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Mangroves are recognised as an important carbon sequester and therefore demand accurate biomass and carbon stock 
estimations. This study aimed to develop additive biomass models for Heritiera fomes, the most dominant tree species 
of the Sundarbans Reserved Forest in Bangladesh. Using a non-destructive method, 219 small branches (diameter 
< 7 cm) were harvested from 97 individual trees to develop biomass models for leaves and smaller branches. The 
biomass of bigger branches (diameter > 7 cm) and stem was calculated from the volume and mean wood density value 
after debarking while the biomass of all other components was derived from the determined fresh to oven dry weight 
conversion ratio. Finally, the biomass of one individual tree was calculated by adding the biomass of trimmed and 
untrimmed leaves, small and large branches, foliage and stem. An independent data set was used to validate the best-fit 
model. A component-wise (leaves, branches, bark and stem) biomass model was developed by recovering subsequent 
cross-component correlations which were then aggregated using the weighted Gaussian maximum likelihood estimation 
method. Among the components model, D (diameter at breast height) alone performed best for leaves and branches 
while the product of D and H (total tree height) proved the better results for stem and bark. Our best-fit model (Biomass = 
0.0389D2.3773 H0.4178 + 0.0492D2.3027 + 0.0112D1.1144 H1.4572 + 0.0306D1.8507) showed the highest model efficiency with the lowest 
AIC, RMSE%, MAE, and MPE values. The efficiency of our non-destructive model has shown that it is as effective as 
other widely used pan-tropical models. Our built models can therefore be used for accurate estimation of biomass and 
carbon stock in H. fomes of the Sundarbans Reserved Forest, Bangladesh.
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Introduction

Southern Forests is co-published by NISC (Pty) Ltd and Informa UK Limited (trading as Taylor & Francis Group)

Mangroves are among the most productive and carbon-
dense ecosystems in the tropics (Hutchings and Sanger 1987; 
Mahmood 2014). For accurate estimation of this productivity 
and carbon storage, biomass measurement followed by 
a species specific and cost-effective biomass model is 
necessary (Mahmood 2004; Mahmood et al. 2008; Yatskov 
et al. 2019). However, biomass estimation in mangroves is 
often driven by common biomass models, which could result 
in biomass under- or overestimation (Jones et al. 2020; Zhu 
et al. 2021). A species specific and cost-effective biomass 
model that is less destructive can minimise this uncertainty in 
quantification of biomass and thereby contribute to accurate 
carbon estimation in the technical part of nature-based 
carbon mitigation projects (e.g. REDD+) (Bernard et al. 2014; 
Roxburgh et al. 2015).

Allometric biomass models using the destructive method 
(felling of sample trees) is indisputably accurate, but it is 
destructive, time-consuming, costly and labour intensive 
(Ketterings et al. 2001; Dong et al. 2015; Kuyah et al. 2016; 
Meng et al. 2017), especially in mangroves (Mahmood 2004). 
Moreover, destructive sampling is carried out in small areas 

or for a small number of tree samples and its further use for 
repeated measurement is also limited (Louhaichi et al. 2018). 
The semi-destructive method has gained much attention 
in deriving allometric biomass models as the moratorium on 
tree felling increases daily (Brown et al. 2001; Mahmood et al. 
2019). However, the number of sample trees is highly variable, 
and mainly depends on the desired precision and accuracy 
in biomass estimation, size classes of sample trees, and 
methods used for developing allometric models (Picard et al. 
2012; Roxburgh et al. 2015).

The power-law relationship between dry biomass and 
different biometric variables is most popular for tree biomass 
estimation (Dong et al. 2015; Meng et al. 2017). Frequent use 
of logarithmic transformation in many studies is criticised, as 
such alteration could induce uncertainties due to systematic 
bias (Lambert et al. 2005; Zhao et al. 2015). Moreover, the 
calibration of tree component-based equations is intrinsically 
more complex (Affleck and Diéguez-Aranda 2016). Some 
researchers suggest using the original data via non-linear 
regression by least squares as it assumes an additive error 
structure for the equation (Dong et al. 2015).

https://orcid.org/0000-0002-9174-005X
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In general, for developing biomass models, diameter at 
breast height (DBH; 1.3 m) is commonly used either alone or in 
combination with other tree attributes as a predictor (Ketterings 
et al. 2001; Dong et al. 2015; Affleck and Diéguez-Aranda 2016). 
The DBH has lenience in measurement and often accounts 
for the largest share of variation in tree biomass (Affleck and 
Diéguez-Aranda 2016). In many studies, tree height is used 
as an additional predictor (Kuyah et al. 2016) though its use 
as the single parameter is rare (Anitha et al. 2015). Although 
other tree variables like wood specific gravity, tree crown 
parameters (e.g. crown length, crown width) and age of the 
tree can account for additional variation, they are rarely used in 
model development as they are much more difficult to obtain in 
practice (Estrada et al. 2014; Dong et al. 2018).

Scientific interest in tree partitioned biomass led to the 
development of component-wise biomass equations (Sanquetta 
et al. 2015). Then component-wise biomass was added to get 
total above-ground biomass (Antonio et al. 2007). But the 
conventional method of biomass estimation showed irrelevancy 
while comparing the estimated total above-ground biomass of 
a tree derived from the TAGB model and the sum of estimated 
component-wise biomass (Parresol 1999, 2001). Moreover, 
component-wise biomass models ignore the intrinsic correlations 
among biomass components (Dong et al. 2015).The additive 
approach has overcome this disparity, but this method is not 
adopted frequently for the required statistical analysis and 
software beyond the least square regression (Parresol 2001; 
Zhang et al. 2016; Fu et al. 2017).

To date, various models have been proposed to ensure 
the compatibility property of biomass equations which can 
be divided into aggregative and disaggregative approaches 
(Dong et al. 2015). Both of these approaches were later 
modified by Affleck and Diéguez-Aranda (2016) to provide a 
valid probabilistic model. The aggregated approach estimates 
biomass of each component separately with subsequent 
recovery of cross-component correlations from the original 
measurements and then jointly fits the total models by using 
the maximum likelihood option. However, the disaggregated 
approach first focuses on the development of the total biomass 
estimation model and then it is disintegrated into components 
on the basis of their proportions in total to ensure additivity 
(Zhao et al. 2019). The aggregated approach ensures greater 
efficiency, and is consequently considered as the de facto 
standard for non-linear biomass equation estimation (e.g., 
Sanquetta et al. 2015; Zhao et al. 2015). Even the aggregated 
approach showed better performance in comparison to other 
types (Parresol 2001; Widagdo et al. 2020).

The Sundarbans Reserved Forest, the world’s largest 
contiguous mangrove forest, is situated in Bangladesh (59%) 
and India (Mahmood 2014). Considering higher biodiversity 
(Rahman et al. 2015a; Islam et al. 2016) and ecosystem ser-  
vices, the Bangladesh part (Sundarbans Reserved Forest) 
was declared a Ramsar Site in 1992 and, with its three wildlife 
sanctuaries, as a World Heritage Site in 1997 (UNESCO 
2021). Heritiera fomes (Buch.-Ham.) is one of the most 
dominant and single most important tree species of this 
forest (Hussain and Acharya 1994), covering 67% of the 
vegetated area of the forest. However, it has been declared 
an endangered species as its global distribution is declining, 
(Polidoro et al. 2010). Heritiera fomes-dominated sites contain 
the highest amount of ecosystem carbon per unit area and 

hence accurate biomass estimation will play a crucial role in 
conserving forest resources as well as in getting benefits from 
various global initiatives (e.g. carbon trading) (Rahman et al. 
2015b). Species and site specific allometric biomass models 
of H. fomes are required to minimise over or underestimation 
of biomass and carbon stock. However, only five multi-species 
specific models were available for mangroves (Komiyama 
et al. 2005; Chave et al. 2005; Ray et al. 2011; Chave et al. 
2014; Mahmood et al. 2019). Some researchers also used 
the model of Brown (1997) for moist forests to estimate the 
biomass of mangroves. Among them, only the model of 
Mahmood et al. (2019) includes H. fomes as the sample. As 
mangroves experience high site variability leading to variation 
in structure and architecture of trees (Estrada et al. 2014), it 
is often recommended to develop species and site specific 
models. Therefore, our study aimed to: (1) derive component-
wise biomass models; (2) develop additive above-ground 
biomass models for H. fomes using the Gaussian Maximum 
Likelihood approach; and (3) compare the driven model 
with the frequently used multi-species common models for 
mangroves.

Materials and methods

Description of the study site
The samples of H. fomes were collected from the Sundarbans 
Reserved Forest (latitude 21.30°–22.30° N and longitude 
89.00°–89.55° E) located downstream of the Ganges-
Brahmaputra estuary (Figure 1). The land is low and flat, has 
an average altitude of 0.9–2.1 m a.s.l. (Iftekhar and Islam 
2004) and is dominated by silty loam or alluvium (Islam 2003). 
A significant portion of the forest is inundated by the tide twice 
a day, but in monsoon time, most of the land goes underwater 
during the high spring tides (Karim 1994). The soil is geologi- 
cal of recent deltaic origin and hence is poorly drained with 
no distinct sediment horizon (Das and Siddiqi 1985). The 
spatio-temporal variation in salinity is prominent here and, in 
general, salinity increases from east to west during monsoon 
(minimum salinity in August–September) while it increases 
from north-east to south-west during other periods. (Wahid et 
al. 2007). The western part shows few changes even during 
the monsoon as it has no direct link with the River Ganges, the 
main freshwater source (Wahid et al. 2007). Salinity controls 
the vegetation composition (Hussain and Acharya 1994) 
and growth (Mahmood et al. 2014; Siddique et al. 2017). 
Rainfall is highly seasonal: May to October is the wet season, 
contributing 87% of the mean annual rainfall (1 500 mm), and 
the rest of the months are dry season with no or less rainfall 
(Hussain and Acharya 1994). Temperature fluctuates between 
18 °C and 35 °C in summer and 12 °C and 29 °C in winter.

Description of the species
H. fomes, called Sundari locally, is a non-exclusive evergreen 
tree species. It can grow up to 25 m in height with dense 
and robust pneumatophores. It is a shade bearer in its early 
stages of growth (Mahmood 2015). Since the species prefers 
a freshwater environment (0–5 practical salinity units, PSU), 
it is commonly found alongside tidal creeks and channels in 
coastal swamps (Banerjee and Rao 1990). However, it can 
tolerate moderate saline conditions (Mahmood 2015). In 
the Sundarbans Reserved Forest, it occurs with Excoecaria 
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agallocha, Xylocarpus moluccensis, Aglaia cucullata and 
Ceriops decandra. Unlike other mangrove species, H. fomes 
can act as a biological indicator of climate change related to 
rises in sea level (Maxwell et al. 2018).

Biomass sampling
A total of 80 healthy individuals of H. fomes were selected 
purposively throughout the Sundarbans Reserved Forest for 
model development, keeping D (DBH) range 2–40 cm and 
H (total tree height) range 4–21 m, respectively. The data 
collected from these 80 individuals were considered as data 
set A. Sampling was done using a non-destructive method 
due to the moratorium on tree felling in the Sundarbans 
Reserved Forest since 1989.

Sampled trees were climbed to make sections for bigger 
branches (diameter > 7 cm) and stem using a paint mark. 
The diameter at the thicker and thinner ends sections was 
recorded for both stem and bigger branches. Bark thickness at 
each end of the log section was measured from the bark chip. 
The volume of all sections of stem and bigger branches was 
estimated without bark using Smalian’s formula except for the 
last section, which was estimated using the volume formula 

of the cone (Mahmood et al. 2017). The buttress volume of 
each tree was measured using the formula given by Picard et 
al. (2012). Measurements were taken for all small branches at 
the base (diameter < 7 cm) and only 2–3 small branches were 
trimmed per sample tree considering the tree size (Picard et al. 
2012). A total of 219 smaller branch samples were harvested 
and then separated into sections (branches, twigs with leaves, 
and bark) in the field to determine their fresh weight. From 
each part of trimmed branches, 10 subsamples (approximately 
0.25 kg) of woody portion and 20 subsamples of leaf, bark and 
buttress, were taken from each part of the trimmed branches 
and oven dried at 105 °C for seven days to get the conversion 
ratio for fresh to oven-dry weight.

Biomass determination in the sampled trees
From the trimmed branches, non-linear biomass models were 
developed for leaves and branches by taking base diameter 
as independent and oven-dried biomass of leafy branches 
as dependent variables respectively. Using these developed 
models, the biomass of untrimmed leaves and branches was 
determined. The oven-dried biomass of stem and bigger 
branches without bark were obtained from their calculated 
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volume (m 3) and mean wood density (kg m−3) as determined 
by Sattar et al. (1999). Finally, total above-ground biomass 
of sample trees was estimated from the biomass of trimmed 
and untrimmed leaves and smaller branches, bigger branches, 
stem and bark.

Biomass allocation to leaf, branch, bark and stem was 
assessed by calculating biomass fractions (ratio of component 
biomass and total above-ground biomass) for each compon- 
ent. A bivariate relationship between biomass fractions and 
tree diameter was patterned for each component biomass.

Non-linear model development
The relationship between tree component biomass (leaf, 
branche, bark and stem) and the predictor variables (D and H) 
were explored to detect outliers and the nature of correlation 
from data set A using a scatter diagram. The allometric model 
was generated from data set A for tree component (leaf, 
branch, bark and stem) and total above-ground biomass 
through non-linear regression analysis using nlme function in 
R (Pinheiro and Bates 2000; R Core Team 2011). Equations 
1–3 were used to get the relationship between biomass and 
predictor variables (Bi et al. 2004; Cai et al. 2013; Menendez-
Miguelez et al. 2013).
 W = a × Db (1)
 W = a × (D2 × H)b (2)
 W = a × (Db × Hc) (3)

Additive biomass models
The total above-ground biomass model was derived by using 
the same independent predictor variables that were used to 
calculate the biomass of tree components. In addition, the 
component-wise best fit models were added to get the final 
additive models for total above-ground biomass (Cunia and 
Briggs 1984; Parresol 1999). Models 1 and 2 included D and 
H as a single predictor respectively for the biomass models 
of tree components and additive model according to Bi et al. 
(2004) as follows:

Model 1
 Y1 = eβ10 Dβ11 + ε1

 Y2 = eβ20 Dβ21 + ε2

 Y3 = eβ30 Dβ31 + ε3

 Y4 = eβ40 Dβ41 + ε4

 Y5 = eβ10 Dβ11 + eβ20 Dβ21 + eβ30 Dβ31 + eβ40 Dβ41 + ε5

Model 2
 Y1 = eβ10 Hβ11 + ε1

 Y2 = eβ20 Hβ21 + ε2

 Y3 = eβ30 Hβ31 + ε3

 Y4 = eβ40 Hβ41 + ε4

 Y5 = eβ10Hβ11 + eβ20Hβ21 + eβ30 Hβ31 + eβ40 Hβ41 + ε5

Where Y1 to Y4 implies the component (leaf, branch, bark 
and stem) and Y5 indicates the total above-ground biomass 
(kg); βij denotes the regression coefficients. Here, the errors 
are intrinsically correlated for an individual tree and can be 
expressed as ε = [ε1, ε2, ε3, ε4, ε5] assuming ε equals 0 and 
the variance and covariance matrix (εεʹ) will be sum total (Σ). 

The cross equation restrictions on the structural parameters 
compel each coefficient to be shared between two equations.

We also used D and H at combinations (D2H and DβHβ) for 
Models 3 and 4 according to Bi et al. (2004), Williams et al. 
(2005), Cienciala et al. (2013) and Battulga et al. (2013) in the 
following way:

Model 3
 Y1 = eβ10 (D2H)β11 + ε1

 Y2 = eβ20 (D2H)β21 + ε2

 Y3 = eβ30 (D2H)β31 + ε3

 Y4 = eβ40 (D2H)β41 + ε4

 Y5 = eβ10 (D2H)β11 + eβ20 (D2H)β21 + eβ30 (D2H)β31 + eβ40 (D2H)β41 + ε5

Model 4
 Y1 = eβ10 Dβ11 Hβ12 + ε1

 Y2= eβ20 Dβ21 Hβ22 + ε2

 Y3= eβ30 Dβ31 Hβ32 + ε3

 Y4= eβ40 Dβ41 Hβ42 + ε4

 Y5 = eβ10 Dβ11 Hβ12 + eβ20 Dβ21 Hβ22 + eβ30 Dβ31 Hβ32 + eβ40 Dβ41 Hβ42 +ε5

Model 5 
This model was generated from the component wise (leaf, 
branch, bark and stem) best fitted model that contained the 
combination of
 Y = eβ10 Dβ11 + ε1,
 Y = eβ10 Hβ11 + ε1,
 Y = eβ10 (D2H)β11 + ε1

 and Y = eβ10 Dβ11 Hβ12 + ε1

Model 5 was adopted, as component-wise it contained the best 
model, according to Magalhães and Seifert (2015), Zhao et al. 
(2015) and Dimobe et al. (2018). Concurrent estimation of all 
four components was done by collapsing the four component 
functions into a single function using logical flags, and the 
specified variance structure was using the nlme varComb() 
function of R package (version 3.1-118). With the starting 
values of the parameters, β were obtained from the non-linear 
component models, the aggregative model parameters were 
then estimated by maximum likelihood using the gnls function 
of the nlme package (Pinheiro et al. 2014) of R environment (R 
Core Team 2014) for Gaussian maximum likelihood.

Weighting functions for heteroscedasticity
Heteroscedasticity of the residuals of tree biomass or volume 
data usually corresponds to the power relation between tree 
size and residual variance. Heteroscedasticity of our biomass 
data was corrected by a power variance var(εij) = σ2 × ǀ(Ŵij) 

2δ and was used in tree biomass models where var (εij) is 
the residual of the model, δ requires to be estimated, Ŵ has 
estimated biomass of j component of each tree and σ2 is a 
scaling factor (Fu et al. 2013; Zhao et al. 2019).

Model evaluation and validation
Data set A was used to develop component-wise models 
and the five candidate additive models. The fitness of the 
component models was evaluated by five goodness-of-fit 
statistics: the Akaike information criterion (AIC), the adjusted 
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coefficient of determination (adjusted R2), residual standard 
error (RSE), mean absolute error (MAE) and root mean 
square error (RMSE) (Soares and Schaeffer-Novelli 2005; 
Mahmood et al. 2016). The biomass model with the lowest 
AIC, RSE, RMSE and MAE, and the highest adjusted R2 was 
considered as best-fit. Residual distribution homogeneity and 
bias were checked visually by residual plots with LOESS 
regression lines overlaid on the plots.

The validation of the additive model was done by using a 
separated data set B (containing biomass of 17 individual 
trees) that was collected during the second visit. Model 
validation with a smaller number of the testing data sets may 
yield overfitting or underfitting of the derived model. Mugasha 
et al. (2013) reported that as few as 10 individual sample trees 
could be used to validate the biomass model. However, data 
set B of this study may not be able to capture the desired 
confidence in model validation considering the extent and 
variabilities (salinity, tidal inundation, vegetation types, etc.) of 
the Sundarbans Reserved Forest, which can be a source of 
uncertainty in model validation of this study.

The model fitting was evaluated by the model efficiency 
(ME), AIC, RMSE (%), MAE and the mean prediction error 
(MPE) values obtained from the independent biomass 
observations and the predicted biomass value of the additive 
model. Fitted values were compared against independent 
biomass observation (t-test) to test the validity of the model. 
Again, data set B was used to compare ME, MPE, bias (%) 
and mean absolute percentage error (MAPE) of the most 
commonly used allometric models that are used for mangroves 
(Brown 1997; Komiyama et al. 2005; Chave et al. 2005; Chave 
et al. 2014; Ray et al. 2011). Regression line Yp (in Y-axis) 
and Yo (in X-axis) was drawn for the best-fit model to compare 
with other frequently used models according to Piñeiro et al. 
(2008). A 1:1 line for each model also helped to realise over- or 
underestimation of the predicted biomass (Sileshi 2014). The 
alpha level was always kept at 0.05 for statistical analysis.

Results

Biomass partitioning
Biomass allocations to three different components were 
61.70 ± 10.31, 24.12 ± 7.44, 9.17 ± 6.64 and 5.0 ± 2.55 
(mean ± sd) for the stem, branch, bark and leaf respectively. 
The biomass proportion of leaf, branch and bark showed 
a decreasing pattern with increasing diameter while stem 
showed an opposite relationship (Figure 2).

Biomass additive systems
Both DBH (D) and total height showed a non-linear trend for 
leaf, branch, bark and stem as displayed in Figure 3. Models 
for each component were significant (p < 0.001) with a range 
of adjusted R2 value (0.6867–0.9884) (Table 1). The inclusion 
of total tree height in any form (alone or in combination with 
D) did not improve the evaluation statistics for leaves and 
branches, while the combination of D and H (Db. Hc) worked 
better for model evaluation (Adj. R2, AIC, RMSE, MAE and 
RSE) statistics of stem and bark. Models considered with H as 
a single predictor variable, on the other hand, failed to meet the 
criterion for model selection of all components (Table 1).

Additive Models 1, 3, 4 and 5 showed an insignificant differ-
ence between the predicted and observed total above-ground 

biomass values (paired t-test, p > 0.05), while Model 2 showed 
a significant difference. Although all the additive equations 
showed an acceptable model efficiency value (0.535–0.984), 
the component-wise best-fit additive model (Model 5: Biomass 
= 0.0389D2.3773 H0.4178 + 0.0492D2.3027 + 0.0112D1.1144 H1.4572 

+ 0.0306D1.8507), yielded the highest efficiency value (0.984) 
with the lowest AIC (116.797), RMSE% (1.987), MPE (1.374) 
and MAE (12.938) values. Additive Model 4 was a very close 
competitor of Model 5 having a close model efficiency (0.982) 
and MAE (13.063) values, and secured the second lowest 
AIC (118.392), RMSE% (2.211) and MPE (1.439) values. The 
other three models (Models 1, 2 and 3) displayed lower model 
efficiency value (0.972; 0.535; 0.981) with higher AIC (122.877; 
173.942; 119.732), RMSE % (2.85; 13.872; 1.152), MAE 
(18.185; 81.634; 15.583) and MPE (1.742; 7.375; 1.497) values 
respectively (Table 2). However, the graphical presentation 
of the studied additive models also indicated that diameter 
alone (Model 1) can explain the relationship, but Model 5 was 
the best-fit (Figure 4). The best model (Model 5) yielded the 
component-wise regression line (Figure 5a). The dots of the 
component were close to the 1:1 line (Figure 5b).

Evaluation of existing biomass equation
Our additive Model 5 showed the highest model efficiency 
value (0.9839) and lowest MPE (1.2465), MAPE (13.6876) 
and bias (1.9865%) compared to the common biomass 
models that are frequently used for biomass estimation of 
mangroves. However, the common biomass model of Chave 
et al. 2005 and Mahmood et al. (2019) were close competitors 
of the derived additive model of H. fomes (Table 3).
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Figure 2: Relationship of the component mass fraction with DBH
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Discussion

Accurate estimation of total biomass and biomass partition- 
ing among the components of trees are prerequisite for 
studying the photosynthate allocation to plant growth, 
forest productivity, nutrient and carbon cycling, and stock 
assessment (Kozlowski et al. 1991; Mahmood 2004; 
Bi et al. 2015). Our study showed a higher proportion 
of leaf, branch and bark biomass for the trees with a 
lower diameter. Conversely, a higher proportion of stem 
biomass was observed for trees with higher diameter. 
Collectively, stem biomass had the greatest contribution 
(approximately 41–78%), whereas the leaf represents 
the lowest portion (2–11%). Similar results were obtained 
for Rhizophora apiculata (Ong et al. 2004), R. mangle, 
Laguncularia racemosa and Avicennia germinans (Sherman 
et al. 2003), Kandelia candel and Excoecaria agallocha 
(Mahmood et al. 2015; Mahmood et al. 2016). Biomass parti- 
tioning among the tree components is highly variable by 
geographical location and microclimate (Tomlinson 1986), 
age, plant size (height and diameter) (Clough et al. 1997; 
Peichl and Arain 2007), species, tree architecture at different 
growing stages (sapling, pole and tree), and competition for 
the common resources like light, water, nutrients, etc. (Zeide 
1995; Mahmood 2004; Wang et al. 2013; Mensah et al. 2016).

Species specific biomass models usually include D and H 
as predictor variables to consider the variabilities of tree size 
(Picard et al. 2012). However, models having only the D as 
a single predictor variable were the best-fit model for leaf and 
branch. Biomass models with D as a single predictor variable 

are more convenient for biomass estimation in the field (Chave 
et al. 2014). The best-fit model of stem and bark contained 
a combination of D and H (Db. Hc) that indicates a single 
predictor variable has failed to capture the variabilities among 
the size of the sample trees in terms of their diameter and 
height. The inclusion of total height as an additional parameter 
for estimating the stem biomass of mangroves can minimise 
the overestimation (Ketterings et al. 2001; Feldpausch et al. 
2012). The goodness of fit statistics was poor for biomass 
models of leaf and branch in this study. In comparison, the fit 
statistics (Adj. R2) for leaf and branch of Kandelia candel and 
Excoecaria agallocha from the Sundarbans Researved Forest 
(Mahmood et al. 2015; Mahmood et al. 2016) were similar 
to those for this study. Therefore it can be expected that the 
best-fit models of leaf and branch will be able to satisfactorily 
estimate biomass. The biomass of leaves and branches is 
highly influenced by internal and external factors, which varies 
naturally in comparison with the biomass proportion of other 
components (Satoo and Madgwick 1982; Sanquetta et al. 
2015). This could be the reason to get poor goodness-of-fit 
statistics for leaf and branch models compared to stem and 
bark of this species.

Additivity in the biomass model is a desirable characteristic 
for predicting component as well as total above-ground 
biomass (Parresol 2001; Dong et al. 2015; Riofrío et al. 2015). 
Our study reveals that tree diameter alone can be used as 
an indispensable predictor of biomass models (Figure 4), 
findings similar to those of Henry et al. (2011) and Vahedi et al. 
(2014). Moreover, the additive Models 1, 3, 4 and 5 (having D 
alone and a combination of D and H) showed an insignificant 
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difference between the predicted and observed biomass 
values. Model 2 (H as single predictor) showed a significant 
difference. This could be the reason we observed least 
biomass prediction using Model 2 compared to other models. 

But, Model 4 was a close competitor of Model 5 considering 
the model evaluation statistics, which can also be used for 
total above-ground biomass estimation (Magalhães and Seifert 
2015; Zhao et al. 2015; Dimobe et al. 2018).
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Figure 4: Graphical illustrations of the additive models through scatterplots of the observed (X-axis) and the predicted (Y-axis) biomass 
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Our best-fit additive model (Model 5) exhibited higher effici-
ency in biomass estimation compared to frequently used 
pantropical models (Table 3). The model of Mahmood et al. 
(2019) was a very close competitor for biomass estimation of H. 
fomes as only this local model included this species. Among the 
others, the model of Chave et al. (2005) yielded an acceptable 
approximation. The species and site specific biomass models 
generate less uncertainty than pantropical models, as 
evidenced in a biomass study from Indonesia (Basuki et al. 
2009; Manuri et al. 2014; Maulana et al. 2016), Sarawak (Kenzo 
et al. 2009), Columbia (Alvarez et al. 2012), south-western 
Amazon (Goodman et al. 2013), Gabon (Ngomanda et al. 2014) 
and Vietnam (Nam et al. 2016). Therefore we can recommend 
using the derived best-fit additive model (Model 5) to estimate 
the biomass of H. fomes in the Sundarbans Reserved Forest 
instead of using other common models if the size range falls 
within the data material of our study (Nam et al. 2016).

Conclusions

The derived best-fit additive biomass model using the non- 
destructive method shows higher efficiency in biomass 
estimation compared to the other regional and pantropical 
models. Our developed model will therefore have implications 
for forest inventory and for the Measurement, Reporting and 
Verification Section of the REDD+ programme in Bangladesh. 
The findings of this study will contribute to climate change 
mitigation programmes in Bangladesh. Moreover, this 
non-destructive method can also be used for deriving additive 
biomass models for other species with greater accuracy 
compared to the available regional and pantropical models.

Acknowledgments — We thank the Food and Agriculture Organization 
of the United Nations (FAO) for supporting our field and laboratory 
expenses through grant number GCP/BGD/058/USA (LOA Code: 
FAOBGDLOA 2017-18). We appreciate the support of the Forest 
Department of Bangladesh while doing fieldwork in forest areas. We 
are thankful to the Forestry and Wood Technology Discipline, Khulna 
University, for their logistics support during laboratory analysis.

ORCID iD

Mahmood Hossain — https://orcid.org/0000-0002-9174-005X

References

Affleck DL, Diéguez-Aranda U. 2016. Additive nonlinear biomass 
equations: a likelihood-based approach. Forest Science 62(2): 
129–140.

Alvarez E, Rodríguez L, Duque A, Saldarriaga J, Cabrera K, et al. 
2012. Tree above-ground biomass allometries for carbon stocks 
estimation in the natural forests of Colombia. Forest Ecology and 
Management 267: 297–308.

Anitha K, Verchot LV, Joseph S, Herold M, Manuri S, Avitabile V. 
2015. A review of forest and tree plantation biomass equations in 
Indonesia. Annals of Forest Science 72: 981–997.

Antonio N, Tome M, Tome J, Soares P, Fontes L. 2007. Effect of 
tree, stand, and site variables on the allometry of Eucalyptus 
globulus tree biomass. Canadian Journal of Forestry Research 37: 
895–906.

Banerjee LK, Rao TA. 1990. Mangroves of Orissa Coast and their 
ecology. Dehra Dun: Bishen Singh Mohendra Pal Singh.

Basuki TM, Van Laake PE, Skidmore AK, Hussin YA. 2009. 
Allometric equations for estimating the above-ground biomass 
in tropical lowland Dipterocarp forests. Forest Ecology and 
Management 257(8): 1684–1694.

Battulga P, Tsogtbaatar J, Dulamsuren C, Hauck M. 2013. Equations 
for estimating the above-ground biomass of Larix sibirica in the 
forest-steppe of Mongolia. Journal of Forestry Research 24: 
431–437.

Bernard F, Minang PA, Adkins B, Freund JT. 2014. REDD+ projects 
and national-level Readiness processes: a case study from Kenya. 
Climate Policy 14(6): 788–800.

Bi H, Turner J, Lambert MJ. 2004. Additive biomass equations for 
native eucalypt forest trees of temperate Australia. Trees 18(4): 
467–479.

Bi H, Murphy S, Volkova L, Weston C, Fairman T, et al. 2015. 
Additive biomass equations based on complete weighing of sample 
trees for open eucalypt forest species in south-eastern Australia. 
Forest Ecology and Management 349: 106–121.

Brown C, Durst PB, Enters T. 2001. Forests out of bounds: impacts 
and effectiveness of logging bans in natural forests in Asia-Pacific. 
RAP Publication 2001/10. Bangkok: Food and Agriculture 
Organization of the United Nations.

Brown S. 1997. Estimating biomass and biomass change of tropical 
forests: a primer. FAO Forestry Paper 134. Rome: Food and 
Agriculture Organization of the United Nations.

Cai S, Kang X, Zhang L. 2013. Allometric models for above-ground 
biomass of ten tree species in northeast China. Annals of Forest 
Research 56(1): 105–122.

Chave J, Andalo C, Brown S, Cairns MA, Chambers JQ, et al. 2005. 
Tree allometry and improved estimation of carbon stocks and 
balance in tropical forests. Oecologia 145(1): 87–99.

Chave J, Réjou-Méchain M, Búrquez A, Chidumayo E, Colgan MS, et 
al. 2014. Improved allometric models to estimate the above-ground 
biomass of tropical trees. Global Change Biology 20(10): 
3177–3190.

Cienciala E, Centeio A, Blazek P, Soares MDCG, Russ R. 2013. 
Estimation of stem and tree level biomass models for Prosopis 
juliflora/pallida applicable to multi-stemmed tree species. Trees 
27(4): 1061–1070.

Clough BF, Dixon P, Dalhaus O. 1997. Allometric relationships for 

Source model Predictor Model efficiency MPE Bias MAPE
Brown (1997) DBH 0.9452 2.2977 −11.5511 16.6241
Komiyama et al. (2005) DBH 0.5815 6.3475 −47.2914 57.8171
Chave et al. 2014 DBH, height and wood density 0.9384 2.4345 −11.3548 16.0644
Chave et al. 2005 DBH, height and wood density 0.9633 1.8798 −4.2263 13.4661
Ray et al. 2011 DBH, height and wood density 0.1738 8.9185 60.2184 122.0214
Mahmood et al. 2019 DBH, height and wood density 0.9817 1.3277 4.6402 15.7294
Best-fit additive model DBH and height 0.9839 1.2465 1.9865 13.6876
DBH = diameter at breast height MPE = mean prediction error MAPE = mean absolute percentage error

Table 3: Comparison with some existing common biomass equations usually used for mangroves biomass estimation



Siddique, Hossain, Abdulla, Iqbal, Akhter, Sola, Saint-Andre and Henry194

estimating biomass in multi-stemmed mangrove tress. Australian 
Journal of Botany 45:1023–1031.

Cunia T, Briggs RD. 1984. Forcing additivity of biomass tables: some 
empirical results. Canadian Journal of Forestry Research 14(3): 
376–384.

Das S, Siddiqi NA. 1985. The mangroves and mangrove forests 
of Bangladesh. Bulletin-Bangladesh Forest Research Institute. 
Chittagong: Mangrove Silviculture Division.

Dimobe K, Mensah S, Goetze D, Ouédraogo A, Kuyah S, et al. 
2018. Above-ground biomass partitioning and additive models for 
Combretum glutinosum and Terminalia laxiflora in West Africa. 
Biomass and Bioenergy 115: 151–159.

Dong L, Zhang L, Li F. 2015. Developing additive systems of biomass 
equations for nine hardwood species in Northeast China. Trees 
29(4): 1149–1163.

Dong L, Zhang L, Li F. 2018. Additive biomass equations based on 
different dendrometric variables for two dominant species (Larix 
gmelini Rupr. and Betula platyphylla 498 Suk.) in natural forests 
in the eastern Daxing’an Mountains, Northeast China. Forests 9: 
261.

Estrada GCD, Soares MLG, Santos DMC, Fernandez V, de Almeida 
PMM, et al. 2014. Allometric models for above-ground biomass 
estimation of the mangrove Avicennia schaueriana. Hydrobiologia 
734(1): 171–185.

Feldpausch TR, Lloyd J, Lewis SL, Brienen RJ, Gloor M, et al. 2012. 
Tree height integrated into pantropical forest biomass estimates. 
Biogeosciences 3381–3403.

Fu L, Sharma RP, Hao K, Tang S. 2017. A generalized interregional 
nonlinear mixed-effects crown width model for Prince Rupprecht 
larch in northern China. Forest Ecology and Management 389: 
364–373.

Fu LY, Sun H, Sharma RP, Lei Y, Zhang H. 2013. Nonlinear mixed 
effects crown width models for individual trees of Chinese fir 
(Cunninghamia lanceolata) in south-central China. Forest Ecology 
and Management 302: 210–220.

Goodman RC, Phillips OL, del Castillo Torres D, Freitas L, Cortese ST,  
et al. 2013. Amazon palm biomass and allometry. Forest Ecology and 
Management 310: 994–1004.

Henry M, Picard N, Trotta C, Manlay R, Valentini R, et al. 2011. 
Estimating tree biomass of sub-Saharan African forests: a review 
of available allometric equations. Silva Fennica 45(3B): 477–569.

Hussain Z, Acharya G. 1994. Mangroves of the Sundarbans: Bangla-
desh (vol. 2). Bangkok: lUCN.

Hutchings P, Sanger P. 1987. Ecology of mangroves. St Lucia: 
University of Queensland Press.

Iftekhar MS, Islam MR. 2004. Degeneration of Bangladesh’s Sundar-
bans mangroves: a management issue. International Forestry 
Reviews 6(2): 123–135.

Islam MS. 2003. Perspectives of the coastal and marine fisheries of 
the Bay of Bengal, Bangladesh. Ocean and Coast Management 
46(8): 763–796.

Islam S, Feroz SM, Ahmed ZU, Chowdhury AH, Khan RI, Mamun 
AA. 2016. Species richness and diversity of the floristic 
composition of the Sundarbans mangrove reserve forest, 
Bangladesh in relation to spatial habitats and salinity. The 
Malaysian Forester 79: 7–38.

Jones AR, Raja Segaran R, Clarke KD, Waycott M, Goh WS, 
Gillanders BM. 2020. Estimating mangrove tree biomass and 
carbon content: a comparison of forest inventory techniques and 
drone imagery. Frontiers in Marine Science 6:784.

Karim A. 1994. Vegetation. In: Hussain Z, Acharya G (eds), Man- 
groves of the Sundarbans: Bangladesh (vol. 2). Bangkok: IUCN. 
pp 11–41.

Kenzo T, Furutani R, Hattori D, Kendawang JJ, Tanaka S, et al. 
2009. Allometric equations for accurate estimation of above-ground 
biomass in logged-over tropical rainforests in Sarawak, Malaysia. 
Journal of Forestry Research 14(6): 365–372.

Ketterings QM, Coe R, van Noordwijk M, Ambagau Y, Palm CA. 
2001. Reducing uncertainty in the use of allometric biomass 
equations for predicting above-ground tree biomass in mixed 
secondary forests. Forest Ecology and Management 146: 199–209.

Komiyama A, Poungparn S, Kato S. 2005. Common allometric 
equations for estimating the tree weight of mangroves. Journal of 
Tropical Ecology 21: 471–477.

Kozlowski TT, Kramer JP, Pallardy SG. 1991. The physiological 
ecology of woody plants. San Diego: Academic Press.

Kuyah S, Sileshi G, Rosenstock T. 2016. Allometric models based 
on Bayesian frameworks give better estimates of above-ground 
biomass in the miombo woodlands. Forests 7(2): 13.

Lambert MC, Ung CH, Raulier F. 2005. Canadian national tree 
above-ground biomass equations. Canadian Journal of Forestry 
Research 35: 1996–2018.

Louhaichi M, Hassan S, Clifton K, Johnson DE. 2018. A reliable and 
non-destructive method for estimating forage shrub cover and 
biomass in arid environments using digital vegetation charting 
technique. Agroforestry System 92(5): 1341–1352.

Magalhães TM, Seifert T. 2015. Biomass modelling of Androstachys 
johnsonii Prain: a comparison of three methods to enforce 
additivity. International Journal of Forestry Research 2015: 878402. 
https://doi.org/10.1155/2015/878402

Mahmood H. 2004. Biomass, litter production and selected nutrients 
in Bruguiera parviflora (Roxb.) Wight & Arn. dominated mangrove 
forest ecosystem at Kuala Selangor, Malaysia. Doctoral thesis, 
Universiti Putra Malaysia, Malaysia.

Mahmood H. 2014. Carbon pools and fluxes in Bruguiera parviflora 
dominated naturally growing mangrove forest of Peninsular 
Malaysia, Wetlands Ecology and Management 22(1): 15–23.

Mahmood H. 2015. Handbook of selected plant species of the 
Sundarbans and the embankment ecosystem. Dhaka: Sustainable 
Development and Biodiversity Conservation in Coastal protection 
Forests, Bangladesh, and GIZ GmbH, German Federal Ministry for 
Economic Cooperation and Development (BMZ).

Mahmood H, Saberi O, Japar Sidik B, Misri K. 2008. Net primary 
productivity of Bruguiera parviflora (Wight & Arn.) dominated 
mangrove forest at Kuala Selangor, Malaysia. Forest Ecology and 
Management 255: 179–182.

Mahmood H, Saha S, Siddique MRH, Hasan MN. 2014. Salinity 
stress on growth, nutrients and carbon distribution in seedlings 
parts of Heritiera fomes. International Journal of Environmental 
Engineering 1(4): 71–77.

Mahmood H, Saha C, Abdullah SR, Saha S, Siddique MRH. 2016. 
Allometric biomass, nutrient and carbon stock models for Kandelia 
candel of the Sundarbans, Bangladesh. Trees 30(3): 709–717.

Mahmood H, Siddique MRH, Saha S, Abdullah SMR. 2015. 
Allometric models for biomass, nutrients and carbon stock in 
Excoecaria agallocha of the Sundarbans, Bangladesh. Wetlands 
Ecology and Management. 23 (4): 765–774.

Mahmood H, Siddique MRHS, Abdullah SMR, Akhter M, Islam SMZ. 
2017. Manual for building tree volume and biomass allometric 
equation for Bangladesh. Dhaka: Bangladesh Forest Department.

Mahmood H, Siddique MRH, Abdullah SR, Costello L, Matieu H, et al. 
2019. Which option best estimates the above-ground biomass of 
mangroves of Bangladesh: pantropical or site-and species-specific 
models? Wetlands Ecology and Management 27(4): 553–569.

Manuri S, Brack C, Nugroho NP, Hergoualc’h K, Novita N, Dotzauer 
H, Verchot L, Putra CA, Widyasari E. 2014. Tree biomass 
equations for tropical peat swamp forest ecosystems in Indonesia. 
Forest Ecology and Management 334: 241–53.

Maulana SI, Wibisono Y, Utomo S. 2016. Development of local 
allometric equation to estimate total above-ground biomass in 
Papua tropical forest. Indonesian Journal of Forestry Research 
3(2): 107–118.

Maxwell JT, Harley GL, Rahman AF. 2018. Annual growth rings 
in two mangrove species from the Sundarbans, Bangladesh 



Southern Forests 2021, 83(3): 185–195 195

demonstrate linkages to sea-level rise and broad-scale 
ocean-atmosphere variability. Wetlands 38: 1159–1170.

Menendez-Miguelez M, Canga E, Barrio-Anta M, Majada J, Alvarez-
Alvarez P. 2013. A three level system for estimating the biomass 
of Castanea sativa Mill. coppice stands in north-west Spain. Forest 
Ecology and Management 291: 417–426.

Meng S, Liu Q, Zhou G, Jia Q, Zhuang H, Zhou H. 2017. Above-ground  
tree additive biomass equations for two dominant deciduous tree 
species in Daxing’anling, northernmost China. Journal of Forestry 
Research 22(4): 233–240.

Mensah S, Kakaï RG, Seifert T. 2016. Patterns of biomass allocation 
between foliage and woody structure: the effects of tree size and 
specific functional traits. Annals of Forestry Research 59(1): 49–60.

Mugasha WA, Eid T, Bollandsås OM, Malimbwi RE, Chamshama 
SAO, et al. 2013. Allometric models for prediction of above-and 
belowground biomass of trees in the miombo woodlands of 
Tanzania. Forest Ecology and Management 310: 87–101.

Nam VT, Van Kuijk M, Anten NP. 2016. Allometric equations for 
above-ground and below-ground biomass estimations in an 
evergreen forest in Vietnam. PloS One 11(6): e0156827

Ngomanda A, Obiang NLE, Lebamba J, Mavouroulou QM, Gomat H, 
et al. 2014. Site-specific versus pantropical allometric equations: 
Which option to estimate the biomass of a moist central African 
forest? Forest Ecology and Management 312: 1–9.

Ong JE, Gong WK, Wong CH. 2004. Allometry and partitioning of the 
mangrove, Rhizophora apiculata. Forest Ecology and Management 
188(1–3): 395–408.

Parresol BR. 1999. Assessing tree and stand biomass: A review with 
examples and critical comparisons. Forest Science 45(4): 573–593.

Parresol BR. 2001. Additivity of nonlinear biomass equations. 
Canadian Journal of Forestry Research 31(5): 865–878.

Peichl M, Arain MA. 2007. Allometry and partitioning of above- and 
below-ground tree biomass in an age-sequence of white pine 
forests. Forest Ecology and Management 253: 68–80.

Picard N, Saint-André L, Henry M. 2012. Manual for building tree 
volume and biomass allometric equations: from field measurement 
to prediction. Rome: Food and Agriculture Organization of the 
United Nations.

Piñeiro G, Perelman S, Guerschman JP, Paruelo, JM. 2008. How to 
evaluate models: observed vs. predicted or predicted vs. observed? 
Ecological Modeling 216 (3–4): 316–322.

Pinheiro JC, Bates DW. 2000. Mixed-effects models in S and 
S-PLUS. New York: Springer.

Pinheiro J, Bornkamp B, Glimmb E, Bretz F. 2014. Model-based dose 
finding under model uncertainty using general parametric models. 
Statistics in Medicine 33: 1646–1661.

Polidoro BA, Carpenter KE, Collins L, Duke NC, Ellison AM, et al. 
2010. The loss of species: mangrove extinction risk and geographic 
areas of global concern. PloS One 5(4): e10095.

Rahman MM, Khan MNI, Hoque AKF, Ahmed I. 2015b. Carbon stock 
in the Sundarbans mangrove forest: spatial variations in vegetation 
types and salinity zones. Wetlands Ecology and Management 23: 
269–283.

Rahman MS, Hossain GM, Khan SA, Uddin SN. 2015a. An 
annotated checklist of the vascular plants of Sundarban Mangrove 
Forest of Bangladesh. Bangladesh Journal of Plant Taxonomy 22: 
17–41.

Ray R, Ganguly D, Chowdhury C, Dey M, Das S, et al. 2011. Carbon 
sequestration and annual increase of carbon stock in a mangrove 
forest. Atmospheric Environment 45(28): 5016–5024.

R Core Team. 2011. A language and environment for statistical 
computing. Vienna: R Foundation for Statistical Computing. http://
www.R-project.org/

Riofrío J, Herrero C, Grijalva J, Bravo F. 2015. Above-ground tree 
additive biomass models in Ecuadorian highland agroforestry 
systems. Biomass and Bioenergy 80: 252–259.

Roxburgh SH, Paul KI, Clifford D, England JR, Raison RJ. 2015. 

Guidelines for constructing allometric models for the prediction 
of woody biomass: how many individuals to harvest? Ecosphere 
6(3): 1–27.

Sanquetta CR, Behling A, Dalla Corte AP, Netto SP, Schikowski AB, 
Do Amaral MK. 2015. Simultaneous estimation as alternative to 
independent modeling of tree biomass. Annals of Forest Science 
72(8): 1099–1112.

Satoo T, Madgwick HAL. 1982. Forest biomass. The Hague: Springer 
Science & Business Media.

Sattar MA, Bhattacharjee DK, Kabir MF. 1999. Physical and mechani- 
cal properties and uses of timbers of Bangladesh. Chittagong: 
Bangladesh Forest Research Institute.

Sherman RE, Fahey TJ, Martinez P. 2003. Spatial patterns of 
biomass and above-ground net primary productivity in a mangrove 
ecosystem in the Dominican Republic. Ecosystems 6(4): 384–398.

Siddique MRH, Saha S, Salekin S, Mahmood H. 2017. Salinity strongly 
drives the survival, growth, leaf demography, and nutrient partition- 
ing in seedlings of Xylocarpus granatum J. König. iForest 10(5): 851.

Sileshi GW. 2014. A critical review of forest biomass estimation 
models, common mistakes and corrective measures. Forest 
Ecology and Management 329: 237–254.

Soares MLG, Schaeffer-Novelli Y. 2005. Above-ground biomass of 
mangrove species. I. Analysis of models. Estuarine, Coastal and 
Shelf Science 65(1–2): 1–18.

Tomlinson PB. 1986. The botany of mangroves. Cambridge: 
Cambridge University Press.

UNESCO. 2021. The Sundarbans—UNESCO World Heritage Centre. 
https://whc.unesco.org/en/list/798/ (accessed 20 March 2021).

Vahedi AA, Mataji A, Babayi-Kafaki S, Eshaghi-Rad J, Hodjati SM, 
Djomo A. 2014. Allometric equations for predicting above-ground 
biomass of beech-hornbeam standsin the Hyrcanian forests of Iran. 
Journal of Forest Science 60(6): 236–247.

Wahid SM, Babel MS, Bhuiyan AR. 2007. Hydrologic monitoring and 
analysis in the Sundarbans mangrove ecosystem, Bangladesh. 
Journal of Hydrology 332(3–4): 381–395.

Wang F, Xu X, Zou B, Guo Z, Li Z, Zhu W. 2013. Biomass 
accumulation and carbon sequestration in four different aged 
Casuarina equisetifolia coastal shelterbelt plantations in south 
China. PloS One 8(10): e77449.

Widagdo FR, Xie L, Dong L, Li F. 2020. Origin-based biomass 
allometric equations, biomass partitioning, and carbon 
concentration variations of planted and natural Larix gmelinii in 
northeast China. Global Ecology and Conservation 23: e01111.

Williams R, Zerihun A, Montagu K, Hoffman M, Hutley LB, Chen 
X. 2005. Allometry for estimating above-ground tree biomass in 
tropical and subtropical eucalypt woodlands: towards general 
predictive equations. Australian Journal of Botany 53: 607–619.

Yatskov MA, Harmon ME, Barrett TM, Dobelbower KR. 2019. 
Carbon pools and biomass stores in the forests of Coastal Alaska: 
Uncertainty of estimates and impact of disturbance. Forest Ecology 
and Management 434: 303–317.

Zeide B. 1995. A relationship between size of trees and their number. 
Forest Ecology and Management 72(2–3): 265–272.

Zhang C, Peng DL, Huang GS, Zeng WS. 2016. Developing above- 
ground biomass equations both compatible with tree volume 
equations and additive systems for single-trees in poplar plantations 
in Jiangsu province, China. Forests 7: 32. doi:10.3390/f7020032

Zhao D, Kane M, Markewitz D, Teskey R, Clutter M. 2015. Additive 
tree biomass equations for midrotation loblolly pine plantations. 
Forest Science 61(4): 613–623.

Zhao D, Westfall J, Coulston JW, Lynch TB, Bullock BP, Montes CR. 
2019. Additive biomass equations for slash pine trees: comparing 
three modeling approaches. Canadian Journal of Forestry 
Research 49 (1): 27–40.

Zhu D, Hui D, Wang M, Yang Q, Li Z, Huang Z, Yuan H, Yu S. 2021. 
Allometric growth and carbon storage in the mangrove Sonneratia 
apetala. Wetlands Ecology and Management 29: 129–141.




