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Abstract: Accurate estimations of leaf biomass are required to quantify the amount of material and
energy exchanged between vegetation and the atmosphere, to enhance the primary productivity of
forest stands, and to assess the contributions of vegetation towards the mitigation of global climate
change. The leaf biomass of Moso bamboo (Phyllostachys edulis (Carrière) J. Houz) changes dramati-
cally during the year owing to changes in the leaves and the growth of new shoots. Furthermore,
the relationship between the leaf biomass of Moso bamboo under cutting the top of the culm and
the diameter at breast height (D) and culm height is decoupling, which increases the difficulty of
estimating leaf biomass. Consequently, an effective method to accurately estimate the leaf biomass of
Moso bamboo under cutting the top of the culm is required. In this study, leaf biomass and other
factors (age, D, culm height, crown length, and crown width) were measured for 54 bamboo samples
collected from December 2019 to December 2020. Models for predicting the leaf biomass of the Moso
bamboo were established using multiple linear regression with two strategies, and their accuracies
were evaluated using leave-one-out cross-validation. The results showed that crown length, crown
width, and age were highly correlated with leaf biomass, and these were important factors when
making estimations. Variation in monthly averaged leaf biomass is significant, with a decreasing
trend from January to May and an increasing trend from June to December in off-years. The leaf
biomass model that utilized data from the three leaf change periods had a better fit and accuracy,
with R2 values of 0.583–0.848 and prediction errors between 8.59% and 24.19%. The model that
utilized data for all months had a worse fit and accuracy, with an R2 value of 0.228 and prediction
error of 46.79%. The results of this study provide reference data and technical support to help
clarify the dynamic changes in Moso bamboo leaf biomass, and therefore, aid in the development of
accurate simulations.

Keywords: leaf biomass; Moso bamboo; modeling schemes; accuracy comparison; intensive

1. Introduction

Plant leaves synthesize the organic matter required for growth via photosynthesis
and help to drive water and nutrient uptake by the root system [1]. They also play key
roles in forests owing to their carbon uptake, oxygen emissions, and contributions to
cooling and wind protection [2,3]. Furthermore, because they are highly dynamic carbon
reservoirs, leaves are one of the key driving parameters in ecophysiological process models,
such as those for nutrient balance [4], as they can reflect the ability of a tree or stand to
intercept radiation, absorb carbon dioxide, store carbohydrates, intercept rainfall, evaporate
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water, and to some extent, accumulate and store nutrients [5]. Therefore, leaf biomass is
an important component of the microenvironment, tree growth, and stand dynamics [6].
It can also determine a plant’s potential to absorb and use light energy, the amount of
material and energy exchanged between plants and the atmosphere, and is utilized as a
key parameter in the study of plant physiological and ecological processes, materials, and
energy cycles [7–9]. Therefore, accurate assessments of plant leaf biomass are important
when quantifying the exchange of carbon and water between plants and the atmosphere,
enhancing productivity, and assessing the contributions of vegetation to the mitigation of
global climate change [10,11].

Direct harvesting and indirect estimation methods are currently used to determine
leaf biomass [12]. Direct harvesting involves felling a tree, separating the branches and the
leaves, and then drying and weighing the leaves to obtain the leaf biomass [13]. This is the
traditional and most accurate method to obtain leaf biomass, but it is time-consuming and
disruptive to the environment, and the accuracy of the results are subject to considerable un-
certainty when extended to larger areas [14,15]. Indirect estimation methods are subdivided
into remote sensing and biomass modeling methods. Remote sensing estimations are based
on the reflectance spectral characteristics of plants, and vegetation index characteristics
are used to estimate biomass. This method provides large- and multiscale data for rapid,
quantitative assessments of the aboveground biomass of forests at the regional scale and
their changes. However, it can also have insufficient estimation accuracy, and there can be
uncertainty of the data sources and biomass models [16–18].

The biomass modeling approach requires the collection of numerous samples and
the processing of large amounts of data in preliminary research to develop mathematical
models of leaf biomass and tree measurement factors [19,20], which can then be applied
to other similar areas when making estimations [21]. Currently, this is a popular method,
as it has a high likelihood of producing accurate results and is less time-consuming and
less costly than direct harvesting [12]. Many scholars have estimated leaf biomass using
a biomass modeling method, for example, Kittredge [22] used a single factor, diameter at
breast height, to predict the leaf biomass of yellow pine species, and the standard error
of prediction was only 11.2%. Biomass modeling also commonly uses a combination of
variables to measure trees. For example, Loomis et al. [23] used the diameter at breast
height and crown ratio as combination variables to model the canopy biomass of species,
such as the short leaf pine, and found a correlation coefficient of 0.99 and a standard
deviation of 0.081. Socha et al. [7] used tree measurement factors including height, diameter
at breast height, incremental section area, age, and crown length to develop empirical
equations for the leaf biomass of Pinus sylvestris, resulting in an accurate estimate of plant
leaf biomass with model interpretations ranging from 65% to 85%. To simulate changes in
leaf biomass dynamics, some scholars have constructed models based on changes in forest
tree growth. Cleary et al. [24] found that sagebrush leaf biomass varied with the month
of the growing season and that leaf biomass was significantly correlated with the month
(p < 0.01). Doughert et al. [5] investigated torch pine, and a logistic equation was used to
predict the cumulative growth of leaf biomass by month, and the correlation coefficient
reached 0.99, with a percentage deviation of 11.6%. Ross et al. [25] proposed a statistical
interpolation method to calculate the leaf area index, downward cumulative leaf area index,
and canopy leaf area density for any given day during the plant growing season using plant
stem height and time as independent variables. Thus, leaf growth state changes with time;
however, to date, only a few studies have focused on a dynamic model for leaf biomass
changes with time, and consequently, the construction of a dynamic model reflecting these
changes would have both theoretical and practical significance.

Moso bamboo is a major bamboo species that is widely distributed in the tropical
and subtropical regions of East and Southeast Asia. The Moso bamboo forests in China
account for 84.02% of its global distribution [26]. In recent years, Moso bamboo has
received increasing attention because of its fast growth rate, high renewal capacity, and
high carbon sequestration potential [27–32]. The growth process of Moso bamboo differs
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from that of other types of vegetation, as after the bamboo shoots undergo their tall growth
period, the height, diameter at breast height, and volume are not expected to change
significantly [31,33]. Furthermore, Moso bamboo forests experience the phenomenon of
on-years and off-years; in on-years, Moso bamboo starts sprouting new bamboo shoots
in spring, and they start spreading their leaves in mid to late May when the leaf biomass
increases [26,34], and the leaf biomass of the stand canopy increases by approximately
30% in just one month. The leaf changes in off-years start in March, and as the old leaves
drop, new leaves start to grow in April–May and fully expand in June, but the sprouting
of new leaves time varies with age, as this occurs latest at 1–2 years, earliest at 3–4 years,
and somewhere in between these two at 5–6 years. During the leaf change period, Moso
bamboo leaf biomass has been found to vary significantly with time, showing a decreasing
trend followed by a rapid increase [34–36]. Since Moso bamboo leaves are dense and do
not shed their leaves in winter, they are prone to bending, breaking, and falling down
when exposed to continuing snow and freezing weather [37]. This results in serious
damage to the productivity of Moso bamboo stands. Obtruncation, which means cutting
off a part of the culm top, is a widely used management pruning measure to increase the
resistance of Moso bamboo to snow damage in China [38,39]. Usually, the length of the
top of the culm cut off by obtruncation reaches 1/5–1/6 of the culm height during late
autumn [40]. Obtruncation causes large decreases in leaf biomass. Hence, obtruncation
changes the relationship between Moso bamboo leaf biomass and bamboo measurement
factors. In summary, estimating the dynamic changes in the biomass of a single Moso
bamboo leaf using diameter at breast height and culm height is challenging, as they do not
change after maturity and the factors affecting leaf biomass are diverse and complex. Thus,
feasible methods are needed to accurately simulate the dynamic changes in Moso bamboo
leaf biomass.

To build a Moso bamboo leaf biomass model, sample data over a long time period are
required. However, there are limited reports on leaf biomass change patterns and dynamic
change model simulations during the whole leaf change process of Moso bamboo. In this
study, the biomass harvesting method was used to determine the monthly leaf biomass of
individual Moso bamboo plants and their bamboo measurement factors, such as diameter
at breast height, bamboo height, crown width, and crown length. The Moso bamboo leaf
biomass change period was divided into three time periods according to the before-leaf
change period (Before-LCP, January–March), leaf change period (LCP, April–May), and
after-leaf change period (After-LCP, June–December). The Moso bamboo leaf biomass
models that were established were for the whole year (Model 1) and each leaf change
period (Model 2). The main objectives of this study were: (1) to analyze the monthly scale
dynamic variation patterns of Moso bamboo leaf biomass and (2) to construct models
to estimate the dynamic variations in Moso bamboo leaf biomass and to compare the
differences in accuracy of the models based on the two strategies. The results provide
reference data and technical support to help clarify the dynamic patterns of change in Moso
bamboo leaf biomass and to perform accurate simulations.

2. Materials and Methods
2.1. Study Area

The study was conducted in Anji County, Huzhou City, in the northeast of Zhe-
jiang Province, China (30◦28′ N, 119◦40′ E). The topography of the area is high in the
southwest and low in the northeast, with an average slope of 15◦ and an elevation of
approximately 380 m. The area has a subtropical maritime monsoon climate; the average
annual temperature ranges from 12.20 to 15.60 ◦C, and the average annual precipitation
is 1100–1900 mm [39]. The overall characteristics of the area are sufficient light, a suitable
climate, abundant rainfall, and obvious seasons. The forest coverage in Anji County is
71.1%, with 130,000 ha of forested land [41]. The region has 75,700 ha of bamboo forest,
of which 60,000 ha is Moso bamboo forest area, accounting for 79.3% of the total bamboo
forest area [42]. The mean diameter at breast height of the Moso bamboo in this region
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is 9.3 cm, the density of the bamboo culms is 3235 culms per hectare [43], and its mean
aboveground biomass is 44.2 Mg ha−1 [44]. In this study area, the tops of new bamboo are
obtruncated during October and December in order to reduce damage caused by frozen
snow [39]. The length of the top of the culm cut off by obtruncation is about 3–5 m.

2.2. Sample Collection

The sample bamboos were selected in a 1000 m × 1000 m sample plot centered on the
flux tower (30.476◦ N, 119.673◦ E) in Shanchuan Township of Anji County. The biomass
harvesting method was used to calculate the leaf biomass and bamboo measurement factors
of 6–8 Moso bamboo plants per month in off-year (Table 1). The age of Moso bamboo is
determined by the characteristics of the culm sheath, the growth state of the branches and
leaves, and the external color of the culm [29], which was classified as 1 to 3 du. The 1 du is
the age of bamboo less than 1 year old, 2 du is the age of bamboo between 2 and 3 years
old, and 3 du is the age of bamboo between 4 and 5 years old. The bamboos with age over
5 years were cut under intensive management. The diameter at breast height (D) of the
54 sample bamboos was between 7.0 cm and 13.8 cm. All sample bamboo leaves were dried
at a temperature of 85 ◦C to a constant weight, and then weighed.

Table 1. Characteristics of sample bamboo in different months.

Date SM A(du) D (cm) H (m) CL (m) CW (m) W (g)

3 December 2019 8 1~3 9.09 ± 1.44 9.37 ± 1.17 3.24 ± 0.62 3.19 ± 0.23 673.47 ± 395.67
8 January 2020 8 1~3 11.38 ± 1.52 10.73 ± 0.91 3.68 ± 0.79 2.95 ± 0.35 652.80 ± 339.75

9 May 2020 8 2~3 10.54 ± 1.01 10.37 ± 0.68 3.51 ± 0.63 2.55 ± 0.17 315.19 ± 74.20
17 June 2020 8 2~3 10.19 ± 0.88 10.24 ± 0.62 3.39 ± 0.81 2.49 ± 0.26 1059.36 ± 392.26
30 July 2020 8 2~3 10.51 ± 1.31 10.44 ± 0.86 3.74 ± 0.95 2.61 ± 0.24 1399.97 ± 294.10

15 October 2020 8 1~3 11.29 ± 1.10 10.24 ± 0.59 3.11 ± 0.71 2.43 ± 0.20 1466.37 ± 323.71
3 December 2020 6 1~3 10.55 ± 1.83 10.44 ± 0.72 4.27 ± 0.43 2.65 ± 0.31 1578.70 ± 256.54

Note: Data for diameter at breast height (D), culm height (H), crown length (CL), crown width (CW) and leaf
biomass (W) in the table are expressed as mean ± standard error; sample number (SM) indicates the number of
sample bamboos; age (A) indicates the age range of sample bamboos.

2.3. Leaf Biomass Model

Since the Moso bamboo, in off-years, changes its leaves from March to May, the leaf
biomass has a significantly dynamic change process. According to the changes in the leaf
growth state during the off-years for the Moso bamboo, the leaf growth state was divided
into three periods: (1) Before-LCP is from January to the end of March, when the leaves
turn yellow but do not fall; (2) LCP is from April to the end of May, when the old leaves
are shed, and the new leaves are fully spread out; (3) After-LCP is from June to December,
which is after-the LCP when the new leaves are fully expanded and remain stable [42,45].
Therefore, to accurately estimate the leaf biomass of Moso bamboo, two strategies were
used to build the leaf biomass estimation models. Model 1 was based on all the data
collected throughout the year from January to December. Model 2 was based on the data
for each leaf change period.

Five bamboo measurement factors, including age (A), D, culm height (H), crown
length (CL), and crown width (CW) were selected as independent variables in this study. A
correlation analysis between leaf biomass and bamboo measurement factors was performed
using the SPSS 26.0 analysis software. Multiple linear regression models have been widely
used for estimating the leaf biomass of forest based on strong relationships between leaf
biomass and D and H [46]. The most relevant variables can be selected by means of Bayesian
information criteria, F-statistics, or stepwise regression analysis, with the aim of explaining
the maximum variability of the dependent variable with fewer independent variables [47].
Therefore, multiple linear regression was used for leaf biomass modeling in this study.
Multiple linear regression models for estimating leaf biomass of Moso bamboo were built
for all possible combinations of the independent variables. Then, the metrics of variance
inflation factor (VIF), Akaike information criterion (AIC), and relative root mean square
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error (RMSEr) were used to select the suitable independent variables for estimating leaf
biomass. Additionally, three allometric equations with D and H as independent variables
were also used to estimate leaf biomass (Equations (1)–(3)) [29,48,49]:

W = aDb (1)

W = aHb (2)

W = a
(

D2H
)b

(3)

where W is leaf biomass, a and b are model parameters, D is diameter at breast height, H is
culm height.

2.4. Data Analysis

Owing to the limited number of samples from the different leaf growth stages of the
Moso bamboo in this study, the model was tested using the leave-one-out cross-validation
method. One sample was taken from all samples (N) as the test sample, the remaining
N−1 data were used for modeling, and the average results for N times were calculated to
evaluate the prediction accuracy of the model. The coefficient of determination (R2), root
mean square error (RMSE), RMSEr, VIF, AIC [50], Bias [51], and mean absolute percentage
error (MAPE; [52]) were used to evaluate and compare the leaf biomass models. A larger
R2 value and lower RMSE, RMSEr, Bias, MAPE, and AIC values indicate a better model fit
and prediction accuracy.

The specific calculation formulae used were as follows (Equations (4)–(9)):

R2 = 1− ∑(ŷi − y)2

∑(yi − y)2 (4)

RMSE =

√
1
n

n

∑
i=1

(ŷi − yi)
2 (5)

RMSEr (%) = 100
RMSE

y
(6)

AIC = 2k + nlog
(

RSS
n

)
(7)

MAPE(%) =
100
n

n

∑
i=1

|yi − ŷi|
yi

(8)

Bias(%) =
100
n

n

∑
i=1

ŷi − yi
yi

(9)

where yi is the observed value, ŷi is the predicted value, y is the average observed value,
n is the number of samples, k is the number of parameters in the model, RSS is the residual
sum of squares.

3. Analysis of Results
3.1. Monthly Scale Variations in Leaf Biomass

The leaf biomass measurements for each month were approximately normally dis-
tributed, but there were differences in the ranges of their weights (Figure 1). The leaf
biomasses in December 2019 and January 2020 were similar, ranging from approximately
500 to 1000 g, while in May 2020, leaf biomass was approximately 250–500 g, and in June
2020, it was approximately 500–1500 g. The weight of the leaf biomasses in July, October,
and December 2020 was similar, ranging from approximately 1000 to 1600 g. The mean
leaf biomass, which was 673.47 g in December 2019, declining to 652.80 g in January 2020,
dropping to a minimum of 315.19 g in May 2020 (leaf change), and then increasing rapidly
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to 1059.36 g in June, and it tended to be stable from July to December, ranging from 1400
to 1600 g. The variations in monthly leaf biomass showed a trend of decreasing and then
increasing, reflecting a change in the leaf biomass of the Moso bamboo that was caused by
the leaf change process. An analysis of the dynamic changes in the leaf biomass of Moso
bamboo for different diameter classes also showed that leaf biomasses were significantly
different among the three LCPs (Figure 2). The leaf biomass for the After-LCP was the
highest, followed by the Before-LCP.
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3.2. Correlation Analysis of the Leaf Biomass and Bamboo Measurement Factors

The results of the correlation analysis between the leaf biomass and the measured
tree factors were significantly different for the two modeling strategies (Table 2). For the
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data from all months, leaf biomass was highly significantly correlated with crown length
(p < 0.01), with a correlation coefficient of 0.356. For the three leaf change periods, leaf
biomass in the Before-LCP was highly significantly correlated with culm height (p < 0.01)
with a correlation coefficient of 0.657 and significantly correlated with age and crown
length (p < 0.05), with correlation coefficients of 0.600 and 0.564, respectively. Leaf biomass
in the LCP was significantly correlated with crown width (p < 0.05), with a correlation
coefficient of 0.792. Leaf biomass in the After-LCP was highly significantly correlated
with crown width and crown length (p < 0.01) with correlation coefficients of 0.576 and
0.495, respectively, followed by age (p < 0.05) with a correlation coefficient of −0.435. In
general, crown length, crown width, and age were more highly correlated with leaf biomass,
while diameter at breast height was not significantly correlated with leaf biomass. The
descending order of correlation was as follows: crown length > crown width = age > culm
height > diameter at breast height.

Table 2. Results of correlation analysis between leaf biomass and bamboo measurement factors.

Time Period A D H CL CW

All months 0.114 0.267 0.235 0.356 ** −0.081

Three
periods

Before-LCP 0.600 * 0.444 0.657 ** 0.564 * 0.310
LCP 0.053 −0.436 −0.111 0.239 0.792 *
After-LCP −0.435 * 0.290 0.037 0.495 ** 0.576 **

Note: The data in the table indicate the correlation coefficients between bamboo measurement factors and leaf
biomass; ** indicates Pearson correlation at 0.01 level; * indicates Pearson correlation at 0.05 level; LCP is leaf
change period; Before-LCP indicates December 2019 and January 2020; LCP indicates May 2020; After-LCP
indicates June 2020, July 2020, October 2020 and December 2020.

3.3. Statistical Model of Leaf Biomass
3.3.1. Leaf Biomass Model Based on Data from All Months (Model 1)

Multiple linear regressions with different combinations of independent variables were
built for dataset from all months (Table A1). The combination of independent variables
including A, D, CL, and CW was the best with small AIC and RMSEr values. The VIF value
was 1.207, indicating that there was no collinearity problem for the selected multiple linear
regression. The allometric models did not improve the accuracy of leaf biomass estimates
(Table 3), which had higher AIC and RMSEr values than those of the selected multiple linear
regression. Therefore, the multiple linear regression was used to estimate leaf biomass of
Moso bamboo in this study.

Table 3. Fitting results for allometric equations with diameter at breast height and culm height as
independent variables.

Model a b AIC R2 RMSE (g) RMSEr (%)

W = aD b 86.605 1.040 675.99 0.071 513.18 51.31%
W = aH b 39.582 1.387 677.02 0.054 518.09 51.80%
W = a(D2H) b 53.328 0.417 676.20 0.068 514.20 51.40%

Note: W donates leaf biomass; a and b denote model parameters; D donates diameter at breast height; H donates
culm height.

Model 1 was constructed using the independent variables of A, D, CL, and CW. The
multiple linear regression was as follows: W = −728.891 + 104.671A + 92.82D + 270.853CL
− 163.289CW, with R2, RMSE, RMSEr, and AIC values of 0.228, 468.01 g, 46.79%, and 672.04,
respectively. The R2, RMSE, and RMSEr values for the validation data were 0.108, 509.74 g,
and 50.97%, respectively (Figure 3), using the leave-one-out cross-validation method. It can
be seen that Model 1 has an R2 value less than 0.5 and an RMSEr value more than 45% for
both fitted and validated data, indicating that Model 1 showed poor prediction accuracy.
Therefore, Model 1 was not suitable for estimating Moso bamboo leaf biomass.
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Model 1 line (Figure 3) show that there were significant deviations between the
simulated and validated leaf biomass values and measured leaf biomass values. The
sample points deviated significantly above and below the 1:1 line, indicating that most of
the sample points were poorly fitted and predicted, with significant overestimation in low
biomass areas and significant underestimation in high biomass areas.

In Figure 4, it can be seen that the residuals tend to increase with an increase in
predicted leaf biomass, indicating that the residuals exist heteroscedasticity, which may
overestimate or underestimate the variance of the parameter estimates, and thus, reduce
the validity of the model for leaf biomass prediction.
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3.3.2. Leaf Biomass Model Based on Three Leaf Change Periods (Model 2)

The optimal independent variables for estimating leaf biomass of the three leaf change
periods were determined based on AIC and RMSEr (Tables A2–A4). The selected inde-
pendent variables of the models and their fitting statistics for the Before-LCP, LCP, and
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After-LCP are summarized in Table 4. The leaf biomass model for the three leaf change
periods passed the F-test and showed a high level of significance (p < 0.01). Their AIC
values ranged from 58.77 to 334.70 and were smaller than those from Model 1. Their VIF
values ranged from 1.63 to 2.07, indicating that there is no problem of multicollinearity. The
model for the Before-LCP fitted, the R2 value was 0.784, and the RMSE and RMSEr values
were 160.44 g and 24.19% (Table 4), respectively. The validated R2 value was 0.536, and the
RMSE and RMSEr values were 243.38 g and 36.70% (Figure 5), respectively. The model
for the LCP fitted R2 value reached 0.848, and the RMSE and RMSEr values were 27.06 g
and 8.59%, respectively. The validated R2 value reached 0.474, and the RMSE and RMSEr
values were 62.17 g and 19.73%, respectively. The model for the After-LCP fitted R2 value
reached 0.583, and the RMSE and RMSEr values were 231.61 g and 17.00%, respectively.
The validated R2 value reached 0.337, and the RMSE and RMSEr values were 295.02 g
and 21.65%, respectively. The model for the LCP had the highest accuracy, followed by
the Before-LCP, and the lowest accuracy was for the After-LCP. The fitted accuracy of the
leaf biomass model based on the three leaf change periods with RMSEr values of less than
25.00% was significantly improved as compared with that of the leaf biomass model based
on data from all months with an RMSEr value of 46.79%. From the plot of residuals as a
function of predicted values (Figure 6), it can be seen that the residuals are more randomly
distributed above and below the value of zero, indicating that the residuals are essentially
without heteroskedasticity. Therefore, the model is valid for leaf biomass prediction.

Table 4. The models for estimating leaf biomass of the three leaf change periods and their statistics.

Period Model R2 RMSE (g) RMSEr (%) AIC VIF

Before-LCP Wa = −2499.907 + 192.16A + 126.461H + 104.461CL + 369.346CW 0.784 160.44 24.19 170.49 1.91
LCP Wb = −1026.104 + 77.667A + 8.523CL + 445.753CW 0.848 27.06 8.59 58.77 1.63
After-LCP Wc = −1732.845 − 109.227A + 116.649D + 84.687CL + 713.596CW 0.583 231.61 17.00 334.70 2.07

Note: W denotes leaf biomass, subscripts a, b, and c denote Before-LCP, LCP, and After-LCP, respectively; A
denotes age; D denotes diameter at breast height; H denotes culm height; CL denotes crown length; CW denotes
crown width. LCP is leaf change period; Before-LCP indicates December 2019 and January 2020; LCP indicates
May 2020; After-LCP indicates June 2020, July 2020, October 2020 and December 2020.
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Figure 5. Scatter plots of the fitted and validated values for the three leaf change periods versus
the measured values: (a) Before-LCP; (b) LCP; (c) After-LCP. Blue circles represent scatter plots
of estimated leaf biomass versus measured leaf biomass, and red circles represent scatter plots of
cross-validated estimated leaf biomass versus measured leaf biomass. The red line represents the
regression line between cross-validated estimated leaf biomass and measured leaf biomass, the blue
line represents the regression line between estimated leaf biomass and measured leaf biomass, and
the dashed line represents the 1:1 dashed line.

The scatter plots between the estimated and measured values of leaf biomass from the
different leaf change periods showed that the model fitted, and validated lines of the leaf
biomass were close to the 1:1 line (Figure 5), indicating that the simulated and validated
values of leaf biomass were consistent with the measured values. Relatively speaking, the
errors in validation values in the After-LCP were higher than those in the other periods.
Some of the samples deviated to a greater extent above and below the 1:1 line for the After-
LCP, indicating that the predicted values of these samples had high error levels, and there
was an obvious overestimation in the low biomass areas and an obvious underestimation
in the high biomass areas.
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3.4. Comparison Analysis of the Accuracy of the Two Modeling Strategies

The validated values of the 54 samples for Model 1 were calculated using the leave-
one-out cross-validation. The validated values of the samples for each LCP of the Model
2 were also calculated using the leave-one-out cross-validation and there was a total of
54 validated values for Model 2. The accuracy of validated values for the 54 samples
from both Model 1 and Model 2 were compared, and the results showed that there were
significant differences in the accuracy statistics among the two modeling strategies (Table 5).
The RMSE and RMSEr values of the leaf biomass model based on data from all months
(Model 1) were 509.74 g and 50.97%, and the Bias and MAPE values were 45.72% and
72.86%, respectively. The RMSE and RMSEr values for the leaf biomass model based on
the three leaf change periods (Model 2) were 242.40 g and 24.24%, and the Bias and MAPE
values were 4.88% and 26.37%, respectively.

Table 5. Accuracy evaluation indicators for the validated values for 54 samples from the models
based on two different strategies.

Modeling Scheme R2 RMSE (g) RMSEr (%) Bias (%) MAPE (%)

Model 1 0.108 509.74 50.97 45.72 72.86
Model 2 0.795 242.40 24.24 4.88 26.37

Note: Model 1 is the leaf biomass model based on data from all months; Model 2 is the leaf biomass model based
on three leaf change periods

The model prediction accuracies of the two modeling strategies differed significantly.
The RMSE, RMSEr, Bias, and MAPE values from Model 1 were significantly higher than
those of Model 2. Model 2 showed significantly lower values for RMSE, RMSEr, Bias,
and MPAE, with a greater improvement in prediction accuracy than that in Model 1.
This suggests that as the time span of the modeling samples used to build the model
becomes shorter, it not only improves the model fit but also significantly improves the
prediction accuracy.

Scatter plots between measured and estimated leaf biomass values for the two mod-
eling schemes showed that the estimates from Model 1 deviated significantly from the
1:1 dashed line, and there was a large error in the estimates, thus, making it impossible to
estimate the Moso bamboo leaf biomass with high accuracy (Figure 7a). The leaf biomass
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estimates from Model 1 were obviously overestimated for LCP (May) with an RMSEr value
of 247.54% and Bias of 252.61%. As compared with the estimates of Model 1, the estimates
from Model 2 were less discrete and more evenly distributed on both sides of the 1:1 dashed
line, and the prediction accuracy of Model 2 was greatly improved (Figure 7b). There was
no obvious underestimation or overestimation of the leaf biomass estimates (Figure 7b).
Therefore, the estimates of leaf biomass from Model 2 were very close to the measured
values and more accurate than those from Model 1.
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Figure 7. Scatter plots of predicted versus measured leaf biomass levels for the two scenarios:
(a) Model 1; (b) Model 2. Black squares represent scatter plots of estimated versus measured leaf
biomass in December 2019; red circles represent scatter plots of estimated versus measured leaf
biomass in January 2020; dark blue triangles represent scatter plots of estimated versus measured leaf
biomass in May 2020; green triangles represent scatter plots of estimated and measured leaf biomass
in June 2020; purple diamonds represent scatter plots of estimated and measured leaf biomass in
July 2020; yellow triangles represent scatter plots of estimated and measured leaf biomass in October
2020; blue triangles represent scatter plots of estimated and measured leaf biomass in December 2020;
dashed lines represent the 1:1 dashed line.
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4. Discussion
4.1. Temporal Variations in the Leaf Biomass of the Moso Bamboo

The results of the study showed that the leaf biomass of the Moso bamboo in the off-
year varied significantly with time, with a decreasing trend from January to May, reaching
its lowest value in May, followed by an increasing trend from June to December. This
is mainly due to the physiological characteristics of the leaf changes in off-years. The
old leaves turn yellow from January to March and start to drop and are replaced by new
leaves from April to May, which results in a gradual decrease in leaf biomass. New leaves
finish their growth and development from June to August, with a gradual increase in leaf
biomass [31,41,45].

4.2. Correlation Analysis of the Leaf Biomass and Bamboo Measurement Factors

In terms of the degree of relationship with leaf biomass, crown length was the highest,
followed by crown width, age, culm height, and diameter at breast height. Canopy is
an important site of plant photosynthetic processes [53], and canopy size is an important
parameter of canopy structure that affects the exchange of energy and materials between
forest ecosystems and the atmosphere, as well as the production of trees and the distribution
of production among organs [53,54]; crown width and length are commonly used as
indicators to measure canopy size horizontally and vertically, and they are closely related
to leaf biomass [6,55]. Previous studies have found that the accuracy of leaf biomass
estimates was not high using the variables of diameter at breast height and tree height,
while the accuracy increased after considering crown width and crown length into the
models [14,56–59]. In this study, a high correlation was observed between crown length
and crown width and Moso bamboo leaf biomass, and this has an important influence
on Moso bamboo leaf biomass estimation. Therefore, the inclusion of variables related to
canopy structure in the model, such as crown width and crown length, can help to improve
the accuracy of leaf biomass estimation [4,23,60].

Age as a factor has an impact on plant biomass estimations, as it is a potential source
of error in ecosystem biomass and nutrient stock predictions and is often overlooked [61].
Significant differences were found in the leaf biomass of Moso bamboo at different ages. In
this study (Figure A1), the leaf biomass of Moso bamboo for the 8 cm and 12 cm diameter
classes increased as age increased, which is consistent with the results of several previous
studies [62–64]. The leaf biomass of Moso bamboo for the 10 cm diameter class increased
with age, and then decreased, with the maximum leaf biomass at 2 du, which was consistent
with the findings of Zhu et al. [65]. Differences in age can lead to differences in leaf biomass
and also in Moso bamboo pole biomass, total aboveground biomass, belowground root
biomass, and total biomass per plant [66]. Therefore, leaf biomass has a wide range of
fluctuations among the Moso bamboo individuals of different ages, and predictions of leaf
biomass using the anisotropic growth equation without considering the age factor will lead
to large errors in the prediction results [67].

The diameter at breast height is a common factor used to fit biomass models. It is not
feasible to estimate Moso bamboo leaf biomass using a single diameter at breast height
factor, and the accuracy of the model driven by diameter at breast height is poor [59].
Therefore, most scholars generally combine diameter at breast height with other bamboo
measurement factors, such as culm height [68], age [69], and clear bole height [70], as it
improves the Moso bamboo leaf biomass estimation accuracy. The shoots of Moso bamboo
in this study were cut, which largely reduced their differences in height. The larger the
diameter at breast height and the taller of Moso bamboo, the more leaf biomass was
removed by shoot cutting [71], which reduced the differences in leaf biomass between those
with a large culm height and diameter at breast height and those with a small culm height
and diameter at breast height. This may be the main reason for the low correlations between
the diameter at breast height and culm height and leaf biomass of the Moso bamboo. In
most cases, the variability in above-ground biomass is mainly explained by variability
in diameter at breast height [72], and the range of diameter at breast height of sample
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bamboos has an important influence on the feasible of the leaf biomass model. In this study,
most of sample bamboos were selected at 10 cm and 12 cm diameter classes, which may
be one of the reasons for the low correlation between leaf biomass and diameter at breast
height. Attention should be paid to predict leaf biomass of Moso bamboo with diameter at
breast height less than 7.0 cm using the models proposed in this study.

4.3. Factors Affecting the Accuracy of the Model

The growth of Moso bamboo differs from that of other tree species, and it has a distinct
growth pattern. It takes approximately two months for Moso bamboo to grow from shoot
to mature bamboo, and after this, the diameter at breast height and the culm height no not
change [26,33,73]. The crown length and width increase with the growth of the diameter
at breast height and bamboo height, and then they also stop changing [74]. As old leaves
fall off and new leaves grow between April and May in the off-year of Moso bamboo [43],
its leaf biomass can change significantly, but the tree measurements do not change. Thus,
the dispersion between Moso bamboo leaf biomass and the bamboo measurement factors
increases and their correlation decreases; therefore, the model established based on the
sample data from all months (Model 1) had low accuracy. The model constructed by seg-
menting the entire leaf change process into three periods (Model 2) significantly improved
the correlation between leaf biomass and bamboo measurement factors and increased the
model prediction accuracy. To obtain high accuracy of leaf area index estimates, leaf area
index inversion models were established in the jointing, booting, and heading stages for
winter wheat, and they achieved good performance and high accuracy with R2 and RMSE
values of 0.918 and 0.675, respectively [75].

The shoot cutting measure has a strong influence on the correlations between diameter
at breast height and culm height and the leaf biomass of Moso bamboo; therefore, the
leaf biomass models in this study are only suitable for Moso bamboo with shoot cutting
measures. In this study, leaf biomass data for the key months of Moso bamboo leaf change
(February, March, and April) were not available; therefore, further data are required in
future studies to evaluate the feasibility and prediction accuracy of the leaf biomass models.
Many studies have shown that stand quality, elevation, and stand density affect Moso
bamboo leaf biomass; therefore, these abiotic factors can be added to prediction models in
future studies to improve the prediction accuracy of the models and also to expand their
applicability and generalization to large-scale areas [76].

5. Conclusions

The leaf biomass of the Moso bamboo significantly decreased in the off-year from
March–May when the leaf changes occurred and increased significantly from June–August
when the new leaf growth and development were completed. To estimate the leaf biomass
more accurately, two modeling strategies based on data from the whole year and three leaf
change periods were compared. Crown length, crown width, and age were useful indepen-
dent variables for the estimation of the leaf biomass of Moso bamboo. The comparative
analysis of the results from the two modeling strategies showed that a better fit and higher
prediction accuracy were achieved with the model that used data for three leaf change
periods, as the R2 value was in the range of 0.583–0.848, and the prediction error was in the
range of 8.59–24.19%. The model with a worse performance was based on the data from
all months, as the R2 value was 0.228, and the prediction error was 46.79%. This further
showed that the leaf biomass varied significantly among the leaf change periods, and that it
was not possible to construct a general estimation model for leaf biomass over a whole year.
This study explores the dynamic changes in Moso bamboo leaf biomass during leaf changes
and provides reference data and technical support for the development of models and pro-
tocols for accurate leaf biomass estimation. This study also has shortcomings, as only biotic
factors were considered, and no abiotic factors were assessed as independent variables,
making the application of the models somewhat limited. More sample data should be used
to validate the applicability and generalization of the models in future studies.
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Figure A1. Trends in average of leaf biomass at different ages for each diameter class. Yellow rep-
resents 1 du Moso bamboo, green represents 2 du Moso bamboo, and purple represents 3 du Moso 
bamboo. Sample data for 8 cm diameter class was from December 2019, Sample data for 10 cm di-
ameter class was from January 2020, and Sample data for 12 cm diameter class was from October 
2020. 

Table A1. Fitting results of multiple linear regression models with different combination of inde-
pendent variables for the Model 1. 

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF 
D, CL 670.35  0.194  483.57  48.35 1.001  

A, D, CL 670.71  0.218  470.93  47.09 1.010  
D, CL, CW 671.16  0.211  472.94  47.29 1.140  

A, D, CL, CW 672.04  0.228  468.01  46.79 1.207  
A, D, H, CL 672.04  0.228  468.01  46.79 2.675  

D, H, CL 672.27  0.195  477.78  47.77 2.313  
CL, CW 672.47  0.162  487.64  48.76 1.083  

CL 672.67  0.127  497.64  49.76 1.000  
D, H, CL, CW 672.86  0.216  471.60  47.15 2.444  

Figure A1. Trends in average of leaf biomass at different ages for each diameter class. Yellow represents
1 du Moso bamboo, green represents 2 du Moso bamboo, and purple represents 3 du Moso bamboo.
Sample data for 8 cm diameter class was from December 2019, Sample data for 10 cm diameter class
was from January 2020, and Sample data for 12 cm diameter class was from October 2020.

Table A1. Fitting results of multiple linear regression models with different combination of indepen-
dent variables for the Model 1.

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF

D, CL 670.35 0.194 483.57 48.35 1.001
A, D, CL 670.71 0.218 470.93 47.09 1.010

D, CL, CW 671.16 0.211 472.94 47.29 1.140
A, D, CL, CW 672.04 0.228 468.01 46.79 1.207
A, D, H, CL 672.04 0.228 468.01 46.79 2.675

D, H, CL 672.27 0.195 477.78 47.77 2.313
CL, CW 672.47 0.162 487.64 48.76 1.083

CL 672.67 0.127 497.64 49.76 1.000
D, H, CL, CW 672.86 0.216 471.60 47.15 2.444

H, CL 672.87 0.155 489.42 48.93 1.040
A, D, H, CL, CW 673.09 0.241 463.94 46.39 2.745

A, CL 673.56 0.144 492.58 49.25 1.003
H, CL, CW 673.59 0.175 483.69 48.36 1.204
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Table A1. Cont.

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF

A, CL, CW 673.87 0.171 484.92 48.48 1.133
A, H, CL 674.18 0.166 486.29 48.62 1.076

A, H, CL, CW 675.15 0.182 481.71 48.16 1.236
D 675.98 0.072 513.16 51.31 1.000

A, D 676.87 0.090 507.92 50.78 1.007
H 676.91 0.055 517.56 51.75 1.000

D, H 677.78 0.075 512.22 51.21 2.155
D, CW 677.94 0.072 512.98 51.29 1.045
A, H 678.58 0.061 516.01 51.59 1.030

A, D, H 678.87 0.091 507.88 50.78 2.439
A, D, CW 678.87 0.090 507.90 50.78 1.109

H, CW 678.87 0.056 517.41 51.73 1.064
A 679.28 0.013 529.05 52.90 1.000

CW 679.63 0.007 530.82 53.07 1.000
D, H, CW 679.77 0.075 512.13 51.20 2.197
A, H, CW 680.57 0.061 515.98 51.59 1.100

A, D, H, CW 680.86 0.091 507.86 50.78 2.448
A, CW 681.10 0.016 528.18 52.81 1.049

Note: A denotes age; D denotes diameter at breast height; H denotes culm height; CL denotes crown length;
CW denotes crown width.

Table A2. Fitting results of multiple linear regression models with different combination of indepen-
dent variable for the Before-LCP of Model 2.

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF

A, H, CW 170.25 0.759 169.51 25.56 1.085
A, H, CL, CW 170.49 0.784 160.44 24.19 1.916
A, D, H, CW 171.77 0.766 166.94 25.18 5.160
A, D, CL, CW 172.26 0.759 168.56 25.57 1.253

A, D, H, CL, CW 172.47 0.784 160.33 24.18 9.160
A, H, CL 174.48 0.686 193.43 29.17 1.815

A, CL, CW 174.57 0.684 193.97 29.25 1.017
A, D, CL 174.57 0.684 194.01 29.26 1.233

A, H 175.03 0.632 209.49 31.59 1.070
A, CL 175.39 0.623 211.88 31.95 1.008

A, D, CW 175.93 0.656 202.43 30.53 1.003
D, H, CW 176.30 0.648 204.77 30.88 3.858

A, D, H, CL 176.33 0.689 192.53 29.03 8.312
A, D, H 176.95 0.633 208.95 31.51 5.036
H, CW 177.22 0.577 224.35 33.83 1.011
A, D 178.02 0.556 230.02 34.69 1.000

D, H, CL, CW 178.28 0.648 204.65 30.86 6.224
H, CL, CW 178.77 0.589 221.20 33.36 1.776

H 179.96 0.432 260.14 39.23 1.000
D, H 180.32 0.487 247.18 37.27 3.802
H, CL 180.94 0.467 251.99 38.00 1.692
A, CW 181.53 0.447 256.66 38.70 1.001

A 181.85 0.361 275.97 41.62 1.000
D, H, CL 181.87 0.501 243.71 36.75 5.845

CL 182.87 0.318 284.93 42.97 1.000
CL, CW 183.23 0.385 270.69 40.82 1.009

D, CL, CW 183.48 0.448 256.31 38.65 1.241
D, CL 183.64 0.369 274.15 41.34 1.221
D, CW 185.12 0.308 287.14 43.30 1.003

D 185.50 0.197 309.30 46.64 1.000
CW 187.38 0.096 328.06 49.47 1.000

Note: A denotes age; D denotes diameter at breast height; H denotes culm height; CL denotes crown length;
CW denotes crown width.
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Table A3. Fitting results of multiple linear regression models with different combination of indepen-
dent variable for the LCP of Model 2.

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF

A, CW 56.98 0.844 27.42 8.70 1.262
A, D, CW 58.67 0.850 26.90 8.53 1.794
A, CL, CW 58.77 0.848 27.06 8.59 1.629
A, H, CW 58.98 0.844 27.41 8.70 1.373

A, D, H, CW 60.28 0.857 26.24 8.32 3.688
A, D, CL, CW 60.46 0.854 26.55 8.42 1.847
A, H, CL, CW 60.74 0.848 27.02 8.57 1.869

CW 61.94 0.627 42.37 13.44 1.000
CL, CW 62.11 0.704 37.77 11.98 1.002

A, D, H, CL, CW 62.22 0.858 26.15 8.30 4.148
H, CL, CW 63.41 0.729 36.16 11.47 1.109

H, CW 63.52 0.647 41.26 13.09 1.104
D, CW 63.84 0.632 42.10 13.36 1.289

D, CL, CW 64.08 0.705 37.71 11.96 1.312
D, H, CL, CW 64.52 0.757 34.21 10.85 2.166

D, H, CW 64.55 0.687 38.83 12.32 2.137
D 68.15 0.190 62.47 19.82 1.000
CL 69.37 0.057 67.40 21.39 1.000

D, H 69.53 0.251 60.08 19.06 1.829
H 69.74 0.012 68.98 21.88 1.000

D, CL 69.76 0.229 60.93 19.33 1.009
A 69.82 0.003 69.31 21.99 1.000

A, D 70.14 0.192 62.40 19.80 1.001
D, H, CL 71.12 0.288 58.56 18.58 1.842

H, CL 71.29 0.067 67.05 21.27 1.002
A, CL 71.34 0.060 67.28 21.35 1.244

A, D, H 71.41 0.262 59.64 18.92 2.562
A, H 71.65 0.023 68.61 21.77 1.169

A, D, CL 71.73 0.232 60.83 19.30 1.255
A, D, H, CL 72.46 0.345 56.19 17.83 2.792

A, H, CL 73.28 0.067 67.04 21.27 1.558
Note: A denotes age; D denotes diameter at breast height; H denotes culm height; CL denotes crown length;
CW denotes crown width.

Table A4. Fitting results of multiple linear regression models with different combination of indepen-
dent variable for the After-LCP of Model 2.

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF

A, D, CW 334.00 0.565 236.65 17.37 1.177
D, CW 334.51 0.527 246.77 18.11 1.062

A, D, CL, CW 334.70 0.583 231.61 17.00 2.074
A, D, H, CW 335.98 0.565 236.61 17.36 1.655

D, H, CL, CW 336.36 0.559 238.09 17.47 2.214
D, H, CW 336.46 0.527 246.56 18.09 1.546
D, CL, CW 336.46 0.554 239.37 17.57 2.019

A, D, H, CL, CW 336.53 0.585 230.96 16.95 2.220
A, CW 339.77 0.436 269.37 19.77 1.044

A, H, CW 339.95 0.469 261.36 19.18 1.153
A, D, CL 340.41 0.461 263.34 19.33 1.182

D, CL 340.61 0.420 273.19 20.05 1.058
A, D, H, CL 341.19 0.482 258.06 18.94 1.765
A, CL, CW 341.40 0.443 267.73 19.65 2.032

A, H, CL, CW 341.75 0.472 260.48 19.12 2.213
H, CW 342.72 0.377 282.98 20.77 1.094

CW 342.87 0.331 293.28 21.52 1.000
A, CL 343.93 0.352 288.75 21.19 1.060
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Table A4. Cont.

Model Variables AIC R2 RMSE (g) RMSEr (%) VIF

CL, CW 344.15 0.347 289.79 21.27 1.995
D, H, CL 344.27 0.450 265.92 19.52 2.200

H, CL, CW 344.27 0.387 280.87 20.61 2.200
A, H, CL 345.70 0.357 287.64 21.11 1.077

CL 346.49 0.245 311.52 22.86 1.000
H, CL 348.15 0.254 309.77 22.73 1.012

A 348.65 0.189 322.95 23.70 1.000
A, D 349.31 0.224 315.82 23.18 1.065
A, H 350.63 0.189 322.87 23.70 1.001

A, D, H 350.84 0.236 313.37 23.00 1.609
D 352.30 0.084 343.22 25.19 1.000

D, H 353.48 0.109 338.55 24.85 1.487
H 354.90 0.001 358.38 26.30 1.000

Note: A denotes age; D denotes diameter at breast height; H denotes culm height; CL denotes crown length;
CW denotes crown width.
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