE% 2478  53.75 81.94 17.73
0] 1.7666 1.8852  1.3586 1.7772
DMS2
R? 09745 0.7121  0.7099 0.9767
DBH and H RMSE% 11.76 ~ 47.20 68.17 10.81
0] 1.876  1.7848  1.3512 1.7866

Furthermore, we used the jackknifing technique to assess the validity of these biomass models.
The model validation statistics were computed and presented in Table 6, in which MPE and MPE%
represented the average prediction error, and MAE and MAE% represented the magnitude of
prediction error. The model prediction error varied across the different biomass modeling
approaches. Model jackknife statistics indicated the stem biomass models of MEM based DBH and
DMS1 based combination of DBH and H slightly overestimated the tree stem biomass (MPE <-0.5
kg and MPE% < -0.3%), and the other biomass models underestimated stem, branch, foliage, and
aboveground biomass (MPE > 0.3 kg and MPE% > 0.3%) (Table 6). For all biomass modeling
approaches, the average prediction error of the branch biomass was the largest (MAE% was between
19%~39%) and the average prediction error of the aboveground biomass was the smallest (MAE%
was between 6%~16%). Biomass models based on a combination of DBH and H seemed preferable
to biomass models based on DBH only.

The validation statistics suggested that MEM was better than BM, AMS1, AMS2, DMSI, and
DMS2 at predicting the aboveground and component biomass; no significant differences among
between BM, AMS1, AMS2, DMS1, and DMS2 were observed (Table 6). To better compare the
different biomass modeling approaches, prediction across the diameter classes would be a good
method to validate tree biomass models. In this study, the MPE, MPE%, MAE, and MAE% in tree
components of different biomass modeling approaches are based on DBH only, and the combination
of DBH and H are shown in Figure 4. The figure indicates that the six biomass modeling approaches
with DBH only and combination of DBH and H fitted well for the aboveground and component
biomass for larch. Furthermore, the MEM did better than the other five biomass modeling approaches
for most diameter classes and adding H into biomass models reduced the prediction error in all
classes, especially in the largest diameter class (D > 25 cm).

Overall, based on R?, RMSE, MPE, MPE%, MAE, and MAE% for the aboveground and
component biomass, the MEM was the best for the aboveground and each component biomass, and
the DMS1 was slightly better than BM, AMS1, AMS2, and DMS2 for most component biomass.
Compared with the AMS1, AMS2 decreased the most of MPE, MPE%, MAE, and MAE% for
aboveground, stem, branch, and foliage biomass, and it would be better for estimating the aggregated
models. Similarly, DMS1 was better for estimating the disaggregated models.

Table 6. Jackknifing validation of the six biomass modeling approaches.

Approaches Model Variables Variables Stem Branch Foliage Aboveground

MPE 5.14 1.65 0.11 6.89

DBH MPE% 3.85 13.85 2.89 4.62

MAE 20.21 3.58 0.89 19.27

BM MAE%  19.15 36.9 26.97 14.92
MPE 0.93 1.05 0.06 2.04

DBH and H MPE% 0.70 8.81 1.58 1.37

MAE 11.32 3.27 0.88 11.96

MAE% 8.95 30.42 26.22 8.95

MPE -0.32 0.02 0.01 -0.29

MEM DBH MPE%  -0.24 0.17 0.26 -0.19

MAE 1023 216 0.83 10.68
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MAE% 880 1921 2453 8.02
MPE 035 004 0.0 0.39
DBH and H MPE% 026 034 0.9 0.26
MAE 891 224 075 9.36
MAE% 717 2034 2242 6.92
MPE 106 209 027 3.42
MPE% 079 1754 7.1 229
DBH
MAE 2040 3.72 0.9 19.34
MAE% 1931 3861  29.17 14.84
AMSI MPE 090 125  0.19 235
MPE% 067 1049  5.00 1.58
DBHand H MAE 1136 335 090 12.02
MAE% 896 3124  27.62 8.84
MPE 309 166 020 495
MPE% 232 1393 526 3.32
DBH
MAE 2009 358  0.89 19.01
MAE% 1852 3613  27.76 14.38
AMS2 MPE 075 119  0.14 2.08
DBH and H MPE% 056 999  3.68 1.40
MAE 1132 33 0.88 11.98
MAE% 894 3074 2678 8.97
MPE 132 173 0.19 3.5
MPE% 099 1452 5.0 2.18
DBH
MAE 1966 3.6 0.88 18.43
MAE% 1869 3568  27.11 14.15
DMS1 MPE 039 103  0.11 0.75
DBH and H MPE% -029 864  2.89 0.50
MAE 1135 327 088 11.83
MAE% 948 3038 2653 9.06
MPE 053 222 026 3.01
MPE% 040 1863  6.84 2.02
DBH
MAE 2005 378 088 18.84
MAE% 2166 3758  27.4 15.47
bMS2 MPE 102 126  0.19 247
MPE% 076 1057  5.00 1.66
DBHand H MAE 113 336 090 12.02
MAE% 941 3227 2781 9.23
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Figure 3. The observed data and model predictions from the six biomass modeling approaches based

on DBH and combination of DBH and H for stem, branch, foliage, and aboveground biomass.
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Figure 4. Comparison of model performance for the six biomass modeling approaches based on DBH (A) and combination of DBH and H (B) across diameter
classes by the mean prediction error (MPE), mean prediction error percent (MPE%),mean absolute error (MAE), and mean absolute percent error (MAE%) in

aboveground and components biomass.
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4. Discussions

For the selection of biomass model variables, DBH is an indispensable predictor of biomass
models. In practice, tree biomass models constructed with only DBH require basic forest inventory
data in their application [10,20,38]. Our results showed that DBH was the primary explanatory
variable in the component biomass models. This may originate from the intimate correlations
between components and tree diameter [7,10,20,39]. However, within the given DBH, there is usually
some variation among the aboveground and component biomass values, which highlight that it is
insufficient to predict the aboveground and component biomass by the biomass model constructed
with only DBH. Thus, to improve the prediction accuracy of the aboveground and component
biomass models, another variable should be added into the biomass model [20]. An increasing
number of scholars have often considered H as another commonly used and vital predictor variable
to reduce biased estimates of biomass models because tree height usually reflects the site factors
[15,18]. In our study, to simulate the biomass allometric relationships for larch trees, W =
eProDBHPK1 and W = ePoDBHPr1HPKk2 were selected to construct basic equations. Six biomass
modeling approaches were constructed and validated with the jackknifing technique. Our findings
were consistent with previous studies, i.e., that a combination of DBH and H significantly improved
the prediction accuracy of aboveground and component biomass [6,7,9,40].

Tree biomass models are categorized as nonadditive or additive models. Nonadditive models
cannot synchronously consider the aboveground and component biomass data, leading to unequal
aboveground biomass. The additive biomass models comprise a desirable characteristic for a system
of equations used for the tree biomass prediction, which explicate the instinctive correlations among
component biomass of the same sample, and thus, they have a great statistical efficiency [23,30,41].
In this study, we applied six biomass modeling approaches to develop the biomass models. The BM
and MEM have separately fitted aboveground and component biomass models, and they did not
hold the additivity property for aboveground biomass. Therefore, the sums of the predictions of tree
component models were usually larger or smaller than the predictions of the aboveground biomass
models, although the differences were small. In contrast, AMS1, AMS2, DMS1, and DMS2
successfully accounted for the correlations among component biomass by a covariance matrix, in
which the aboveground biomass prediction was aggregated from the predictions of the tree
component models or disaggregated into tree component biomass. Thus, the AMS1, AMS2, DMS1,
and DMS2 held the additivity property for the aboveground biomass.

The AMS1 and AMS2 was fitted with independent nonlinear biomass models, in which there is
no random effect in each model. The AMS2 contains no constraint, while AMS1 contains one
constraint that guarantees that aboveground predictions will be exactly equal to the sum of the
biomass prediction of the stem, branch, and foliage component. Our results indicated that both AMS1
and AMS2 fitted the data and performed well in terms of the average prediction errors for
aboveground and component biomass predictions. In this study, we demonstrated the differences
between AMS1 and AMS2 because of the constraints imposed on the model system. Furthermore, the
AMS1 and AMS2 in our study had smaller standard errors of parameters compared to BM, although
AMS1, AMS2, and BM possess similar R?, RMSE%, MPE, MPE%, MAE, and MAE%, which was
consistent with results from Parresol [30]. In comparison to the BM, the AMS1 and AMS2 accounted
for correlations between component biomass and focus on additivity. Therefore, we recommend
AMS1 and AMS2 over the BM. In addition, AMS2 was indeed better for predicting the aboveground
and component biomass than AMS1, even though AMSI actually uses aboveground biomass model
as a dependent equation. These data are in accordance with those from Zhao et al. [23]. Thus, the
AMS?2 is more suitable to construct the biomass models for aggregated model systems.

Both DMS1 and DMS2 maintained the properties of additivity for the aboveground and
component biomass. In our study, the prediction accuracy of the aboveground and each component
biomass model using DMS1 were higher than those from using DMS2. This is likely because
disaggregated model systems depend on the aboveground biomass model, which is commonly
thought to be the most accurate among the aboveground and component biomass models [7].
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Although DMS1 was slightly superior to AMS2, the advantage of AMS2 over DMSI lies in the fact
that it has been successfully implemented for individual biomass estimation, and that it is more
maneuverable in practical applications.

The results in Table 5, Table 6, and Figure 4 show that the biomass models were obviously
improved on the fit and validation statistics after including the sample plot as a random effect into
MEM. Consequently, the MEM in the above six approaches selected is probably more suitable for
this study. Many studies have shown that biotic factors (e.g., DBH, H) and abiotic factors (e.g., origin,
site, and climate) affect the biomass prediction accuracy [7,9,21,23,27]. The random effect “plot”
added into the MEM could relate to climatic factors or site factors. In other words, BM, AMS1, AMS2,
DMS1, and DMS2 consider the influence of biotic factors only, the MEM also takes abiotic factors into
account, making it the most efficient among the six biomass modeling approaches. In fact, the fixed
effects parameters in MEM has larger standard errors among all six approaches (Table 2). Thus, when
a subsample of biomass is available to predict the random effects, the MEM is more efficient than the
other five biomass modeling approaches. However, if the subsample is available, the MEM without
the random effects would obtain less efficient estimates. At this point, we would recommend the use
of the AMS2 or DMSI.

5. Conclusions

We developed six biomass modeling approaches based on DBH only and a combination of
DBH, H for larch trees occupying a relatively large geographical area in Northeast China. The BM,
MEM, AMS1, AMS2, DMSI], and DMS2 separately fitted the component biomass. We compared the
six biomass modeling approaches based on R?, RMSE%, MPE, MPE%, MAE, and MAE%. Our results
indicated the MEM with random effects had better R?, RMSE%, MPE, MPE%, MAE, and MAE% than
the BM, AMS1, AMS2, DMSI1, and DMS2, and thus, it was selected as the most suitable for this study.
However, when no subsample is available to calculate the random effects, the aggregated and
disaggregated model systems are recommended because these model systems had better fitting and
smaller standard errors of the parameters than the BM did; furthermore, they also accounted for
correlations among the aboveground and component biomass. Between the aggregated model
systems, AMS2 was better for predicting the aboveground and component biomass than AMS1;
DMS1 was better than DMS2. Furthermore, with regard to biomass estimation, there was no single
model or system to predict biomass that was best for the aboveground and component biomass. For
this study, the overall ranking based on the fit and validation statistics obeyed the following order:
MEM > DMS1 > AMS2 > AMS1 > DMS2 > BM.

Our future work will aim to use conifer and deciduous tree species to verify the differences
between the aggregated and disaggregated model systems, as well as compare the differences
between AMSI against AMS2, or DMS1 against DMS2. The biomass models described in our study
are useful tools for the prediction of the aboveground and component biomass for larch trees in
different locations and supply basic information to the Chinese National Forest Inventory.
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