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Editorial

Advances in Estimation and Monitoring of Forest Biomass and
Fuel Load Components

Haikui Li 1,* and Weisheng Zeng 2
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2 Academy of Inventory and Planning, National Forestry and Grassland Administration, Beijing 100714, China;

zengweisheng0928@126.com
* Correspondence: lihk@caf.ac.cn

Forests play a pivotal role in global carbon sequestration, biodiversity conservation,
and climate change mitigation. Accurately quantifying forests’ biomass and fuel load
components is essential for sustainable forest management and carbon accounting. This
Special Issue of Forests, titled “Estimation and Monitoring of Forest Biomass and Fuel
Load Components,” includes 13 research papers addressing methodological advancements,
regional case studies, and novel applications in biomass modeling, carbon storage, stand
structure optimization, and regeneration dynamics. In general, these contributions under-
score the importance of integrating multi-scale data, advanced statistical methods, and
ecological considerations to estimate and monitor forests’ biomass and carbon storage.

Methodological Innovations in Biomass and Carbon Stock Modeling

A recurring theme across multiple studies is the development of robust models to
estimate biomass and carbon storage. Zeng et al. established a three-level model system
for China’s diverse range of forests, integrating weighted regression, dummy variables,
and simultaneous equations. Their hierarchical framework—spanning forest categories
(Level I), types (Level II), and sub-types (Level III)—achieved remarkable precision, with
determination coefficients (R2) exceeding 0.95 at Level III. This system addresses the
limitations of earlier models; for example, three major forest types exhibited considerable
uncertainties (total relative error (TRE): −20% to 74%) [1]. Similarly, Yin et al. devised
additive biomass models for poplar plantations using seemingly unrelated regression
(SUR), demonstrating the significance of tree height as a predictor and revealing carbon
allocation shifts from competitive growth to self-stabilization as trees mature [2].

Soil variables and structural diversity, which are often overlooked in traditional
models, were focused on by Guo et al. and He et al. [3,4]. Guo’s soil-sensitive Weibull
distribution model for Larix principis-rupprechtii plantations incorporated available potas-
sium and nitrogen, improving the parameter accuracy (the root mean squared error (RMSE)
was reduced by 10.4%) [3]. He et al. quantified carbon sink dynamics in mixed forests by
integrating stand structural diversity and carbon growth grades, projecting a 51% increase
in Jilin Province’s carbon stocks by 2060 compared with age-only models. These studies
highlight the necessity of multidimensional approaches for precise carbon accounting [4].

Harnessing Technology and Machine Learning

Remote sensing and machine learning are revolutionizing forest monitoring. Xu et al.
contrasted the Random Forest (RF) and nonlinear mixed-effects (NLME) models for pre-
dicting tree height–diameter relationships in mixed coniferous–broadleaf forests. The

Forests 2025, 16, 1054 https://doi.org/10.3390/f16071054
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RF model outperformed NLME, achieving an R2 of 0.970, underscoring its adaptabil-
ity for complex, high-dimensional data [5]. Yang et al. employed LiDAR-derived vari-
ables and Gaussian process regression to predict the height-to-crown-base (HCB) in
Picea crassifolia forests, identifying spatial competition indices as critical drivers of HCB
variability [6]. These methodologies enable rapid, non-destructive assessments that are
critical for large-scale inventories.

Climate resilience modeling has also benefited from technological integration.
Meng et al. developed a climate-sensitive transition matrix model for natural forests in
Chongqing, predicting forest growth under three RCP (representative concentration path-
ways) scenarios [7]. Their findings showed minimal divergence in carbon stocks across
emission pathways but highlighted successional shifts from pioneer to climax species,
stressing the need for adaptive management policies.

Optimizing Stand Structure and Management Practices

Several studies explored silvicultural interventions to enhance the productivity and
resilience of forests. Zhou et al. demonstrated that restorative thinning in Quercus variabilis
plantations increased the spatial heterogeneity, reducing DBH and density autocorrelation
distances while amplifying tree height gradients [8]. Such interventions mimic natural
disturbance regimes, promoting structural complexity. Similarly, Sheng et al. classified
mixed broadleaf forests into developmental stages (establishment, competition, and quality
selection) and optimized their spatial structure using a harvest intensity of 10%, quadru-
pling the structural quality index (Q(x)) [9]. These findings demonstrate the need for
stage-specific management to maximize ecological and economic outcomes.

Seedling regeneration dynamics, which are crucial for forest sustainability, were
analyzed by Hu et al. [10]. Their study of Quercus forests in Beijing revealed species-specific
regeneration capacities (Q. aliena and Q. variabilis outperformed others) and identified soil
factors (e.g., exchangeable calcium) and stand diversity as key determinants of later-stage
regeneration. This underscores the interplay between biotic and abiotic factors in sustaining
forest health.

Regional Applications and Model Validation

Region-specific insights emerged as a cornerstone of this Special Issue. Huang et al.
incorporated the stand age into allometric equations for eucalypt hybrids, revealing age-
driven shifts in biomass allocation (e.g., the stem biomass increased from 40% to 60% with
age) [11]. Wang et al. addressed bamboo biomass estimation, constructing models for
Dendrocalamus brandisii that balance simplicity and accuracy—a critical step for managing
economically vital bamboo plantations [12]. Meanwhile, Yao et al. proposed a crown-
width-based algorithm to locate tree pith positions, reducing estimation errors to 7.6%,
which enhances dendrochronological and biomass studies [13].

Conclusions and Future Directions

The studies in this Special Issue collectively advance the precision and scope of forest
biomass and fuel load monitoring. Key innovations include the integration of soil variables,
structural diversity, and climate scenarios into predictive models; the adoption of machine
learning for complex datasets; and the validation of silvicultural practices across diverse
forest types. However, challenges remain, particularly in scaling localized models to larger
regions and reconciling field data with remote sensing outputs. Future research should
prioritize the following topics:

Cross-scale validation: Testing models’ generalizability across biogeographic regions.
Dynamic modeling: Incorporating temporal shifts in climate, species composition,

and disturbance regimes.
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Policy integration: Translating scientific findings into adaptive management frame-
works for carbon markets and wildfire mitigation.

As global forest ecosystems face unprecedented pressures from climate change and
land-use shifts, the methodologies and insights presented here provide a robust foundation
for evidence-based stewardship. By fostering interdisciplinary collaboration and techno-
logical innovation, we can ensure that forests continue to serve as vital carbon sinks and
biodiversity havens for generations to come.

Acknowledgments: We extend our gratitude to all the authors, reviewers, and editors who con-
tributed to this Special Issue.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Zeng, W.; Zou, W.; Chen, X.; Yang, X. A Three-Level Model System of Biomass and Carbon Storage for All Forest Types in China.
Forests 2024, 15, 1305. [CrossRef]

2. Yin, M.; Gao, T.; Zhao, Y.; Ni, R.; Zheng, P.; Zhao, Y.; Zhang, J.; Li, K.; Li, C. Carbon Stock Estimation of Poplar Plantations Based
on Additive Biomass Models. Forests 2024, 15, 1829. [CrossRef]

3. Guo, H.; Liu, X.; Liu, D. Soil-Sensitive Weibull Distribution Models of Larix principis-rupprechtii Plantations across Northern China.
Forests 2024, 15, 1562. [CrossRef]

4. He, X.; Guo, H.; Lei, X.; Gao, W.; Li, Y. Quantifying the Effects of Carbon Growth Grade and Structural Diversity on Carbon Sinks
of Natural Coniferous–Broadleaved Mixed Forests Across the Jilin Province of China. Forests 2025, 16, 227. [CrossRef]

5. Xu, Q.; Yang, F.; Hu, S.; He, X.; Hong, Y. Tree Height–Diameter Model of Natural Coniferous and Broad-Leaved Mixed Forests
Based on Random Forest Method and Nonlinear Mixed-Effects Method in Jilin Province, China. Forests 2024, 15, 1922. [CrossRef]

6. Yang, Z.; Yang, H.; Zhou, Z.; Wan, X.; Zhang, H.; Duan, G. LiDAR-Based Modeling of Individual Tree Height to Crown Base in
Picea crassifolia Kom. in Northern China: Comparing Bayesian, Gaussian Process, and Random Forest Approaches. Forests 2024,
15, 1940. [CrossRef]

7. Meng, X.; Ma, Z.; Xia, Y.; Meng, J.; Bai, Y.; Gao, Y. A Study on the Growth Model of Natural Forests in Southern China Under
Climate Change: Application of Transition Matrix Model. Forests 2024, 15, 1947. [CrossRef]

8. Zhou, M.; Wang, Y.; Jin, S.; Wang, D.; Yan, D. Spatial Distribution Pattern of Response of Quercus Variabilis Plantation to Forest
Restoration Thinning in a Semi-Arid Area in China. Forests 2024, 15, 1278. [CrossRef]

9. Sheng, Q.; Dong, L.; Liu, Z. Optimizing Stand Spatial Structure at Different Development Stages in Mixed Hard Broadleaf Forests.
Forests 2024, 15, 1653. [CrossRef]

10. Hu, X.; Duan, G.; Jin, Y.; Cheng, Y.; Liang, F.; Lian, Z.; Li, F.; Wang, Y.; Chen, H. Study on the Natural Regeneration Characteristics
and Influencing Factors of Typical Quercus Forests in Northern China. Forests 2025, 16, 250. [CrossRef]

11. Huang, R.; Zhu, W.; Du, A.; Xu, Y.; Wang, Z. Stand Age Affects Biomass Allocation and Allometric Models for Biomass Estimation:
A Case Study of Two Eucalypts Hybrids. Forests 2025, 16, 193. [CrossRef]

12. Wang, Z.; Zeng, W.; Guo, L.; Xu, Z.; Fan, S.; Cai, C.; Hui, C.; Liu, W. Construction and Comparison of Single-Tree Biomass Model
for Dendrocalamus brandisii. Forests 2025, 16, 301. [CrossRef]

13. Yao, J.; Shang, X.; Hu, X.; Jin, Y.; Cai, L.; Li, Z.; Li, F.; Liang, F. An Algorithm for Determining Pith Position Based on Crown Width
Size. Forests 2024, 15, 2172. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

3



Article

Spatial Distribution Pattern of Response of Quercus Variabilis
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Area in China
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Abstract: Plantations are increasing in frequency and extent across the landscape, especially in China,
and forest thinning can accelerate the development of late-successional attributes, thereby enhancing
plantation stand structural heterogeneity. To quantify the effect of forest restoration thinning on
the spatial heterogeneity and the structure of Quercus variabilis plantations, a restoration thinning
experiment in a 40-year-old Quercus variabilis plantation by removing trees from the upper canopy
level was conducted; two one-hectare sample plots with thinning and a control (i.e., unlogged) were
sampled; and geostatistics methods were used to analyze the spatial distribution pattern of the DBH,
height, and density of the stand. We found that restoration forest thinning in the Quercus variabilis
plantation had a significant impact on the average DBH and tree height of the stand. Meanwhile, the
coefficient of variation and structure ratio of the DBH, tree height, and stand density in the thinning
plot were larger than those in the control plot. The range and spatial autocorrelation distance of the
DBH and stand density in the thinning plot were smaller than those in the control plot, but the fractal
dimension showed the opposite trend. The range and spatial autocorrelation distance of tree height in
the thinning plot were higher than those in the control plot. These findings suggested that, compared
with the control plot, the stereoscopic distribution of the DBH and stand density in the thinning plot
fluctuated less and changed gentler, and its spatial continuity was not high but its variation was
significant; meanwhile, the stereoscopic distribution of the tree height in the thinning plot was highly
fluctuating and changed more significantly, with a strong spatial dependence and strip gradient
distribution. Hence, forest restoration thinning could improve the distribution of the DBH and stand
density and adjust the spatial heterogeneity of the DBH, tree height, and stand density of Quercus
variabilis plantations.

Keywords: semi-variance analysis; spatial heterogeneity; forest restoration thinning; Quercus variabilis
plantation

1. Introduction

Plantations need to be conscientiously managed to enhance stand quality and maintain
ecosystem function and processes. Sustainable management could promote ecosystem
function and accelerate the accumulation of carbon for reserves in a plantation forest,
thus requiring basic scientific exploration [1]. Hence, the notion of using silviculture
to help sustainably reach multiple management objectives in a sustainable manner has
been evoked by generations of foresters. Forest thinning is one of the most commonly
and importantly silvicultural methods of enhancing wood production [1], regulating
stand structure, decreasing severe wildfire events, and increasing forest resilience for
environmental disturbances, particularly during drought [2,3]. In addition, forest thinning
has generally been prescribed to capture mortality, bring changes to the stand structure
and herbaceous community, supply early financial return to landowners, and reallocate the

Forests 2024, 15, 1278. https://doi.org/10.3390/f15081278 https://www.mdpi.com/journal/forests4
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growing space to fewer trees to increase the future merchantable volume and economic
benefit and improve the ecological and recreational values [1,4].

Depending on the purpose of implementation, forest thinning includes restoration
thinning and commercial thinning. Among them, commercial thinning mainly promotes
the growth of well-growing trees to maximize commercial value by removing branched
and stunted trees [5,6]. Meanwhile, restoration thinning is mainly used to reconstruct the
stand structure and habitat characteristics, to improve the anti-interference ability, and to
re-establish the ecosystem process by the selective removal of trees, especially in degraded
stands [7,8]. However, the effect of forest thinning in promoting tree vitality and enhancing
the habitat features of ecosystem restoration varies among different and limited forest
types [9,10].

There is a general assumption that by redistributing the growing space and re-
ducing competition from neighbors for the surrounding resources, forest thinning im-
proves the growth efficiency of residual trees, compared with the same-sized trees of
unthinned stands [11]. However, although forest thinning releases a certain amount of
nutrient space, forest thinning can also increase tree mortality by wind damage and water
stress [12,13], cause growth stagnation in residual trees, and then decrease the stand volume
and increment [14–17]. Recently, correlational studies on the response of forest thinning
have mainly concentrated on the growth of individual trees and stands, understory diver-
sity, biomass, carbon sequestration and stock, the physical and chemical properties of soil
nutrients, soil microbial community structure, and stand structure. It is generally believed
that forest thinning can increase the growth of trees or stands (for example, relative volume
growth, cumulative volume growth, and basal area growth) [18–20], enhance biomass
accumulation and organic C input into the soil [1], and increase biomass accumulation
in the short-term [21]. In terms of the influence of forest thinning on stand structure and
diversity and shrub and herb diversity [22], the number of smaller trees is expected to
increase rapidly [18].

The spatial pattern is a fundamental attribute of forest ecosystems and can affect many
ecological processes and functions [23]; for example, within-stand tree spatial patterns
can significantly affect tree recruitment and mortality [24,25]. There is broad agreement
that forest management practices should address spatial aspects of forest structure and
aim to conserve or restore spatial heterogeneity [26,27]. Spatial heterogeneity is of great
importance in the study of populations, communities, ecosystems, and landscapes and is
defined either as the variation in the spatial distribution of a point pattern [28,29] or as the
variation in qualitative or quantitative values of a surface pattern [30]. It can be caused
by habitat factors and their temporal variations [31,32], individual traits [33], and neutral
processes [34].

There is broad agreement is that forest management should deal with the spatial
aspects of forest structure and aim to conserve or restore the spatial heterogeneity of
forests [26,27]. Restoring structural and spatial heterogeneity in forests as a technique
to increase the supply of ecosystem services and landscape value has become a major
objective of forest management and has garnered a lot of attention in forest research [5,35].
Forest thinning has been promoted as one means of enhancing heterogeneity in secondary
forests [5]. Some studies think that traditional thinning methods result in a more uniform
tree spacing and a narrower distribution of crop tree sizes [36]. However, more recent
approaches such as variable-density thinning create a nonuniform tree spacing, thereby
potentially increasing spatial heterogeneity [37]. In addition, the overall influence on the
spatial variability of trees and the vertical distribution of canopy layers further depends
on the forest thinning method implemented (e.g., thinning from below vs. thinning from
above) [38]. In terms of the influence of forest thinning on the spatial heterogeneity,
Choe et al. [39] utilized geo-statistics methods to explore the cutting disturbances on the
soil nutrient spatial heterogeneity of understory plant diversity in the broadleaved-Korean
pine forest in Changbai mountain, and they found that the spatial heterogeneity of soil
nutrients was affected and increased by cutting intensity. Kuehne et al. [40], meanwhile,
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evaluated the effects of thinning on the structural heterogeneity of growth, ingrowth, and
mortality in secondary coastal Douglas-fir forests, and they discovered that differences
in stand structural heterogeneity between treatments are mostly nonsignificant and the
variable-density thinning showed promise in increasing structural heterogeneity in young
even-aged stands, despite the short-term nature of this study. In addition, Larson et al. [41]
paid attention to the effect of restoration thinning on spatial heterogeneity in a mixed-conifer
forest and found that restoration thinning could reduce spatial aggregation and lead to
globally random tree patterns consisting of local tree clumps, openings, and widely spaced
single trees, similar to reference conditions. Unfortunately, there is a certain knowledge gap
on the influence of thinning on the spatial heterogeneity of broad-leaved forests or stands.

The Quercus variabilis plantation is a typical deciduous broadleaf forest in China,
especially in the semi-arid areas. Meanwhile, Quercus variabilis is a valuable economic tree
species with developed roots and drought resistance. Further understanding of the effects
of thinning on DBH, tree height (TH), and stand density (SD) would help address how the
stand structure and the spatial stability of the stand respond to restoration thinning. In
this paper, we conducted a comparative experiment to reveal the general responses of the
spatial distribution patterns of Quercus variabilis plantations to forest thinning. This study
aimed to (1) explore the influence of thinning on the spatial heterogeneity and population
dynamics; (2) understand in-depth the ecological process and mechanism of community
stability of Quercus variabilis plantations responding to thinning; and (3) thus propose more
effective management measures to improve the growth of Quercus variabilis plantations.

2. Materials and Methods

2.1. Study Area and Experimental Design

The research area was located on the Qingliangsi Experimental Forest Farm (112◦44′–13◦5′ E,
34◦26′–34◦33′ N), Dengfeng Forestry Bureau, Henan Province, China, which belongs to
the Songshan Mountain of Funiu Mountains. The climate type is temperate continental
monsoon with drought and little rain all year-round and is a typical semi-arid area. The
total area and the maximum elevation are about 12,207.6 ha and 1512 m, respectively. The
annual average rainfall, the annual average temperature, and the frost-free period are
614 mm, 14.2 ◦C, and 238 d, respectively. The area has predominantly brown and cinnamon
soil. Meanwhile, the soil condition is rich in potassium, low in nitrogen, highly deficient in
phosphorus, and low in organic matter content. In the research area, the main conifer tree
species include Pinus tabuliformis and Platycladus orientalis, while the main broadleaf tree
species include Quercus acutissima, Quercus aliena, and Robinia pseudoacacia.

Based on the distribution characteristics and growth status of vegetation, two represen-
tative stands of the Quercus variabilis plantation whose stand origin is aerial seedlings, with
homogeneous stand conditions within each site, were selected as the experimental stands.
The age and canopy density of these two stands were 40 years old and 0.9, respectively.
Meanwhile, the tree species composition of these two stands was as follows: Quercus variabilis
was dominant with a small amount of Quercus aliena and Robinia pseudoacacia. In 2013, a
restoration thinning was conducted in one of the two stands, while another stand was
taken as the control stand, which was unlogged. Fieldwork was performed in 2019 in the
thinning and control stands. During these six years, there was no more forest management
treatment for the thinning and control stands.

Field data were collected from 2 one-hectare permanent sample plots (100 m × 100 m)
which were established in these two representative Quercus variabilis plantations and
named the thinning plot (TP) and the control plot (CP), respectively. The following mea-
surements were made in each plot: tree species, diameter at breast height (DBH), tree height,
and relative coordinates of all living trees (DBH ≥ 2.0 cm), as well as elevation, aspect,
slope, and other variables (Table 1). Hence, there were 3600 observations in total in these
two plots. Based on the adjacent grid method, each one-hectare sample plot was divided
into 25 continuous square subplots with an area equal to 0.04 ha, and 50 subplots from
two one-hectare samples were obtained in total to determine the relative coordinates of
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each living tree in two 1 ha plots (Figure 1). Hence, the relative coordinates (X, Y, and Z) of
each living tree in subplots were determined to the nearest 0.1 m using NTS-332R.

Table 1. General characteristics of the thinning and control plots.

Plot Type Geographical Coordinate Altitude (m) Slope (◦) Aspect Stand Density (Stems·ha−1)

TP 112◦56′17′′ E, 34◦27′13′′ N 617 9 Northwest 1487
CP 112◦56′21′′ E, 34◦27′19′′ N 630 7 Northwest 2113

Note: TP and CP represent the thinning plot and control plot, respectively, and are the same as those below.

Figure 1. Location of the research area and sampling plots.

2.2. Spatial Autocorrelation and Distribution Analysis
2.2.1. Semi-Variance Function

A semi-variance function can be used for reflecting the overall distribution of the
grayscale region and for analyzing the image self-correlation and the relationships between
pixels and pixels of the neighborhood [42]. Hence, the formula of the semi-variance function
is as follows (Equation (1)):

λ(h) =
1

2N(h)
×

N(h)

∑
i=1

[Z(Xi)− Z(Xi + h)]2 (1)

where λ(h) is the value of the semi-variance function; h is the distance between two sample
points; N(h) is the number of sample pairs whose distances are equal to h; and Z(Xi) and
Z(Xi + h) are the measured values of Z(X) at the spatial positions Xi and (Xi + h), respectively.

The semi-variance function analysis contains three basic parameters: nugget value
(C0), sill value (C0 + C), and range (a). The nugget value (C0) is the half-square difference,
caused by many factors not equal to 0, when h = 0. The positive intercept value at the
intersection of the semi-variance diagram curve and the vertical axis indicates the variation
caused by random factors. The sill value (C0 + C) is the maximum value of λ(h) on the semi-
variance function curve and it represents the maximum variation in the data. The range (a)
is the abscissa value when the half-square tends to be stable and represents the maximum
distance of spatial correlation. The structure ratio (SR) (i.e., C0/(C0 + C)) is the ratio of the
nugget value to the sill value, which represents the proportion of heterogeneity caused by
random factors in the total spatial heterogeneity. If SR < 25%, the spatial heterogeneity of
the regionalized variable is mainly affected by structural factors, and it means that there
exists a strong spatial correlation. If SR ranges from 25% to 75%, regionalized variables
have a moderate spatial correlation. If SR is greater than 75%, the spatial heterogeneity is
mainly influenced by random factors.

The main types of semi-variance function models are the spherical model, linear
without still model, linear with still model, exponential model, and Gaussian model. The
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formulas of these five models are shown in Table 2. According to the sample fitting
variance diagram and determination coefficients (R2) of the constructed model, the optimal
semi-variance function models for the DBH, tree height, and stand density of the Quercus
variabilis plantation were selected.

Table 2. The formal list of the semi-variance function models.

Model Form Equations

Spherical model
λ(h) =

⎧⎪⎪⎨
⎪⎪⎩

0 , h = 0

C0 + C ×
[

3h
2a − 1

2 ×
(

h
a

)3
]

, 0 < h ≤ a

C0 + C , h > a
Linear without still model λ(h) =

{
C0 , h = 0

C0 + A × h , h > 0

Linear with still model
λ(h) =

⎧⎨
⎩

C0 , h = 0
C0 + A × h , 0 < h ≤ a

C0 + C , h > a

Exponential model
λ(h) =

⎧⎪⎨
⎪⎩

0 , h = 0
C0 + C ×

[
1 − e(− h

a )
]

, 0 < h ≤ 3a
C0 + C , h > 3a

Gaussian model
λ(h) =

⎧⎪⎪⎨
⎪⎪⎩

0 , h = 0

C0 + C ×
[

1 − e(− h
a )

2
]

, 0 < h ≤ √
3a

C0 + C , h >
√

3a
Note: λ(h) is the value of semi-variance; h is the separation distance; C is the structural variability; C0 is the nugget
variance; (C0 + C) is a constant; a is the range of variance; A is a constant.

2.2.2. Moran’s Index

Moran’s index (I) is a method to quantify the spatial autocorrelation of stands. By
comparing with the neighbors’ values, it is widely used to identify spatial clustering and
outlier values of variables. The formula of the global Moran’s index is shown in Equation (2):

I =
n
s0

×

n
∑

i=1

n
∑

j=1
Wij(xi − x)

(
xj − x

)
n
∑

i=1
(xi − x)2

(2)

where Wij is the weight between the ith observation and the jth observation; xi and xj are
the measured values of the variable x at the ith and jth observation points, respectively; and
S0 is the sum of values of all Wij. The value of I is between −1 and 1. When I > 0, the spatial
correlation is positive and the intensity of the spatial correlation increases with increasing I.
When I < 0, the spatial correlation is negative and the degree of spatial difference increases
with decreasing I. When I = 0, the spatial correlation is random.

2.2.3. Fractal Dimension

The formula of the fractal dimension is as follows (Equation (3)):

D =
4 − m

2
(3)

where m is the slope of the double logarithm semi-variance curve and D is the fractal dimen-
sion. Among them, the closer the value of D is to 2, the smaller the spatial heterogeneity
and correlation are; the smaller the value of D is, the greater the spatial heterogeneity and
correlation are.
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2.2.4. Kriging Interpolation Method

Kriging is a probabilistic interpolation method based on the covariance of a dataset [43–45].
Kriging provides the interpolation estimates and the variances of interpolation errors that
contribute to the uncertainty analysis [46]. Spatial Kriging interpolation uses the original
data with regionalized variables and the structural characteristics of the semi-variance
function to make the linear unbiased optimal estimation of regionalized variable values at
the non-sampling points. Hence, giving measured n data values, i.e., Z(s1), Z(s2),. . ., Z(sn),
at s1, s2, . . ., sn locations, Ẑ(s0) at the unknown location of s0 is estimated by the following
equation (Equation (4)) [47]:

Ẑ(s0) =
n

∑
i=1

λiZ(si) (4)

where Z(si) is the measured value at the si location, and λi is the unknown weight for the
measured value at the si location.

2.3. Data Processing

To calculate the stand attributes (i.e., average DBH, average tree height, stand density)
and conduct spatial autocorrelation and distribution analysis, firstly, based on the adjacent
grid method and relative coordinates, the thinning and control sample plots were divided
into 100 subplots with an area equal to 0.01 ha (10 m × 10 m). The average DBH, tree
height, stand density, and the center coordinate for each subplot in the thinning and
control plots were calculated. Then, the center coordinates of these subplots were taken
as the corresponding coordinates of the average DBH, average tree height, and stand
density in these subplots. Next, semi-variance function analysis required the data to obey
a normal distribution. If the data did not conform to the normal distribution, it would
produce a proportional effect and then affect the accuracy of semi-variance and the fractal
dimension. Hence, the normality of the DBH, tree height, and stand density of the TPs
and CPs was tested by the Shapiro–Wilk test in SPSS 24.0 software. If PS-W > 0.05, the data
obeyed a normal distribution; otherwise, the data should be transformed by the Box–Cox
transformation to conform to the normal distribution. The calculation and analysis of the
semi-variance function were measured by the normal distribution data and the GS+ 9.0
software, and then a 3D distribution map was obtained. In addition, the 2D distribution
map was generated by Kriging interpolation in ArcGIS 10.6.0 software.

3. Results

3.1. Effect of Forest Thinning on the DBH, Tree Height, and Stand Density of Quercus
Variabilis Plantation

The average DBH, average tree height, and stand density of the CP were 10.8 cm,
9.0 m, and 0.21 stems/m2, while those of the TP were 12.8 cm, 11.3 m, and 0.14 stems/m2

(Table 3). After thinning, the average values of the DBH and tree height were evidently
improved, while that of stand density was decreased.

Table 3. Descriptive statistics of community structure attribute in the thinning and control plots.

Plot
Types

Index Average ± SD Minimum Maximum
Coefficient of
Variation (%)

Skewness Kurtosis Ps-w P*
s-w

CP
Average DBH (cm) 10.80 ± 1.31 a 17.10 8.80 12.16 1.55 5.10 0.000 0.455

Average TH (m) 9.00 ± 0.89 a 12.90 7.30 9.89 1.22 3.20 0.000 0.877
SD (stem/m2) 0.21 ± 0.07 a 0.37 0.02 35.31 −0.42 0.18 0.115

TP
Average DBH (cm) 12.80 ± 1.36 b 15.80 8.40 10.59 −0.38 2.15 0.032 0.054

Average TH (m) 11.30 ± 1.13 b 13.90 6.70 9.97 −0.47 1.92 0.014 0.138
SD (stem/m2) 0.14 ± 0.04 a 0.26 0.05 27.86 −0.07 0.59 0.096

Note: Different letters mean a significant difference in the community structure attributes between different plots
at the 0.05 level. Ps-w is the normal test probability value of the original data; P*

s-w is the probability value of the
normal test after Box–Cox transformation. DBH, TH, and SD represent the diameter at breast height, tree height,
and stand density, respectively.
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The average DBH and stand density of the TPs and CPs had a moderate variation, and
the average tree height of these two sample plots (i.e., TPs and CPs) had weak variations,
based on the classification of the coefficient of variation (CV, CV ≤ 10%, soft variation;
10% < CV < 100%, moderate variation; CV ≥ 100%, substantial variation) (see Table 3).
However, the CV values of the average DBH and stand density in the CP were higher than
those in the TP, while the CV values of the average tree height in the CP was smaller than
those in the TP. In terms of the range, the range values of the average DBH, average tree
height, and stand density of the CP were 8.30 cm, 5.60 m, and 0.35 stem/m2, respectively,
while those of the TP were 7.20 cm, 7.40 m, and 0.21 stem/m2, respectively. Generally,
thinning measures made the size distribution of the DBH and stand density more con-
centrated and the size distribution of the tree height more dispersed. The possible reason
for this situation may be that thinning removes the trees which are branched, stunted,
or competitive to promote the growth of residual trees and releases a certain nutritional
space, and then makes the residual trees in the upper layer receive more light resources to
promote their height growth.

In addition, the result of the Shapiro–Wilk test (see Table 3) showed that stand density
conformed to the normal distribution while DBH and tree height should be transformed
by the Box–Cox transformation into a normal distribution to satisfy the conditions of
geo-statistics interpolation.

3.2. Influence of Forest Thinning on the Spatial Distribution Patterns of DBH, Tree Height, and
Stand Density of Quercus Variabilis Plantation
3.2.1. The Semi-Variance Function Analysis of DBH, Tree Height, and Stand Density of
Quercus Variabilis Plantation

The selected semi-variance function models (i.e., exponential model, linear without
still model, linear with still model, spherical model, and Gaussian model) were introduced
to evaluate the variation in DBH, tree height, and stand density of the TPs and CPs in the
Quercus variabilis plantation, respectively. From Table 4, the exponential model was used
to analyze the spatial heterogeneity of the DBH, tree height, and stand density in the TPs
and CPs, with the exception of tree height in the CP and DBH in the TP. The determination
coefficients (R2) of these models, with the exception of the models generated by tree height
in the CP, were higher and ranged from 0.880 to 0.976. Hence, the selected models could
accurately describe and better reflect the spatial correlation and structure characteristics of
the DBH, tree height, and stand density of the TPs and CPs.

Table 4. Types and parameters of semi-variogram model for spatial analysis of DHB, tree height and
stand density in the thinning and control plots.

Plot Types Index Model Form Nugget Sill
Structure
Ratio (%)

Range (m)
Determination

Coefficients (R2)
Residual Sum of

Squares (RSS)

CP
DBH (cm) Exponential model <0.001 <0.001 0.16 28.2 0.880 <0.001

TH (m) Spherical model <0.001 <0.001 0.17 12.6 0.001 <0.001
SD (stem/m2) Exponential model <0.001 <0.001 0.20 39.3 0.967 <0.001

TP
DBH (cm) Spherical model 2.1 51.83 4.05 21.9 0.880 18.4

TH (m) Exponential model 24.7 264.4 9.34 33.0 0.912 407
SD (stem/m2) Exponential model <0.001 <0.001 6.54 30.3 0.976 <0.001

Note: DBH, TH, and SD are the same as those in Table 3.

As shown in Table 4, the sill values of DBH, tree height, and stand density in the TP
were larger than those in the CP, which indicated that the spatial variability in DBH, tree
height, and stand density in the TP was higher than that in the CP. The structural ratio
values of DBH, tree height, and stand density in the TPs and CPs ranged from 0.16% to
9.34%, which indicated that the proportions of spatial heterogeneity generated by random
factors and structural factors ranged from 0.16% to 9.34% and from 90.66% to 98.84%,
respectively. In addition, the structural ratio values of DBH, tree height, and stand density
of the TP were all larger than those of the CP. In general, the spatial autocorrelation of
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the DBH, tree height, and stand density of the Quercus variabilis plantation were all strong
and caused by structural factors (such as forest stand and soil). Hence, the forest thinning
measure could decrease the spatial autocorrelation of the DBH, tree height, and stand
density of the Quercus variabilis plantation. The main reason for this situation is that
thinning reduces the number of neighboring trees among the residual trees and changes
the resource allocation in the stand.

In addition, the semi-variance function values of DBH, tree height, and stand density
in the TPs and CPs all first increased as the separation distance increased and then remained
stable after a threshold (Figure 2). As shown in Figure 2, the threshold values of the semi-
variance function curves of DBH, tree height, and stand density in the TP were 21.9 m,
33.0 m, and 30.3 m, respectively, and those in the CP were 28.2 m, 12.6 m, and 39.3 m,
respectively. This indicated that the DBH, tree height, and stand density in the TPs and CPs
had a strong spatial autocorrelation in this range. From Table 4 and Figure 2, the range of
tree height in the TP was higher than that in the CP. In contrast, the DBH and stand density
all showed the opposite trend, which indicated that the spatial autocorrelation scale of tree
height after thinning was large. However, the tree height of the Quercus variabilis plantation
after thinning showed homogeneity on a large distance scale. In addition, the range of
DBH, tree height, and stand density in the TPs and CPs were all larger than the sampling
distance (i.e., 10 m), which indicated that the sampling distance met the requirements of
semi-variogram analysis.

(a)

(b)

Figure 2. Semi-variograms of DBH, TH, and SD in the thinning and control plots. (a) Semi-variances
of DBH, TH, and SD of the control plot; (b) semi-variances of DBH, TH, and SD of the thinning plot.
(DBH, TH, and SD are the same as Table 3).

3.2.2. Fractal Dimension of DBH, Tree Height, and Stand Density of Quercus
Variabilis Plantation

As shown in Figure 3, the determination coefficient (R2) values of these models
generated by the separation distance and the fractal dimension of DBH, tree height, and
stand density in the TPs and CPs, with the exception of tree height in the CP and the DBH
in the TP, ranged from 0.861 to 0.992. The regular pattern of the influence of forest thinning

11



Forests 2024, 15, 1278

on the fractal dimension was similar to that of the effect of forest thinning on the range
for DBH, tree height, and stand density in the Quercus variabilis plantation. The fractal
dimension values of DBH, tree height, and stand density in the TP were 1.912, 1.877, and
1.886, respectively, while those in the CP were 1.893, 1.969, and 1.822, respectively (see
Figure 3). This indicated that forest thinning could improve the spatial dependence and
simplify the spatial distribution of tree height while weakening the spatial dependence
and complicating the spatial distribution of DBH and stand density in the Quercus variabilis
plantation. The main reason may be that thinning decreases the number of competitors
around residual trees and leads to the release of nutrient space, changing the allocation of
light resources to cause a change in tree height growth to some extent.

(a)

(b)

Figure 3. Fractal dimension of DBH, TH, and SD in the thinning and control plots. (a) Fractal
dimension of DBH, tree height, and density of the control plot; (b) fractal dimension of DBH, tree
height, and density of thinning plot. (D0, SE, and R2 represent the fractal dimension, standard error,
and determination coefficient, respectively; DBH, TH, and SD are the same as those in Table 3).

3.2.3. Spatial Autocorrelation of DBH, Tree Height, and Stand Density of Quercus
Variabilis Plantation

Figure 4 shows the change in Moran’s I coefficient of DBH, TH, and SD with separation
distance in the Quercus variabilis plantation. Moran’s I coefficient values of the DBH and
stand density in the CP were basically higher than those in the TP. Meanwhile, tree height
showed the opposite trend, which indicated that the spatial correlation of tree height was
larger and those of DBH and stand density were all smaller after thinning. In addition,
there were two trends in the relationship between Moran’s I coefficient and separation
distance. One was that Moran’s I coefficient of DBH and tree height in the TP and tree
height and stand density in the CP all decreased with the increase in separation distance,
and their curves had an intersection point with the horizontal axis. The other was that
Moran’s I coefficient of DBH in the TP and stand density in the CP all decreased rapidly,
fell slowly, and finally increased with the increase in separation distance, and their curves
had two intersection points with the horizontal axis, which indicated that the DBH in the
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TP and the stand density in the CP all had a large plaque. Combined with the range, the
plaque of DBH in the TP was about 21.9 units and that of the stand density in the CP was
about 39.3 units.

(a)

(b)

Figure 4. Moran’s I coefficient of DBH, TH, and SD in the thinning and control plots. (a) Moran’s I
coefficient of DBH, tree height, and density of the control plot; (b) Moran’s I coefficient of DBH, tree
height, and density of thinning plot. (DBH, TH, and SD are the same as those in Table 3).

3.2.4. Spatial Distribution Pattern of DBH, Tree Height, and Stand Density of Quercus
Variabilis Plantation

As shown in Figure 5, the spatial distributions of DBH and stand density in the
CP and tree height in the TP had a strip gradient with some patches, while those of the
DBH and stand density in the TP and the tree height in the CP had a patch-like gradient.
Among them, in the CP, the DBH and tree height increased gradually from northwest to
southwest and east, and their high-value area appeared in the east of the study area, while
the spatial distribution of the stand density was opposite to those of the DBH and tree
height. However, in the TP, DBH increased gradually from southwest to northeast, and its
high-value area was in the northeast; tree height decreased gradually from southwest to
northwest and southeast, and its high-value area was in the southwest; and stand density
increased from northeast to southwest, and its high-value area appeared in the southwest.
Hence, the spatial heterogeneity of tree height in the CP and those of DBH and stand
density in the TP were relatively large, and their spatial continuity were high on a small
scale and had substantial variance.

Further, based on the sharpness of the peaks and the transition degree of each index,
the kurtosis of the 3D stereogram of DBH and stand density changed from significant
fluctuations to gentle, while that of tree height changed from mild to severe, after thinning
(see Figure 6). This result indicated that thinning made the spatial distribution of DBH and
stand density uniform with a more negligible overall difference and spatial heterogeneity,
while it made the spatial distribution of tree height uneven with a more significant overall
difference and spatial heterogeneity.
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(a)

(b)

Figure 5. Two-dimensional map of spatial distribution pattern of DBH, tree height, and stand density
in the thinning and control plots. (a) Spatial distribution pattern of DBH, tree height, and stand
density of the control plot; (b) spatial distribution pattern of DBH, tree height, and stand density of
the thinning plot. (DBH, TH, and SD are the same as those in Table 3).

(a)

(b)

Figure 6. Three-dimensional map of spatial distribution pattern of DBH, tree height, and stand
density in the thinning and control plots. (a) Spatial distribution pattern of DBH, tree height, and
stand density of the control plot; (b) spatial distribution pattern of DBH, tree height, and stand
density of the thinning plot. (DBH, TH, and SD are the same as those in Table 3).
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4. Discussion

Many silvicultural practices such as planting cutover forest lands, vegetation manage-
ment techniques, and stand thinning have been criticized for creating relatively uniform
conditions with forest stands [48]. Pre-commercial thinning, in particular, tends to leave a
homogeneous array of trees throughout a treated stand, and this practice contributes to
both volume and quality increases in wood fiber on those crop trees selected for superior
growth and form during the thinning process [49]. Forest restoration thinning is also a
technique that alters the stand structure and ecological succession of understory vegetation.
Conventional stand thinning generally leads to positive responses in the biomass of under-
story vegetation [50–55] and has the potential to increase tree growth [16,56–58] and reduce
the competition among trees [59] while generating a gap to increase the diameters of the
rest of the trees and the stability of the stand [60]. Due to the forestry characteristics in
China, forest restoration thinning could not attain a high timber yield. Hence, it is necessary
to analyze the effect of forest restoration thinning on the spatial heterogeneity and structure
of the Quercus variabilis plantation in China.

4.1. The Effect of Thinning on the Non-Spatial Structure of Quercus Variabilis Plantation

Forest thinning plays an important role in adjusting tree species composition, reducing
stand density, improving forest health, optimizing stand structure, and improving the
comprehensive benefits of the stand. Our result indicated that the average DBH and
average tree height of the TP were significantly higher than those of the CP. In addition,
the variation coefficient and range values of DBH and stand density in the TP were smaller
than those in the CP, while the variation coefficient and range values of tree height in the
TP were more extensive than those in the CP. This situation showed that the distributions
of DBH and stand density in the TP were relatively concentrated and better than those
in the CP, while the distribution of tree height in the TP was opposite. In general, the
influence of thinning on the tree growth and non-spatial structure of the Quercus variabilis
plantation was positive. Our results are consistent with those of previous research [61,62].
Among them, Gradel et al. [59] researched the response of the non-spatial structure of
birch and larch stands in North Mongolia to thinning and found that thinning could
positively affect the total yield, although the distribution and coefficient of variation in
diameter were not greatly changed by thinning. Nguyen et al. [62] studied the influence of
thinning intensity on tree growth in a Pinus koraiensis plantation and found that thinning
increased tree growth (diameter at breast height and crown size) with the exception of
height growth, while the moderately thinning stand had the highest basal area and stock
volume at the stand level. Meanwhile, Cabon et al. [61] researched the influence of thinning
on tree growth in a Mediterranean evergreen oak coppice, and their result revealed that
thinning increased long-term growth at the stem level but decreased the wood biomass
at the stand level, while moderate thinning had a sustained beneficial influence on the
growth of all stem size classes; by contrast, stronger thinning intensities increased the size
asymmetry of competition and their overall effect dropped faster. However, the reason
for this situation might be that thinning removed the branched, stunted, or competitive
trees around residual trees; decreased the number of neighboring trees around the residual
trees; and released a certain amount of nutrition space before adjusting the structure and
density of the stand, improving the utilization efficiency of water and light resources,
and reducing the proportion of trees with a small DBH and low tree height, resulting in
the better growth and development of the remaining trees [63,64]. Due to an excellent
correlation between forest growth and stand density, suitable thinning could adjust the
stand density, improve the illumination, increase the nutrition of the reserved trees, and
effectively promote the growth of trees. Hence, although this research analyzes the impact
of thinning from multiple stand features (i.e., DBH, tree height, and stand density), it
was necessary to conduct in-depth research on the canopy structure and diversity of the
understory plant in the future.
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4.2. The Effect of Thinning on the Spatial Heterogeneity of Quercus Variabilis Plantation

Spatial heterogeneity is the variability and complexity of the system or system at-
tributes in space and is the main reason for the formation of spatial patterns. At present, the
research on spatial patterns mainly used the crown width, crown height, tree height, DBH,
and stand coverage as regionalized variables to analyze the spatial pattern of stands [65].
This study changed the previous spatial distribution pattern analysis methods, such as the
distance method, angular scale, and coefficient of variation of the Voronoi method, and
used the semi-variance function analysis and Kriging interpolation method to analyze the
spatial heterogeneity. Our results showed that the variation range of the DBH, tree height,
and stand density of the thinning and control plots were all greater than 10 m, and the
sampling distance met the research requirements. The tree height, DBH, and stand density
in the thinning and control plots had a strong autocorrelation. The variation ranges and
the spatial autocorrelation distances of DBH and stand density in the thinning plot were
all lower than those in the control plot. Meanwhile, the variation range and the spatial
autocorrelation distance of tree height in the thinning plot were larger than those in the
control plot. Compared with the control plot, the spatial distributions of DBH and stand
density in the thinning plot fluctuated less and changed gentler; their spatial continuity
was not high but their spatial variation was more significant. Meanwhile, the spatial
distribution of tree height in the thinning plot was highly fluctuating, with a strong spatial
dependence, simple spatial distribution, and strip gradient distribution. The reason might
be that forest thinning decreases the number of competitors around the remaining trees;
changes the allocation of habitat resources, especially the allocation of light resources in
vertical space; and then adjusts the horizontal and vertical distribution of trees in the stand
to make stand structure more stable, letting the forest environment become more suitable
for plant growth and development, improving the canopy structure and light environment
to make the shrubs and grass grow better, accelerating litter decomposition, increasing
the soil nutrient and forest growth space, and then obtaining profit for plant growth and
development. However, the slope position, topography, intraspecific competition, and
other factors would lead to an uneven distribution of tree height after thinning. This reason
is supported by some previous studies [65–67]. Among them, Liu et al. [65] studied the
spatial heterogeneity of urban street trees in Harbin, China, and found that interspecific
and intraspecific competition would affect the spatial heterogeneity of tree height and DBH.
A large number of studies showed that the DBH and height of trees were influenced by soil
factors. Li et al. [67] studied the spatial heterogeneity of the DBH growth of Korean pine
and revealed that terrain factors could explain the spatial distribution of its DBH growth,
to a certain extent. Meanwhile, Samra et al. [66] thought that the growth of tree height had
some relationship with the soil environment by studying the spatial dependence between
soil alkalinity and tree growth. Exploring the spatial heterogeneity of the DBH, tree height,
and stand density of plantations in the thinning and control plots could further elucidate
the influence of thinning on stand structure by geostatistical methods and provide a basis
for reasonable thinning. However, slope position, soil, and human disturbance all had a
certain effect on DBH, tree height, and stand density under different thinning intensities.
Hence, it is necessary to further study the spatial heterogeneity of DBH, tree height, and
stand density under different thinning intensities.

4.3. The Suggestion of Forest Restoration Thinning in the Semi-Arid Area

Forestry surveys have revealed that the allometric relationships among tree height,
canopy area, and breast height diameter are mainly driven by light limitations [68]. How-
ever, in open forests such as semi-arid forests, the light resource is generally not a limiting
factor for tree growth [69]. In semi-arid areas, there are rich radiation and heat resources but
insufficient water resources, thus seriously affecting the survival, growth, and management
of afforestation. Some researchers have considered that the semiarid climate conditions
limit the height growth of trees [70] and generate an overall deficiency in moisture, which
considerably influences the elevational forest distribution and may even control the upper
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forest limit [71–73]. Human-driven forest thinning is of primary importance for sustain-
able water resource management in semi-arid basins [74,75]. In China, the semi-arid area
accounts for 22% of the total land area. Hence, based on the effect of thinning on the spatial
heterogeneity of DBH, tree height, and stand density in Quercus variabilis plantations, forest
restoration thinning in semi-arid areas is the suggested target tree management method tak-
ing into account soil and water conservation and confirming the disturbance trees around
the remaining trees. Then, the competitive trees or the trees that are not conducive to the
reconstruction of the stand structure around the remaining trees are selectively removed,
but not the deep-rooted tree species, maintaining the water resources environment in the
region. Meanwhile, the intensity of this restoration thinning should be moderate to adjust
the stand structure and maintain the ecological function of the forest in the semi-arid area
to meet the forest-adaptive management requirements.

5. Conclusions

The influence of forest thinning on the stand structure and spatial heterogeneity of a
Quercus variabilis plantation was explored by geostatistical methods. Forest thinning could
improve the distribution of the DBH and stand density and increase the effect of structural
factors on the spatial heterogeneity of the DBH, tree height, and stand density. In addition,
forest thinning could reduce the stereoscopic distribution fluctuation in DBH and stand
density, reduce the fluctuation change, reduce their spatial continuity, and enhance the
significance of their spatial difference. However, forest thinning makes the stereoscopic
distribution fluctuation of tree height change severely, improves its spatial dependence,
and simplifies its spatial distribution, which shows a banded gradient distribution. Forest
thinning improves the allocation of light resources in the stand, promotes tree growth, and
enriches the spatial heterogeneity of stand features. For the suggested forest management in
the semi-arid area, moderate restoration thinning which utilizes the target tree management
method considering soil and water conservation is recommended. Hence, this research will
provide a reference for exploring the spatial variation and heterogeneity of stand attributes
and formulating forest-adaptive management measures in semi-arid areas.
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Abstract: Forest biomass and carbon storage models are crucial for inventorying, monitoring, and
assessing forest resources. This study develops models specific to China’s diverse forests, offering
a methodological foundation for national carbon storage estimation and a quantitative basis for
national, regional, and global carbon sequestration projections. Utilizing data from 52,700 permanent
plots obtained during China’s 9th national forest inventory, we calculated biomass and carbon storage
per hectare for 35 tree species groups using respective individual tree biomass models and carbon
factors. We then constructed a three-level volume-based model system for forest biomass and carbon
storage, applying weighted regression, dummy variable modeling, and simultaneous equations with
error-in-variables. This system encompasses one population of forests, three forest categories (level
I), 20 forest types (level II), and 74 forest sub-types (level III). Finally, the assessment of these models
was carried out with six evaluation indices, and comparative analyses with previously established
biomass models of three major forest types were conducted. Determination coefficients (R2) for the
population average model, and three dummy models on levels I, II, and III, exceed 0.78, 0.85, 0.92,
and 0.95, respectively, with corresponding mean prediction errors (MPEs) of 0.42%, 0.34%, 0.24%,
and 0.19%, and mean percent standard errors (MPSEs) of approximately 22%, 21%, 15%, and 12%.
Models for 20 forest types and 74 sub-types yield R2 values above 0.87 and 0.85, with MPE values
below 3% and 5%, respectively. Notably, the estimates of previous biomass models of three major
forest types demonstrated considerable uncertainty, with TRE ranging from −20% to 74%. However,
accuracy has improved with larger sample sizes. In total biomass and carbon storage estimations,
the R2 values of dummy models for levels I, II, and III progressively increase and MPSE and MPE
values decrease, whereas TRE approximates zero. The tiered model system of simultaneous equations
developed herein offers a quantitative framework for precise evaluations of biomass and carbon
storage on different scales. For enhanced accuracy in such estimations, applying level III models is
recommended whenever feasible, especially for national estimation.

Keywords: biomass conversion factor; simultaneous equations; error-in-variable; dummy variable;
carbon storage

1. Introduction

Forest biomass and carbon storage, akin to forest volume, are vital for monitoring
forest resources and are integral indicators of forest ecosystem function and productiv-
ity [1–3]. As global climate concerns rise, the examination of forest carbon storage and its
sequestration potential is increasingly prioritized [4,5]. Forest biomass can be determined
through individual tree biomass models [6,7] or by formulating stand-level biomass models
and conversion factors [2,6]. Forest carbon storage estimates are derived by multiplying
biomass by the forest’s average carbon factor [2].
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Reviewing work by Luo et al. [8], it is evident that from 1978 to 2013, Chinese re-
searchers developed 5924 tree biomass models covering approximately 200 species. Since
2014, the State Forestry Administration of China has developed tree biomass models and
related carbon accounting parameters for the primary tree species or groups, resulting in a
series of official standards [9–21]. Yet, comparatively, stand-level biomass models [7,22–41]
are less prevalent than individual tree models [7–22,26,27,42–46]. Given that stand-level
models are more commonly utilized on large scales, such as national, regional, and global
levels, the development of these models for all forest types in China is of substantial
practical significance.

Among the stand-level biomass models for China’s forest types, Fang et al. [29,30]
stand out with volume-derived biomass models for 21 forest types from 418 sample plots,
which have seen broad application [35,38]. Wang et al. [32] created hyperbolic relationships
between biomass and volume for 16 forest types using 1266 sample plots from forest
inventory, and Zhang et al. [41] developed power function models for 10 types with 1828
sample plots from forest inventory, along with 21 biomass models for various regions and
forest categories.

Evaluating the performance of these models reveals three main deficiencies: First, the
modeling sample sizes are often insufficient, with Fang et al. [30] basing 18 models on fewer
than 30 sample plots, among the models for 21 forest types, and only three models for larch
(Larix spp.), Chinese fir (Cunninghamia lanceolata), and Chinese pine (Pinus tabulaeformis)
were based on more than 30 plots. Similarly, Wang et al. [32] used fewer than 50 plots for
10 models, and Zhang et al. [41] used fewer than 50 plots for two models. Second, the
modeling methods tend to be oversimplified, commonly using ordinary least square (OLS)
regression, which does not account for the heteroscedasticity of the biomass and volume
data. Third, the evaluation indices are typically limited, with only R2 [30,41] or R [32]
provided, lacking other error-related indices, making it difficult to gauge their uncertainty
in the application.

Moreover, as the discourse on climate change intensifies and strategies for ‘carbon
peak and carbon neutrality’ are implemented, the precise estimation of forest carbon storage
has garnered escalating interest. Researchers often rely on existing biomass models to
gauge carbon storage trends, typically using a universal carbon factor of 0.5 or 0.47 for all
forest types [37–40]. Nevertheless, carbon factors vary among different forest types, a fact
underscored by Zeng et al. [31] who formulated simultaneous models for volume, biomass,
and carbon storage across 10 major forest types in northeast China using 2000 plots.

The primary aims of this study are twofold: (1) To develop a tiered system of models
for forest biomass and carbon storage based on the measured data of 52,700 sample plots
from the ninth national forest inventory (NFI) of China, which includes one population,
three forest categories (level I), 20 forest types (level II), and 74 forest sub-types (level III).
This system employs weighted regression, dummy variable modeling, and simultaneous
equations with error-in-variables [31,47–50]. (2) To assess the evaluation indices of the
three-level models, providing a basis for understanding the uncertainty of the models
when applied on different scales.

2. Materials and Methods

2.1. Data Description

The dataset for this research is derived from the permanent sample plots in the
ninth National Forest Inventory (NFI) of China. Nationwide, 52,700 effective sample
plots were analyzed, each with a non-zero stand volume. In-depth analysis of these plots
included calculating forest volume and biomass (accounting for above- and below-ground
biomass, but not understory vegetation) as well as carbon storage per hectare. These
calculations were based on official standards on tree biomass models and carbon factors
for major tree species, which were developed using the measurement data of 7534 sample
trees from destructive sampling [9–21,43]. On the tree level, 35 species/groups were
classified according to the national standard [43], and the estimates of volume, biomass,
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and carbon storage at the plot level were obtained by summing the estimates of individual
trees, which were based on one-variable models. Even though tree height is the second
most important variable to estimate biomass, the contribution to above- or below-ground
biomass estimation is not highly great [43]. These plots are organized by dominant tree
species into three categories and 20 forest types, categorized based on area and stand
volume, encompassing a diverse range of species such as fir (Abies), spruce (Picea), and
others, including broadleaved and coniferous types. To ensure robust model development
and subsequent validation, the sample plots were divided, with two-thirds utilized for
model construction and one-third reserved for validation. Table 1 provides a detailed
breakdown of the data used for both modeling and validation across the different forest
categories and types.

Table 1. The basic data pertaining to the modeling samples and validation samples for 20 forest
types.

Forest Type Number
of Plots

Modeling Samples Validation Samples

Number
of Plots

Max Volume
(m3/ha)

Max
Biomass

(t/ha)

Number
of Plots

Max Volume
(m3/ha)

Max
Biomass

(t/ha)

Coniferous

Abies spp. 534 355 1439 764 179 1364 792
Picea spp. 1353 900 941 564 453 800 487
Larix spp. 2495 1665 485 381 830 522 379

Cunninghamia lanceolata 3152 2100 456 257 1052 454 262
Cupressus spp. 1328 885 511 768 443 388 622

Pinus massoniana 2607 1740 319 325 867 333 290
P. tabulaeformis 1186 790 306 377 396 275 343
P. yunnanensis 766 510 340 250 256 355 242

Other coniferous 1681 1125 471 323 556 414 327

Mixed
Conifer mixed 1898 1265 881 600 633 789 487

Conifer–broadleaf mixed 4364 2910 650 606 1454 502 436
Broadleaf mixed 13,073 8715 732 870 4358 706 723

Broadleaves

Quercus spp. 4474 2980 706 875 1494 402 538
Betula spp. 2201 1465 472 359 736 420 360

Populus spp. 3924 2615 396 367 1309 380 298
Robinia pseudoacacia 830 550 188 248 280 193 245

Eucalyptus spp. 1036 690 261 296 346 195 248
Hevea brasiliensis 701 465 298 241 236 370 296
Other hardwood 3368 2245 488 549 1123 443 509
Other softwood 1729 1150 381 366 579 422 321

2.2. Modeling Methods
2.2.1. Forest Classification

To enhance the practicability of the modeling results, based on the data available, 15 for-
est types among the 20 were subdivided according to dominant tree species (group) [51]
or geographical region [52], excluding Chinese pine, Yunnan pine, Robinia, eucalyptus,
and rubber-woods. One type (other coniferous) was divided into 8 sub-types by dominant
tree species (group), and two types (other hardwood broadleaved and other softwood
broadleaved) were divided into 12 and 6 sub-types, respectively, by both dominant tree
species (group) and geographical region, and the remaining 12 types were divided by
geographical region from 2 to 6 sub-types. The whole country is categorized into six
geographical regions, that is, North China (NC), Northeast (NE), East China (EC), Central
South (CS), Southwest (SW), and Northwest (NW). These regions can also be combined
as North (N = NE + NC + NW), South (S = EC + CS + SW), West (W = NW + SW), and
other regions as necessary. Consequently, 20 forest types were reclassified into 74 forest
sub-types (see Table 2).
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Table 2. A three-level system of forest classification.

Forest Category Forest Type Forest Sub-Type/Level III

Level I Level II Number Name

Coniferous

Abies spp. 2 Abies spp. I (N); Abies spp. II (SW)
Picea spp. 2 Picea spp. I (N); Picea spp. II (SW)
Larix spp. 3 Larix spp. I (NE); Larix spp. II (NC); Larix spp. III (W)

Cunninghamia lanceolata 3 C. lanceolata I (EC); C. lanceolata II (CS); C. lanceolata
III (SW)

Cupressus spp. 3 Cupressus spp. I (NE + NC); Cupressus spp. II (NW);
Cupressus spp. III (S)

Pinus massoniana 3 P. massoniana I (EC); P. massoniana II (CS); P. massoniana
III (SW)

P. tabulaeformis 1 P. tabulaeformis
P. yunnanensis 1 P. yunnanensis

Other coniferous 8 P. sylvestris; P. armandii; P. densata; P. K.T.D.; Foreign
pine; Other pine; Cryptomeria spp.; Other coniferous

Mixed

Conifer mixed 4 Conifer mixed I (N); Conifer mixed II (EC); Conifer
mixed III (CS); Conifer mixed IV (SW)

Conifer–broadleaf mixed 5
Conifer–broadleaf I (NE); Conifer–broadleaf II

(NC + NW); Conifer–broadleaf III (EC);
Conifer–broadleaf IV (CS); Conifer–broadleaf V (SW)

Broadleaf mixed 6
Broadleaf mixed I (NE); Broadleaf mixed II (NC);

Broadleaf mixed III (NW); Broadleaf mixed IV (EC);
Broadleaf mixed V (CS); Broadleaf mixed VI (SW)

Broadleaves

Quercus spp. 5 Quercus spp. I (NE); Quercus spp. II (NC); Quercus spp.
III (NW); Quercus spp. IV (SE); Quercus spp. V (SW)

Betula spp. 3 Betula spp. I (NE); Betula spp. II (NC); Betula spp.
III (W)

Populus spp. 4 Populus spp. I (NE); Populus spp. II (NC); Populus spp.
III (W); Populus spp. IV (SE)

Robinia pseudoacacia 1 R. pseudoacacia
Eucalyptus spp. 1 Eucalyptus spp.

Hevea brasiliensis 1 H. brasiliensis

Other hardwood 12

F.J.P.; C.S.P.; Ulmus spp.; Schima superba; Juglans regia;
Castanea mollissima; Quercus variabilis; Other non-wood;

Other hardwood I (NE + NC); Other hardwood II
(NW); Other hardwood III (EC); Other hardwood

IV (CS + SW)

Other softwood 6
Tilia tuan; Salix spp.; Other softwood I (NE + NC);
Other softwood II (NW); Other softwood III (SE);

Other softwood IV (SW)
Note: (i) China is divided into six geographic regions, that is, North China (NC), Northeast (NE), East China (EC),
Central South (CS), Southwest (SW), and Northwest (NW). NC includes Beijing, Tianjin, Hebei, Shanxi, and Inter
Mongolia; NE includes Liaoning, Jilin, and Heilongjiang; EC includes Shanghai, Jiangsu, Zhejiang, Anhui, Fujian,
Jiangxi, and Shandong; CS includes Henan, Hubei, Hunan, Guangdong, Guangxi, and Hainan; SW includes
Chongqing, Sichuan, Guizhou, Yunnan, and Tibet; NW includes Shannxi, Gansu, Qinghai, Ningxia, and Xinjiang.
NE, NC, and NW are merged to North (N); Northwest and Southwest are merged to West (W); East China and
Central South are merged to Southeast (SE); and Southeast and Southwest are merged to South. The above forest
classification and geographical division do not include Taiwan, Hong Kong, and Macau. (ii) Abbreviations in
parentheses indicate geographic regions. (iii) P. K.T.D denotes P. koraiensis, P. thunbergii, and P. densiflora; F.J.P.
means Fraxinus mandshurica, Juglans mandshurica, and Phellodendron amurense; C.S.P. represents Cinnamomum spp.,
Sassafras spp., and Phoebe spp.; and other non-wood includes the non-wood forests composed of other tree species
except Hevea brasiliensis, Juglans regia, Castanea mollissima, and Quercus variabilis.

2.2.2. Model Development

Forest biomass is closely related to its volume, and the volume-derived biomass
models have been extensively applied in previous studies [27,28,32,35,38]. According
to Fang et al. [30], there is a linear correlation between forest biomass and volume for
21 forest types in China. This linearity was confirmed by a scatterplot depicting the
relationship between forest biomass and volume data per hectare from the 52,700 sample
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plots. Moreover, linear models are advantageous for application across different scales and
can avoid the scaling-up errors associated with overestimates of nonlinear models [37].

Additionally, both above- and below-ground biomass require consideration. For
instance, reporting both kinds of biomass data in the Global Forest Resources Assessment
by the FAO [3] is mandatory. The ratio of below-ground to above-ground biomass, known
as the root-to-shoot ratio (RSR), varies across forest types [2]. Accurate estimation of
below-ground biomass for various forest types depends on the reliable values of RSR, but
these data are not available. After estimating total forest biomass, forest carbon storage is
calculated by multiplying the biomass by the average carbon factor, usually 0.5 or 0.47 in
previous studies [2,29,30]. Nonetheless, it should be recognized that carbon factors may
differ among forest types [31].

Given the recursive nature of the relationship between total biomass and both above-
ground biomass (or below-ground biomass) and carbon storage, this study employed
simultaneous equations with error-in-variables and dummy variables [47–50] to develop a
model system at three levels. The equations are as follows:

⎧⎨
⎩

BT = ΣaiSi + (ΣbiSi)V + ε1
BA = (ΣciSi)B̂T + ε2
C = (ΣdiSi)B̂T + ε3

(1)

Here, BT represents observed total biomass per hectare (t/ha), BA indicates above-
ground biomass (t/ha), and C refers to carbon storage (t/ha). V is the forest volume
(m3/ha) regarded as error-free-variable, B̂T is estimated total biomass per hectare (t/ha)
regarded as an error-in-variable in the second and third equations, and ai, bi, ci, and di are
parameters where i denotes the ith category, type, or sub-type. Si is a dummy variable
equal to 1 when data belong to the ith category, type, or sub-type, and 0 otherwise. ε1, ε2,
and ε3 are error items, assumed to follow a normal distribution with a mean of zero.

By dividing the first equation in model system (1) by V, we obtain a biomass conversion
factor (BCF) model:

BCF = BT/V = bi + ai/V (2)

In this model, BCF combines basic wood density (WD), biomass expansion factor
(BEF), and the ratio of shoot-to-root (RSR) as outlined in the IPCC Guidelines for national
greenhouse gas inventories [2], where BCF = WD·BEF·(1 + RSR). The di parameter in the
third equation in model system (1) aligns with the carbon factor (CF). From the ci parameter
in the second equation in model system (1), one can deduce the RSR:

RSR = BB/BA = (1 − c i)/ci (3)

Like forest volume data, both forest biomass and carbon storage data display het-
eroscedasticity. This research advocates the use of the weighted regression method [47],
with a weight function defined as w = 1/V0.5, which was determined on compromise consid-
eration of total relative error and average systematic error of the models [48]. Additionally,
considering the recursive relationship between total biomass, above-ground biomass, and
carbon storage, it is crucial to employ simultaneous equations with error-in-variables to fit
accurately the model system (1) [50].

2.2.3. Model Evaluation

Six indices were employed to evaluate the models: coefficient of determination (R2),
standard error of the estimate (SEE), total relative error (TRE), average systematic error
(ASE), mean prediction error (MPE), and mean percentage standard error (MPSE) [53,54],
which were commonly used to evaluate the integrated performance of models [55,56]. TRE,
ASE, MPE, and MPSE are defined as follows:

TRE = ∑(yi − ŷi)/∑ ŷi × 100 (4)
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ASE = ∑ (yi − ŷi)/ŷi/n × 100 (5)

MPE = tα · (SEE/y)/
√

n × 100 (6)

MPSE = ∑|(yi − ŷi)/ŷi|/n × 100 (7)

In these equations, yi represents observed values, ŷi represents estimated values, y is
the mean of observed values, n is the number of plots, and tα is the t-value at the confidence
level α. For the models developed, values of the six indices were computed and used
for evaluation.

Practically, models are expected to have MPE values less than 3% or 5%, MPSE
values less than 15% or 20%, TRE values within ±3%, and ASE values within ±5%. For
extensive applicability assessments, TRE and ASE must also be independently verified
using validation samples, with TRE ideally within ±3% or below the MPE value, and ASE
within ±5%. If ASE exceeds ±5% but is within ±10%, the model has a moderate systematic
error; if it exceeds ±10%, the systematic error is considered high.

3. Results

For this study, data from 35,120 plots were utilized to calibrate model system (1),
applying simultaneous equations with error-in-variables and dummy variables. This
encompassed one population, three forest categories, 20 forest types, and 74 forest sub-
types. The parameter estimates and associated evaluation indices for the first equation
in model system (1) are presented in Table 3. Notably, when assessing the SEE values
for the second and third equations in model system (1) relative to the first equation,
significant discrepancies emerged. However, for the other five evaluation indices, only
minor differences were noted. Due to their negligible variance, the indices for the second
and third equations in model system (1) have been excluded from Table 3 for succinctness.

A thorough analysis of the six evaluation indices in Table 3 revealed several insights
into the model’s performance. The TRE values were nearly zero, which suggests a strong
agreement between the observed and estimated values across the models. The average
values of the other five evaluation indices demonstrated a positive trend moving from one
population to three forest categories and further to 20 forest types and 74 forest sub-types,
except for a slight uptick in the average MPE values from 0.42% to 0.60%, 1.22%, and 2.11%,
attributable to sample size variations. The average R2 values increased progressively from
0.781 for the population average model to 0.853, 0.928, and 0.941 for levels I, II, and III
models, respectively, while the average values of SEE, ASE, and MPSE decreased. For
instance, the average MPSE values at the three levels fell from 22.38% for the population
average model to 21.03%, 14.68%, and 12.96%, a reduction of approximately 6%, 34%, and
42% respectively.

Regarding the models for the three forest categories, the R2 values exceeded 0.78, MPE
values were below 1%, ASE values fell within ±10% (with two categories within ±5%), and
MPSE values were around 20%. The coniferous biomass model did not perform so well
due to the large variation in forest volume stock. Subsequently, data from 17,580 plots, clas-
sified as validation samples in Table 1, underwent independent validation. The outcomes
affirmed that TRE values stayed within ±0.3% and ASE values within ±5%.

For the 20 forest-type models, the R2 values were above 0.87, and MPE values were be-
low 3% (with eight types under 1%). ASE values were within ±10% (18 types within ±5%),
and MPSE values were under 20% (with the exception of the ‘other coniferous’ type and
two types under 10%). Independent cross-validation confirmed that TRE values for most
types were within ±3%, barring the third equation in model system (1) for the ‘other
coniferous’ type at −3.16%; and ASE values were within ±5%, except for two types. The R2

values and other evaluation indices, which were different for each forest type, depended
on the size and structure of the modeling samples.

26



Forests 2024, 15, 1305
T

a
b

le
3
.

Th
e

pa
ra

m
et

er
es

ti
m

at
es

of
th

re
e-

le
ve

ls
im

ul
ta

ne
ou

s
m

od
el

s
of

fo
re

st
bi

om
as

s
an

d
ca

rb
on

st
or

ag
e

an
d

ev
al

ua
ti

on
in

di
ce

s
of

bi
om

as
s

m
od

el
in

C
hi

na
.

L
e

v
e

l
T

y
p

e
P

a
ra

m
e

te
r

E
st

im
a

te
E

v
a

lu
a

ti
o

n
In

d
ic

e
s

o
f

B
io

m
a

ss
M

o
d

e
l

a i
b i

c i
R

S
R

d i
(C

F
)

R
2

S
E

E
/t

T
R

E
/%

A
S

E
/%

M
P

E
/%

M
P

S
E

/%

Po
pu

la
tio

n
Fo

re
st

1.
48

64
0.

97
92

0.
79

73
0.

25
42

0.
48

91
0.

78
1

34
.6

2
0.

00
5.

30
0.

42
22

.3
8

Le
ve

lI
C

on
if

er
ou

s
1.

63
55

0.
81

29
0.

80
69

0.
23

93
0.

49
94

0.
78

7
35

.6
9

−0
.0

1
8.

52
0.

80
24

.6
0

M
ix

ed
1.

74
34

1.
04

63
0.

79
56

0.
25

69
0.

48
68

0.
88

4
25

.3
9

−0
.0

4
3.

45
0.

45
16

.8
1

Br
oa

dl
ea

ve
d

0.
29

86
1.

11
33

0.
79

59
0.

25
64

0.
48

38
0.

88
7

23
.0

6
−0

.0
1

3.
93

0.
55

21
.6

8

Le
ve

lI
I

A
bi

es
sp

p.
5.

57
79

0.
59

37
0.

81
80

0.
22

25
0.

49
51

0.
87

3
47

.3
0

−0
.0

6
2.

20
2.

21
17

.3
0

Pi
ce

a
sp

p.
1.

60
95

0.
71

57
0.

79
91

0.
25

14
0.

49
01

0.
91

4
29

.8
9

−0
.0

1
5.

50
1.

23
15

.6
5

La
ri

x
sp

p.
1.

04
27

0.
82

28
0.

77
94

0.
28

30
0.

48
88

0.
93

6
14

.9
9

0.
00

2.
70

0.
82

13
.2

8
C

un
ni

ng
ha

m
ia

la
nc

eo
la

ta
0.

59
04

0.
71

18
0.

81
09

0.
23

32
0.

49
69

0.
93

6
12

.0
6

0.
00

4.
36

0.
87

14
.0

4
C

up
re

ss
us

sp
p.

0.
48

36
1.

53
36

0.
80

07
0.

24
89

0.
50

13
0.

94
7

22
.5

7
0.

00
2.

88
1.

65
16

.4
7

Pi
nu

s
m

as
so

ni
an

a
1.

74
01

0.
97

26
0.

82
97

0.
20

53
0.

51
62

0.
95

4
11

.2
0

0.
02

0.
91

0.
67

10
.0

1
P.

ta
bu

la
ef

or
m

is
0.

09
01

1.
12

55
0.

80
98

0.
23

49
0.

51
30

0.
96

6
16

.1
8

0.
00

0.
05

1.
66

15
.6

0
P.

yu
nn

an
en

si
s

0.
93

61
0.

64
99

0.
84

53
0.

18
30

0.
50

47
0.

97
3

11
.8

9
0.

00
3.

94
1.

71
13

.7
9

O
th

er
co

ni
fe

ro
us

0.
98

84
0.

83
13

0.
80

41
0.

24
36

0.
50

09
0.

87
4

20
.9

0
−0

.0
3

6.
63

1.
64

20
.4

1
C

on
if

er
m

ix
ed

0.
58

28
1.

29
64

0.
80

88
0.

23
64

0.
50

14
0.

92
1

19
.6

4
0.

06
1.

69
1.

22
14

.2
1

C
on

if
er

–b
ro

ad
le

af
m

ix
ed

0.
50

18
1.

01
49

0.
79

61
0.

25
61

0.
49

20
0.

89
4

20
.5

8
−0

.0
1

3.
37

0.
89

15
.8

0
Br

oa
dl

ea
fm

ix
ed

0.
00

77
0.

90
22

0.
79

38
0.

25
98

0.
48

35
0.

91
6

22
.6

7
−0

.0
3

3.
19

0.
47

15
.4

4
Q

ue
rc

us
sp

p.
0.

69
54

1.
53

88
0.

79
30

0.
26

10
0.

48
10

0.
91

7
26

.7
8

−0
.0

1
3.

27
0.

85
17

.4
4

Be
tu

la
sp

p.
0.

33
33

1.
17

40
0.

78
21

0.
27

86
0.

48
67

0.
89

8
17

.3
9

0.
00

1.
77

1.
03

14
.3

6
Po

pu
lu

s
sp

p.
0.

82
26

0.
86

07
0.

82
46

0.
21

27
0.

47
25

0.
93

3
12

.2
1

0.
00

1.
86

0.
78

12
.8

3
R

ob
in

ia
ps

eu
do

ac
ac

ia
0.

34
39

1.
21

30
0.

78
32

0.
27

68
0.

48
38

0.
93

4
10

.7
5

−0
.0

1
1.

94
2.

00
14

.6
8

Eu
ca

ly
pt

us
sp

p.
0.

57
03

0.
99

35
0.

77
93

0.
28

32
0.

52
38

0.
96

2
8.

98
0.

00
1.

32
1.

18
8.

88
H

ev
ea

br
as

ili
en

si
s

4.
07

99
0.

82
72

0.
79

81
0.

25
30

0.
49

56
0.

99
1

4.
10

−0
.0

1
2.

48
0.

53
5.

96
O

th
er

ha
rd

w
oo

d
2.

61
70

0.
95

15
0.

78
80

0.
26

90
0.

48
56

0.
93

3
14

.3
7

−0
.0

1
2.

95
1.

17
17

.6
7

O
th

er
so

ft
w

oo
d

1.
50

64
1.

10
73

0.
79

54
0.

25
72

0.
48

73
0.

89
6

18
.6

6
−0

.0
2

5.
29

1.
79

19
.7

5

Le
ve

lI
II

A
bi

es
sp

p.
I

1.
97

30
0.

77
67

0.
80

17
0.

24
73

0.
49

55
0.

98
9

13
.1

0
0.

00
0.

56
1.

02
5.

09
A

bi
es

sp
p.

II
3.

62
39

0.
53

59
0.

82
67

0.
20

96
0.

49
50

0.
97

1
23

.1
6

0.
01

1.
52

1.
36

8.
97

Pi
ce

a
sp

p.
I

1.
49

94
0.

73
51

0.
79

18
0.

26
29

0.
49

00
0.

89
9

31
.1

1
0.

00
5.

75
1.

42
16

.2
5

Pi
ce

a
sp

p.
II

3.
42

53
0.

64
05

0.
82

82
0.

20
74

0.
49

03
0.

97
8

17
.0

5
−0

.0
1

1.
63

1.
63

8.
27

La
ri

x
sp

p.
I

0.
65

76
0.

92
37

0.
74

52
0.

34
19

0.
48

85
0.

96
7

9.
24

0.
00

1.
35

0.
87

9.
95

La
ri

x
sp

p.
II

0.
45

62
0.

79
99

0.
78

36
0.

27
62

0.
48

88
0.

93
9

12
.4

9
0.

00
0.

81
1.

12
10

.2
6

La
ri

x
sp

p.
II

I
2.

33
20

0.
73

42
0.

82
85

0.
20

70
0.

48
95

0.
97

3
14

.0
2

0.
01

2.
47

1.
37

11
.6

9

27



Forests 2024, 15, 1305
T

a
b

le
3

.
C

on
t.

L
e

v
e

l
T

y
p

e
P

a
ra

m
e

te
r

E
st

im
a

te
E

v
a

lu
a

ti
o

n
In

d
ic

e
s

o
f

B
io

m
a

ss
M

o
d

e
l

a i
b i

c i
R

S
R

d i
(C

F
)

R
2

S
E

E
/t

T
R

E
/%

A
S

E
/%

M
P

E
/%

M
P

S
E

/%

Le
ve

lI
II

C
un

ni
ng

ha
m

ia
la

nc
eo

la
ta

I
0.

78
50

0.
69

90
0.

81
00

0.
23

46
0.

49
65

0.
92

0
14

.3
2

0.
00

4.
60

1.
40

16
.2

1
C

un
ni

ng
ha

m
ia

la
nc

eo
la

ta
II

0.
47

58
0.

72
29

0.
81

20
0.

23
15

0.
49

74
0.

95
4

8.
85

0.
00

4.
52

1.
29

11
.5

6
C

un
ni

ng
ha

m
ia

la
nc

eo
la

ta
II

I
0.

43
92

0.
72

68
0.

81
15

0.
23

23
0.

49
73

0.
95

3
10

.3
6

0.
00

2.
99

1.
56

12
.5

7
C

up
re

ss
us

sp
p.

I
0.

07
35

1.
76

47
0.

79
97

0.
25

05
0.

50
20

0.
94

7
9.

14
0.

00
0.

89
2.

92
11

.7
0

C
up

re
ss

us
sp

p.
II

2.
00

93
1.

68
02

0.
80

06
0.

24
91

0.
50

30
0.

95
6

28
.5

9
0.

00
2.

14
2.

54
12

.5
7

C
up

re
ss

us
sp

p.
II

I
1.

00
93

1.
35

84
0.

80
12

0.
24

81
0.

49
95

0.
96

8
13

.9
5

0.
00

2.
07

1.
55

10
.5

6
Pi

nu
s

m
as

so
ni

an
a

I
1.

39
85

0.
95

19
0.

83
03

0.
20

44
0.

51
57

0.
94

7
11

.8
4

0.
02

1.
10

1.
29

11
.0

0
Pi

nu
s

m
as

so
ni

an
a

II
1.

80
00

1.
04

08
0.

82
78

0.
20

80
0.

51
66

0.
95

3
10

.2
8

0.
02

0.
23

1.
12

10
.0

8
Pi

nu
s

m
as

so
ni

an
a

II
I

1.
64

17
0.

93
85

0.
83

09
0.

20
35

0.
51

63
0.

97
9

8.
03

0.
01

0.
38

0.
75

7.
13

P.
ta

bu
la

ef
or

m
is

0.
09

40
1.

12
55

0.
80

98
0.

23
49

0.
51

30
0.

91
6

16
.1

8
0.

00
0.

03
1.

66
15

.6
0

P.
yu

nn
an

en
si

s
0.

93
94

0.
64

99
0.

84
53

0.
18

30
0.

50
47

0.
90

9
11

.8
9

0.
00

3.
94

1.
71

13
.7

9
P.

sy
lv

es
tr

is
va

r.
m

on
go

lic
a

0.
55

74
0.

89
18

0.
79

50
0.

25
79

0.
51

63
0.

87
3

21
.2

5
0.

00
4.

26
4.

68
17

.6
9

P.
K

.T
.D

.
0.

83
27

0.
82

67
0.

80
28

0.
24

56
0.

50
65

0.
86

4
23

.0
9

0.
05

9.
86

5.
22

24
.6

7
P.

ar
m

an
di

i
0.

51
15

0.
92

31
0.

80
21

0.
24

67
0.

51
75

0.
98

1
7.

78
0.

00
1.

02
1.

84
8.

62

Le
ve

lI
II

P.
de

ns
at

a
3.

11
27

0.
66

39
0.

82
67

0.
20

96
0.

49
04

0.
97

0
10

.6
3

0.
00

0.
97

1.
86

8.
42

Fo
re

ig
n

pi
ne

0.
70

32
0.

99
88

0.
77

93
0.

28
32

0.
47

63
0.

97
6

6.
55

0.
00

1.
67

1.
48

8.
85

O
th

er
pi

ne
3.

95
24

0.
85

38
0.

83
31

0.
20

03
0.

50
70

0.
86

9
21

.5
6

0.
05

1.
61

3.
99

22
.3

3
C

ry
pt

om
er

ia
sp

p.
0.

95
19

0.
72

96
0.

78
09

0.
28

06
0.

50
52

0.
96

8
11

.5
2

−0
.0

1
4.

84
2.

89
10

.8
2

O
th

er
co

ni
fe

ro
us

0.
83

31
0.

72
73

0.
80

79
0.

23
78

0.
49

93
0.

85
5

22
.3

3
0.

00
1.

00
6.

42
24

.3
8

C
on

if
er

m
ix

ed
I

5.
21

06
0.

79
82

0.
79

63
0.

25
58

0.
49

44
0.

92
9

23
.9

2
0.

06
4.

28
2.

41
17

.3
5

C
on

if
er

m
ix

ed
II

2.
45

75
0.

85
29

0.
81

16
0.

23
21

0.
50

33
0.

91
5

14
.7

3
−0

.0
2

1.
76

1.
76

13
.8

1
C

on
if

er
m

ix
ed

II
I

1.
24

49
0.

92
07

0.
81

32
0.

22
97

0.
50

47
0.

95
9

9.
48

−0
.0

1
0.

82
1.

73
10

.3
5

C
on

if
er

m
ix

ed
IV

4.
45

95
0.

80
99

0.
81

59
0.

22
56

0.
50

44
0.

90
6

24
.8

2
0.

05
1.

71
2.

97
13

.6
6

C
on

if
er

–b
ro

ad
le

af
m

ix
ed

I
1.

85
84

0.
84

30
0.

78
29

0.
27

73
0.

48
70

0.
93

0
17

.7
3

0.
00

2.
52

1.
37

10
.2

2
C

on
if

er
–b

ro
ad

le
af

m
ix

ed
II

3.
88

93
1.

10
26

0.
79

38
0.

25
98

0.
49

34
0.

87
7

21
.6

6
0.

01
0.

89
2.

35
16

.4
4

C
on

if
er

–b
ro

ad
le

af
m

ix
ed

II
I

1.
74

48
1.

02
57

0.
79

65
0.

25
55

0.
49

18
0.

93
5

16
.0

7
−0

.0
1

2.
12

1.
42

14
.1

2
C

on
if

er
–b

ro
ad

le
af

m
ix

ed
IV

1.
14

97
1.

04
44

0.
79

74
0.

25
41

0.
49

50
0.

94
0

10
.9

1
−0

.0
1

2.
41

1.
31

12
.5

4
C

on
if

er
-b

ro
ad

le
af

m
ix

ed
V

2.
27

94
0.

87
72

0.
81

21
0.

23
14

0.
49

45
0.

92
3

19
.0

6
−0

.0
4

2.
89

1.
88

14
.3

2
Br

oa
dl

ea
fm

ix
ed

I
0.

48
64

0.
97

51
0.

79
27

0.
26

15
0.

47
98

0.
90

9
19

.8
2

0.
00

1.
37

0.
69

11
.4

0
Br

oa
dl

ea
fm

ix
ed

II
−0

.0
92

8
1.

37
11

0.
78

94
0.

26
68

0.
48

38
0.

92
7

16
.5

8
0.

00
0.

75
1.

85
14

.8
7

Br
oa

dl
ea

fm
ix

ed
II

I
−0

.0
87

5
1.

30
01

0.
79

65
0.

25
55

0.
48

49
0.

95
4

16
.9

1
0.

00
1.

28
1.

02
11

.9
0

Br
oa

dl
ea

fm
ix

ed
IV

1.
34

14
1.

23
08

0.
79

05
0.

26
50

0.
48

33
0.

95
2

17
.9

6
−0

.0
1

3.
33

0.
80

13
.0

5
Br

oa
dl

ea
fm

ix
ed

V
1.

84
32

1.
16

34
0.

79
11

0.
26

41
0.

48
65

0.
96

0
15

.2
8

−0
.0

2
1.

40
0.

79
11

.3
5

Br
oa

dl
ea

fm
ix

ed
V

I
0.

96
49

1.
04

53
0.

80
35

0.
24

46
0.

48
63

0.
95

6
19

.2
2

−0
.0

3
3.

09
1.

06
12

.1
5

28



Forests 2024, 15, 1305
T

a
b

le
3

.
C

on
t.

L
e

v
e

l
T

y
p

e
P

a
ra

m
e

te
r

E
st

im
a

te
E

v
a

lu
a

ti
o

n
In

d
ic

e
s

o
f

B
io

m
a

ss
M

o
d

e
l

a i
b i

c i
R

S
R

d i
(C

F
)

R
2

S
E

E
/t

T
R

E
/%

A
S

E
/%

M
P

E
/%

M
P

S
E

/%

Le
ve

lI
II

Q
ue

rc
us

sp
p.

I
−1

.0
06

8
1.

14
71

0.
78

18
0.

27
91

0.
47

95
0.

97
0

13
.9

6
0.

00
1.

13
0.

80
9.

89
Q

ue
rc

us
sp

p.
II

−0
.0

04
9

1.
55

50
0.

78
21

0.
27

86
0.

48
08

0.
94

6
15

.6
1

0.
00

−0
.0

6
1.

14
11

.3
7

Q
ue

rc
us

sp
p.

II
I

−0
.2

36
5

1.
48

51
0.

79
68

0.
25

50
0.

48
15

0.
96

1
19

.3
8

0.
00

0.
87

1.
34

9.
94

Q
ue

rc
us

sp
p.

IV
1.

05
00

1.
41

35
0.

79
12

0.
26

39
0.

48
23

0.
95

7
18

.1
5

−0
.0

2
2.

81
1.

77
14

.0
7

Q
ue

rc
us

sp
p.

V
−0

.1
92

6
1.

11
82

0.
82

17
0.

21
70

0.
48

20
0.

96
9

23
.3

6
0.

01
4.

84
1.

54
11

.6
1

Be
tu

la
sp

p.
I

0.
19

38
0.

93
46

0.
76

13
0.

31
35

0.
48

62
0.

98
4

6.
21

0.
00

−0
.7

3
0.

88
6.

91
Be

tu
la

sp
p.

II
1.

56
41

1.
04

44
0.

78
50

0.
27

39
0.

48
68

0.
85

8
18

.7
1

0.
00

2.
50

1.
40

15
.7

9
Be

tu
la

sp
p.

II
I

0.
76

07
1.

00
42

0.
79

70
0.

25
47

0.
48

70
0.

88
5

22
.1

4
−0

.0
1

3.
63

2.
82

12
.7

3
Po

pu
lu

s
sp

p.
I

0.
15

42
0.

73
29

0.
79

68
0.

25
50

0.
47

31
0.

98
2

7.
14

0.
00

1.
33

1.
17

11
.2

5
Po

pu
lu

s
sp

p.
II

−0
.0

62
8

0.
97

91
0.

81
70

0.
22

40
0.

47
24

0.
97

3
7.

49
0.

00
1.

56
0.

72
9.

17
Po

pu
lu

s
sp

p.
II

I
−0

.3
02

0
0.

89
46

0.
81

95
0.

22
03

0.
47

29
0.

95
6

11
.9

4
0.

01
0.

81
1.

97
13

.2
6

Po
pu

lu
s

sp
p.

IV
−0

.3
96

2
0.

91
41

0.
86

01
0.

16
27

0.
47

21
0.

90
7

12
.1

3
0.

01
1.

31
1.

50
14

.0
9

R
ob

in
ia

ps
eu

do
ac

ac
ia

0.
74

47
1.

53
70

0.
78

32
0.

27
68

0.
48

38
0.

93
4

10
.7

4
0.

00
1.

75
2.

01
14

.6
8

Eu
ca

ly
pt

us
sp

p.
0.

33
07

1.
17

40
0.

77
93

0.
28

32
0.

52
38

0.
96

2
8.

98
0.

00
1.

33
1.

18
8.

88
H

ev
ea

br
as

ili
en

si
s

0.
84

97
0.

86
04

0.
79

81
0.

25
30

0.
49

56
0.

99
1

4.
09

−0
.0

1
2.

43
0.

53
5.

93
F.

J.P
.

0.
42

19
0.

98
89

0.
79

29
0.

26
12

0.
48

22
0.

90
8

14
.3

0
0.

00
4.

38
3.

49
14

.2
2

C
.S

.P
.

1.
05

19
1.

10
24

0.
79

34
0.

26
04

0.
48

94
0.

97
5

8.
00

−0
.0

1
1.

08
1.

96
7.

44
U

lm
us

sp
p.

0.
76

56
1.

09
68

0.
78

44
0.

27
49

0.
48

39
0.

93
8

10
.4

1
0.

00
4.

89
2.

73
16

.4
4

Sc
hi

m
a

su
pe

rb
a

0.
41

44
1.

20
17

0.
77

28
0.

29
40

0.
47

46
0.

94
2

15
.8

8
0.

00
1.

67
3.

81
14

.1
7

Ju
gl

an
s

re
gi

a
0.

31
20

1.
03

75
0.

79
07

0.
26

47
0.

49
52

0.
96

8
2.

65
−0

.0
2

1.
59

2.
76

11
.3

2
C

as
ta

ne
a

m
ol

lis
si

m
a

0.
21

04
1.

16
72

0.
79

58
0.

25
66

0.
49

43
0.

94
3

8.
21

−0
.0

1
1.

72
3.

46
13

.9
1

Q
ue

rc
us

va
ri

ab
ili

s
−0

.2
02

9
1.

52
04

0.
78

23
0.

27
83

0.
49

45
0.

96
3

10
.4

6
0.

00
−0

.9
5

3.
77

12
.5

8
O

th
er

no
n-

w
oo

d
0.

48
58

1.
07

36
0.

78
82

0.
26

87
0.

49
44

0.
96

4
5.

32
−0

.0
1

2.
30

1.
86

12
.6

1
O

th
er

ha
rd

w
oo

d
I

0.
44

91
1.

40
58

0.
78

52
0.

27
36

0.
48

34
0.

91
9

11
.7

5
−0

.0
1

3.
80

4.
08

15
.9

2
O

th
er

ha
rd

w
oo

d
II

−0
.1

04
9

1.
42

76
0.

79
86

0.
25

22
0.

48
42

0.
98

0
11

.5
3

0.
00

1.
87

2.
25

13
.1

1
O

th
er

ha
rd

w
oo

d
II

I
1.

05
89

1.
33

43
0.

78
42

0.
27

52
0.

48
29

0.
95

8
14

.1
4

−0
.0

1
5.

09
2.

74
15

.5
1

O
th

er
ha

rd
w

oo
d

IV
0.

40
22

1.
27

49
0.

78
86

0.
26

81
0.

48
27

0.
95

0
18

.1
6

−0
.0

1
4.

25
3.

67
15

.8
8

Ti
lia

tu
an

1.
72

88
0.

86
43

0.
79

49
0.

25
80

0.
46

17
0.

87
9

19
.9

2
−0

.0
4

3.
26

4.
21

15
.7

6
Sa

lix
sp

p.
0.

33
93

0.
99

38
0.

79
48

0.
25

82
0.

49
29

0.
93

2
9.

15
−0

.0
1

2.
21

4.
00

16
.1

9
O

th
er

so
ft

w
oo

d
I

0.
49

91
0.

94
23

0.
79

00
0.

26
58

0.
48

88
0.

93
3

14
.4

3
−0

.0
1

6.
15

3.
11

21
.2

6
O

th
er

so
ft

w
oo

d
II

0.
85

47
1.

36
36

0.
80

10
0.

24
84

0.
49

38
0.

89
8

19
.8

3
−0

.0
2

4.
27

3.
89

19
.1

9
O

th
er

so
ft

w
oo

d
II

I
0.

62
94

0.
93

92
0.

78
95

0.
26

66
0.

49
37

0.
96

3
9.

45
−0

.0
1

4.
70

2.
82

16
.8

4
O

th
er

so
ft

w
oo

d
IV

1.
31

84
0.

94
34

0.
80

02
0.

24
97

0.
48

91
0.

95
3

13
.9

0
−0

.0
4

3.
00

2.
53

10
.5

5

N
ot

e:
O

nl
y

th
e

pa
ra

m
et

er
es

tim
at

es
in

ita
lic

s
ar

e
no

ts
ta

tis
tic

al
ly

si
gn

ifi
ca

nt
,a

ll
ot

he
rs

ar
e

hi
gh

ly
si

gn
ifi

ca
nt

(p
<

0.
01

);
th

e
R

SR
va

lu
es

ar
e

ca
lc

ul
at

ed
fr

om
Eq

ua
ti

on
(3

).

29



Forests 2024, 15, 1305

For the 74 forest sub-type models, the R2 values surpassed 0.85, and MPE values
remained under 5% (except for two sub-types), with 60 sub-types below 3%. ASE values
were within ±10% (70 sub-types within ±5%), and MPSE values were under 20% (with four
sub-types being the exception, and 55 sub-types under 15%). Independent cross-validation
indicated that TRE values for most sub-types were within ±3%, with only six sub-types
deviating, and ASE values for the majority were within ±5%, except for eight sub-types,
and only two sub-types exceeding ±10%.

The model evaluations described above pertain especially to forest category, forest
type, and forest sub-type, respectively, across three levels. If the evaluation indices target
the entire population of forests, a comparable trend in the average values is observed,
as seen in the three-level models. The distinction lies in the uniform sample size of the
three dummy-variable simultaneous models, which results in a consistent decrease in MPE
values from the categories to types and sub-types, all falling below 0.5% (refer to Table 4).

Table 4. The evaluation indices of three-level simultaneous models for the population.

Model Level R2 SEE TRE/% ASE/% MPE/% MPSE/%

(1)
Total biomass

Population 0.781 34.62 0.00 5.30 0.42 22.38
Level I 0.857 28.04 −0.02 5.07 0.34 20.73
Level II 0.928 19.88 −0.01 3.01 0.24 15.11
Level III 0.955 15.80 0.00 2.15 0.19 12.42

(2)
Above-ground biomass

Population 0.796 27.07 0.22 4.74 0.41 21.69
Level I 0.864 22.07 −0.01 4.35 0.34 20.10
Level II 0.933 15.55 0.00 2.31 0.24 14.69
Level III 0.957 12.51 0.00 1.52 0.19 12.11

(3)
Carbon storage

Population 0.786 16.72 0.05 5.48 0.42 22.36
Level I 0.851 13.94 −0.07 5.32 0.35 21.11
Level II 0.927 9.79 −0.05 3.06 0.24 15.15
Level III 0.954 7.76 −0.04 2.14 0.19 12.43

As indicated by Table 4, the evaluation indices for forest biomass, above-ground
biomass, and carbon storage models at each respective level exhibit minimal difference,
barring the dimensionally variable SEE values, which, from a practical standpoint, can be
disregarded. However, when comparing the indices across the three levels, it is evident
that the level III models outperform others, followed by level II, with level I models lagging
behind. Using forest carbon storage models as an example, the R2 value improved from
0.851 at level I to 0.954 at level III, the MPE value diminished from 0.35% to 0.19%, and
the MPSE value dropped from 21.11% to 12.43%, respectively, signifying a significant
enhancement in model fit (as shown in Figure 1). The three-level model system has
provided a quantitative framework for accurate evaluations of biomass and carbon storage
on national, regional, and global scales. To diminish the uncertainty of forest biomass and
carbon storage estimates, employing the level III models is highly recommended wherever
feasible in application, especially for national estimation.
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Figure 1. Comparison of fitting performance of three-level simultaneous forest carbon storage models:
(a) population average model; (b) model at level I; (c) model at level II; (d) model at level III.

4. Discussion

4.1. Comparison with Related Models

In the introduction, we noted that, of the 21 biomass models developed by Fang et al. [30],
only three models for larch (Larix spp.), Chinese fir (Cunninghamia lanceolata), and Chinese
pine (Pinus tabulaeformis) were based on sample sizes larger than 30 plots. To provide
a comparative analysis, we assessed the biomass models established by Fang et al. [30],
Wang et al. [32], and Zhang et al. [41], using both validation samples and all samples from
these three forest types, as shown in Table 5.

Table 5. Comparison of estimation results of biomass models between this study and other three
sources.

Forest Type
Validation Samples All Samples

Biomass Models Source
Sample

SizeTRE/% ASE/% TRE/% ASE/%

Larix spp.

−10.13 −19.82 −10.41 −19.79 B = 33.806 + 0.6096V Fang et al. [30] 34
13.40 12.01 13.11 12.00 B = V/(1.1111 + 0.0016V) Wang et al. [32] 39
8.97 6.33 8.88 6.44 B = 1.4091V0.8752 Zhang et al. [41] 241
−0.29 3.13 −0.10 3.32 B = 0.6986 + 0.8262V This study 1665

Cunninghamia
lanceolata

6.10 −9.55 6.68 −8.75 B = 22.5410 + 0.3999V Fang et al. [30] 56
14.01 13.12 14.37 13.45 B = V/(1.2917 + 0.0022V) Wang et al. [32] 70
17.08 10.84 17.40 11.39 B = 1.2877V0.8427 Zhang et al. [41] 88
−0.28 3.75 −0.09 4.21 B = 0.5743 + 0.7120V This study 2100

Pinus
tabulaeformis

33.26 20.89 33.88 20.99 B = 5.0928 + 0.7554V Fang et al. [30] 82
38.56 33.33 39.52 33.28 B = V/(1.0529 + 0.0020V) Wang et al. [32] 147
24.27 14.11 24.99 14.14 B = 1.7969V0.8416 Zhang et al. [41] 699
−0.60 −0.47 −0.20 −0.58 B = 0.2112 + 1.1235V This study 790

Table 5 reveals that the TRE values of three model sets exceed ±3%, with those for two
models for Chinese pine being even higher than 30%; and the ASE values also surpass ± 5%,
with the model by Wang et al. [32] for Chinese pine also higher than 30%. It is important

31



Forests 2024, 15, 1305

to note that the performance of the three model sets generally improves with increased
sample size. In general, Zhang et al.’s models [41] exhibit better performance than those
Wang et al. [32] and Fang et al.’s models [30].

Examining the parameters from the models in our study shows that Fang et al.’s
models [30] possess larger intercept parameters but smaller slope parameters (see Table 5).
The first potential reason for these differences in parameter estimates might be the use of
an improper estimation method. Using ordinary regression instead of weighted regression,
especially in the presence of heteroscedasticity, may result in such distorted outcomes.
Secondly, the sample size is also a significant factor. This is evident from the test results of
the three forest types with more than 30 sample plots for modeling as indicated in Table 5,
and their TRE values range from −10.41% to 33.88%. The modeling sample sizes for the
other 18 forest types are all less than 30, and two types have even fewer than 10. As a
result, the errors in forest biomass estimates are likely to be greater. Since the classification
of forest types by Fang et al. [30] does not correspond exactly to that in this study, direct
comparison is not possible. Eight forest types from the remaining 18 were selected for
further validation—these include spruce and fir, cypress, Pinus massonina, P. yunnanensis, P.
sylvestris var. mongolica, P. armandii, birch, poplar, and eucalyptus—which correspond to
the forest type, sub-type, or their combinations in this study. The results showed that the
TRE values ranged from −20.02% to 74.01%, and the ASE values from −19.32% to 77.62%,
indicative of significant uncertainty.

To illustrate the differences between the three model sets more clearly, the validation
results of the forest biomass model in this study and the three biomass models for Pinus
tabulaeformis using all 1186 plots are compared in Figure 2. The models display substantial
deviations, and the regression trend line (solid black) clearly diverges from the y = x line
(dotted red), resulting in a non-random distribution of residuals and high TRE and ASE
values. The validation results for the biomass models of the other two forest types, Larix
spp. and Cunninghamia lanceolata, are similarly conclusive and are omitted here for brevity.

Figure 2. Comparison of fitting performance between the model in this study and the other three
models for Pinus tabulaeformis: (a) model from [30]; (b) model from [32]; (c) model from [41]; (d) model
used in this study. The red dotted line is y = x line, the black solid line the fitted line, and the black
circles are the observed values.
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4.2. Correction of Negative Intercept Parameters

For the biomass models at level III in Table 3, the intercept parameters of 11 out of
74 forest sub-types are negative, leading to negative biomass estimates for young stands
with a small volume or close to zero. Hence, the model parameters for these 11 sub-
types required re-estimation, using simultaneous equations with error-in-variables and
dummy variables for estimating two sub-types of broadleaf mixed forests, three sub-types
of poplar forests, and four sub-types of oak forests, while the same approach without
dummy variables was applied for the remaining two sub-types. If the intercept parameter
remained negative, the weight function was modified to ensure a positive intercept. The
updated parameter estimates and evaluation indices for the biomass model for the 11 forest
sub-types are presented in Table 6.

Table 6. The parameter estimates of simultaneous forest biomass and carbon storage models and
evaluation indices of biomass model for 11 forest sub-types.

Forest Sub-Type
Parameter Estimates Evaluation Indices of Biomass Model

ai bi ci RSR Di(CF) R2 SEE/t TRE/% ASE/% MPE/% MPSE/%

Broadleaf mixed II 0.3940 1.3619 0.7893 0.2669 0.4838 0.927 16.60 −0.01 −0.82 1.86 14.74
Broadleaf mixed III 0.6511 1.2911 0.7964 0.2557 0.4849 0.955 16.90 0.01 −0.31 1.02 11.38

Quercus spp. I 0.2090 1.1363 0.7817 0.2793 0.4795 0.970 14.16 0.01 −2.87 0.81 8.46
Quercus spp. II 0.3647 1.5479 0.7820 0.2788 0.4808 0.946 15.61 0.01 −1.68 1.14 11.84
Quercus spp. III 0.3070 1.4795 0.7968 0.2550 0.4815 0.961 19.33 0.00 −0.67 1.34 10.01
Quercus spp. V 0.7385 1.1107 0.8216 0.2171 0.4820 0.969 23.29 0.00 1.98 1.53 11.01
Populus spp. II 0.3080 0.9727 0.8170 0.2240 0.4724 0.973 7.48 0.01 −0.92 0.72 10.08
Populus spp. III 0.0941 0.8891 0.8194 0.2204 0.4729 0.956 11.96 0.00 −1.23 1.97 12.92
Populus spp. IV 0.4810 0.9021 0.8600 0.1628 0.4721 0.908 12.10 0.01 −0.82 1.50 13.76

Quercus variabilis 0.0492 1.5131 0.7823 0.2783 0.4945 0.963 10.52 0.00 −4.88 3.79 12.73
Other hardwood II 0.1409 1.4235 0.7985 0.2523 0.4842 0.980 11.49 0.00 0.04 2.24 13.33

Note: Only the parameter estimates in italics are not statistically significant, all others are highly significant
(p < 0.01); the RSR values are calculated from Equation (3).

In comparison with the original models in Table 3, the evaluation indices of the
updated models for the 11 sub-types show minimal overall changes. Independent cross-
validation confirmed that the TRE values fell within ±3% except for one sub-type of Populus
spp. IV; the ASE values were within ±5% except for two sub-types, broadleaf mixed II and
Quercus variabilis.

Thus, it is both straightforward and practical to develop simultaneous models of
forest biomass and carbon storage for various types at once using simultaneous equations
with error-in-variables and dummy variables. Nevertheless, if some model parameters are
found to be atypical, separate re-estimation is necessary for adjustment and refinement.

5. Conclusions

Based on the measured data of 52,700 permanent plots from the ninth national forest
inventory of China, a tiered volume-based forest biomass and carbon storage model system
has been developed in this study according to one population, three forest categories (level
I), 20 forest types (level II), and 74 forest sub-types (level III) through the use of weighted
regression, dummy variable modeling, and simultaneous equations with error-in-variables.
Additionally, the evaluation indices of the three-level models were examined. From the
study results, the following conclusions can be drawn.

The performance of models generally improved as the modeling sample size increased.
This study used almost all permanent plots in forests from the national forest inventory to
develop a forest biomass and carbon storage model system, which is the first time to obtain
the largest and most representative modeling samples.

The three-level models developed in this study will serve as a solid foundation for
accurately assessing the status and changes of forest biomass and carbon storage at national,
regional, and global scales; and the evaluation indices of the models would provide a
scientific base for calculating the uncertainty in the estimates.
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This study has provided several alternatives to select the models at different scales. To
minimize uncertainty in forest biomass and carbon storage estimates, the use of level III
models is recommended wherever feasible, especially for national or sub-national estimation.
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Abstract: Tree diameter distribution models are important tools for forest management decision
making. Soil variables affect tree growth and thus diameter distribution. However, few studies have
been conducted on diameter distribution models describing the effects of soil. This study developed
a soil-sensitive diameter distribution model based on 213 sample plots of Larix principis-rupprechtii
plantations in northern China. The Weibull distribution model was modified by a compatible
simultaneous system and the percentile method with the inclusion of soil variables. The most
significant factors influencing the diameter distribution of L. principis-rupprechtii in terms of both
scale and shape were stand characteristics and available K and alkali-hydrolysable N. The adjusted
coefficient of determination for parameter γ significantly improved by 16.0%, while the root mean
square error for parameter β decreased by 10.4%. The F test indicated a substantial difference between
the models with and without soil variables. From the perspective of adjustable R2 values, the Akaike
information criterion, root mean square error, relative error index, and absolute error index, the
inclusion of stand and soil factors in the tree diameter distribution model enhanced its performance
compared to the model that did not consider soil factors. The soil-sensitive diameter distribution
model is proven to be effective and accurate.

Keywords: Weibull distribution model; soil variables; percentile-based parameter recovery method;
diameter structure

1. Introduction

The diameter structure of a stand is the most basic and significant component of the
stand structure. Numerous studies have demonstrated a close relationship between changes
in diameter structure, which describes the distribution status of trees of various sizes and
diameters in forest stands according to their diameter order and variables such as tree height,
stem shape, volume, species, crown, and biomass [1–3]. Therefore, research on the distribution
of forest stand diameter structure can potentially serve as a foundation for methodologies
and approaches related to forest management and tree measurement and tabulation. The
distribution characteristics of stand diameter classes are described by a variety of probability
density functions (PDFs) or models, including theβmodel, Johnson’s sb model, gamma model,
normal model, lognormal model, and Weibull model [4,5]. Weibull’s three-parameter model,
which includes a closed cumulative density formula and convenient parameter extraction, is a
versatile tool for modeling the diameter distribution of Larix principis-rupprechtii plantations [6].
The fundamental variation in forest characteristics and ecological traits is likely to be captured
by environmental variables such as soil conditions and climate, clarifying the biological
linkages between the environment and tree growth. Recent studies have shown a significant
impact of the environment on carbon and tree allotrophic growth, particularly the influence
of soil factors [7,8]. Tree development and thus the distribution of tree diameter can be
influenced by environmental variables. Several diameter distribution models, such as those
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by Sanquetta et al. (2014) and Guo et al. (2022) [6,9], describe the impacts of climatic
characteristics. However, few studies have investigated how soil conditions influence the
distribution of diameters. Larix principis-rupprechtii, as the primary afforestation tree in China,
plays a significant role in wood production, carbon sequestration, and ecological services.
According to the National Forestry and Grassland Administration in China (2019), arbor
forests cover approximately 6.72% of the total area, with 29.19% of this area being planted. As
indicated by Zang et al. (2016) and Lei et al. (2016) [10,11], the species under consideration is
climate-sensitive. Due to this sensitivity, numerous studies have been conducted to develop
growth and biomass models that are sensitive to climate factors, both at the individual tree
level and at the stand level [12,13]. Nevertheless, there is a lack of understanding regarding
the impact of soil variables on the diameter class distribution of Larix principis-rupprechtii
plantations. The size structure of trees has been shown to be associated with the diversity
of stand structure, which has been shown to have an impact on forest growth, biomass,
productivity, and multifunctionality [13–17]. Forest managers employ silvicultural practices
to manipulate stand density and preserve a desirable diameter distribution [18]. Additionally,
the structure of stands plays a significant role in shaping the response of forests to climate
and silviculture practices [15]. A lack of comprehensive understanding regarding the impact
of changes in soil variables on the structure of larch forests can pose a significant challenge
for forest managers in devising adaptive strategies to mitigate the potential consequences of
these effects. Hence, the objectives of our study were twofold: (1) to establish a soil-sensitive
diameter distribution model utilizing the Weibull distribution model by utilizing permanent
sample plots from larch plantations located in the northern and northeastern regions of China
and (2) to simulate the effects of soil on the diameter distribution. This study will help improve
our understanding of the impact of soil on growth prediction.

2. Materials and Methods

2.1. Sample Plot Data

The data for the sample plots were obtained from the 6th National Forest Inventory of
China, which was conducted between 1999 and 2003 in four provinces, namely, Beijing,
Hebei, Inner Mongolia, and Shanxi Provinces (Figure 1). These plots are rectangular with
an area from 0.06 ha to 0.08 ha in different provinces listed in Table 1. Only Larix principis-
rupprechtii plantations that had not been harvested were chosen for this study. There were
213 plots in the dataset, with a total of 9980 trees. The plots that were examined were
rectangular in shape and had areas that varied between 0.06 and 0.08 hectares in different
provinces. The primary variables under investigation in the plots were tree diameter at
breast height (DBH) greater than 5 cm, average age of the stand, average height of the
trees, canopy closure, slope position, aspect, slope, elevation, soil thickness, and soil type.
Other stand variables, such as the stand basal area (BA), quadratic mean diameter (QMD),
density stems (S), minimum diameter (MinD), maximum diameter (MaxD), stand average
age (SAA), average height (AH), and stand site index (SI), were derived from tree list
measurements. The site indices were computed based on the model proposed by Zang
et al. (2016) [10] in the literature. The summary statistics of the variables pertaining to the
stand are presented in Table 1.

Table 1. Descriptive statistics of the stand variables.

Provinces Plot Size Statistic
SAA

/Years
AH
/m

QMD/cm SI/m BA/m2/ha S/ha

Beijing 0.0667 ha

Mean 24.56 7.02 10.86 26.47 9.29 773

Standard
Deviation 9.43 1.32 3.64 3.93 10.04 509

Min 13.00 5.58 7.16 14.01 0.79 195

Max 43.00 9.76 18.70 46.35 28.84 1694
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Table 1. Cont.

Provinces Plot Size Statistic
SAA

/Years
AH
/m

QMD/cm SI/m BA/m2/ha S/ha

Hebei 0.06 ha

Mean 17.86 6.30 9.39 19.25 7.57 1040

Standard
Deviation 5.27 1.27 3.49 3.30 5.82 610

Min 9.00 4.77 5.65 9.70 0.75 217

Max 31.00 9.85 20.00 33.42 24.11 2733

Inner
Mongolia 0.06 ha

Mean 21.33 7.97 11.68 23.00 10.64 939

Standard
Deviation 5.96 1.80 3.39 3.33 6.31 496

Min 13.00 5.89 8.32 14.01 1.9 350

Max 33.00 11.17 18.09 35.57 18.84 2133

Shanxi 0.0667 ha

Mean 22.16 6.64 9.60 23.89 8.58 1128

Standard
Deviation 8.84 1.58 2.67 2.66 5.86 522

Min 14.00 4.82 6.20 15.09 0.54 180

Max 50.00 12.24 18.11 53.90 24.72 1979

Total

Mean 19 7.30 9.32 8.84 7.81 1076

Standard
Deviation 8 2.01 3.21 2.56 5.86 180

Min 5 4.52 5.59 4.68 0.48 653

Max 50 17.80 23.69 19.20 28.84 3820

Figure 1. Location of the study area and spatial distribution of the sample plots.
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2.2. Site and Soil Data

The soil data utilized in this study were derived from a comprehensive dataset of soil
properties specific to China, which was collected and compiled by Shangguan and Dai
(2014) [19]. This dataset served as the foundation for land surface modeling in the present
research. The source data for this dataset were derived from the 1:1 million soil map of
China and 8595 soil profiles. The dataset provided in raster format encompassed various pa-
rameters, such as pH value, soil organic matter, total N, total P, total K, alkali-hydrolysable
N, available P, available K, cation exchange capacity, exchangeable Al3+, and others, total-
ing 16 indices (refer to Table 2). Each soil physical and chemical property in the database
included data for eight different soil layer depths: 0–0.045 m, 0.045–0.091 m, 0.091–0.166 m,
0.166–0.289 m, 0.289–0.493 m, 0.493–0.829 m, 0.829–1.383 m, and 1.383–2.296 m. The 8 soil
grid data points were weighted averages and registered with the basic geographic data of
Shanxi province, Hebei province, and the Inner Mongolia Autonomous Region and were
used as the soil environmental variables. In addition, altitude and soil thickness were also
added as environmental variables.

Table 2. Description of soil and site variables for model development.

Category Variable
Unit

Description
Statistic

Maximum Minimum Mean

Soil chemical
properties

TN (g/100 g) Soil total nitrogen 0.48 0.04 0.19

TK (g/100 g) Soil total
potassium 2.51 1.41 1.93

TP (g/100 g) Soil total
phosphorus 0.13 0.04 0.06

SOM (g/100 g) Soil organic matter 8.90 0.55 3.69

pH pH value (H2O) 8.39 6.07 6.88

AN (mg/kg)
Alkali-

hydrolysable
nitrogen

284.15 24.78 140.64

AK (mg/kg) Available
potassium 254.44 49.22 140.25

AP (mg/kg) Available
phosphorus 13.81 2.19 6.66

AL (Me/100 g) Exchangeable Al3+ 3.21 0.03 0.37

CEC (Me/100 g) Cation exchange
capacity (CEC) 27.90 6.39 16.84

Soil physical
property

PDEP (cm) Soil profile depth 147.85 43.86 85.62

GRAV Rock fragment 43.73 0.25 18.30

BD (g/cm3) Bulk density 1.39 0.83 1.26

CL Clay 22.03 9.53 15.73

SI Silt 55.34 22.22 41.97

SA Sand 68.25 29.59 42.31

Site
LA (m) Latitude 2383.00 690.00 1471.55

SLD (cm) Soil layer depth 100.00 1.00 24.69
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2.3. Weibull Distribution Model and Parameter Estimation Methods

The three-parameter Weibull distribution model was selected because of its extensive
utilization and flexibility, as shown by previous studies [20,21]. The probability density
function (PDF) f(x) for the three-parameter Weibull distribution can be expressed as follows:

f (x) = (
γ

β
)(

x − α

β
)γ−1exp[− (

x − α

β
)γ] (1)

α ≤ x ≤ ∞, β > 0, γ > 0

where x represents the measured tree diameter at breast height (DBH) and α, β, and γ are
the position, scale, and shape parameters of the Weibull distribution, respectively.

This study compared the percentile method (PM) and maximum likelihood estimation
method (MLE) for estimating PDF parameters. Both methods involve predicting the per-
centiles of the diameter distribution, which are dependent on the distribution parameters.
However, PM has been found to have a stronger correlation with stand characteristics
than with PDF parameters [22]. The probability proportional to size is a statistical method
that directly represents the PDF parameters as a function of stand variables, as demon-
strated by Liu et al. (2004) [23]. In this article, the Kolmogorov–Smirnov (KS) test [24,25]
was employed to compare the suitability of the three-parameter Weibull distribution in
fitting sample plots between PM and the MLE. The three-parameter Weibull distribution
was fitted using maximum likelihood estimation [26] based on the tree list for each plot
measurement (observation) in the moment method. The concept of PM can be defined as
Equations (2)–(4) [23].

α =
n0.3333μ0 − μ50

n0.3333 − 1
(2)

γ =
2.343088

ln(μ95 − α)− ln(μ25 − α)
(3)

β =
αΓ(1 + 1

γ )

Γ(1 + 2
γ )

+ sqrt{ α2

Γ2(1 + 1
γ )

[Γ2(1 +
1
γ
)− Γ(1 +

2
γ
)] +

u2
q

Γ(1 + 2
γ )

]} (4)

In the given context, n represents the number of trees present in a plot, where μ0, μ25,
μ50, and μ95 correspond to the 0th, 25th, 50th, and 95th percentiles, respectively, in the
distribution of trees. The gamma function Γ was utilized, and the mean square diameter uq
was also considered. If the estimated value of α is less than 0, α is forced to be set to 0.

2.4. Diameter Distribution Model with Soil Factors

First, the estimation of the three parameters of the Weibull distribution for each plot
was conducted using the equations provided. Equations (2)–(4) were derived from the
PM. Additionally, separate relationships were established between the parameters and
stand variables, as well as between the parameters, the stand, and additional soil variables.
Stand and soil variables were chosen through the use of SUR regression, which is a linear
model that is employed to estimate sparse parameters and is particularly well suited for
reducing the number of parameters [27]. A commonly employed method in regression
analysis to identify multicollinearity is the variance inflation factor (VIF) [28]. The severity
of multicollinearity increases with increasing VIF. Generally, a VIF exceeding 10 indicates
the presence of a significant collinearity issue within the model. Moreover, to further
elucidate the potential internal relationships among the three parameters of the Weibull
distributions, we employed simultaneous equations to impose a constraint. In this study,
the VIF was set at a threshold of 10 to examine the presence of multicollinearity. The
calculations were conducted by the glmnet and Mass package in R4.4.0 [29,30].

⎧⎨
⎩

α = f 1(stand)
β = f 2(stand)
γ = f 3(stand)

(5)
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⎧⎨
⎩

α = f 4(stand, soil)
β = f 5(stand, soil)
γ = f 6(stand, soil)

(6)

In the mathematical expression 5 and 6, the variable “stand” in this study refers to a
set of stand variables, namely, BA, S, MaxD, MinD, QMD, and SI, as listed in Table 1. On
the other hand, the term “soil” represents a collection of soil variables listed in Table 2.

2.5. Model Test
2.5.1. Kolmogorov–Smirnov Test for the Weibull Distribution

The Kolmogorov–Smirnov (KS) test, as proposed by Smirnov (1948) and further
discussed by Reynolds et al. (1988) [25], was employed at a 95% confidence level to assess
the suitability of fitting the diameter distribution of a sample plot using the three-parameter
Weibull distribution through cumulative frequency (Equation (7)).

D = lim sup
−∞<θ<∞

|F∗(v)− F(v)| (7)

where lim sup is the maximum value, v represents the measured tree diameter at breast
height (DBH), and D is the KS statistic. F∗(v) and F(v) are the theoretical and realized
probabilities of the diameter distribution of the plots, respectively. The original hypothesis
is H0: the distributions of the two variables (F∗(v) and F(v)) are consistent, or the data
conform to the theoretical distribution. When the observed value D exceeds the critical
value D (n, alpha), the null hypothesis H0 is rejected; otherwise, the null hypothesis H0 is
accepted based on the assumption, where n represents the number of trees in a single plot
and alpha denotes the specified test level, which is set at 0.05.

2.5.2. Model Evaluation for Regression

Leave-one-out cross-validation (LOOCV) was employed to assess the performance of
the Weibull distribution parameter models (mathematical expression 5 and 6) [31]. Root
mean square error (RMSE) and adjusted coefficient of determination (adjusted R2) were
calculated in Equations (10) and (11). The paper compared the differences between two
models through the F-test in Equation (12). The Akaike information criterion (AIC) is a
standard for measuring the goodness of fit of statistical models in Equation (13) [32]. E1
and E2 are the absolute error index and relative error index in Equations (14) and (15)
respectively, that are specific to the ith plot measurement.

SSE = ∑N
i=1 (yi − ŷi)

2 (8)

SSR = ∑N
i=1 (yi − yi)

2 (9)

RMSE =

√
SSE

N
(10)

adjusted R2 = 1 − SSE(N − 1)
(N − k − 1)SSR

(11)

F =
SSR/(d fs − d fc)

SSE/d fc
(12)

AIC = e(
2p
N ) SSE

N
(13)

E1 = ∑N
i

∣∣Ni,j − N̂i,j
∣∣ (14)

E2 = ∑N
i

∣∣∣∣∣ Ni,j

∑ Ni,j
− N̂i,j

∑ N̂i,j

∣∣∣∣∣ (15)
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where SSEc and SSEs are the sum of square errors of the regression model (Equations (8) and (9);
yi and ŷi are the observed and predicted numbers of trees for the ith plot, respectively;
N is the total number of plots; p is the number of independent variables; dfc and dfs are
the degrees of freedom for Equations (5) and (6), respectively; and Ni,j and N̂i,j are the
observed and predicted numbers of trees per hectare within the jth diameter class (2 cm
width), respectively.

3. Results

3.1. Parameter Estimation Methods for the Weibull Distribution Models

According to the Kolmogorov–Smirnov (KS) test, of a total of 213 samples, 208 samples
were successfully fitted to parameters via the percentile method (PM), while 134 plots
were successfully fitted to parameters via the maximum likelihood estimation method
(MLE). Therefore, the use of PM is deemed more appropriate for modeling the diameter
distribution of Larix principis-rupprechtii plantations. The parameter estimates obtained
from PM exhibit the following ranges: 2.50 ≤ β ≤ 7.25, 3.33 ≤ β ≤ 16.25, and 1.28 ≤ γ ≤
7.50 (Table 3).

Table 3. Summary and statistics of diameter distribution parameters.

Variables α β γ

Mean 2.89 7.49 3.99
Standard Deviation 0.90 2.99 1.19

Max 7.25 16.25 7.50
Min 2.50 3.33 1.28

3.2. Comparison of Models for Estimating Diameter Distribution Parameters with and without
Soil Variables

The β and γ parameters of the Weibull distribution, obtained through the PM method,
were utilized as dependent variables. Using the SUR method, two sets of parameter
prediction equations for the Weibull distribution were derived: the traditional model,
which includes only stand variables (Equation (16)), and the soil-sensitive model, which
incorporates both stand and soil variables (Equation (17)). Stand variables, such as the
maximum diameter (MaxD), minimum diameter (MinD), diameter growth (QMD), and
stand density (SD), were included in the analysis. The soil and site variables that exhibited
statistical significance were bulk specific gravity (BSG), altitude, available nitrogen, and
DPEP. Tables 4 and 5 present the calculated values of the parameters β and γ obtained
through Equations (16) and (17) using the seemingly unrelated regression (SUR) method.
Compared to Equation (13), the adjusted R2 value improved (16.0% for γ), while the
RMSE decreased (3.5% for β and 10.4% for γ). Figures 2 and 3 demonstrate a higher
level of concordance between the predicted and observed values for the parameter and γ

when soil factors were considered. Therefore, the inclusion of soil variables in the models
resulted in an increase in model performance. The severity of multicollinearity increased
as the variance inflation factor (VIF) increased. Generally, when the variance inflation
factor (VIF) exceeds 5, it indicates the presence of a significant collinearity issue within
the model. According to Table 4, the variance inflation factor (VIF) values for all of the
models ranged from 1.12 to 2.86, which are below the threshold of 5. There was a notable
disparity observed, indicating that the models incorporating soil variables outperformed
those without soil variables. This conclusion is supported by the fact that the Akaike
information criterion (AIC) of Equation (17) was smaller than that of Equation (15) for both
variables, γ. The β results indicate a significant improvement in the models, as evidenced
by the F test, with the value decreasing from 100.80 to 49.25. The AIC for parameter β

increased from −87.12 for the model without soil factors to −68.23 for the model with soil
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factors. The AIC for parameter γ increased from 503.09 for the model without soil factors
to 523.82 for the model with soil factors.⎧⎨

⎩
α = 0.5 ∗ MinD

β = f 2(stand) = a0 + a1Dg + a2MinD + a3DE + a4SLD
γ = f 3(stand) = c0 + c1MaxD + c2MinD + c3LA + a4SLD

(16)

⎧⎨
⎩

α = 0.5 ∗ MinD
β = f 4(stand, soil) = a0 + a1Dg + a2 MinD + a3DE + a4SLD + b1 AP + b2 AL + b3 AK + b4PDEP

γ = f 5(stand, soil) = c0 + c1 MaxD + c2 MinD + c3LA + a4SLD + d1 AL + d2 AK + d3DPEP + d4DPE + d5 AN + d6TN
(17)

Table 4. Parameter estimates and fit statistics for Models (16) and (17).

Parameters Type Variables Estimate
Standard
Deviation

Error t Value Pr VIF

β

Stand

Intercept 2.37 × 10−3 7.17 × 10−2 0.033 0.97366 -
MinD −4.98 × 10−1 1.15 × 10−2 −43.309 <2.00 × 10−16 2.20
QMD 1.05 × 100 6.34 × 10−3 165.833 <2.00 × 10−16 2.39

LA −1.37 × 10−4 4.44 × 10−5 −3.083 0.00233 1.48
Density 1.07 × 10−4 2.58 × 10−5 4.138 5.10 × 10−5 1.12

Soil depth 1.04 × 10−3 5.21 × 10−4 2.004 0.04641 1.22

With soil

Intercept −1.60 × 10−1 9.62 × 10−2 −1.661 0.09825 -
MinD −4.96 × 10−1 1.13 × 10−2 −43.969 <2.00 × 10−6 2.40
QMD 1.05 × 100 6.42 × 10−3 162.829 <2.00 × 10−6 2.75

LA −1.01 × 10−4 4.54 × 10−5 −2.215 0.02788 1.75
Density 9.93 × 10−5 2.53 × 10−5 3.921 0.00012 1.21

SLD 1.52 × 10−3 5.18 × 10−4 2.923 0.003856 1.36
AP 2.68 × 10−2 6.96 × 10−3 3.847 0.00016 2.86
AL 6.58 × 10−2 1.97 × 10−2 3.333 0.001022 1.34
AK −1.55 × 10−3 4.32 × 10−4 −3.584 0.000424 2.77

PDEP 1.93 × 10−3 6.89 × 10−4 2.802 0.005577 1.15

γ

Stand

(Intercept) 3.298216 0.271389 12.153 <2.00 × 10−16

MaxD −0.19526 0.013603 −14.354 <2.00 × 10−16 1.59
MinD 0.446559 0.036948 12.086 <2.00 × 10−16 1.42

LA 0.000775 0.000172 4.515 1.06 × 10−5 1.38
SLD −0.00848 0.002084 −4.069 6.70 × 10−5 1.22

With soil

(Intercept) 2.163463 0.37838 5.718 3.82 × 10−8 1.59
(Intercept) −0.19918 0.013451 −14.808 <2.00 × 10−16 1.76

MaxD 0.47691 0.035632 13.384 <2.00 × 10−16 1.49
MinD 0.000609 0.000168 3.623 0.000368 1.49

LA −0.00889 0.002054 −4.329 2.35 × 10−5 1.33
AL 0.208315 0.093252 2.234 0.026581 1.86
AK 0.003616 0.001422 2.543 0.011721 1.87

PDEP 0.005869 0.002973 1.974 0.049712 1.33
AN 0.005541 0.001422 3.897 0.000132 2.84
TN −3.02752 1.124804 −2.692 0.007704 4.35

Table 5. Model valuation indices with leave-one-out cross-validation.

Parameters Type RMSE Multiple R2 AIC

β
Stand 0.2005 0.9955 −68.23

With Soil 0.1864 0.9961 −87.12

γ
Stand 0.806 0.5472 523.83

With Soil 0.750 0.6080 503.09
(Note: root mean square error and adjusted coefficient of determination).
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(a) 

 
(b) 

Figure 2. Observations and predictions of parameter β: (a) models without soil variables and
(b) soil-sensitive models. The line represents the linear relationship between the predicted and
observed values of the β parameter.
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(a) 

 
(b) 

Figure 3. Observations and predictions of parameter γ: (a) models without soil variables and
(b) soil-sensitive models. The line represents the linear relationship between the predicted and
observed values of the γ parameter.

The absolute error index (E1) ranged from 33.3 ≤ E1 (stand) ≤ 93.6 to 32.1 ≤ E1 (soil) ≤ 73.4
(Table 6). The relative error (E) ranged from 4.08 ≤ E2 (stand) ≤ 9.26 to 4.03 ≤ E2 (soil) ≤ 8.4
(Table 6). Compared to Equation (15), the mean and maximum values of E1 and E2 decreased with
the soil factors in the four provinces. In terms of the E1 index, the model that considered soil factors
had a 3% to 21% decrease in the four provinces compared to the model that did not consider soil
factors. Figures 2 and 3 show the fitting graphs of parameter β and parameter γ considering only
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forest factors and both soil factors and stand factors for predicted and measured values, respectively.
Figure 2 shows slightly improved models when considering both soil factors and stand factors for
parameter β because both models are much more accurate. Figure 3 shows a larger improved effect
for models considering both soil factors and stand factors for parameter γ from scatter plots.

Table 6. Absolute error index E1 and relative error index E2 in different provinces.

E1 (Stand) E1 (Soil) E2 (Stand) % E2 (Soil) %

Provinces Mean Min Max Mean Min Max Mean Min Max Mean Min Max

Hebei 33.3 0 145 32.1 0 136 4.08 0.13 48.8 4.03 1.05 43.3
Beijing 93.6 2 477 73.4 0 347 4.31 0.23 14.1 4.26 0.05 13.8
Shanxi 74.9 0 400 68.9 2 364 5.38 0.31 35.2 4.96 0.23 31.3

Inner Mongolia 57.4 8 202 48.9 8 175 9.2 0 43.2 8.4 0 38.3

4. Discussion

4.1. Attributes of the Diameter Distribution Model
Although many diameter class distribution models have been developed, soil variables are

rarely introduced [9]. In this study, a soil-sensitive diameter distribution model was developed for
Larix principis-rupprechtii plantations in northern China. When fitting with the PM method, 97.65% of
the plots passed the KS test, while compared to the PPM method, only 62.91% of the plots passed
the test. This result is the same as that of Guo et al. (2022) [6]. The PM method is more suitable for
simulating the diameter distribution of L. principis-rupprechtii than the MLE method.

The distribution of tree diameter is influenced by intricate interactions among environmental,
stand, and tree factors. Despite the existence of various diameter class distribution models [33],
the incorporation of soil variables has been infrequently observed. In this research, a soil-sensitive
diameter distribution model was developed using the SUR method. This method was employed to
incorporate stand and soil variables into the model, aiming to improve the performance parameters
for Larix principis-rupprechtii plantations in northern China. In our study, the model incorporating
both stand and soil factors exhibited superior performance compared to the model that included
only stand factors as predictors. Compared to Equation (13), the adjusted R2 value improved (16.0%
for γ), while the RMSE decreased (3.5% for β and 10.4% for γ). Compared with the model not
considering soil factors, the model considering soil factors increased the AIC for both parameter
β and parameter γ. The absolute error index (E) for both the mean value and maximum value
decreased with increasing soil factors in the four provinces. From the perspective of adjustable R2,
AIC, RMSE, E1, and E2 values, the inclusion of stand and soil factors in the tree diameter distribution
model enhanced its performance compared to that of the model that did not consider soil factors.
Figure 4 shows the observed and fitting distribution with only stand factors and with the inclusion of
stand and soil factors for four plots from Beijing, Heibei, Inner Mongolia, and Shanxi. We also can
obtain the result that the fitting distribution with the inclusion of stand and soil factors is improved.
The soil-sensitive diameter distribution model is proven to be effective and accurate.

The regression analysis examining the relationship between the scale parameter and the
quadratic mean diameter in cork demonstrated a significant proportion of the variability in the
β parameter (R2 > 0.99). This was observed in both the models that included soil factors and those
that did not. These findings are in line with previous studies that have demonstrated the positive
impact of using the mean square diameter as an input variable [34,35]. Additionally, these studies
reported a strong correlation between the mean square diameter and the observed outcomes [35,36].

A significant proportion (55%) of the plots exhibited γ values exceeding 3.6, with a mean value
of 3.98. The distribution of diameters exhibited a mound-shaped pattern, with the majority of plots
displaying negative asymmetry. These findings align with the typical attributes of the forests in the
designated study area, which are primarily composed of stands of similar ages. Negative asymmetry
is commonly observed in these forests due to low thinning and/or low competition, as noted by
García Güemes et al. (2002) [36].
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(a) (b) 

  
(c) (d) 

Figure 4. Observed and fitting diameter distribution in a plot: (a) Beijing, (b) Heibei, (c) Inner
Mongolia, and (d) Shanxi.

4.2. Influence of Stand Factors and Soil Factors on the Parameters of the Weibull
Distribution Model

Independent variables play a crucial role in influencing the parameters β and γ. Prior studies
have highlighted the significance of various stand variables. The scale parameter β was effectively
represented by the quadratic mean diameter under cork, resulting in a high adjusted R2 value of 0.99.
The shape parameter γ was estimated by incorporating the maximum diameter, minimum diameter,
and plot elevation (R2 adj = 0.40) [37]. Stand density is also a significant factor. The frequency and
cumulative percentage of the diameter order distribution of the tree count suggest that low-density
stands exhibit faster growth in diameter, with a greater number of trees in the larger diameter
class. In this study, the scale parameter β was modeled based on the quadratic mean diameter and
stand density, while the shape parameter γ was modeled using the maximum diameter, minimum
diameter, and altitude. The results obtained from this analysis are in line with the findings reported in
previous studies.

Tree growth has been found to be influenced by various soil factors, including topography,
soil texture, soil moisture [38–43], and soil nutrient availability [44]. Soil, which serves as a crucial
medium for tree growth, is subject to the influence of various soil-forming factors, such as topog-
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raphy, climatic variations, parent material, and living organisms (among others). The impact of
nutrient variability on plant growth has been extensively investigated in grasslands, agricultural land
systems, and certain forest ecosystems [44,45]. Numerous articles have indicated that soil properties
exhibit a strong correlation with aboveground biomass, belowground biomass, and total basal area,
suggesting a positive relationship between soil fertility and tree growth [46]. Although there is
existing documentation on the impact of soil factors on tree growth, particularly in terms of tree
diameter growth, there is limited knowledge regarding the effects of soil factors on tree diameter
distribution. According to the Pr values of the soil factors, the minimum value was observed for
AN. The results revealed the order of significance for the soil factors and β as AK, AP, AL, and
PDEP. The results of the study revealed the order of significance for soil factors and γ as follows:
AN, AK, AL, TN, and PDEP. The parameter γ exhibited significant correlations with AK, AL, and
DPEP. The parameter β exhibited robust and statistically significant positive correlations with AP
but strong and statistically significant negative correlations with AK. The parameter γ exhibited a
robust and statistically significant positive correlation with AN. In general, the results of the study
indicated that AK and AN are the most significant soil factors influencing the diameter distribution
of L. principis-rupprechtii plantations.

4.3. Insufficient Research and Future Directions
Many techniques, including PM, MLE, the moment method (MOM), and hybrid methods,

have been used in the field of dynamic prediction of stand diameter structure utilizing probability
distributions to forecast these parameters in diverse tree species and forest types [47]. In regard to
parameter estimation, using other techniques, such as MOM and the hybrid method, can produce
very interesting outcomes.

Numerous studies have demonstrated that Weibull mixture distributions exhibit greater ac-
curacy than the Weibull model. However, further research is required to develop robust analytical
methods for Weibull mixture distributions. It is worth noting that this paper focuses solely on
standard variables and soil factors, and it is possible that the prediction accuracy could be improved
by incorporating climate factors.

5. Conclusions

PM is more suitable for predicting the parameters of the three-parameter Weibull diameter
distribution function than the maximum likelihood estimation method (MLE) for the construction of
Larix principis-rupprechtii plantations. Furthermore, compared to models that only consider stand
factors, multiple regression models that consider the distribution parameters of both the stand and
soil components are more accurate. The diameter distribution of L. principis-rupprechtii was found to
be influenced primarily by stand density and soil composition, especially by AK and AN soil variables
for both β and γ. One efficient way to estimate stand density, diameter distribution structure, and
individual tree diameter is to use a three-parameter Weibull diameter distribution model that takes
soil factors into account. As such, this model is a useful instrument for controlling the density and
organization of Larix principis-rupprechtii plantations in China.
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Abstract: Thinning plays a key role in regulating the stand spatial structure (SpS) to improve the
development of stand quality, and the stand has different characteristics of stand structure (SS) at
different growth and development stages (DSs), so it is most important to reasonably determine
the stage of growth and development of the stand to optimize the stand structure. We applied the
TWINSPAN two-way indicator species analysis method to classify the different development stages
of mixed hard broadleaf forests. We provided a comprehensive stand spatial structure optimization
model for three selected plots at different development stages, respectively, to optimize the SpS.
The results demonstrated the classified DS of 29 mixed hard broadleaf plots for three forest stages:
the establishment stage, competitive stage, and quality selection stage. We then applied the SpS
optimization model to our three plots; the Q(x) increased by 124.04%, 333.74%, and 116.83% when
compared with those with no harvest, in which, upon the removal of 10% of the trees from the three
plots, the maximum RIP values were all observed. Our results indicated that the SpS optimization
model could regulate the SS for different growth stages and DSs.

Keywords: hard broadleaf forests; TWINSPAN classification; different development stages; spatial
structure optimization; forest management

1. Introduction

The stage of forest growth and development is a guide to forest management. When
the forest is in the primary stage, trees grow in groups or blocks at different densities, and
the species composition is mostly dominated by pioneer species [1–3]. Forest management
in the primary stage should aim to promote the growth of the forest and the formation of
the microclimate environment within the forest [4,5]. There is an initial stage of tree growth,
leading to an increase in stand biomass, stand density, and canopy cover; the initial stage is
followed by an optimal stage, when dominant trees reach the upper levels, leading to tree
maturity, characterized by an abundance of large trees during the maturity period; and the
decline stage begins with the death of old trees, which reduces the number of old trees and
increases the amount of dead tree, while gaps are formed, leading to regeneration in the
gaps [6–8].

Vegetation age is the most straightforward method used for the identification of a
stand’s DS [9], but age alone is not a suitable forest stand parameter for use in predicting
the different stand DSs because many factors influence the structural differences among
sites within the same age class [8]. Instead, classification into DSs has been introduced
for European primeval forests and is widely accepted as a surrogate for stand age [10,11].
Goodell et al. [12] used state forests in northern New York to classify different forest types
into five structural stages, sapling, pole, mature, mosaic, and old-growth, by defining stand
structural stage metrics (basal area weighted mean diameter at breast height (DBH); pro-
portion of basal area of mature DBH > 60 cm) in conjunction with tree species composition
and structural characteristics of the stand (stand density, diameter structure, and canopy
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density, etc.). In a study by Podlaski et al. [13], natural forests of classified fir (Abies alba
Mill.) and beech (Fagus sylvatica L.) were divided into four stages based on changes in stand
age distribution, SS, and volume. Zenner et al. [14], in their classification of the growth and
DS of a primeval beech forest, found that the growth and DS dominated by regeneration
and growth processes is characterized by steadily increasing biomass, which culminates in
the optimum stage and then declines through the decay stage. According to this pattern
of change, forests are divided into nine DSs: Gap (G), Regeneration (R), Establishment
(E), Early Optimum (EO), Mid Optimum (MO), Late Optimum (LO), Terminal (T), Decay
(D), and Plenter (P). Feldmann et al. [15] used temperate old-growth forests to propose a
developmental stage index ISD using two easily measurable stand structural parameters
(stem density and basal area) and thus classified them into three stages, i.e., premature
(7 ≤ DBH < 40 cm), mature (40 ≤ DBH < 70 cm), and over-mature (DBH ≥ 70 cm).

The SpS is an important factor influencing the growth of stands, and the growth of
the stands will change the stands’ structural characteristics [16]. Therefore, the study of
SS is of important theoretical guidance and practical significance for forest management
and optimal decision-making [17,18]. Many studies have proposed methods to quantify
forest structure indicators, which can better describe forest structure. In general, SS can
be divided into spatial and non-SpS; non-SpS measures are used to describe the average
characteristics of a stand, do not require information on tree coordinates, and generally
include diameter distribution, species composition, growth, and species diversity [19–21].
SpS measures describe the spatial distribution and characteristics of trees, including the
degree of species separation in stands, competition between trees, distribution patterns of
stands, and the vertical structure.

At present, the study of forest SpS is relatively mature, and how forests grow and
develop under different management regimes is a sequence of spatial and temporal suc-
cessions under both natural and perceived disturbances [22,23]. Forests at different stages
of growing and developing respond to the same management measures in different ways;
appropriate management measures can improve forest growth, seedling regeneration, etc.;
on the contrary, irrational management can damage the forest structure, which will have
a negative impact on tree growth and regeneration [24]. From the point of view of forest
management, forest growth and development are processes of continuous change over
time; different stages of forest growth and development with different forest structure
characteristics and trees have different growth characteristics which require the adoption
of different management plans [25].

In conclusion, it is practically important to formulate appropriate forest management
planning according to the forest’s different stages in scientific forest management. In this
study, the following tasks were investigated: (1) the selection of the TWINSPAN two-way
indicator species analysis method to classify the different DSs of mixed hard broadleaf
forests, and (2) a proposed comprehensive SpS optimization model Q(x), applied to three
plots in different DSs, to determine the optimal cutting intensity in different DSs, which
can effectively optimize the SpS.

2. Materials and Methods

2.1. Study Site

The study area is situated in the northern part of Tieli, located in the central region
of Heilongjiang Province (46◦28′40′′−47◦27′30′′ N, 127◦38′20′′−129◦24′10′′ E), adjacent
to the Lesser Khingan Mountains and bounded by the Songnen Plain to the west. The
Lesser Khingan Mountains serve as a significant forestry industry base in China, boasting
abundant forest vegetation with a forest cover of 72.6%. The eastern section of Yanan
Forest Farm falls within the Changbai flora zone, characterized by over 2000 plant species
and undisturbed forests exhibiting dense tree growth and ground coverage both above
and below the forest canopy. The climate exhibits a temperate monsoon pattern with
an annual minimum air temperature reaching −38.8 ◦C and an annual maximum air
temperature peaking at 31.6 ◦C. Additionally, it experiences an average annual effective
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cumulative air temperature of 2685.8 ◦C along with approximately 2367.6 h of sunlight
per year. Throughout all seasons, there are notable day-to-night temperature fluctuations
observed on a wide annual scale basis. Snowfall accumulates to an average thickness of 31
cm each year while precipitation amounts reach approximately 714.4 mm annually. The
frost-free period spans about 152 days, primarily concentrated during June–August due to
warm and rainy summers, which provide favorable conditions for short-term forest growth
(Figure 1). This area boasts ample broadleaved tree species, including Quercus mongolica
Fisch, Fraxinus mandshurica Rupr., Juglans mandshurica Maxim., Tilia tuan Szyszyl., Populus
davidiana Dode., Acer pictum Thunb., Ulmus pumila L., and Betula platyphylla Sukaczev. These
trees play a crucial role in maintaining ecological balance throughout China.

Figure 1. The locations of the studied forest in the Lesser Khingan Mountains in northeastern China
and the distribution of the studied plots in the Yanan Forest Farm.

Study data were collected from 29 plots in mixed broadleaf forest surveyed at Yanan
Forest Farm in 2023 (Table 1). The neighborhood grid method was used to divide each
plot of 0.12 hm2 into 10 m × 10 m grids, and all trees with a diameter at breast height
(DBH) ≥ 5 cm were recorded for tree species, number, diameter at breast height (DBH),
tree height (H), crown width, condition, and coordinates.

Table 1. Basic characteristics of the studied plots.

Plot
Mean

Elevation
(m)

Slope (◦)
Mean DBH

(cm)
Density
(Tree/ha)

Number of
Species

S1 321 <5 20.31 725 6
S2 341 <5 17.51 700 9
S3 338 <5 21.85 533 5
S4 451 <5 17.45 733 8
S5 339 <5 24.08 541 6
S6 378 <5 21.12 542 6
S8 296 <5 21.01 600 11
S9 343 <5 17.64 825 8

S10 329 <5 22.83 450 8
S11 331 <5 18.38 758 7
S12 271 <5 18.72 625 6
S13 252 <5 20.18 741 10
S14 337 <5 12.39 1266 10
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Table 1. Cont.

Plot
Mean

Elevation
(m)

Slope (◦)
Mean DBH

(cm)
Density
(Tree/ha)

Number of
Species

S17 305 <5 20.57 625 6
S18 296 5~15 22.92 508 6
S23 323 <5 11.89 1383 6
S24 325 <5 18.26 641 10
S25 345 <5 21.47 500 10
S26 352 <5 19.94 616 9
S27 346 <5 22.62 566 9
S28 356 <5 17.26 775 8
S29 357 15~20 15.34 741 14
S30 376 5~15 18.08 958 10
S31 370 15~25 16.78 1050 10
S32 352 <5 17.68 775 11
S33 360 <5 17.44 991 11
S34 367 <5 16.65 750 10
S35 354 <5 14.99 1050 7
S36 354 <5 17.8 708 9

2.2. Classifying Development Stages of Mixed Hard Broadleaf Forests

We selected the TWINSPAN two-way indicator species analysis method to classify
the different DSs of stands. The TWINSPAN two-way indicator species analysis method
is modified based on indicator species analysis, which can complete the classification of
samples and species at the same time [26]. The two-way indicator species analysis of the
species plot matrix (TWINSPAN) method divides all samples and species into two main
categories, 0 and 1, and then divides each of these two main categories into two categories
until the required level of division is reached. The five levels of pseudo-species chosen
per species were 0–2, 2–5, 5–10, 10–20, and >20, using the R software TwinspanR package
0.2.2 [27].

Our data from 29 plots were collated to group Picea asperata, Abies fabri, Pinus koraiensis,
and Larix gmelinii as conifers, and others as soft broadleaf. Thus, 11 tree species (groups)
were used for indicator species: Fraxinus mandshurica, Juglans mandshurica, Phellodendron
amurense, Acer pictum, Quercus mongolica Fisch, Tilia tuan, Ulmus pumila, Betula, Populus L.,
Conifers, and other soft broadleafs. They were grouped into volume percentages by species
to form a matrix (Equation (1)).

Y =

(
B1×m
Vn×m

)
(1)

In the formula, B1×m represent the 1×m row vectors composed of tree species, Vn×m
represents the n×m matrix composed of tree species volume, and n, m represent the number
of plots and species trees, respectively.

To make a reasonable assessment of the DSs in mixed hard broadleafs, we should
not only consider the stand structural condition but also the changes in the stand growth.
We selected eight stand factors, namely average diameter at breast height (Dg), average
height (Ht), per hectare tree number (N), basal area (BA), volume (V), percentage of three
precious hard broadleaf species (Fraxinus mandshurica, Juglans madshurica, Phellodendron
amurensis) (Yk), and diameter distribution (q), to calculate tree species diversity (H1) and
size diversity(H2). H1 and H2 were calculated as follows.

H1 = −
n

∑
i=1

BAi
BA

ln(
BAi
BA

) (2)

H2 = −
n

∑
i=1

BAj

BA
ln(

BAj

BA
) (3)
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In the formula, BAi and BAj represent the basal area of the trees of species group i and
diameter class j, respectively.

2.3. Stand Spatial Structure Optimization
2.3.1. SS Parameters Selection

We selected a 3 m buffer area to mitigate edge effects. This implies that trees within
the core area were considered as reference trees, and their corresponding parameters
were calculated, while other trees in the buffer area were regarded as neighbor trees. Six
indices were used to analyze the SpS: Mc reflects stand species diversity by measuring
the dissimilarity of species between the reference tree and its four nearest neighbors; W
indicates the horizontal distribution pattern of both the reference tree and its four nearest
neighbors; U represents the proportion of neighboring trees larger than the reference tree
among all neighboring trees; S is used as an indicator to describe the vertical SpS of the
forest, referring to forest vertical structure diversity, in which the stand layer index is in
accordance with the International Union of Forestry Research Organization’s (IUFRO)
standard for vertical stratification, which is based on the stand dominant height divided
into three vertical layers, with a tree height less than or equal to 1/3 of the dominant height
as the lower layer, between 1/3 and 2/3 dominant height as the middle layer, and greater
than or equal to 2/3 dominant height as the upper layer; CI refers to the competitive status
between the reference tree and its four nearest neighbors, which is based on diameter and
distance; and K is a spatial indicator describing the level of light in a stand and is used to
assess the adequacy of the space for individual tree growth [28–30] (Table 2).

Table 2. SpS parameters and index definition.

Index Formula Definition

Complete
mingling index

(Mc)
Mci =

1
2

(
Di +

Ci
ni

)
·Mi

Where Ci is the number of different tree species in paired neighbours; Ci/ni is the
degree of isolation of the nearest neighbour to the reference tree; ni is the number of

nearest neighboring trees; Di is the Simpson index of the SpS unit i,
Di = 1 − ∑Si

j=1 p2
j ; Si is the tree species of the SpS unit I; pj is the proportion of trees

of the jth species; Mi is a simple mingling index, Mi =
1
n ∑n

j=1 vij, where vij = 0, if
reference tree i and its neighbor tree j are the same white tree species, otherwise,

vij = 1
Uniform angle

index (W) Wi =
1
n

n
∑

j=1
wij Where wij =

{
1; if αj < α0 = 72

◦

0; otherwise

}
; and α is the angle between two adjacent trees

Dominance index
(U) Ui =

1
n

n
∑

j=1
zij

where zij takes the value 1 if the jth neighbor (dj) is smaller than the reference tree
i(di), and the value 0, otherwise, zij =

{
1; dj < di

}
Stand layer index

(S) Si =
1
n

n
∑

j=1
Sij

where Sij = 0, indicating that the neighbour tree and the reference tree are not in the
same vertical layer; otherwise,

Sij = 1
Hegyi

competition
index (CI)

CIi =
ni

∑
i=1

dj

di·Lij

where di is the diameter of the reference tree, dj is the diameter of the neighbouring
trees, and Lij is the Euclidean distance between them

Open degree (K) Ki =
1
n

ni

∑
j=1

Dij

Hij

where Hj is the height of the neighboring tree j, and Dij is the distance between them

2.3.2. SpS Optimization Model

The horizontal distribution, competition between trees, and tree height and growth
space can be characterized using Mc, W, U, S, CI, and K. The quantitative SpS indices
mentioned above can be quickly assessed and have clear biological significance. The deter-
mination of the optimal trees for harvesting can be achieved by evaluating the relationship
between each reference tree and its four nearest reference trees [31]. However, it should be
noted that these indices exhibit significant variations in both magnitude and measuring
units. Thus, in this study, the SpS optimization model Q(x) was proposed based on the
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multi-objective programming method. The maximum value Q(x) indicates that the optimal
SpS is closer to the natural and ideal spatial distribution; it shows that the tree species have
the maximum mixing degree, minimal competition between trees, more adequate light
conditions and space for tree growth, and the most stand vertical structure diversity.

The model is as follows:

Q(x) =
1+Mc(x)

σMc
· 1+S(x)

σS
. 1+K(x)

σK

[1 + CI(x)·σC]·[1 + U(x)·σU ]·[1 + |W(x)− 0.475|+ |W(x)− 0.517|]·σW
(4)

N = N0 (5)

D = D0 (6)

1.2 ≤ q ≤ 1.7 (7)

Mc ≥ Mc0 (8)

0.475 ≤ W ≤ 0.517 (9)

U ≤ U0 (10)

S ≥ S0 (11)

CI ≤ CI0 (12)

K ≥ K0 (13)

where the q-value is a measure of diameter distribution commonly used in forest inven-
tory management in the northeast of China, where a negative exponential function is
used to fit the relationship between tree number and diameter class with the expression
q = exp(a·d), where a is the estimated parameter and d is the diameter class. The q-value
of natural heterogeneous forests varies between 1.2 and 1.7, which is a reasonable range
for transformation [32,33]. N and N0 are the numbers of diameter classes before and after
optimization, and D and D0 are the tree species before and after optimization, respectively.
Mc0 , U0 , S0 , CI0 , K0 , Mc , U , S , CI , K are the values of the complete mixing index,
dominance index, stand layer index, Hegyi competition index, and open degree before and
after optimization, respectively. W is the uniform angle index; when the distribution pattern
of the trees is random, the W values range from 0.475 to 0.517 [34]. σMc , σU , σw , σS , σCI ,
and σK are the standard deviations of the complete mixing index, uniform angle index,
dominance index, stand layer index, Hegyi competition index, and open degree.

Equation (4) is the objective function for optimizing SpS. As the q-value increases, the
existing SS approaches the optimum SS. Equation (5) is diameter distribution constraint.
Equation (6) is the tree species constraint. Equation (7) is the q-value constraint which
controls the optimized stand q-values between 1.2 and 1.7. Equations (8)–(13) are the SpS
constraints.

2.3.3. Optimization Simulation

In this study, we selected 3 plots (S31, S23, and S28) at different DSs (forest establish-
ment stage, competitive growth stage, and quality selection stage), respectively, to optimize
the stand SpS. Since the model contains a large number of integer variables, solving it by
the exhaustive method takes a lot of time. Therefore, it is acceptable to use the Monte
Carlo algorithm for the simulation of interlopes to obtain a suboptimal solution to the
problem [35]. The Monte Carlo algorithm is based on the principle of random sampling. It
uses a random number function provided to perform a fast random sampling of feasible
points in the constrained optimization problem.

Therefore, the tree removal intensity is set to 10%, 20%, and 30%, and the initial number
of simulations is set to 5000. All objective function values that satisfy the constraints are
defined as valid simulations, and the simulation with the largest objective function value
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is identified among these simulations. We consider this thinning simulation to be an
approximate solution to the optimal solution of this problem.

3. Results

3.1. Classifying Development Stages of Mixed Hard Broadleaf Forests
3.1.1. Twinspan Classification Results

Figure 2 shows the 29 plots of the TWINSPAN classification process and their results.
The 29 mixed broadleaf plots were divided into three categories by two divisions. With
the exclusion of the misclassified plots and the combination of the information on the
species composition of the plots, the stand characteristics of each class were as follows:
there were 10 plots accounting for 34.5% in Type I, and the main tree species are Fraxinus
mandshurica, Juglans madshurica, and Phellodendron amurensis, with volume composition
ratios of 24.9%, 32.4%, and 15.6%, respectively; there were 14 plots accounting for 48.3%
in Type II, where the main tree species are Juglans madshurica, Ulmus pumila, and Fraxinus
mandshurica with volume composition ratios of 26.8%, 22.8%, and 16.1%, respectively; there
were 5 plots accounting for 17.2% in Type III, where the main tree species are Fraxinus
mandshurica, Juglans madshurica, Phellodendron amurensis, and Ulmus pumila with a total
volume composition of 47.1%, in which the three precious hard broadleaf species (Fraxinus
mandshurica, Juglans madshurica, Phellodendron amurensis) accounted for 29.9%, and Ulmus
pumila accounted for 17.2%.

Figure 2. Plot TWINSPAN classification results.

3.1.2. Stand Growth Analysis for TWINSPAN Classification

Figure 3 shows the 29 plots’ stand growth index change for TWINSPAN classification,
where dbh, Ht, base area, number, v, q, H1 and H2 were not significant in different classi-
fications. YK was significant in different classifications (p < 0.05); the dbh, Ht, base area,
v, and YK values are sorted by Type I > Type II > Type III. The number and q values are
sorted by Type I < Type II < Type III; Type II has the greatest tree species diversity (H1)
and the least size diversity (H2), and Type III has the greatest size diversity (H2) and the
least tree species diversity (H1). Therefore, Type III is in the early stage of development
and Type I is in the late stage of development. As the stand grows and develops, the
pioneer tree species gradually decline and tree species diversity (H1) decreases, and tree
size richness increases. Taking a comprehensive view of the tree species composition, SS,
and growth, our study classified the DSs of 29 mixed hard broadleaf plots by Type III (forest
establishment stage)—Type II (competitive growth stage)—Type I (quality selection stage).
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Figure 3. The stand factors of mixed hard broadleaf forest DS classification. (a b indicates level of
significance in different classifications).

3.2. Stand Spatial Structure Optimization

Figure 4 shows the distribution of the number of plants in diameter steps at different
growth and development stages. At the forest quality selection stage, the diameter distribu-
tion was the widest distribution, which was between 4 and 64 cm (S28). In S31 and S23, the
diameter range was 4–40 cm, with obvious differences in diameter class distribution. Plot
S31 and Plot S28 had 64% and 61% of the number of the total trees in the 4–16 diameter
classes, respectively; Plot S23 had the largest number of trees in the 4–16 diameter classes,
with 87% of the total number. In all three phases, the number of 4–24 cm diameter trees
accounted for 95%, and the number of large-diameter trees accounted for about 2% of the
total number.

Figure 4. Diameter classes of the three plots from different DSs. ((a–c) represent Plot S31, Plot S23
and Plot S28).

In Plot S31, 8–24 cm trees were abundant, forming an asymmetric, left-sloping, multi-
peaked curve. After the last peak in the 24 cm diameter class, the number of trees started to
decrease with increasing diameter classes; Plot S23 showed that the diameter distribution
of the unevenly aged stands is characterized by a single-peak inverted ‘J’ curve that peaks
at an 8 cm diameter, it indicated that there were a lot of young trees and seedlings, and
it could be continuously recruited, while large-diameter trees were few and had many
deficiencies; in general, the number of trees in the stand decreased sharply as the diameter
class increased from 6 cm upwards. Plot S28 was a multi-peaked mountainous curve with
peaks at 8 cm and 28 cm, in which the middle- and small-diameter classes had more trees
and large-diameter classes had fewer trees. When the diameter class was 20–28 cm, the
number of trees increased, and the number of 8–20 cm and 28 cm trees decreased. When
analyzed with the q-value, Plot S31 (1.267) had a slightly lower q-value than Plot S23 (1.536)
and Plot S28 (1.227); however, Plot S28 was better fitted to the diameter of InN (R2 = 0.797)
than Plot S31 (R2 = 0.774) and Plot S23 (R2 = 0.760).

Table 3 shows that there is a certain difference in SS index optimization before and
after different DS stands. It shows the statistical features of different spatial parameters
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for three different DS stands with 0%, 10%, 20%, and 30% of trees removed, respectively.
The Mc value of the S23 plot is 0.400, which belongs to the medium mixing degree, the Mc
value of the S28 plot is 0.455, which belongs to the medium mixing degree, and the Mc
value of the S31 plot is greater than 0.5, which belongs to the strong mixing degree, greater
than the S23 and S28 plots.

Table 3. The different SS-optimized variables for the three plots.

Plot Intensity
Number

(Tree)
Mc S CI W U q Q(x) RIP

S31 0% 126 0.601 0.573 2.610 0.526 0.497 1.267 178.425
10% 12 0.661 0.603 2.220 0.516 0.500 1.260 607.397 124.04
20% 24 0.685 0.631 2.124 0.497 0.500 1.208 677.869 11.60
30% 36 0.667 0.618 1.946 0.503 0.506 1.339 733.350 8.18

S23 0% 166 0.400 0.386 3.043 0.523 0.486 1.536 57.312
10% 16 0.439 0.556 2.275 0.500 0.479 1.500 248.586 333.74
20% 32 0.455 0.530 2.042 0.510 0.474 1.507 395.122 58.94
30% 48 0.503 0.540 1.823 0.491 0.479 1.449 530.569 34.27

S28 0% 92 0.455 0.486 2.372 0.533 0.515 1.227 172.444
10% 10 0.469 0.593 2.096 0.513 0.513 1.212 373.914 116.83
20% 20 0.465 0.598 1.969 0.511 0.511 1.228 407.176 8.89
30% 30 0.470 0.560 1.972 0.5000 0.495 1.200 309.324 −24.03

The average U value of Plots S23, S28, and S31 are 0.484, 0.497, and 0.515, respectively,
indicating that the stands are in homogeneous condition. The average W value of the
different DS stands ranges from 0.523 to 0.533, which is greater than 0.517, indicating that
the stands all have significant agglomeration distribution patterns. The average S values of
Plots S23, S28, and S31 are 0.368, 0.468, and 0.573, respectively, indicating that Plot S31 has
the highest vertical structural diversity. The average CI value (3.043) of Plot S23 reflects
that its tree competition pressure is higher than that of Plots S31 (2.372) and S28 (2.610).
The q-value of Plots S23, S28, and S31 are 1.536, 1.227, and 1.267, respectively, which are all
significantly within the range of 1.2 and 1.7. The Q(x) index is also a logical negative index;
the Q(x) values for plots S23, S28, and S31 are 57.312, 172.444, and 178.425, respectively;
therefore, the lowest Q(x) value was found in Plot S23.

Table 3 shows the changes in different DS stand structure indices with the increase
in thinning intensity. When thinning intensity increases by 1%, the Mc, S, CI, W, U, and q
in Plot S31 all increase, respectively; 0.099, 0.0523, 0.1756, 0.0193, 0.006, 0.0055. The trend
of the increase or decrease in the SpS index before and after optimization is the same at
different stages of the stands, but the magnitude of change is different. With the increase in
thinning intensity, the spatial indices of Mc and S increased significantly, while CI decreased.
The value of Q(x) of the stand spatial structure optimization function in different stages
increased with the increase in cutting intensity, and Q(x) increased by 124.04, 11.60, and
8.18 for the S31 plot, respectively. The Q(x) value increased with the optimized thinning
intensity, which is equivalent to that when the thinning intensity increased by 1%, and
the Q(x) of the stand after different DS optimizations increased by 124.04%, 333.74%, and
116.83%, respectively. This result also shows that the relative increase ratio (RIP) of the
optimization function Q(x) between any two consecutive thinning intensifications decreases
significantly as the selective thinning intensification increases, suggesting that the removal
of 10% of trees may be the optimal intensity from the perspective of optimizing the forest
SpS in all three plots.

For mixed hard broadleaf forests, the harvest possibilities of the three precious hard
broadleaf species (Fraxinus mandshurica, Juglans madshurica, Phellodendron amurensis) were
significantly higher than those of other species, and higher than in species when removing
30% of the trees, and more than twice as high as species when 10% of the trees were
removed. The harvest of Ulmus pumila accounted for approximately 7.4%, Tilia tuan for
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approximately 14.2%, Acer pictum Thunb. for approximately 6.7%, and Fraxinus mandshuric
for approximately 7.6% of the lower harvesting intensity in Plot S31; Figures 5–7 show
the spatial distribution patterns of trees cut after the spatial optimization of different DS
stands when the optimal cutting intensity is 10%, in which SpS is improved, reducing the
competitive pressure among trees, adjusting the distribution pattern of trees, and providing
space for tree growth.

Figure 5. When the cutting intensity is 10%, the colors of the circles in Plot S31 indicate different tree
species. × red indicates the distribution pattern of optimized harvested trees.

Figure 6. When the cutting intensity is 10%, the colors of the circles in Plot S23 indicate different tree
species. × red indicates the distribution pattern of optimized harvested trees.
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Figure 7. When the cutting intensity is 10%, the colors of the circles in Plot S28 indicate different tree
species. × red indicates the distribution pattern of optimized harvested trees.

4. Discussion

Stand growth and DSs reflect natural and anthropogenic disturbances, and stands
are usually located in each stage based on characteristics such as stand age, structure, and
function. Their growth and DS are identified by the vertical and horizontal structure of
the stand, canopy gaps, volume, number of dead trees, regeneration, and species com-
position of the stand [2,36]. Depending on habitat and site conditions, SS and the length
of developmental stages vary considerably. Typically, forests have three main important
developmental stages, including the primary stage (regeneration and growth), the opti-
mum stage (maturity and senescence), and the decay stage (decomposition); each growth
and development stage has processes and characteristics that create specific conditions for
species response and the number of standing trees at different growth stages [3,37]. Stand
types, tree ages, and stand densities vary, affecting changes in forest growth, biodiversity,
soil fertility, soil nutrient levels, and plant nutrient uptake, which in turn affect forest
productivity, diversity, and stability [38,39].

We selected the TWINSPAN two-way indicator species analysis method to classify the
different DSs of stands. The obtained results indicated that by taking a comprehensive
analysis of the tree species composition, SS, and growth through eight stand indicators
(average diameter at breast height (Dg), average height (Ht), per hectare tree number(N),
basal area (BA), volume (V), percentage of three precious hard broadleaf species (Fraxinus
mandshurica, Juglans madshurica, Phellodendron amurensis) (Yk)), along with tree species diversity
(H1) and size diversity(H2), our study classified the DSs of 29 mixed hard broadleaf plots
by Type III (forest establishment stage)—Type II (competitive growth stage)—Type I (quality
selection stage). In the process of forest growth and development, the pioneer species first
occupied the main forest layer, and with the development of community succession, the
pioneer species gradually declined and decreased, and the companion species invaded and
then gradually occupied the main forest layer in the later stage of top pole species [40]. The
broadleaved Korean pine forest is a typical horizontal zonal overstory community in the Lesser
Khingan Mountains, in which the coniferous species are dominated by Korean pine, and some
of the coniferous species, such as Picea jezoensis, Picea koraiensis Nakai, and Abies nephrolepis,
etc., are accompanied by coniferous species, and the broadleaved species are mainly Tilia
amurensis, Acer pictum Thunb., Quercus mongolica Fisch, Betula costata Trautv., Ulmus pumila, and
three precious hard broadleaf species (Fraxinus mandshurica, Juglans madshurica, Phellodendron
amurensis); due to differences in soil conditions, the succession process of secondary forests
resulting from the disturbance of the broadleaved Korean pine forest will vary [41,42]. In the
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absence of the Korean pine seed source, the trees in the community will die and regenerate
over many generations, and the succession will converge in the intermediate community
consisting of coniferous, hard broadleaved, and soft broadleaved mixed forests composed of
different species [43]. The intermediate stages in the development of community succession
are the three stages of growth and development in this study.

Stand structure characteristics play an important factor in forest management opti-
mization and evaluation, reflecting the tree’s growth and basic characteristics in the stand.
Different species compositions, diameter class distribution tree distribution patterns, and
arrangements lead to different structural characteristics of DS stands [44,45]. SS is usually
described in two directions, horizontal and vertical structure. Differences in the horizontal
and vertical structure of different stands have implications for tree and understory plant
growth, regeneration, biodiversity, stand ecological function, and wildlife habitat [46,47].
Therefore, how can we adjust the rationality and diversity of SSs through the stand opti-
mization function, especially in the optimization of different DSs [23,48,49]? This study
presented an SpS optimization model, which was applied to three mixed hard broadleaf
stands of different DSs. Since the three plots were extracted from different DSs, there
were obvious differences between their spatial and nonspatial structural characteristics.
Differences between the three plots were also evident in the number of tree species and the
distribution of diameter classes, which are traditional indicators of forest structure.

The Q(x) value all increased and could effectively improve the SpS significantly. The
Q(x) increased by 124.01%, 333.74%, 116.83% compared with those with no harvest, the RIP
decreased with the increase in thinning intensity in stands at different DSs. By comparing
different optimal cutting intensities, it was found that the RIP value is the largest when
the optimal cutting intensity is 10%. This means that improving SS characteristics is most
effective when the optimization intensity is low at 10%. The State Forestry Bureau of
China’s forest management policies and regulations also coincide with this intensity [50].
Low-intensity harvest is the best optimization intensity from the perspective of SS optimiza-
tion, though optimal harvesting intensity varies with the different optimization objectives
(carbon sequestration and stocks, soil physical and chemical properties) [51,52].

The allocated harvest within this intensity was mainly focused on the trees with high
competition, low health, and clumped distribution, while only a handful of trees were
harvested to adjust to neighborhood-based structures (Figures 5–7). In SBFM management,
the maximum thinning intensity is selected by considering the relationship between the
central and adjacent trees in the structural unit, so as to adjust spatial distribution and
species diversity [53,54]. Overall, the stand structure parameters were optimized by com-
parison. This optimized the post-stand mingling degree, increasing the uniform angle
index, reduced competitive pressure among trees, and decreased densities. The change in
the spatial distribution pattern of the stand can increase the light conditions, reduce the
competition between neighboring trees, and promote the growth of regenerated trees.

5. Conclusions

We propose that the TWINSPAN two-way indicator species combination with stand
growth indicators can more accurately classify the DS of mixed hard broadleaf forests.
Meanwhile, we propose a stand SpS optimization model for three elected plots. Optimizing
the SpS improved the Q(x) by 124.04%, 333.74%, and 116.83%, and when the RIP reached
the maximum value, it indicated that the cutting intensity was at the optimal intensity, and
10% is the optimal cutting intensity in this study. Moreover, this optimization model can be
applied to the optimal management of stands at different stages to guide the optimization
of natural forest structures under different growth and DSs.

Author Contributions: Conceptualization, L.D. and Z.L.; Methodology, Q.S. and L.D.; Software, Q.S.;
Formal analysis, Q.S.; Data curation, Q.S.; Writing—original draft, Q.S.; Writing—review & editing,
L.D. and Z.L.; Supervision, Z.L.; Project administration, Z.L.; Funding acquisition, Z.L. All authors
have read and agreed to the published version of the manuscript.

63



Forests 2024, 15, 1653

Funding: This research was funded by the National Key Research and Development Program of
China grant number [2022YFD2200502].

Data Availability Statement: Data is contained within the article.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Král, K.; McMahon, S.M.; Janík, D.; Adam, D.; Vrška, T. Patch mosaic of developmental stages in central European natural forests
along vegetation gradient. For. Ecol. Manag. 2014, 330, 17–28. [CrossRef]

2. Gong, Z.; Kang, X.; Gu, L. Quantitative division of succession and spatial patterns among different stand developmental stages in
Changbai Mountains. J. Mt. Sci. 2019, 16, 2063–2078. [CrossRef]

3. Dai, L.; Qi, L.; Wang, Q. Changes in forest structure and composition on Changbai Mountain in Northeast China. Ann. For. Sci.
2011, 68, 889–897. [CrossRef]

4. Collins, R.J.; Carson, W.P. The effects of environment and life stage on Quercus abundance in the eastern deciduous forest, USA:
Are sapling densities most responsive to environmental gradients? For. Ecol. Manag. 2004, 201, 241–258. [CrossRef]

5. Hao, Z.; Zhang, J.; Song, B.; Ye, J.; Li, B. Vertical structure and spatial associations of dominant tree species in an old-growth
temperate forest. For. Ecol. Manag. 2007, 252, 1–11. [CrossRef]

6. Král, K.; Vrška, T.; Hort, L.; Adam, D.; Šamonil, P. Developmental phases in a temperate natural spruce-fir-beech forest:
Determination by a supervised classification method. Eur. J. For. Res. 2009, 129, 339–351. [CrossRef]

7. Glatthorn, J.; Feldmann, E.; Tabaku, V.; Leuschner, C.; Meyer, P. Classifying development stages of primeval European beech
forests: Is clustering a useful tool? BMC Ecol. 2018, 18, 47. [CrossRef]

8. Huber, M.O. Statistical models to identify stand development stages by means of stand characteristics. Can. J. For. Res. 2011, 41,
111–123. [CrossRef]

9. Uhl, C.; Buschbacher, R.; Serrao, E.A.S. Abandoned Pastures in Eastern Amazonia. I. Patterns of Plant Succession. J. Ecol. 1988,
76, 663. [CrossRef]

10. Leibundgut, H. Uber Zweck und Methodik der Strukturund Zuwachsanalyse von Urw€aldern. Schweiz. Z. Forstwes. 1959, 110,
111–124.

11. Leibundgut, H. Uber die Dynamik europaischer Urwalder. Allg. Forst Z. 1978, 33, 686–690.
12. Goodell, L.; Faber-Langendoen, D. Development of stand structural stage indices to characterize forest condition in Upstate New

York. For. Ecol. Manag. 2007, 249, 158–170. [CrossRef]
13. Podlaski, R. Suitability of the selected statistical distributions for fitting diameter data in distinguished development stages and
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Abstract: Accurate estimation of biomass and carbon stocks in forest ecosystems is critical for
understanding their roles in carbon sequestration and climate change mitigation. Currently, the
development of stand biomass models and carbon stock estimation at the regional scale has emerged
as a prominent research priority. In this study, 225 Populus spp. (poplar) trees in Shandong Province,
China, were destructively sampled to obtain the biomass of their components. Two models (MS1
and MS2) were developed using allometric equations and the seemingly unrelated regression (SUR)
method to ensure additive properties across tree components. The model evaluation employed
the leave-one-out jackknife (LOO) method, considering statistics such as adjusted R-squared (R2

a),
root mean square error (RMSE), mean absolute percent error (MAPE), and mean absolute error
(MAE). The results from our models demonstrated high accuracy, with MS2 slightly outperforming
MS1 after incorporating tree height as an independent variable. The models reliably estimated
component-specific biomass and carbon stocks, with distinct variations observed in the carbon
content among foliage (47.14 ± 2.07%), branches (47.26 ± 2.48%), stems (47.67 ± 2.21%), and roots
(46.37 ± 2.78%). Carbon stocks in poplar plantations increased with the diameter class, ranging from
5 to 35 cm and correspondingly from 3.670 to 172.491 Mg C ha−1. As the diameter class increases, the
carbon allocation strategy of poplars aligns with the CSR strategy, transitioning from prioritizing
growth competition to emphasizing self-stabilization. Our research proposes a robust framework
for assessing biomass and carbon stocks in poplar plantations, which is essential for evidence-based
forest management strategies.

Keywords: carbon stocks; additive biomass models; poplar plantations; carbon content; allocation
strategy

1. Introduction

The accurate determination of biomass is essential for understanding carbon stocks
in forest ecosystems and assessing their contribution to climate change mitigation [1,2].
Biomass estimation provides critical information for forest management, carbon cycle
modeling, the evaluation of carbon sequestration effectiveness [3,4], and carbon regulation
mechanisms [5,6]. Over the years, researchers have made significant progress in develop-
ing biomass models that accurately estimate carbon content based on additive biomass
modeling [7–9].
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Additive biomass models have gained prominence because of their ability to estimate
biomass at various organizational levels within a tree, including organs, compartments,
and components [10–13]. These models account for the additive properties of biomass,
where total biomass is the sum of the biomass from different parts of the tree, including
foliage, branches, stems, and roots [14,15]. By incorporating species-specific allometric
equations, these models facilitate accurate biomass estimation and offer insights into carbon
allocation patterns within trees [4,9,12]. China’s forests serve as a significant carbon sink
globally [16,17], with plantations in Shandong Province playing a crucial role [18]. However,
to date, there have been relatively few studies on accurate individual tree biomass models
and carbon stocks in Populus spp. (poplar) plantations in Shandong Province.

Research on carbon stocks in various tree species has been instrumental in understand-
ing carbon accumulation rates [8,19]. Methods for calculating carbon stocks in individual
trees are categorized into direct and indirect approaches [12]. The method based on the
biomass formulas of different components and their carbon content in individual trees is
commonly employed [4,8,20]. When estimating forest carbon, an average carbon content
of 50% or 45% is commonly utilized across all species and forest types at both regional
and national scales [21]. However, some studies have utilized different carbon contents, as
they found that carbon content is influenced by forest regions, tissue types, species, and
tree sizes [8,20,22]. Additionally, environmental conditions, such as temperature, soil, and
precipitation, significantly influence the carbon content in various plant organs [23,24].
Investigations focusing on organ-level carbon content have revealed variations in carbon
allocation among various tree components, emphasizing the importance of understanding
carbon distribution patterns and dynamics within trees [25]. Poplar trees, widely planted
in Shandong Province, China, possess significant potential for carbon sequestration due
to their rapid growth rate and high biomass production [26]. Understanding the carbon
stocks and allocation characteristics of poplars is crucial for accurate carbon accounting
and effective management strategies.

The objectives of this study are as follows: (i) to develop a precise additive biomass
model tailored for poplar plantations in Shandong Province; (ii) to investigate carbon
sequestration in poplar plantations across different diameter classes; and (iii) to analyze
carbon allocation strategies in poplar trees.

2. Materials and Methods

2.1. Study Area

The study area is located in Shandong Province in east-central China (Figure 1).
The region experiences a warm, temperate monsoon climate with rainy summers. The
average annual temperature ranges from 11 to 14 ◦C, and the average annual sunshine
duration varies between 2290 and 2890 h. Annual precipitation typically ranges from 550
to 950 mm. The second national soil census of China identified the primary soil types
in Shandong Province as fluvo-aquic soils, skeletal soils, Brunisolic soils, and cinnamon
soils. Collectively, these four soil types cover approximately 87.67% of the total soil area.
Poplar is the predominant cultivated species in the plantation forests of Shandong Province.
According to 2017 statistics, the cultivated area and stock volume of poplar accounted for
88.5% and 91.9% of the province’s timber forests, respectively. According to the 2014–2018
forest inventory data of Shandong Province, we established 75 sample plots in 15 regions,
taking into account the planted area and diameter class distribution. The poplar plantation
area in the region containing each sample plot is at least 1% of the total poplar plantation
area in Shandong Province. Stand biomass data were collected from 75 sample plots,
each measuring 600 m2 (20 m × 30 m). The community structure of these sample plots
was similar, with poplar as the dominant tree species in the canopy, no shrubs in the
understory, and the herbaceous primarily consisting of Setaira viridis, Humulus scandens,
Erigeron canadensis, and Digitaria sanguinalis.
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Figure 1. The locations and number of sample plots.

2.2. Measurement and Data Collection

To obtain representative tree samples, we considered the diameter at breast height
(DBH) distributions during the selection process. Based on the average DBH, two to four
sample trees were selected from each plot. Sample trees were selected with straight trunks,
good growth, free of obvious pests and diseases, and representative of the growth of
standing trees in the plots. A total of 225 trees (DBH ≥ 5 cm) were surveyed (Table 1) and
categorized into 16 diameter classes at 2 cm intervals [27] (Table S1). Additionally, due to
the difficulty in obtaining sample trees with DBH ≥ 35 cm during the field survey, these
trees were assigned to the same diameter class (Table S1) based on previous studies [28].
Each diameter class represented the complete diameter range of the respective poplar
species. Indicators for each diameter class were expressed as mean values. The DBH
of sample trees, measured at 130 cm above ground, was recorded prior to conducting
destructive sampling. Tree height (H) refers to the distance from the ground to the top of
the crown and was measured after felling. The data were collected over a two-year period.
Specifically, data for 60 poplars were collected between June and August 2022, while data
for 165 poplars were collected during the same time frame in 2023 (Figure 1).

Table 1. Summary statistics of stand variables and biomass components for the sampled trees.

Statistics DBH H Bf Bb Bs Br Bt

Mean 19.7 17.3 14.85 38.61 148.04 54.13 255.64
Min 5.2 3.2 0.39 0.55 0.47 0.47 2.21
Max 59.1 31.1 147.28 602.70 1189.68 667.30 2607.00
SD 9.6 6.5 19.12 59.83 176.34 74.74 319.56

Note: DBH represents diameter at breast height (cm); H represents tree height (m); Bf, Bb, Bs, Br and Bt represents
foliage, branch, stem, root, and total biomass (kg), respectively. The same as below.

The total biomass was categorized into stem, branch, foliage, and root biomass. Stems
of sample trees measuring 10 m or less in height were segmented into 1 m sections, whereas
those exceeding 10 m in height were segmented into 2 m sections. The fresh weight of each
stem section was recorded. The biomass of branches and leaves was estimated using the
sample branch method [29,30]. The crowns of sample trees were divided into three layers,
and the fresh weight of each layer was measured. Three sample branches were selected
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from each layer [31], and the fresh weights of their branches and leaves were measured
to determine the ratio of branches to leaves for the sample trees. Roots are harvested by
digging. The fresh weights of the stems, crowns, and roots were recorded in the field using
an electronic scale with a capacity of 300 kg and an accuracy of ±0.1%.

Five hundred grams of branches, stems, foliage, and roots were collected separately
as samples, weighed, and transported to the laboratory for carbon content analysis. The
stems were sampled at one-quarter, one-half, and three-quarters of the tree’s height, while
the foliage and branches were sampled from each layer. Samples of stems and branches
should be in the shape of a pie or a cylinder, including the bark [32]. The entire root systems
were excavated, and the root stump, coarse roots, and small roots were weighed separately
for fresh weight, excluding the fine roots (less than 2 mm) [33]. The fresh weights of the
samples were measured using a platform scale with a capacity of 50 kg and an accuracy of
0.01 g.

In the laboratory, the subsamples were dried in an oven at 105 ◦C until a constant
weight was achieved for weight determination and to estimate moisture content. The
dry weights of branches, foliage, stems, and roots were determined by multiplying their
respective moisture contents by their fresh weights [12]. The total dry weight of a tree was
calculated by summing the dry weights of the branches, foliage, stems, and roots. The
electronic scale used in the laboratory has an accuracy of 0.001 g.

2.3. Allometric Models

Biomass estimation serves as a foundation for estimating carbon stocks. Allometric
models are commonly employed to estimate plant biomass [27,32,34]. The constant allomet-
ric ratio (CAR) model was employed to construct the biomass model for each component
due to its simplicity, stability, and fewer variables [7]. In reference to previous studies on
allometric equations for biomass [8,35], the following two models were utilized to fit the
biomass of each component:

B = aDBHb (1)

B = aDBHbHc (2)

where B is biomass (kg); DBH is the diameter at breast height (cm); H is the tree height (m);
and a, b, and c represent the coefficients of the equation, respectively. The same as below.

The seemingly unrelated regression (SUR) method considers cross-equation con-
straints on structural parameters and accounts for cross-equation error correlations when
analyzing total biomass and its individual components [14]. Additionally, SUR was applied
to estimate coefficients of simultaneous equations because it ensures the additivity of these
equations [10,11]. Therefore, in this study, the SUR method was used to fit the additive
systems of allometric equations constructed based on Equations (1) and (2), as specified in
the following forms:

Bf = a1DBHb1 + ε1

Bb = a2DBHb2 + ε2
Bs = a3DBHb3 + ε3
Br = a4DBHb4 + ε4

Bt = Bf + Bb + Bs + Br + ε5

(3)

Bf = a1DBHb1 Hc1 + ε1

Bb = a2DBHb2 Hc2 + ε2
Bs = a3DBHb3 Hc3 + ε3
Br = a4DBHb4 Hc4 + ε4

Bt = Bf + Bb + Bs + Bt + ε5

(4)

where Bf, Bb, Bs, Br, and Bt represent the foliage, branch, stem, root, and total biomass (kg),
respectively; and ai and bi represent the coefficients of the equation, respectively (i = 1, . . .,
4 for foliage, branch, stem, and root, respectively). εj is the n × 1 vector of residuals for the
jth equation (j = 1, . . ., 5), and n is the number of observations.
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Due to the heteroscedasticity of biological data [9], a weight function was defined
and employed to eliminate the influence of heteroscedasticity during the model fitting
process. Based on previous studies [8], 1/DBHp was adopted as the weighting function for
the elimination of heteroscedasticity in the biomass model, and p was confirmed for each
component of the biomass model. Additionally, the Breusch–Pagan (BP) test was applied
to assess the heteroscedasticity of the model based on p-value (p > 0.05).

2.4. Model Evaluation

The leave-one-out jackknife (LOO) method is widely employed to assess the accu-
racy and stability of models [14,34]. This method involves the repeated removal of one
observation from the dataset, utilizing the remaining observations to re-estimate the model
or estimator, thereby obtaining corresponding error estimates [36]. We utilized the LOO
method to evaluate the performance of each component biomass prediction equation based
on the adjusted coefficient of determination (R2

a), root mean square error (RMSE), mean
absolute percent error (MAPE), and mean absolute error (MAE) [9,34,35]. R2

a, RMSE, and
MAPE were used to assess the goodness of fit of the model, while MAE evaluated its
predictive ability. The additive system biomass model with larger R2

a and smaller RMSE,
MAPE, and MAE was selected as the optimal biomass model between Equations (3) (MS1)
and (4) (MS2). The biomass of individual trees was calculated using the optimal additive
system biomass model, and the total stand biomass was obtained by summing these values.

R2
a = 1 −

(
∑n

i=1
(

Bi − B̂i
)2

∑n
i=1
(

Bi −B
)2

)
n − 1

n − k − 1
(5)

RMSE =

√
∑n

i=1
(

Bi − B̂i
)2

n − k
(6)

MAPE =
100
n

n

∑
i=1

∣∣∣∣Bi − B̂i
Bi

∣∣∣∣ (7)

MAE =
∑n

i=1
∣∣Bi − ˆBi,−i

∣∣
n

(8)

where Bi is the ith observed biomass value; B̂i is the ith value predicted by the model using
all the data; B is the mean of the observed value; ˆBi,−i is the ith value predicted by the
model without ith observation; n is the number of observations for model fitting; and k
represents the number of model coefficients.

2.5. Model Validation

In this study, 40% of the observed biomass data (Table 2) was randomly selected as test
data to validate the predictive capability of the optimal additive biomass model. Graphical
analysis was employed to compare the predicted and observed biomass components.
Validation involved a statistical comparison of the fitted values with independent biomass
observations using a t-test [9,34].

Table 2. Summary statistics of observed biomass data for model validation.

Statistics DBH H Bf Bb Bs Br Bt

Mean 19.5 17.2 14.83 38.85 142.25 53.49 249.42
Min 5.2 3.2 0.39 0.55 0.47 0.47 2.21
Max 59.1 31.1 147.28 602.74 1189.68 667.30 2607.00
SD 9.7 6.7 20.49 68.62 177.61 80.02 337.82
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2.6. Comparison of Existing Biomass Models

In this study, we evaluated and compared the performance of an independent set of
existing biomass equations using test data (Table 2). Although we did not find biomass
models specifically applicable to poplar in Shandong, we were fortunate to find biomass
models [37] from regions such as Beijing, Hebei, and others with similar climatic environ-
ments (Table 3). Aboveground biomass was defined as the sum of leaf, branch, and stem
biomass, and total biomass was calculated as the sum of aboveground and belowground
biomass in this study. We used the MAE as an indicator for each model to compare their
predictive power. A smaller MAE value indicates better predictive performance [9,14].

Table 3. Parameters of existing models.

Source Origin Components Model a b c

[33] Plantation
Above

B = aDBHbHc 0.047 2.125 0.592
Root 0.024 2.311 0.085

2.7. Carbon Content and Carbon Stocks

Constant weight drying samples were collected to determine the carbon content of
branches, foliage, stems, and roots using the potassium dichromate–sulfuric acid oxidation
method [38]. The dry weight of each organ, multiplied by its respective carbon content,
represents its carbon stock. The total carbon stock of individual trees is the sum of the
carbon stocks from each organ, while the total carbon stock for the stand is derived from
the sum of the carbon stocks of all individual trees in the sample plot (Figure 2). In this
study, the biomass of each component predicted by the optimal additive biomass model
was used to calculate its carbon stock.

 
Figure 2. Procedure for estimating biomass and carbon stocks in poplar plantations. DBH represents
the diameter at the breast height of sample trees—the same as below.
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All statistics, the model fitting, heteroscedasticity test, normality test, and significance
test of difference were performed in R studio software (version: 4.1.3). The additive system
of nonlinear biomass equations was estimated by the function nlsystemfit in the systemfit
package [39], while the BP test utilized the lmtest package. The Shapiro–Wilk test was used
to check the normal distribution of the data, while the Kruskal–Wallis test was employed to
assess the significance of differences. Additionally, the Duncan test was utilized to perform
multiple comparisons of differences.

3. Results

3.1. Model Fitting for Biomass Models

The coefficient estimates, standard errors (SEs), model fitting statistics (R2
a, MAPE,

and RMSE), and weighting functions for MS1 and MS2 are presented in Table 4. The results
indicated that the coefficient estimates for MS1 and MS2 were statistically significant at the
0.001 level, and the weighting function effectively eliminated the heteroscedasticity in each
component equation (p-value > 0.05). As presented in Table 4, MS1 demonstrated a good fit
with each component biomass, with R2

a ranging from 0.856 to 0.980, RMSE spanning from
7.789 to 54.380 kg, and MAPE ranging from 27.597 to 61.576. By adding the independent
variable H to the additive system biomass model, MS2 enhanced the fit of the total biomass,
stem biomass, root biomass, and foliage biomass data compared to MS1. However, this
enhancement led to an increase in the fitting statistical index R2

a for branches in Equation
(4), along with a slight increase in RMSE. A similar result was also observed in the MAPE
for roots in the MS2. Additionally, MS1 and MS2 exhibited the highest conformity with
total and stem biomass data, while relatively lower R2

a and larger RMSE were observed in
the equations related to root, branch, and foliage biomass.

As illustrated in Figure 3, both MS1 and MS2 exhibited the highest MAE for the total
biomass model and the lowest for the foliage biomass model. Compared to MS1, the MAE
of all component biomass models in MS2 decreased, with a more substantial reduction in
the MAE of stems (31.03%) and smaller reductions in foliage (0.58%) and branches (0.10%).
With the exception of a slight increase in the RMSE for the branch biomass model, all other
metrics in MS2 were superior to those in MS1 (Table 4). Furthermore, given that the MAE
for the branch biomass model in MS2 was lower than that in MS1, MS2 was determined to
be the appropriate model for predicting individual biomass.

Figure 3. Mean absolute error (MAE) of the total and each component biomasses for the additive
system biomass models MS1 and MS2.
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Table 4. Model coefficient estimates, stand errors (SEs), model fitting statistics (R2
a , RMSE, and

MAPE), weight functions, and Breusch–Pagan (BP) test (p-value) of the additive system biomass
models (Equations (3) and (4)) for each component biomass.

Models Components
a b c

R2
a RMSE

MAPE
(%)

Weight
Function

BP Test

Estimate SE Estimate SE Estimate SE (p-Value)

MS1

Foliage 0.018 *** 4.248 × 10−10 2.184 *** 6.657 × 10−9 - - 0.856 7.789 61.576 1/DBH1.06 0.397
Branch 0.003 *** 2.682 × 10−11 2.975 *** 2.538 × 10−9 - - 0.903 22.654 43.484 1/DBH1.01 0.570
Stem 0.212 *** 5.157 × 10−10 2.127 *** 6.709 × 10−10 - - 0.962 39.370 70.562 1/DBH1.17 0.557
Root 0.010 *** 6.667 × 10−11 2.718 *** 1.859 × 10−9 - - 0.924 22.475 33.011 1/DBH1.03 0.545
Total - - - - - - 0.980 54.380 27.597 1/DBH1.12 0.626

MS2

Foliage 0.027 *** 1.901 × 10−3 1.905 *** 1.550 × 10−2 0.171 *** 2.655 × 10−2 0.861 7.694 57.014 1/DBH1.09 0.426
Branch 0.012 *** 4.430 × 10−4 2.947 *** 5.207 × 10−3 −0.429 *** 1.173 × 10−2 0.904 23.383 41.372 1/DBH1.00 0.674
Stem 0.028 *** 2.618 × 10−4 2.074 *** 1.611 × 10−3 0.704 *** 3.035 × 10−3 0.982 30.049 23.821 1/DBH1.07 0.518
Root 0.046 *** 1.072 × 10−3 2.645 *** 3.862 × 10−3 −0.414 *** 7.861 × 10−3 0.928 21.220 34.991 1/DBH1.00 0.589
Total - - - - - - 0.983 51.391 20.093 1/DBH1.00 0.520

Note: R2
a—adjust coefficient of determination; RMSE—root mean square error; MAPE—mean absolute percent

error. Significance level: *** <0.001. The same as below.

3.2. Model Validation for the Optimal Model

The validity of the optimal additive biomass model (MS2) was evaluated using the test
data. As shown in Figure 4, linear regression analysis revealed a strong correlation between
predicted and observed biomass, with R2

a > 0.85 and p-values < 0.001 for all components.
Furthermore, the paired samples t-test indicated no significant differences between the
predicted and observed values for foliage (t = −1.09, p-value = 0.28), branch (t = 1.36,
p-value = 0.18), stem (t = −1.91, p-value = 0.06), root (t = 0.50, p-value = 0.62), and total
(t = −0.47, p-value = 0.64) biomass.

Figure 4. Scatter plots depicting the observed and predicted values for foliage, branches, stems, roots,
and total biomass of the optimal model. The solid line is a liner fit, and the dashed line in red color
indicates the 1:1 equivalence.
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Table 5 presents the comparative results of the predictive abilities between the biomass
model developed in this study and existing biomass models. MAEs for aboveground
biomass, root biomass, and total biomass in the biomass models developed in this study
were smaller than those in existing models, with reductions of 16.96%, 13.64%, and 7.74%,
respectively.

Table 5. Comparison of biomass models.

Source Origin Components MAE

This study Plantation
Above 24.395
Root 14.000
Total 33.366

[33] Plantation
Above 29.377
Root 16.213
Total 36.166

3.3. Carbon Content in Various Components

As shown in Table 6, the carbon content of roots was significantly different (p < 0.001)
from that of foliage, branches, and stems. However, no significant differences (p > 0.05) were
observed in carbon content among foliage, branches, and stems. There was no significant
difference (p > 0.05) in the foliage carbon content of sample trees among different DBH
classes, and a similar pattern was observed for branches, stems, and roots (Figure 5).
Furthermore, we conducted linear regression analysis on various organs and their carbon
content and found no significant linear relationship between carbon content and DBH
across different organs (Figure 5). Consequently, the carbon stocks of different organs were
calculated using the mean values of their carbon content.

Table 6. Means and standard deviation (SD) of carbon content in different components.

Components N Carbon Content (Mean ± SD)

Foliage 225 47.14 ± 2.07 a
Branch 225 47.26 ± 2.48 a
Stem 225 47.67 ± 2.21 a
Root 225 46.37 ± 2.78 b

Note: N is the number of observations. Different letters in the same column indicate significant differences at the
0.001 level.

 

Figure 5. The carbon content of foliage, branches, stems, and roots. The red line is a linear fit, and the
gray areas were 95% confidence intervals.
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3.4. Carbon Stocks and Allocation in Standing Trees

The carbon stocks of standing trees were calculated based on their biomass and carbon
content. As expected, carbon stocks increased with increasing DBH. The average carbon
stock of poplar plantations in the 5 cm diameter class was the smallest, at 3.670 Mg C
ha−1 (1 Mg = 106 g), whereas the 35 cm diameter class had the largest average carbon
stock, at 172.491 Mg C ha−1. The allocation of carbon stocks in poplars across various
diameter classes is illustrated in Figure 6. The relative contribution of carbon stocks of
each component to the total varied with DBH. The root–shoot ratio of poplars across
different DBH classes ranged from 0.23 to 0.42. With the increase in DBH, the proportion of
foliage in the total carbon stocks gradually decreased from 12.79% to 5.30%. Generally, the
proportions of carbon stocks in branches and roots decreased and then increased, though
the trends were not synchronized. The proportion of carbon stock in branches was minimal
(11.35%) in the 9 cm diameter class and maximal (16.29%) in the diameter class greater than
35 cm. The proportion of root carbon stock was largest in the 5 cm diameter class (29.60%)
and smallest in the 25 cm diameter class (18.30%), subsequently increasing with DBH. The
stem constituted the major pool of carbon stocks in standing trees, ranging from 44.57% to
62.97%, with the proportion of carbon stocks in the stem peaking in the 25 cm diameter
class. Since then, although stem carbon stock has increased, the marginal effect of resource
investment on stem growth has diminished. The mean values of the carbon stock shares for
foliage, branches, stems, and roots were 7.95%, 12.99%, 57.49%, and 21.57%, respectively.

 
Figure 6. Carbon stocks allocation of poplars in different diameter classes.

4. Discussion

In recent years, research on the prediction of total and component biomasses of in-
dividual trees primarily utilizes an allometric growth model in the form of a power-law
function [12,34,36,40]. Allometric models establish a relationship between the individual
biomass of trees and various measurable parameters, such as DBH, H, and crown diam-
eter [35,41]. The additive biomass model can reduce uncertainties between the sum of
predictions for tree components obtained from allometric equations and the prediction
for the entire tree [9,10]. We developed two additive biomass models: one based on DBH
(MS1) and the other based on both DBH and H attributes (MS2). The additive biomass
models presented in this study, MS1 and MS2, provided accurate predictions for all biomass
components as well as total biomass for poplar plantations in Shandong Province.
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Model MS1 exhibited a high degree of fit, as reflected by R2
a and RMSE, indicating

reliable predictions of biomass within trees. Nevertheless, the introduction of H as an
independent variable in model MS2 improved the fitting of total, stem, root, and foliage
biomass while slightly increasing the RMSE of the branch component’s prediction. This
finding aligns with previous research that supports the inclusion of height as an essential
predictor in forest biomass estimation models, enhancing model accuracy by incorporating
an additional dimension of tree growth [27,34]. However, the slight increase in branch
biomass RMSE when using MS2 may indicate a trade-off between model complexity
and predictive precision for certain components [19]. Overall, model MS2 demonstrated
superior prediction accuracy compared to model MS1.

Additionally, we observed that the b values in both MS1 and MS2 were greater than
one, while the c values were less than one. This finding is consistent with the results of
allometric models for deciduous broadleaf mixed forests and coniferous–broadleaf mixed
forests in the Eastern Da Xing’an Mountains, Northeast China [14]. This can be explained
by a negative correlation between DBH and H in allometric growth [27], indicating that
poplar trees prioritize resources for diameter growth. Furthermore, the b values in the
biomass equations for branches and roots in both MS1 and MS2 were greater than those for
stems and foliage, indicating that the effect of DBH on the biomass of branches and roots
was greater than on that of foliage and stems. In MS2, the absolute value of the c value in
the stem biomass equation was greater than that of the c values in the equations for the
other components. This indicates that H had a greater effect on stem biomass than on the
biomass of the other components. Collectively, these findings show that both DBH and
H influenced total biomass and component biomass, with DBH playing a predominant
role [34].

A thorough investigation of carbon content among different components revealed
that roots exhibited significantly different carbon percentages compared to other compo-
nents, highlighting the intricate variability of carbon distribution within tree species [25].
Additionally, the carbon content of stems was the highest, followed by that of branches,
foliage, and roots in this study; however, this finding needs to be verified with more data
from different species. Dong et al. [8] found that the foliage carbon content in 10 broadleaf
species in Northeast China was higher than in other tree tissues. This may be attributed to
genetic differences among tree species and variations in individual habitats [20,42]. Since
there was no significant difference in the carbon content of the same component across
DBH, the average carbon contents of the various components were used to calculate their
carbon stocks.

The findings indicated a direct correlation between DBH and carbon stocks, consistent
with the general understanding that larger trees tend to store more carbon [7]. Stem
carbon stocks represented the largest portion of the carbon stocks in poplars across all
diameter classes, aligning with findings from 10 broadleaf species in Northeast China [8].
Furthermore, the carbon allocation analysis across different DBH classes revealed a trend
of declining foliage carbon stock percentages with tree growth, while stems, branches,
and roots exhibited dynamic patterns. Seedlings (5 cm DBH class) had a higher ratio
of foliage biomass, enhancing their access to limited light [43], as well as a larger root
biomass ratio, which increases stability and water absorption [44,45]. To capture more
light, additional resources are allocated to stem and branch growth [25,34]. When the
growth of stems (DBH ≥ 27 cm) was constrained by genetic factors and environmental
conditions [46,47], additional resources were redirected to roots and branches, enhancing
tree stability and facilitating access to water and light [44]. These observations may reflect
changes in tree architecture and resource allocation strategies associated with various
growth stages [48]. At the seedling stage, poplars adopted the ruderal (R) strategy [49],
prioritizing resources to foliage and roots to rapidly occupy above- and below-ground
space, aiming to gain a first-mover advantage. As DBH increases, poplars adopted the
competitors’ (C) strategy, prioritizing resources to stems to gain more aboveground space
and enhance competitive growth. When the DBH ≥ 27 cm, poplars adopted the stress–
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tolerators’ (S) strategy, allocating more resources to roots and branches to secure additional
resources while maintaining stability. These findings indicated that single-dominant species
plant communities, such as poplar plantations, adhere to CSR strategies throughout long-
term dynamic development. This observation aligned with the findings of Zhang et al. [50]
regarding plant community succession in long-term abandoned cropland.

The understanding of carbon allocation dynamics, as highlighted by the improved
model MS2, underscores the necessity of adopting flexible management practices that
recognize the varying carbon sequestration capabilities across different tree components
and sizes. As suggested by Figure 6, stems predominantly contribute to carbon stocks,
particularly in large diameter classes, which supports prioritizing practices that enhance
stem growth, such as optimized spacing, thinning regimes, and utilization of harvest
residues [51,52]. In this study, the stem carbon stock accounted for the largest proportion
in the DBH class of 25 cm. Although the stem carbon stock continued to increase, the
marginal effect of resource investment in stem growth decreased. Therefore, thinning
poplar plantations with a DBH > 25 cm enhances their carbon sequestration potential. The
biomass and carbon stocks of standing trees vary with forest type, size, and tree age [48,53].
Therefore, further field trials are necessary to determine how to effectively enhance the
carbon sequestration of poplar plantations through management practices, such as thinning
intensity and the utilization of harvest residues.

Variations in climate, soil, and other factors can influence the biomass of standing
trees [48,54]. Consequently, the sample plots in this study were distributed across the
primary poplar plantation areas in Shandong Province. In addition, certain regions, such
as Rizhao, Qingdao, Yantai, and Weihai, had fewer sample plots, potentially impacting
the model’s applicability in these areas. According to the results of the 9th National Forest
Resources Survey of China (2014–2018), the total area planted with poplar in the four
aforementioned regions constitutes only 15.01%. Nonetheless, the optimal model is still
applicable for estimating the carbon stock in poplar plantation forests throughout Shandong
Province. Meanwhile, field measurements were taken from June to August, with both 2022
and 2023 experiencing low rainfall in June and high rainfall in July and August, which
may affect the accuracy of the fresh weight of the sample trees, consequently impacting
biomass models. Additionally, the sample trees selected for this study were poplars
with DBH ≥ 5 cm, so the biomass models developed in this study are not applicable for
estimating the biomass of poplars with DBH < 5 cm. Typically, there is a negative correlation
between the accuracy of the biomass model and its scale of applicability [28]. Therefore,
applying the model from this study to regions with significant environmental differences
from Shandong Province requires validation with existing data to assess its applicability in
those areas.

5. Conclusions

This study enhances our understanding of carbon sequestration in poplar planta-
tions by developing additive biomass models that are suitable for precise carbon stock
estimation in Shandong Province, China. The developed models, MS1 and MS2, demon-
strated high accuracy, with MS2 exhibiting an improved fit after incorporating H as an
independent variable. These models reliably quantify the contributions of individual tree
components—foliage, branches, stems, and roots—to the overall biomass and, consequently,
the carbon stock.

Carbon stocks in poplar trees increased with increasing DBH. The findings also high-
lighted the variation in carbon content among different tree organs, offering a more straight-
forward approach to carbon accounting. Furthermore, there was no significant correlation
between the carbon content of each organ and DBH. The carbon content of the stem was the
highest, and its proportion of the total carbon stock was also the greatest, indicating that
the role of the stem should be emphasized when evaluating the carbon stocks of poplar
plantations. Additionally, poplars employed CSR strategies, shifting from prioritizing
growth competition to prioritizing self-stabilization.

77



Forests 2024, 15, 1829

Although this study focused on poplar plantations in a specific region, the methodol-
ogy and findings are applicable to broader contexts. Future research should concentrate
on the long-term monitoring of carbon sink capacity in plant communities within sample
plots, encompassing the carbon content of trees, shrubs, herbs, and soils. Additionally,
the remote sensing data were adjusted using the model from this study to enhance their
accuracy in estimating large-scale forest carbon sinks. Overall, this study establishes a
robust foundation for estimating biomass and carbon stocks of poplar trees and has sig-
nificant implications for assessing and utilizing the full carbon sequestration potential of
poplar plantations.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f15101829/s1, Table S1: Statistics of sample plots for poplar
plantations.
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Abstract: Objective: The purpose of this article was to use the Random Forest method and non-
linear mixed-effects method to develop a model for determining tree height–diameter at breast
height (DBH) for a natural coniferous and broad-leaved mixed forest in Jilin Province and to compare
the advantages and disadvantages of the two methods to provide a basis for forest management
practice. Method: Based on the Chinese national forest inventory data, the Random Forest method
and nonlinear mixed-effects method were used to develop a tree height–DBH model for a natural
coniferous and broad-leaved mixed forest in Jilin Province. Results: The Random Forest method
performed well on both the fitting set and validation set, with an R2 of 0.970, MAE of 0.605, and RMSE
of 0.796 for the fitting set and R2 of 0.801, MAE of 1.44 m, and RMSE of 1.881 m for the validation
set. Compared with the nonlinear mixed-effects method, the Random Forest model improved R2

by 33.83%, while the MAE and RMSE decreased by 67.74% and 66.44%, respectively, in the fitting set;
the Random Forest model improved R2 by 9.88%, while the MAE and RMSE decreased by 14.38%
and 12.05%, respectively, in the validation set. Conclusions: The tree height–DBH model constructed
based on the Random Forest method had higher prediction accuracy for a natural coniferous and
broad-leaved mixed forest in Jilin Province and had stronger adaptability for higher-dimensional
data, which can be used for tree height prediction in the study area.

Keywords: tree height–diameter model; Random Forest; nonlinear mixed-effects model; coniferous
and broad-leaved forest

1. Introduction

The tree height–diameter (H-D) model is one of the most useful tools in forest manage-
ment. While measuring tree height in overcrowded and dense forests is time-consuming
and difficult, DBH data can be accurately measured for all trees in a plot. Therefore, a tree
H-D model is usually developed to predict the missing total height measurements for the
remaining trees [1].

One of the most important factors of forest structure is the relationship between tree
DBH and height [2]. As people’s interest in the structure of natural mixed forests was
growing, the demand for determining the relationship between tree height and diameter
in mixed forests also rose. More comprehensive modeling methods were applied to the
research on the H-D relationship. Walter et al. studied the relationship between tree height
and diameter in unevenly aged pure beech forests using the mixed-effects model method
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and introduced the concept of “pseudo-residuals” to test the model [3]. It was found that
the mixed-effects statistical method could fit bivariate normal distribution data very well,
and the fitted model was easy to explain. Especially for forestry data, the NLME (nonlinear
mixed-effects) method often showed a strong predictive ability. However, it must also
be pointed out that the tree-level nonlinear mixed-effects model needs data from several
groups of plots to be capable of random effect calibration when making predictions [4].

Models generated based on more dimensions and a larger amount of data had better
performance. However, the nonlinear mixed-effects model had high requirements for
modeling data. It was necessary to consider whether the data conformed to a normal
distribution and the collinearity of independent variables. When fitting the model, the
selection of initial values was also a major challenge. Machine learning methods did
not have such issues. They had lower requirements for data and could contain more
variables. Machine learning methods were gradually becoming a hot topic in the field
of forest modeling. Chen et al. used an integrated neural network to conduct tree-level
H-D modeling for six main tree species in central Canada [5]. More than 30 potentially
important stand structures, sites, and climate variables were added to the model. The
results showed that the model developed by this method performed excellently. Zhang et al.
used traditional methods, Bayesian methods without prior information, and Bayesian
methods with prior information to compare and analyze the estimation effect of the tree
height–diameter relationship [6]. The results showed that the fitting results of traditional
methods, Bayesian methods without prior information, and Bayesian methods with prior
information were similar. However, the credible interval of Bayesian methods was more
concentrated than that of traditional methods, and the parameter interval with prior
information was more than 59% smaller than that of traditional methods. Shen et al. used a
multilayer neural network to construct a tree height–diameter at breast height model in
Guangdong Province. The research results showed that the neural network model was more
accurate than the mixed-effects model [7]. Ozcelik et al. used a multilayer neural network
and a mixed-effects model to develop a tree height–diameter model for Crimean juniper
trees in southwestern Turkey. The results showed that both the nonlinear mixed-effects
regression and backpropagation neural network modeling methods could produce accurate
results. Compared with traditional nonlinear regression, the root mean square error (RMSE)
of both was reduced by more than 20%. It was also pointed out that the backpropagation
neural network seemed to be the method with the best generalization ability. In addition,
from a practical perspective, compared with the mixed-effects model, its advantage is that
it does not need to calibrate prior information when making predictions [8].

Among the many machine learning algorithms, the Random Forest method (RF) is an
integrated decision tree algorithm. It fits models in a data-driven manner, has relatively
low requirements for variables, is not restricted by statistical assumptions, and can include
more variables. Consequently, in the field of forest modeling, the Random Forest algorithm
is also receiving increasing attention [9]. Ou et al. used four machine learning methods
(Random Forest, Boosted Regression Trees, cubist, and Multivariate Adaptive Regression
Splines) to develop the individual tree basal area increment (BAI) growth model for a
mixed forest in Northeast China. They found that the Random Forest method was an
effective and powerful modeling method for predicting the growth of individual trees’
BAI [10]. Jevšenak et al. used the Random Forest method to develop a BAI growth model
based on the data of the national forest inventory of Slovenia. The results showed that the
Random Forest method can provide similar verification statistical results to those of the
previous traditional methods used in research reports [11].

In the field of forest management in Jilin Province, the main method used is the
traditional regression model. Methods with stronger predictive abilities are currently
in demand. Based on the national forest resources inventory data of natural coniferous
and broad-leaved mixed forests in Jilin Province, this article used a total of 363 plots and
1305 sets of observations. The Random Forest method and the nonlinear mixed-effects
method were used to develop and compare the tree height–diameter model of natural
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mixed forests in Jilin Province in order to identify the model with the best performance
and analyze the advantages and disadvantages of the two methods. Our research results
can provide help for forest management in Jilin Province.

2. Materials and Methods

2.1. Modeling Data

We used the following variables to represent stand density and stand competition
status: rSDI [12], BALj, BALj_interspecies, BALj_intraspecies, and BA_proportion. The
variable descriptions are shown in Table 1.

Table 1. Descriptions of stand density and stand competition variables.

Variable Description

rSDI N( D0
Dg

)1.605
(1)

BALj
1
S ∑n

i=1(1Di≤Dj BAi) (2)

BALj_interspecies
1
S ∑n

i=1(1Di≥Dj&Speciesi �=Speciesj BAi) (3)

BALj_intraspecies
1
S ∑n

i=1(1Di≥Dj&Speciesi=Speciesj BAi) (4)

BA_proportion
∑n

i=1 BAi,i∈species

∑N
j=1 BAj,j∈stand (5)

Note: D represents the diameter at breast height (DBH) of an individual tree in the stand; D0 represents the standard
DBH, which is equal to the number of trees in fully stocked stands with an average diameter of 10 cm in China [13];
Dg is the average stand diameter (by basal area); BA is the basal area of an individual tree in the stand.

The tree-level data for developing the tree height–diameter model came from the
sample plot data of the national forest resources inventory (NFI) of natural coniferous and
broad-leaved mixed forests in Jilin Province for 2014. In each plot, the tree heights of 2 to
5 individual trees representing the average tree height level of the plot were accurately mea-
sured. After removing outliers, there were 363 sample plots and 1305 sets of individual tree
height–diameter observations. The data were divided into a fitting set (1044 observations)
and a validation set (261 observations). The statistical data are shown in Table 2.

Table 2. Statistics of tree height (m) and DBH (cm).

Tree Variable

Fitting Data Validation Data

Max Min Mean
Standard
Deviation

Max Min Mean
Standard
Deviation

D/cm 79.50 7.40 22.92 10.84 71.80 7.80 23.27 11.37
rSDI 344.14 25.03 154.80 49.00 289.45 25.03 158.15 46.10

BA_proportion 0.65 0.01 0.34 0.16 0.64 0.01 0.34 0.16
BAL/m2 59.93 0.00 13.98 8.76 45.57 0.00 14.12 7.51

BAL_interspecies/m2 55.41 0.00 9.51 7.21 30.77 0.00 9.53 6.52
BAL_intraspecies/m2 25.67 0.00 4.48 4.05 25.45 0.00 4.58 4.05

Altitude/m 1860.00 175.00 811.66 290.97 1860.00 220.00 807.19 288.46
Soil thickness/cm 70.00 10.00 42.92 10.83 70.00 10.00 42.00 11.59

H/m 32.50 4.50 16.38 4.60 32.20 5.20 16.52 4.22

Climate data were sourced from ClimateAP (V3.00). ClimateAP is an application
for dynamic local downscaling of historical and future climate data in the Asia–Pacific
region [14]. Based on the latitude, longitude coordinates, and altitude information of the
sample plots, the ClimateAP software could be used to extract seasonal and annual climate
variables for each sample plot (the time interval extracted in this study was the average
value from 1980 to 2010). The candidate climate factors are shown in Table 3.
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Table 3. Descriptions of the candidate climatic variables.

Variable Description

AHM The humiture index
CMD The Hargreaves moisture deficit index
DD_0 The number of days below 0 ◦C

DD_18 The number of days below 18 ◦C
DD18 The number of days above 18 ◦C
DD5 The number of days above 5 ◦C

EMT/◦C The extreme low temperature in the past 30 years
EXT/◦C The extreme high temperature in the past 30 years

EREF The Hargreaves precipitation index
MAP/mm The mean annual precipitation
MAT/◦C The mean annual temperature

MCMT/◦C The mean coldest month temperature
MWMT/◦C The mean warmest month temperature

NFFD The number of frost days
PAS/mm The snowfall from August of the previous year to July of the current year
TD/◦C The temperature difference between MWMT and MCMT

2.2. Tree Height–Diameter Model Based on Nonlinear Mixed-Effects Method
2.2.1. Selection of Climate Variables

Due to the large number of climate variables and their tendency to exhibit collinearity,
a separate screening analysis of the climate variables was carried out. Principal component
analysis (PCA) can be used as an exploratory method for assessing climate variability and
is robust and reliable as an auxiliary technique when combined with other statistical tech-
niques [15,16]. We first used the PCA method to analyze the data for all climate variables.
Since the units of the climate variables were different, all variables were standardized
before the PCA. The principal components that explained more than 80% of the variance
were retained. For each principal component, variables with large loads were selected
for further analysis. The variables that had a strong correlation with H and had the least
multicollinearity among them were used as candidate options for modeling.

For competing relevant indicators (density index (rSDI), basal area proportion of the
corresponding tree species of the sample tree in the sample plot (BA_proportion), BAL,
BAL_interspecies, BAL_intraspecies), and the two aspects of indicators representing the
site conditions of the sample tree (Altitude, Soil thickness), the stepwise regression method
was used for screening.

2.2.2. Base Model

The basic model was based on the research of Zang [17]. The Richard model was
selected. The Richard model always performed well in simulating the relationship between
tree height and diameter at breast height. The formula is as follows:

H = 1.3 + (a0 × (1 − exp(−b0 × D))c + ε (6)

where H represents the tree height; D represents the diameter at breast height; a0, b0 and
c represent the parameter, ε represents the error term.

Due to the research object being a natural mixed forest, indicators related to the competition
of sample trees, namely rSDI, BA_proportion, BAL, BAL_interspecies, BAL_intraspecies, and
two indicators representing the site conditions of the sample trees (Altitude and Soil thickness)
were selected for stepwise regression screening and then entered into the model. Therefore,
the model could be written as follows:

H = f (β, D, Competition status, Site condition) + ε (7)

where β is a vector of the fixed effect parameters, Competition status is a variable group of
the competition status of individual trees, and Site condition is a variable group represent-
ing the site condition of individual trees. Other variables are as defined before.
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2.2.3. Tree Species Data and Dummy Variable

The divided groups of Pinus koraiensis Sieb et Zucc., Picea koraiensis Nakai, Larix
gmelinii (Rupr.) Kuzen., Pinus sylvestris var. sylvestriformis (Takenouchi) Cheng et C. D. Chu,
and other coniferous tree species groups Quercus mongolica Fisch. ex Ledeb. group, Betula
platyphylla Sukaczev group, Fraxinus mandshurica Rupr., Juglans mandshurica Maxim. and
Phellodendron amurense Rupr. group, Ulmus pumila L. group, Acer mono Maxim. group, Tilia
tuan Szyszyl. group, and Populus L. group and miscellaneous tree group, constituting a
total of 14 tree species groups, were used to construct tree species dummy variables. After
adding the tree species dummy variables, the model could be written as follows:

H = f (β, D, Competition status, Site condition, Sm ) + ε (8)

where Sm is the dummy variable of the tree species group. Among them, S1 = S2 = . . . = S13 = 0
represents the Pinus koraiensis group, S1 = 1 represents the Picea koraiensis group, and
0 represents other tree species groups, while S2 = 1 represents the Larix gmelinii group.
They were defined in turn according to the order introduced above. Other variables are as
defined before.

2.2.4. Nonlinear Mixed-Effects Climate-Sensitive Model

In order to quantify the impact of the climate on H-D allometry, by reparameterizing
the parameters in the basic H-D model and adding the selected climate variables to the
model, the model could be written as follows:

H = f (β, D, Competition status, Site condition, Climate , Sm) + ε (9)

where Climate represents the vector of climate variables screened by PCA and correlation
analysis. Other variables are as introduced previously.

Mixed-effects models have been proven to perform excellently in the field of forestry
modeling. We chose to develop a mixed-effects model with the sample plot as a random
effect. The new H-D mixed-effects model can be written as follows:

Hij = f
(

β, Dij, Competition status, Site condition, Climate, Sm + ui
)
+ εij (10)

ui ∼ N(0, σ2
plot)

where Hij and Dij are the tree height and DBH of the jth individual tree of the ith tree
species, repectively. ui is the random effect representing the sample plot. εij is the random
term. Other variables are as defined before.

When making model predictions, the corresponding parameter values of the random
effect were calculated using the Empirical Best Linear Unbiased Prediction method (EBLUP).
The formula is as follows:

ûi = Ψ̂ẐT
i (ẐiΨ̂ẐT

i + R̂i)
−1ei (11)

where ûi is the estimated value of the random effect. Ψ̂ is the q × q variance–covariance
matrix representing the variation between groups. q is the number of random effects. R̂i is
the k × k variance–covariance matrix representing the variation within groups. k is the
number of observations within a group. Ẑi is the partial derivative matrix of the random
effect. ei is the residual vector between the measured value and the estimated value of the
fixed effect model.

The data in this paper were the plot survey data of Jilin natural forest plots in 2014. Therefore,
there was no time autocorrelation problem in the data. The formula of R̂i is as follows:
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Ri = σ2G0.5
i IiG0.5

i (12)

where σ2 is the residual vector of the model. Gi is the design matrix for explaining
heteroscedasticity. In this paper, the power function form was adopted, which was
var(εij) = Ĥ2γ

ij ; Ii is the identity matrix.
The parameter estimation of the nonlinear mixed effect was based on the nlme module of

R (Version 4.3.1) [18]. The algorithm was the default restricted maximum likelihood method.

2.3. Individual Tree H-D Model of Natural Coniferous and Broad-Leaved Mixed Forest Based on
Machine Learning Methods
2.3.1. Random Forest

Random Forest is an ensemble learning algorithm that parallelizes individual decision
trees. The Random Forest algorithm simultaneously adopts the ideas of resampling and
combined prediction. The input variables of each sub-decision tree are randomly sampled
from all the feature variables of the fitting set. There is no strong dependency between each
individual decision tree. Each decision tree independently learns and makes predictions.
Finally, through voting, the final classification result is reached according to the principle of
the minority obeying the majority. Therefore, it is called Random Forest [9]. The Random
Forest algorithm has the advantages of being insensitive to missing values and having
an extremely strong model generalization ability. But at the same time, it also has the
disadvantage of being prone to overfitting in high-dimensional data sets. However, this
can be avoided by adjusting the optimal parameters.

2.3.2. Input Variable

Unlike NLME methods, the Random Forest algorithm had good adaptability to
handling high-dimensional and collinear data. Moreover, the selected variable infor-
mation was all effective information that had an impact on the tree height growth. There-
fore, variable screening was not performed, and all variables were selected to develop
a model: competition-related indicators (rSDI, BA_proportion, BAL, BAL_interspecies,
BAL_intraspecies), indicators representing the site conditions of the sample trees (Altitude
and Soil thickness), indicators representing climate conditions (MAT, MWMT, MCMT, TD,
MAP, AHM, DD_0, DD5, DD_18, DD18, NFFD, PAS, EMT, Eref, CMD), and DBH as inde-
pendent variables. The fitting and validation of the model were based on the Scikit-learn
package in Python (Version 3.11.5) [19,20]. In this study, Random Forest algorithms per-
formed one_hot encoding processing on discrete factor variables (tree species). That is,
a factor variable of level N was expanded into N columns of attributes. Among these N
column attributes of each sample observation value, a value of 1 indicated that the sample
observation belonged to this category, and all other extended attributes were 0.

2.3.3. Parameter Tuning

In the process of parameter tuning of Random Forest, we used R2
cv of ten-fold cross-

validation as an observation index to select the optimal parameters in the fitting set. The
formula is as follows:

R2
cv =

1
k

k

∑
j=1

(1 − ∑
nj
i=1(Oij − Pij)

2

∑
nj
i=1(Oij − Oj)

) (13)

where k is the number of folds in cross-validation. In this paper, k was set to 10 folds.
Oij and Pij, respectively, represent the ith observed value and model predicted value of
the jth fold; Oj represents the average value of the observed values of the jth fold. nj repre-
sents the sample number of the jth fold.
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2.4. Model Evaluation

This paper used three indicators for model evaluation and inspection: the coefficient
of determination (R2), mean absolute error (MAE), and root mean square error (RMSE).
The calculation formulas were as shown in Equations (14)–(16).

R2 = 1 − ∑n
i=1(Oi − Pi)

2

∑n
i=1
(
Oi − O

)2 (14)

MAE =
1
n

n

∑
i=1

|Pi − Oi| (15)

RMSE =

√
1
n

n

∑
i=1

(Oi − Pi)
2 (16)

where Oi represents the observed value in the input data, Pi represents the predicted value of
the model, and n represents the sample size of the input data. Both the MAE and RMSE were
indicators for measuring the distance between the predicted values and observed values.

The workflow associated with this study is illustrated in Figure 1.

Figure 1. The workflow employed in this study to quantify the tree heights using NLME method and
Random Forest method.

3. Results

3.1. Results of Nonlinear Mixed-Effects Model
3.1.1. Selection of Climate Variables

After standardizing the climate variables, principal component analysis was used. The
results of the principal component analysis showed that the first two principal components
explained 87.83% of the variation in all climate data.

The variable selection process of the principal component analysis was carried out
according to the following principles: (1) Variables with an absolute value of load greater
than 0.32 were selected. (2) If there was no variable with an absolute value of load greater
than 0.32, the top three variables were selected. If there were variables with tied absolute
values of load, all the tied variables were selected.

The results of each component load were shown in Table 4. For principal component 1,
DD5, MAT, MWMT, and DD_18 were selected for the next step. For principal component 2,
MCMT, TD, and EMT were selected for the next step. The seven selected variables were
subjected to Pearson correlation analysis with the dependent variable H. The analysis
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results are shown in Table 5. The results showed that the seven climate variables were all
linearly significant with tree height, H, and there was collinearity among the seven climate
variables. We used the variance inflation factor, VIF, to gradually eliminate variables
with high collinearity. The final results are shown in Table 6. Therefore, finally, three climate
variables, MCMT, TD, and EMT, were selected to represent the climate and added to the model.

Table 4. PCA results for the climate variables.

Comp.1 Comp.2 Comp.3

MAT 0.279 0.107 0.15
MWMT 0.276 0.203
MCMT 0.214 0.447 −0.134

TD 0.203 −0.399 0.352
MAP −0.228 0.212 0.473
AHM 0.258 −0.117 −0.347
DD_0 −0.256 −0.287 −0.102
DD5 0.281 0.175

DD_18 −0.276 −0.136 −0.13
DD18 0.267 0.224
NFFD 0.252 0.266 0.163
PAS −0.256 0.132 0.299
EMT 0.196 0.455 −0.245
EXT 0.272 −0.174
Eref 0.23 −0.261 0.137

CMD 0.232 −0.266 −0.373
Cumulative variation 76.15% 87.83% 95.22%

Table 5. Pearson correlation coefficient matrices between H and climatic variables.

DD5 MAT MWMT DD_18 MCMT TD EMT H

DD5 1.000 - - - - - - -
MAT 0.982 *** 1.000 - - - - - -

MWMT 0.989 *** 0.957 *** 1.000 - - - - -
DD_18 −0.966 *** −0.996 *** −0.935 *** 1.000 - - - -
MCMT 0.690 *** 0.800 *** 0.624 *** −0.830 *** 1.000 - - -

TD 0.780 *** 0.662 *** 0.839 *** −0.613 *** 0.099 *** 1.000 - -
EMT 0.625 *** 0.700 *** 0.552 *** −0.712 *** 0.883 *** 0.089 *** 1.000 -

H −0.273 *** −0.254 *** −0.257 *** 0.238 *** −0.180 *** −0.201 *** −0.232 *** 1.000

Note: *** p < 0.001.

Table 6. The VIFs of the final climatic factors.

Climate Variable MCMT TD EMT

VIF 4.531 1.010 4.522

After stepwise regression to screen the competition indicators and site indicators, the
indicators finally entering the model were diameter (D), stand density index (rSDI), basal
area proportion (BA_proportion), and interspecific BAL (BAL_interspecies). After the PCA
and correlation analysis to screen the climate variables, the climate variables that were
finally entered into the model were MCMT, TD, and EMT. Then, the screened variables
and tree species dummy variables were put into different positions of parameters a, b, and
c of the basic model, respectively. The optimal model with the best coefficient significance
performance was as follows:

Hij = 1.3 +
(

a0 + a1rSDI + a2BAL + a3MCMT + a4EMT +∑13

m=1
fmSm + ui

)
[1 − e−b0Dij ]c0 + εij (17)

where a0 ∼ a6 are the parameters to be estimated. The remaining variables are as previ-
ously described.
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3.1.2. Fitting and Test Results of the Final NLME Model

The model accuracy test results showed that the nonlinear mixed-effects model per-
formed well in both the fitting set and the validation set. The MAE and RMSE of the fitting
set were 1.056 m and 1.446 m, respectively, and the MAE and RMSE of the validation set
were 1.420 m and 1.926 m, respectively (Table 7).

Table 7. The parameter estimation results and model validation results of final H-D NLME model.

Parameters Parameter Definition Equation (17)

Fixed effects parameters a 17.872 (0.000)
b 0.035 (0.000)
c 0.926 (0.000)
a1 rSDI 0.022 (0.000)
a2 BAL −4.493 (0.005)
a3 MCMT 0.686 (0.052)
a4 EMT −0.461 (0.025)
f 1 Picea asperata Mast. 0.211 (0.609)
f 2 Larix gmelinii 2.689 (0.000)
f 3 Pinus koraiensis 0.122 (0.781)
f 4 Pinus sylvestris −2.296 (0.013)
f 5 Other coniferous tree species −3.829 (0.000)
f 6 Quercusmongolica −1.707 (0.002)
f 7 Birch 2.157 (0.000)

f 8

Fraxinus
mandshurica&Juglans

mandshurica&Phellodendron
amurense

0.980 (0.106)

f 9 Elm −0.436 (0.488)

f 10

Acer pictumThunb.&Acer
triflorum&Acer
mandshuricum

−0.103 (0.852)

f 11 linden 0.029 (0.944)
f 12 poplar 0.554 (0.428)
f 13 Miscellaneous wood −1.557 (0.060)

Variance components σplot 0.490
γ 0.445

Model performance
AIC 4837.658

Fitting set R2 0.901
Fitting set MAE (m) 1.056

Fitting set RMSE (m) 1.446
Validation set R2 0.791

Validation set MAE (m) 1.420
Validation set RMSE (m) 1.926

3.2. Results of Random Forest Model

The Random Forest model was developed based on the scikit-learn module in Python [21].
For the three main parameters, n_estimator (the number of trees in the forest), max_depth
(the number of splits that each decision tree was allowed to make) and max_features
(the size of the random subsets of features to consider when splitting a node), the grid
search method was used for parameter tuning. The parameter tuning process was as
follows: iterative fitting with 10-fold cross-validation with the fitting set data as the object,
taking the highest R2

cv as the optimal parameter, and calculating step by step to obtain the
optimal parameter combination. The final optimal parameters were n_sitimators = 370;
max_depth = 17; and max_features = 15. Then, a Random Forest model was developed
based on the optimal parameters.

The tree height–diameter model of the Jilin natural forest was developed by using
Random Forest. The test results of the model on the fitting set and the validation set were
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as follows: The Random Forest method performed excellently on both the fitting set and
the validation set. The R2 of the fitting set was 0.970, the R2 of the validation set was 0.801,
the MAE was 1.44 m, and the RMSE was 1.881 m. Compared with the NLME model, in
the training, the R2 of Random Forest was increased by 33.83%, and the MAE and RMSE
were decreased by 67.74% and 66.44%, respectively; in the performance of the Random
Forest model on the validation set, R2 was increased by 9.88%, and the MAE and RMSE
were decreased by 14.38% and 12.05%, respectively (Table 8).

Table 8. Validation result of H-D model based on 3 machine learning methods and NLME method.

Random Forest NLME Method

Training set R2 0.970 0.901
Training set MAE (m) 0.605 1.056
Fitting set RMSE (m) 0.796 1.446

Validation set R2 0.801 0.791
Validation set MAE (m) 1.440 1.420

Validation set RMSE (m) 1.881 1.926

The residual plots of the finally fitted NLME model and the Random Forest model are
shown in Figure 2. The results showed that the scatter points were randomly distributed on
both sides of the 0-axis. No obvious heteroscedasticity trend was observed for the NLME
model. There was an obvious trend in the lower graph, where the residuals in the Random
Forest model were not uniformed distributed. The Random Forest model had a better
predictive ability, and the scatter points were more closely distributed.

Figure 2. Residuals for tree height–diameter models (NLME model; Random Forest model).

4. Discussion

4.1. Nonlinear Mixed-Effects Model

The test results of using the nonlinear mixed-effects method to develop the tree
height–diameter model for natural mixed forests in Jilin Province showed that the model
had an excellent extrapolation ability. The nonlinear mixed-effects method had always
performed well while developing the model. Sharma et al. used Czech national forest
survey data to develop a nonlinear mixed-effects HDR (height–diameter ratio) model. The
results showed that the R2 of the HDR model for each tree species ranged from 0.8574
to 0.9605 [4]. Ciceu et al. used the nonlinear mixed-effects method to construct a tree
height–diameter model for an unevenly aged mixed forest of Norway spruce in Romania.
The research results showed that the addition of random effects increased the prediction
accuracy of the tree height by 50 cm [22]. Meng et al. used the nonlinear mixed-effects

90



Forests 2024, 15, 1922

method to construct a tree height–diameter model for the main dominant tree species in
northern Ontario, Canada. After adding random effects, the fitting results and prediction
accuracy of the models for all tree species were improved [23]. In forestry modeling, com-
pared to methods that only used fixed effects, the mixed-effects method could incorporate
more variable information, such as plot location information, into the model. And plot
information contains many useful factors that cannot be included in fixed effects models.
Therefore, compared with traditional regression methods, tree height–diameter models
with random effects usually perform better in terms of model fitting performance and
prediction accuracy.

4.2. The Influence of Temperature and Competition on the H-D Relationship

The results of the significance test of the model parameters showed that although the
p-value of MCMT was at the 0.1 level, the rest of the coefficients were all significant at
the 0.05 level. The coefficient of rSDI was positive, indicating that individual trees under
high-density pressure will invest more resources in tree height growth to obtain more
sunlight. Many studies have found that competition will have a significant impact on
the allometric growth of trees. The greater the intensity of competition is, the thinner the
individual trees in the stand will grow [24–28]. The coefficient of MCMT was positive,
which meant that the higher the average temperature in the coldest month is, the faster the
increase in the tree height-to-diameter ratio of individual trees in the study area is. Previous
research results have shown that for the growth of individual trees, there was an optimal
temperature for photosynthesis and growth, and the influence of the temperature on tree
height growth was greater than that on diameter growth [26]. The study areas in this paper
all belong to northern China, and the annual average temperature is relatively cold and has
not reached the turning point of the optimal temperature. Therefore, for individual trees in
the study area, an increase in temperature would make the tree height increase more rapidly.

4.3. Machine Learning Algorithms and Forestry Modeling

Machine learning methods have gradually become a hotspot in the field of forest
modeling in recent years, because they often have better predictive capabilities than tradi-
tional regression methods. These methods can contain more variables. Ogana et al. [29]
used three methods, the DLA (Deep Learning Algorithm), NLS, and NLME, to study the
H-D relationship of complex tropical rainforest trees. It was found that the DLA model
was superior to the NLS and NLME models. Compared with NLS and NLME, the error
of estimating aboveground biomass by tree height predicted by using the DLA model
was reduced by more than 30%. The deep learning network model can be regarded as an
alternative to traditional nonlinear regression techniques. Qin et al. used the DLA method
and the NLME method to construct a natural mixed forest crown model. It was found that
the best DLA model can explain 69% of the crown variation. When all 22 input variables
were used for modeling, the DLA model performed better than the NLME model [30].

However, Dantas et al. employed the ANN (Artificial Neural Network), SVM (Support
Vector Machine), and NLME methods to construct a volume model for eucalyptus planta-
tions in Minas Gerais, Brazil. They found that the nonlinear mixed-effects model performed
the best [31]. A possible reason for this result was that the research object of the article
was eucalyptus plantations, which had a relatively simple structure. The variables affecting
the volume of eucalyptus were more explicit. Therefore, using the nonlinear mixed-effects
method could already accurately express the variations in eucalyptus volume. The two
machine learning methods, ANN and SVM, required more hyperparameters to be adjusted.
It was more difficult to find the optimal parameters in the parameter space to express the
variations in eucalyptus volume. Consequently, in this study, the nonlinear mixed-effects
model showed the best performance.

Our research results showed that compared with the nonlinear mixed-effects method,
in the performance of the fitting set of the Random Forest model, R2 was increased
by 33.83%, and the MAE and RMSE were decreased by 67.74% and 66.44%, respectively; in
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the performance of the validation set, R2 was increased by 9.88%, and the MAE and RMSE
were decreased by 14.38% and 12.05%, respectively. The Random Forest method showed
excellent performance, which was similar to the results of previous studies. Yu Yang et al.
used beta regression and the Random Forest algorithm to develop a crown ratio (CR) model.
Their research results showed that the CR model developed based on the RF algorithm was
superior to the model developed by beta regression. The algorithm idea based on the inte-
grated system can improve the accuracy by itself. Coupled with the interpretation ability
of multiple variables, the Random Forest algorithm has a stronger prediction ability [32].

5. Conclusions

This paper used the nonlinear mixed-effects method and the Random Forest method
to construct a climate-sensitive tree height–diameter model for natural coniferous and
broad-leaved mixed forests in Jilin Province. The parameter estimation and test results
of the nonlinear mixed-effects method showed that temperature and competition were
the key variables affecting the allometric increase in individual tree height–diameter. For
individual trees in natural mixed forests in Jilin Province, an increase in temperature would
make the increase in individual tree height more rapid. The model test results showed
that compared with the mixed-effects method, the model constructed by the Random
Forest algorithm had a higher prediction accuracy. The Random Forest method showed a
strong generalization ability when constructing the tree height–diameter model and had
low requirements for modeling data. In application scenarios with high requirements for
prediction accuracy, it had advantages over traditional models. Our research results can
provide decision-making support for forest management in Jilin Province.
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Abstract: This study compared hierarchical Bayesian, mixed-effects Gaussian process regression, and
random forest models for predicting height to crown base (HCB) in Qinghai spruce (Picea crassifolia
Kom.) forests using LiDAR-derived data. Both modeling approaches were applied to a dataset
of 510 trees from 16 plots in northern China. The models incorporated tree-level variables (height,
diameter at breast height, crown projection area) and plot-level spatial competition indices. Model
performance was evaluated using leave-one-plot-out cross-validation. The Gaussian mixed-effects
process model (with an RMSE of 1.59 and MAE of 1.25) slightly outperformed the hierarchical
Bayesian model and the random forest model. Both models identified LiDAR-derived tree height,
DBH, and LiDAR-derived crown projection area as primary factors influencing HCB. The spatial
competition index (SCI) emerged as the most effective random effect, with the lowest AIC and BIC
values, highlighting the importance of local competition dynamics in HCB formation. Uncertainty
analysis revealed consistent patterns across the predicted values, with an average relative uncertainty
of 33.89% for the Gaussian process model. These findings provide valuable insights for forest
management and suggest that incorporating spatial competition indices can enhance HCB predictions.

Keywords: height to crown base; LiDAR; hierarchical Bayesian model; Gaussian process regression;
Picea crassifolia Kom.

1. Introduction

Height to crown base (HCB) is an important tree attribute that determines the quality
class of sawn logs and the value of timber [1]. At the stand level, mean HCB is also an
indicator of wood quality [2,3]. Theoretically, HCB is a critical parameter in constructing
allometric growth models of trees [4] and plays an important role in the allometric equations
of biomass components, such as branches, bark, and foliage; it holds considerable value in
elucidating the intrinsic connections between crown and trunk growth in various processes,
such as carbon allocation and nutrient transfer [5,6]. Practically, HCB serves as a crucial
basis for designing harvesting plans and determining appropriate harvesting intensity [7,8].
The accurate prediction of HCB can maximize the usable timber volume, reduce harvesting
residues, and enhance both wood utilization and economic benefits [9,10].

Moreover, HCB is closely linked to stand tending and fire management. The proper
regulation of HCB can improve light conditions within the stand and promote tree growth
through tending measures, such as pruning [11,12]. On the other hand, HCB significantly in-
fluences the risk and intensity of wildfires’ spread [13,14]. Therefore, effective management
of HCB is crucial for the prevention and control of forest fires [15,16].
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Despite the significant importance of height to crown base (HCB) in forestry science
and management, current research on HCB remains insufficient in several areas. Firstly,
many existing HCB models are based on traditional statistical methods, such as linear
regression, which often fail to capture the complexity and spatial heterogeneity of the pro-
cesses involved in HCB formation. Advanced modeling approaches, including nonlinear
simultaneous regression and the use of remote sensing data, such as LiDAR data, have
shown promise in improving the accuracy of HCB predictions by accounting for these com-
plexities [17]. Maltamo [18] developed HCB models by applying the linear mixed-effects
(LME) modeling approach using LiDAR-retrieved percentiles of tree height, diameter at
breast height (DBH), and field-measured tree height. However, given that HCB data often
exhibit distinct nonlinear patterns, the use of linear functions to describe such relationships
may be inadequate. Recognizing this limitation, Yang [17] established an HCB model based
on LiDAR data using a nonlinear mixed-effects approach. Nevertheless, these studies have
not fully addressed the inherent uncertainties associated with HCB modeling. Furthermore,
the impact of spatial structure on HCB modeling has not been adequately accounted for in
existing research. Spatial structure, including tree distribution patterns and competitive
relationships, significantly influences trees’ growth and morphological development. In-
corporating these spatial elements into the model could potentially enhance the accuracy
of HCB predictions substantially.

Enhanced predictive accuracy of HCB models is crucial for both practical forestry
operations and theoretical research [19]. Accurate HCB models can not only optimize
forest management practices, such as thinning and pruning, to improve stand productivity
and health, but they can also deepen our understanding of the processes governing trees’
growth and development, thereby providing important theoretical support for sustainable
forest management.

Another crucial factor is data precision. This study employs data acquired through
UAV-LiDAR technology, which provides more accurate measurements of tree height (H)
and crown area compared to traditional ground-based techniques. UAV-LiDAR not only
covers larger areas but also offers higher resolution and more precise three-dimensional
forest structure information, thereby furnishing more reliable input data for HCB modeling.
The use of high-precision UAV-LiDAR data is one of the major innovations of this study.

This study aims to systematically assess the uncertainties in HCB predictions using
hierarchal Bayesian methods, mixed-effects Gaussian process regression models, and the
random forest model, which has rarely been addressed in previous studies. A comprehen-
sive exploration of uncertainty is crucial for understanding the reliability and limitations
of models’ predictions, especially when dealing with complex ecological processes, such
as tree growth and crown development [20]. Failing to account for various sources of
uncertainty, such as measurement errors, model misspecification, and parameter variability,
may lead to overconfident or misleading inferences [21,22]. Uncertainty analysis not only
helps to understand the reliability and limitations of models’ predictions but also serves
as an important evaluation metric for synthesis science, deepening our understanding of
ecosystem processes and functions [23].

Bayesian inference is particularly well suited for this purpose, as it is based on proba-
bility theory and provides estimates of parameter uncertainty in the form of probability
distributions, explicitly considering prior knowledge [24]. This contrasts with the frequen-
tist approach, which treats model parameters as fixed and provides point estimates [25,26].
Bayesian methods have been increasingly applied in ecological and forestry research,
providing new perspectives for modeling complex ecological data.

In addition to hierarchical Bayesian models, Gaussian process models have gained
increasing attention in ecological and environmental modeling due to their flexibility
and ability to capture complex nonlinear relationships [27]. Gaussian process models are
nonparametric Bayesian models that define a prior distribution over functions, which
can be updated based on observed data to obtain a posterior distribution [28]. The key
advantage of Gaussian process models lies in their ability to provide a natural measure of
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uncertainty in predictions, taking into account both the inherent variability in the data and
the uncertainty in the model itself [29]. Moreover, Gaussian process models can seamlessly
incorporate various types of input data, such as remote sensing data and spatial information,
making them particularly suitable for modeling ecological processes at different scales [30].

In addition to Bayesian and Gaussian process models, random forest models offer
a powerful alternative for ecological modeling. Random forest models are an ensemble
learning technique that builds multiple decision trees using different subsets of the training
data and combines their predictions to improve robustness and reduce overfitting. This
method does not rely on strict parametric assumptions, making it a versatile choice for
a wide range of ecological applications, including the analysis of tree growth, species
distribution, and environmental influences.

Hierarchical models, such as hierarchical Bayesian models and Gaussian process
mixed-effects models, offer several advantages in addressing the challenges associated
with modeling complex ecological data [31,32]. These advantages include (1) improving
estimates for repeated measurements by avoiding underfitting or overfitting, (2) handling
imbalanced sampling by automatically accounting for varying uncertainty across groups,
(3) explicitly estimating variation at different levels, and (4) retaining variation by avoiding
the pitfalls of pre-averaging data [33,34].

The main objective of this research is to develop a suitable LiDAR-based individual
HCB prediction model for Picea crassifolia Kom. with canopy cover around 0.6, specifically in
the Dayekou Basin. Therefore, we strive to construct a relatively complex model with strong
predictive capability while accounting for plot-level variability. Compared to existing
HCB models, the innovations of the proposed model in this study include the following:
(1) focusing on the natural secondary forests of Picea crassifolia, a regionally important
forest type, to fill the gap in the current growth model system; (2) introducing novel
spatial structure indices to reveal the intrinsic relationship between spatial patterns and
tree growth; and (3) comparing the performance of Bayesian models, Gaussian process
regression models, and random forest models to provide a reference for model selection in
future HCB research.

2. Methods

2.1. Data
2.1.1. Study Area

The study area was the Dayekou Observation Station of the Xishui forest farm in
Sunan Yuguzu Autonomous County, Gansu Qilian Mountain National Nature Reserve
(38◦32′ N, 100◦15′ E) (Figure 1). This area is a natural secondary forest in the shallow
mountain area of the Qilian Mountains, belonging to the water conservation forest of Heihe
River Basin, with an altitude of 2700–3000 m. The climate of this area is an alpine, semi-arid,
and semi-humid mountain forest steppe climate. The slope exposed to the Sun is mountain
grassland, while the northern slope is the forest landscape. The dominant species in the
forest is Picea crassifolia Kom. The ground is covered with a moss layer ~10 cm thick, and
the vegetation is in good condition.

2.1.2. Plot Setting

A 100 m × 100 m grid was laid out along the slope with an azimuth angle of
122 degrees. The grid was divided into sixteen 25 m × 25 m plots, and the stakes were
set up at corners and at the approximate center points of each sample plot (shown as
Figure 2). During the plot layout, a compass and measuring tape were used, with the
compass for determining direction and the tape for measuring distances. During indi-
vidual tree measurements, all trees with a DBH greater than 2.5 cm within the plot were
surveyed, including leaning trees, standing dead trees, and snags. DBH was measured
using a diameter tape, while HCB was measured using a laser rangefinder (TruPulse 200,
Laser Technology, Inc., Centennial, CO, USA). For shorter trees, a measuring pole was used
to determine the tree height and the height to the base of the crown. Crown width was
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measured using a tape measure along two main directions. Additionally, leaf area index
(LAI) measurements were conducted using the LAI2000 (LI-COR Biosciences, Lincoln, NE,
USA) and a fisheye camera.

 
Figure 1. Location of the sample plot.

Figure 2. Distribution of sampled trees within the sample plots.

2.1.3. ALS Data

The full-waveform LiDAR data were collected using a Riegel LMS-Q560 laser scanner
(RIEGL Laser Measurement Systems GmbH, Horn, Austria) mounted on an airplane, with
a 50 kHz pulse repetition frequency, a 49 kHz scanning frequency, and a 30◦ maximum scan-
ning angle. The ground-measured data were also collected. The wavelength was 1550 nm,
and the pulse length and laser beam divergence were 3.5 ns and 0.5 mrad, respectively. The
average flight height was 3699 m, and the average flight speed was 230 km/h−1. The mean
density of point clouds was 4.34 m−2. The spatial distribution of 510 neighbor-smoothed
Picea crassifolia Kom. trees is shown in Figure 2. The data are summarized in Table 1.
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Table 1. Descriptive statistics of measurements of tree variables (hL, LiDAR-derived total tree height;
caL, LiDAR-derived crown projection area; HCB, height to crown base; DBH, diameter at breast
height; SD, standard deviation).

Variable Min Max Mean SD

hL (m) 4.62 22.15 13.84 3.20
caL (m2) 3.19 38.63 12.21 5.47
HCB (m) 0.90 10.20 4.80 3.52

DBH (cm) 3.60 81.10 22.57 8.54
aCI 1.36 3.10 1.93 0.34

Hegyi 0.24 11.86 2.13 1.43
Aggregation index 2.34 3.28 2.71 0.24

SCI 0.00 2.64 1.13 0.60

The point cloud was generated from LiDAR waveforms provided by Pang et al. [35].
Ground points were classified using the Ground algorithm in TerraScan 005 (Terrasolid,
Helsinki, Finland), following Axelsson’s method (1999) [36]. These points were used
to create a digital elevation model (DEM) at a 0.25 m resolution using a triangulation
algorithm. Similarly, a digital surface model (DSM) at a 0.25 m resolution was generated
using ground and vegetation points with the highest hit z algorithm, assigning the highest
z-value within each cell. The canopy height model (CHM) at a 0.25 m resolution was
obtained by subtracting the DEM from the DSM [37]. To smooth pits in the CHM, a
neighbor smoothing algorithm was applied [38].

Crown tops were identified from the CHM using a local maxima algorithm with a
2.0 m window size, and LiDAR-derived tree height (hL) was estimated as the height of
these crown tops. Crown edges were delineated using a region-growing algorithm, and the
LiDAR-derived crown area (caL) was calculated as the average horizontal diameter in the
west–east and north–south directions [37].

2.2. Models
2.2.1. HCB Base Model

We applied the base model in logistic form, similar to Water and Hanns’s research [39],
and the logistic form base model was introduced with variables, such as individual hL
(LiDAR-based tree height), caL (LiDAR-based crown projection area), DBH (diameter at
breast height), as follows:

HCB = hL/(1.0+ exp(β0 + β1DBH + β2caL)) (1)

2.2.2. Included Spatial Covariates

We calculated four spatial indices to characterize the competitive environment and
spatial structure of the forest stand, namely Hegyi’s competition index (CI), the aggregation
index (R), and the angular competition index (aCI), as follows:

hcb = hL/(1.0+exp(β0 + β1DBH+β2caL+β3S)) (2)

where S represents the spatial covariate included in the model.
Hegyi’s CI [40] quantifies the competitive pressure on a target tree from its neighbors.

For each target tree i, CIi was calculated as follows:

CIi = ∑
Dj

Di ∗ distij
(3)

where Di and Dj are the diameter at breast height of the target tree i and competitor tree j,
respectively, and distij is the distance between trees i and j. Only trees within a 7 m radius
were considered competitors.
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The aggregation index (R) [41] measures the spatial distribution pattern of trees within
a plot as follows:

R =

(
1
n

)
∗ ∑ ri (4)

where n is the number of trees in the plot and ri is the distance from tree i to its nearest
neighbor.

The aCI [42] considers both the size and spatial arrangement of neighboring trees Las
follows:

aCI = ∑
(
a1 + a2 ∗ cij

)
π

(5)

where a1 = arctan
(Hj

dij

)
, a2 = arctan

(Hj−Hi
dij

)
, and Cij is 1 if Hj > Hi and 0 otherwise. Hi

and Hj are the heights of the target and competitor trees, respectively, and dij is the distance
between them. The four nearest neighbors were considered for each target tree.

All indices were calculated using R, with tree locations specified by X and Y coordi-
nates. The results provide a comprehensive characterization of the competitive environment
and spatial structure of the forest stand.

2.2.3. HCB Hierarchical Bayesian Model

(1) Bayes’ rule

Bayes’ rule is usually expressed as follows:

p(y, θ) = p(y|θ)p(θ) = p(θ|y)p(y) (6)

where y = (y1, y2, y3, ...) is a vector of data and θ = (θ1, θ2, θ3, ...) is a vector of the pa-
rameters. p represents the density function or probability distribution, p(y, θ) is the joint
probability of y and θ and, p(θ) is the marginal density of θ.

Unlike a statistical reference, a Bayesian reference uses conditional probability distri-
bution to describe uncertainty in the estimated parameters. In order to estimate parameters,
posterior distribution should be obtained as follows:

p(θ|y) = P(y|θ)p(θ)
p(y)

(7)

where p(θ|y) is the posterior distribution of parameters, p(θ) is the prior distribution of
parameters, P(y|θ) is the likelihood function, and p(y) is the average likelihood, which is
used for normalization to guarantee that the integral value of posterior distribution of the
defined domain is 1.

Therefore, the posterior distribution is proportional to the product of likelihood and
prior distribution, as follows:

p(θ|y) ∝ P(y|θ)p(θ) (8)

In our study, the relationship between HCB, DBH, and hL was described as follows:

HCB = hL/(1.0 + exp( β0 + β1DBH + β2caL)) (9)

HCB ∼ N( f (hL, DBH, caL : β0, β1, β2) (10)

where f (hL, DBH, caL : β0, β1, β2) = hL/(1.0 + exp(β0 + β1DBH + β2caL)) gives the mean
distribution of HCB. Therefore, the likelihood function can be expressed as follows:

p(y|β0, β1, β2) = Πi
1√
2πσ

exp(
−(HCBi − f (hLi, DBHi, caLi))

2

2σ2

)
(11)

where i is the number of observations.

(2) Hierarchical Bayesian model development
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We developed a hierarchical Bayesian model with random effects to predict the height
to crown base (HCB) of trees. The model was formulated as follows:

HCB = LH/(1 + exp(∑ (βiXi) + ∑
(
ujXj

)
)) (12)

where hL is the tree height, Xi represents fixed-effect predictors (DBH, caL, and spatial
competition index), Xj represents predictors with random effects, βi represents fixed-effect
coefficients, and uj represents random-effects coefficients varying by plot.

We assumed normal priors for fixed effects ( βi ∼ N
(
0, 102)) and random effects

(u j ∼ N
(
0, σ2

u
)
), with a half-normal prior on the random-effects standard deviation

(σu ∼ Hal f Normal(1)). The model error was assumed to be normally distributed, with a
half-normal prior on its standard deviation (σ ∼ Hal f Normal(1)).

(3) Parameter estimation

We implemented the model using PyMC3 running on Python version 3.9 and esti-
mated the parameters via Markov chain Monte Carlo (MCMC) sampling, with 2000 tuning
steps and 2000 sampling steps. We explored all possible combinations of random effects on
predictors (excluding tree height) and compared the models using the root-mean-square
error (RMSE), Akaike information criterion (AIC), Bayesian information criterion (BIC),
and log-likelihood.

(4) Uncertainty analysis of Hierarchical Bayesian Model

In Bayesian modeling using MCMC sampling, an uncertainty analysis was conducted
for comprehensive decision-making based on full datasets. The uncertainty in HCB estima-
tion was analyzed based on three main aspects, as follows:

a. Posterior predictive intervals
A total of 1000 parameter samples were drawn from the posterior distribution, and

90% posterior predictive intervals were calculated for all observations. The proportion
of observed values falling within their respective intervals was assessed to confirm the
reliability of the model and the uncertainty estimates.

b. Marginal posterior distributions
The marginal posterior distributions for each model parameter were summarized and

visualized. The posterior distributions of regression coefficients β1 to β3 were examined
for their significance in relation to zero, in order to determine the effects of crown diameter,
live crown length, and total height on HCB. The posterior distributions of the random-
effect variance parameters σ1 and σ2 were analyzed to assess how well both inter-plot and
intra-plot HCB variations were characterized. The pseudocode of hierarchical Bayesian
model was provided in Appendix A.

2.3. Mixed-Effects Gaussian Process Regression Models
2.3.1. Gaussian Process Regression (GPR)

GPR is a nonparametric Bayesian machine learning method used to model the nonlin-
ear relationships between input features and target variables [27]. Given a training dataset
D = {(xi, yi)|i = 1, 2, · · · , n}, where xi ∈ Rd represents the input feature vector (DBH, hL,
caL, and one of the four spatial variables) and yi ∈ R represents the corresponding target
value (HCB), the goal of GPR is to learn a mapping function f : Rd → R from the input
space to the target space.

In GPR, the mapping function f is assumed to be a Gaussian process with a prior
distribution defined as follows:

f (x) ∼ GO
(
m(x), k

(
x, x′

))
(13)

where m(x) is the mean function and k(x, x′) is the covariance function, also known as the
kernel function. Commonly used kernel functions include the squared exponential kernel,
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the Matérn kernel, and the periodic kernel [43]. Given the training dataset D, the posterior
distribution of GPR can be obtained using Bayes’ theorem, as follows:

p( f |D) =
p(D| f )p( f )

p(D)
(14)

where p(D| f ) is the likelihood function, p( f ) is the prior distribution, and p(D) is the
marginal likelihood. By maximizing the log-marginal likelihood, the hyperparameters of
the Gaussian process, such as the parameters of the kernel function and the noise variance,
can be estimated.

For a new input x∗, GPR can predict the distribution of the corresponding target value
as follows:

p(y∗|x∗, D) =
∫

p(y∗|x∗, f )p( f |D)d f (15)

The mean and variance of this predictive distribution can be analytically derived,
representing the prediction and the uncertainty estimation, respectively.

In this study, GPR was employed to develop a model for predicting HCB. The input
features included caL, hL, DBH, and one of the four spatial pattern indices, while the target
variable was HCB. We selected the squared exponential kernel as the covariance function
and optimized the kernel hyperparameters using maximum likelihood estimation.

2.3.2. Mixed-Effects Gaussian Process Regression

To account for plot-level random effects, we extended the GPR model to a mixed-
effects Gaussian process regression (ME-GPR) [27]. Consider m plots, each containing nj

tree samples, where j = 1, 2, · · · , m. Let xij ∈ Rd denote the input features of the yij ∈ R
representing the corresponding height to crown base. The ME-GPR model can be expressed
as follows:

yij = f
(

xij
)
+ bj + εij (16)

where f
(

xij
)

is the fixed-effects component from the GPR model, bj is the random effect for
the j-th plot following a Gaussian distribution bj ∼ N

(
0, σ2

b
)
, and εij is independent and

identically distributed Gaussian noise, εij ∼ N
(
0, σ2

n
)
.

In ME-GPR, we assume that the fixed-effects component f (xi) has a Gaussian process
prior, as follows:

f (x) ∼ GP
(
0, k

(
x, x′

))
(17)

where k(x, x′) is the covariance function. The prior distribution of the random effects (bj) is
as follows:

b ∼ N
(

0, σ2
b I
)

(18)

where b = [b1, b2, · · · , bm]
T is the vector of all plot random effects, and I is the identity

matrix.
Given the training dataset D = {(xij, yij)|i = 1, 2, · · · , nj; j = 1, 2, · · · , m}, the poste-

rior distribution of ME-GPR can be obtained through Bayes’ theorem, as follows:

p( f , b|D) =
p(D| f , b)p( f )p(b)

p(D)
(19)

where p(D|f, b) is the likelihood function, p(f ) and p(b) are the priors of fixed and random
effects, respectively, and p(D) is the marginal likelihood. Hyperparameters of the Gaus-
sian process and the variance of random effects σ2

b can be simultaneously estimated by
maximizing the log-marginal likelihood.

For a new input x*, ME-GPR predicts the distribution of its corresponding target value
as follows:

p(y∗|x∗, D) =↑
�

p(y∗|x∗ , f , b∗)p( f , b∗|D)d f db∗ (20)
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where b∗ is the plot random effect associated with the new input x∗. The mean and variance
of the predictive distribution can be obtained through numerical integration or approximate
inference methods [44].

In this study, we employed ME-GPR to construct a prediction model for height to
crown base, incorporating tree-level input features (hL, DBH, caL, and spatial pattern
indices) and plot-level random effects. We selected the squared exponential kernel as the
covariance function and used maximum likelihood estimation to optimize the model’s
hyperparameters. The pseudocode of mixed-effects Gaussian process regression model
was provided in Appendix A.

2.3.3. Uncertainty Analysis of Mixed-Effects Gaussian Process Regression Models

To complement the ME-GPR model, a comprehensive uncertainty analysis was con-
ducted based on the full dataset. This analysis aimed to quantify and characterize the
various sources of uncertainty in the model predictions, focusing on the following three
main aspects:

a. Posterior predictive distributions
For each new input x*, the posterior predictive distribution p(y*|x*, D) was computed

using Equation (21). From these distributions, 95% credible intervals were calculated for
each prediction. These intervals represent the ranges within which the true HCB value is
expected to lie with 95% probability, given the model and data. The proportion of observed
values falling within their respective credible intervals was calculated in order to assess the
reliability of the model’s uncertainty estimates.

b. Marginal posterior distributions
The posterior distributions of the model parameters were analyzed to assess param-

eter uncertainty. This included examining the posterior distributions of the fixed-effects
coefficients (associated with caL, hL, DBH, and spatial pattern indices) to determine their
significance and variability, analyzing the posterior distributions of the random-effects
variance components to characterize the inter-plot variations in HCB, investigating the
posterior distributions of the kernel function hyperparameters to understand the learned
structure of the Gaussian process, and computing credible intervals and summary statistics
for each parameter to quantify their uncertainty.

2.4. Random Forest Model
2.4.1. Random Forest HCB Model

The random forest technique is an ensemble learning technique that constructs multi-
ple decision trees, each trained on a random subset of the data and features, to perform
regression or classification tasks. The final prediction is obtained by averaging the results
from individual trees, thereby reducing the risk of overfitting—a common issue with single
decision trees [45]. This approach is particularly suitable for predicting height to crown base
(HCB), a key parameter in forestry that influences light penetration, understory dynamics,
and timber quality.

In this study, the random forest model was applied to predict HCB using key predictor
variables, including LiDAR-derived tree height (hL), diameter at breast height (DBH),
crown projection area (caL), and the spatial competition index (SCI). Model parameters,
such as the number of trees (n_estimators = 500) and the number of features considered
at each split (mtry), were optimized through 10-fold cross-validation to achieve a balance
between accuracy and computational efficiency.

2.4.2. Bootstrap Method for Uncertainty Estimation

To quantify the uncertainty of the random forest model’s predictions, a bootstrap
method was applied to each cross-validation training set. For each training set in a cross-
validation fold, 100 bootstrap samples were generated by resampling the training data
with replacement. For each bootstrap sample, a random forest model was trained, and the
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trained model was used to predict the response variable for the corresponding test data
(the held-out fold).

For each test data point, the mean and standard deviation (SD) of predictions across
all 100 bootstrap iterations were calculated. The mean prediction represents the central
tendency of the RF predictions for each test sample. The standard error (SE) was calculated
as the standard deviation of the predictions, which provides an estimate of the uncertainty
associated with each prediction.

2.5. Model Validation

For model validation, new data could be applied; however, as our data were limited
in number, it was not practical to perform such a validation. In our study, we applied a
cross-validation approach to validate the Bayes models and Gaussian models, similar to the
research of Fu [46]. Each time, we removed one plot and used the remaining plots to fit the
HCB model and predict the removed one (leave-one-plot-out cross-validation (LOPCV)).
This process was repeated N − 1 times, where N is the total number of plots. This method
was chosen because it allowed us to assess the model’s ability to generalize to new, unseen
plots, which is critical given the inclusion of random effects related to plot variability. For
the machine learning algorithm (random forest model), we used a 10-fold cross-validation
method. This approach is particularly suited for machine learning models that do not
explicitly account for hierarchical structure, allowing for a robust assessment of the model’s
overall predictive accuracy. The predictive performance of the model was assessed using
RMSE and MAE. The model with the smallest RMSE and MAE was chosen as the final
model to predict HCB. We performed all computations using R software, version 4.3.2 [47].
Equations (21) and (22) are as follows:

RMSE =
√

e2 + σ2
e (21)

MAE =|
N

∑
i=1

ei|/N = |
N

∑
i=1

(HCBi − ˆHCBi)|/N (22)

where N is the number of observations, RMSE is the root-mean-square error, and MAE is
the mean absolute error.

3. Results

3.1. Bayes Model Development
3.1.1. Hierarchical Bayes Base Model

The base model yielded parameter estimates (Table 2) for the two main coefficients
(b1 and b2) and the error term (sigma). The first coefficient, b1, had a mean of 0.0113
(SD = 0.0032), with a 95% confidence interval of [0.0050, 0.0175]. The second coefficient, b2,
showed a mean of 0.0262 (SD = 0.0058), with a 95% confidence interval of [0.0149, 0.0377].
Both coefficients were statistically significant, as their confidence intervals did not include
zero. These results suggest that both predictors have a significant effect on the outcome
variable, with the model accounting for some of the variability in the data.

Table 2. Parameter estimates from the Bayesian base model.

Parameter Mean Std. Dev 95% CI

b1 0.0113 0.0032 (0.0050, 0.0175)
b2 0.0262 0.0058 (0.0149, 0.0377)

log(σ) 0.5784 0.0313 (0.5195, 0.6410)
σ 1.7840 0.0559 (1.6813, 1.8984)
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The Bayesian base model yielded the following equation:

HCB =
X0

1 + exp(0.0113X1 + 0.0262X2)
+ ε (23)

where:
HCB is the dependent variable;
X0, X1, and X2 are the independent variables;
ε is the error term, normally distributed with a mean of 0 and a standard deviation

of 1.7840.
Both coefficients were statistically significant (β1: 95% CI [0.0050, 0.0175]; β2: 95%

CI [0.0149, 0.0377]). The model demonstrated modest predictive power (MAE = 3.17,
RMSE = 1.78), suggesting a nonlinear relationship between the predictors and HCB. This
structure may reflect complex underlying processes, although the moderate fit indicates
that additional factors could improve the model’s performance.

3.1.2. Spatial Variables Introduced

The results show a performance ranking of five indices based on LOPCV (Table 3):

Table 3. Comparisons of five spatial indices.

Rank LOO P Loo Dse Loo Scale

SCI −1135.88 4.61 0.00 log
aCI −1138.261 4.70 3.80 log

Aggregation index −1352.79 145.21 8.31 log
Hegyi −1356.54 142.81 7.55 log

Note: LOO represents the LOPCV information criterion (LOOIC), p loo represents the effective number of
parameters, and Dse represents the difference in standard error.

SCI performed best, with the lowest LOO value (−1135.88) and p loo (effective number
of parameters) (4.61), along with a very low Dse (difference in standard error), because
lower LOO values represent better performance, low p loo values represent a simple model,
and lower Dse indicates proximity to the best model. The aCI was a close second, with
slightly higher LOO (−1138.26) and p loo (4.70). The Hegyi indices performed significantly
worse, with much higher LOO values (both above −1356). SCI and aCI demonstrated
superior predictive accuracy and model parsimony. The aggregation index received a
warning flag, suggesting potential issues. All of these models use a logarithmic LOO scale.

In summary, SCI and aCI outperformed the other indices across all metrics, indicating
that they are likely the most suitable for accurate and reliable predictions in this context.

3.1.3. Hierarchical Bayes Model

(1) Random effect selection

To investigate the influence of plot-level random effects on the prediction of HCB,
we fitted a series of mixed-effects logistic regression models with different combinations
of random effects. The model performance metrics, including the Akaike information
criterion (AIC), Bayesian information criterion (BIC), and log-likelihood, were calculated for
each model (Table 4).

Although the results showed that the model with random effects on all three predictor
variables had the lowest AIC and BIC values, the difference in AIC between random effects
on all three variables (1676.60) and DBH and SCI (1796.77) was not very big. Considering
the convergence cost, the model with random effects on DBH and SCI was screened out
as the most effective HCB hierarchical Bayes model, indicating the best balance between
model fit and complexity.
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Table 4. Performance of different random effects.

Random Effects AIC BIC Log-Likelihood

(DBH) 1924.37 1949.78 −956.19
(caL) 1934.86 1960.26 −961.43
(SCI) 2009.87 2035.27 −998.93

(DBH, caL) 1810.43 1840.07 −898.21
(DBH, SCI) 1796.77 1826.41 −891.38
(caL, SCI) 1853.03 1882.67 −919.51

(DBH, caL, SCI) 1676.60 1710.47 −830.30

(2) Hierarchical Bayes model

We implemented a hierarchical Bayes model on the dataset using LOPCV. The model
achieved an average MSE of 2.81 and an RMSE of 1.68, indicating moderate
predictive accuracy.

The hierarchical Bayesian model yielded the following equation:

HCB =
hL

1 + exp((0.0166 + u1)DBH + 0.0272caL − (0.0902 + u2)SCI)
+ ε (24)

where:
u1 and u2 are the random-effect variables;
ε is the error term, normally distributed, with a mean of 0 and a standard deviation

of 1.7840.

(3) Uncertainty analysis of hierarchical Bayes model

All parameters’ posterior distributions exhibit distinct bell-shaped curves, indicating
some uncertainty in the model’s parameter estimation but relatively stable estimates. The
estimated values of b1 and b2 are positive, with 95% HDI not including zero, suggesting
potential statistical significance for these parameters. The estimated value of b3 is negative,
but its 95% HDI includes zero, indicating that b3′s effect may not be statistically significant.
The large estimated value of sigma indicates potentially high residual variance in the model.
Most of the parameters have relatively narrow HDI intervals, suggesting high precision in
estimation. However, b3′s wider HDI interval indicates greater uncertainty in its estimation
(Figure 3).

Figure 3. Figures of hierarchical Bayesian uncertainty quantification.

The distribution of the model’s residuals shows an approximately normal shape,
centered near zero (Figure 4). Most residuals fall within the range of −2 to 2, indicating
a reasonable model fit. There is a slight positive skew, suggesting that the model may
underestimate some higher values. The peak of the distribution occurs around zero, with
the majority of residuals clustered within ±1 units. While outliers exist beyond ±3 units,
they are infrequent, pointing to generally good predictive accuracy, with some exceptions.
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Figure 4. Distribution of residuals of the HCB hierarchical Bayes model.

3.2. Gaussian Process Model
3.2.1. Gaussian Process Base Model

For the Gaussian process model, the kernel is a combination of a radial basis function
(RBF) and a white kernel, as follows:

k
(

x, x′
)
= 0.7162RBF(length scale = 1.85) + WhiteKernel(noise level = 0.649) (25)

The Gaussian process base model demonstrated moderate predictive performance.
The model’s accuracy is reflected in its MAE of 2.70 and RMSE of 1.64. The model’s
complexity and fit are captured by an AIC of 415.15 and BIC of 449.27, with a log-likelihood
of −194.57.

The kernel function, which defines the covariance structure, combines an RBF term
with a length scale of 1.85 and a white noise term. This structure suggests that the model
both captures smooth trends in the data and accounts for noise. The mean prediction
interval of 6.66 and mean confidence interval of 3.33 provide insights into the model’s
uncertainty estimates. The mean total variance of 2.90 indicates the overall variability in
the model’s predictions.

3.2.2. Random Effect Selection

The comparison of GPR with different random effects revealed that the model in-
corporating random effects on SCI outperformed the other models (Table 5). This model
demonstrated the lowest Akaike information criterion (AIC) of 401.03, indicating the best
balance between model fit and complexity. The kernel for this model, a rational quadratic
function with alpha = 0.0332 and length scale = 0.0736, captures both large-scale and small-
scale variations in the data. These results indicate that accounting for random effects in
SCI provides the most effective model for describing the underlying patterns in the dataset,
potentially reflecting important spatial competition dynamics in the system under study.

Table 5. Results of random selection of the mixed-effects Gaussian process model.

Random Effects AIC BIC Log-Likelihood

SCI 401.03 429.91 −189.52
caL 405.53 434.40 −191.76

caL, SCI 406.41 435.29 −1928.21
DBH, LCA 406.74 435.62 −192.37

DBH, caL, SCI 407.16 436.03 −192.58
DBH, SCI 407.29 436.16 −192.64

DBH 408.40 437.27 −193.20

3.2.3. Gaussian Mixed-Effects Process Model

We implemented a GPR with random effects on the dataset using LOPCV. Figure 5
illustrates the true versus predicted values with uncertainty, demonstrating the model’s
performance across the range of observed values. The model achieved an average MAE of
1.25 and an RMSE of 1.59, indicating moderate predictive accuracy.
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Figure 5. True vs. predicted values of the Gaussian mixed-effects process model, with uncertainty.

3.2.4. Uncertainty Analysis of Gaussian Mixed-Effects Process Model

The model’s uncertainty estimation was robust, with a 95% prediction interval cov-
erage of 0.95, closely aligning with the expected 95% coverage. Figure 6 depicts the
predictions with uncertainty (a) and the relative uncertainty versus true values (b), reveal-
ing a consistent pattern of uncertainty across the range of true values. The average relative
uncertainty was 0.3389, indicating that the model’s predictions had an average uncertainty
of ~33.89% relative to the predicted values. The average error variance was 2.61, reflecting
the model’s estimate of the inherent variability in the predictions.

 
(a) (b) 

Figure 6. The predictions with uncertainty (a) and the relative uncertainty versus true values (b).

3.3. Random Forest Model
3.3.1. Random Forest HCB Model Hyperparameter Turning and Model Validation

In the process of tuning the random forest model, various values of the hyperparam-
eters mtry and min.node.size were evaluated using a 10-fold cross-validation approach.
Given the relatively small sample size, the number of trees (ntree) was set to 500. The
results (Table 6) indicated that the optimal parameter combination was mtry = 3 and
min.node.size = 5, which yielded the lowest RMSE of 1.639, suggesting the best predictive
performance among the tested configurations. Additionally, the mean absolute error (MAE)
for the optimal configuration was 1.300, indicating a relatively low average prediction error.
Therefore, the best-performing HCB prediction model based on the random forest approach
was the one configured with mtry = 3, min.node.size = 5, and ntree = 500.
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Table 6. Results of hyperparameter tuning of the random forest HCB model.

mtry Min Node Size RMSE MAE

2 1 1.651 1.309
2 3 1.650 1.308
2 5 1.653 1.312
3 1 1.652 1.309
3 3 1.642 1.301
3 5 1.639 1.300
4 1 1.643 1.301
4 3 1.642 1.301
4 5 1.643 1.308

3.3.2. Uncertainty Analysis of Random Forest Model

The random forest model’s predictions were analyzed for uncertainty using a bootstrap-
based approach combined with 10-fold cross-validation. The resulting plot (Figure 7)
displays the predicted values against the true values for the test data, including 95% confi-
dence intervals for each prediction. The results showed the following: (1) predictions for
lower true values (below 3.0) generally show wider intervals, indicating higher uncertainty
in this region; (2) for intermediate true values (between 3.0 and 6.0), the intervals are
narrower, suggesting more confident predictions in this range; (3) predictions for higher
true values (above 6.0) tend to have slightly increased uncertainty, as shown by the wider
error bars, which may reflect the model’s reduced ability to generalize in this range due to
fewer training samples or increased data variability.

Figure 7. Predicted vs. true values, with 95% confidence intervals.

4. Discussion

This study employed hierarchical Bayesian, Gaussian process regression, and random
forest models to predict HCB in Picea crassifolia forests. All models fitted the data well,
explaining the majority of variation in HCB. The hierarchical Bayesian model achieved
an RMSE of 1.6773 m, the Gaussian mixed-effects process model achieved an RMSE of
1.5902 m, and the random forest model achieved an RMSE of 1.6394 m. These results
suggest that the Gaussian mixed-effects process model performs best, offering a robust
alternative for HCB prediction despite the differences in methodology.

Regarding the influence of variables, the hierarchical Bayesian, Gaussian process,
and random forest models consistently identified LiDAR-derived tree height, DBH, and
LiDAR-derived crown projection area as the primary factors affecting HCB. Tree height
exhibited a significant positive correlation with HCB, indicating that taller trees tend to have
higher HCB. This relationship is consistent with the findings of Sharma and Parton [48] in
their study on boreal forest species, suggesting a consistent pattern across different forest
ecosystems. DBH also showed a positive correlation with HCB, which may be attributable
to larger-diameter trees generally being older and having undergone a longer natural
pruning process. Rijal et al. [49] observed a similar relationship in their study on Scots
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pine, further corroborating our findings. Interestingly, the live crown projection area was
negatively correlated with HCB, implying that trees with larger crowns have relatively
lower HCB. This inverse relationship might be explained by the allocation balance of
carbohydrates between stem and crown organs during tree growth, as discussed by Mäkelä
and Valentine [50]. The consistency of these relationships across models strengthens the
reliability of our findings.

From an ecological perspective, factors influencing HCB can be categorized into two
types: (1) tree growth and development characteristics, such as genetic traits, age, and
growth rate; and (2) environmental conditions, including stand density and site index.
These factors interact, creating spatial heterogeneity in HCB. Our study used plot-level
random effects to account for some of this spatial variation. Notably, the superiority of
the SCI in the Gaussian process model suggests that local competition dynamics play a
crucial role in shaping HCB patterns. This highlights the importance of considering spatial
relationships in the structural modeling of forests. Inter-plot differences in HCB may be re-
lated to the microenvironment, stand structure, soil fertility, and disturbance history. These
factors, while not explicitly modeled in our study, likely contributed to the unexplained
variance and represent an important avenue for future research. Understanding these
spatial dynamics is crucial for developing more accurate predictive models and informing
forest management practices aimed at optimizing stand structure and timber quality.

The findings of this study are generally consistent with those of previous research on
other tree species and regions. For instance, Hasenauer and Monserud [51] found that HCB
in Austrian spruce plantations was primarily governed by tree height and DBH. Similarly,
Rijal [49] identified tree height as the most important variable for predicting HCB in Finnish
pine forests. This suggests that the factors influencing HCB identified in this study may
have some universality.

Both hierarchical Bayesian and Gaussian process models demonstrated strong perfor-
mance in HCB prediction, each with distinct strengths. The hierarchical Bayesian model
excels in its flexibility to incorporate prior knowledge, comprehensive quantification of
uncertainty sources, and applicability to complex data structures, including spatial data and
hyperparameters [32]. This makes it particularly suitable for capturing the multi-level na-
ture of forest ecosystems. On the other hand, the Gaussian process model showed superior
ability in fitting nonlinear relationships, providing probabilistic prediction intervals, and
exhibiting strong adaptability [27]; its performance in our study, particularly with the SCI as
a random effect, highlights its capacity to capture complex spatial competition dynamics.

The random forest model, while not outperforming the GPR model, still provided a
competitive alternative for HCB prediction. The random forest approach is particularly
advantageous due to its ability to handle large datasets, identify variable importance,
and generate robust predictions without extensive assumptions about the underlying
data distribution.

The HCB models developed in this study provide important references for the preci-
sion management of Picea crassifolia forests. Firstly, HCB is a crucial indicator for assessing
usable timber volume, directly affecting the wood’s grade and value. Accurate HCB predic-
tion aids in formulating rational harvesting plans to maximize volume utilization. Secondly,
HCB significantly influences stand canopy closure, understory light conditions, and canopy
structure, which are critical for stand regeneration and mixed-species regulation. Opti-
mizing HCB can create favorable light and spatial conditions for seedling regeneration.
Furthermore, changes in HCB are closely related to the spread of forest fires and pest
outbreak processes. Accurate HCB estimation can inform forest disaster early warning and
control measures [16].

Future research could consider the following directions: (1) expanding the scale of plot
surveys to include more tree species and forest types, enhancing the models’ universality;
(2) integrating remote sensing techniques to obtain high-spatiotemporal-resolution image
data for monitoring and predicting dynamic HCB changes [14]; (3) developing model-
based HCB management decision systems to directly serve production practices; and
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(4) incorporating more physiological and ecological processes to enhance models’ mecha-
nistic understanding of HCB formation processes. Through multidisciplinary integration,
the breadth and depth of HCB research can be continuously expanded.

The uncertainty analysis provides a more comprehensive understanding of the reli-
ability of HCB predictions. Based on the current training data, the hierarchical Bayesian
model and the Gaussian process regression model can provide reasonable and credible
interval estimates and uncertainty measures, which serve as important references for the
application of models’ results in practice. However, when using these models for estima-
tion, it is crucial to fully consider the interval nature of the predictions and not to overly
rely on point estimates [52]. The posterior distribution of the parameters in the hierarchical
Bayesian model suggests that tree size has a stable promoting effect on HCB, while the
influence of crown structure is weaker and potentially negative. The variation in HCB
within and between plots is generally controllable. These findings are consistent with the
results reported by Smith [53], who found that tree diameter and height were the primary
drivers of HCB variation in a mixed coniferous forest.

While this study provides valuable insights into the factors influencing HCB in Qing-
hai spruce forests, its focus on natural spruce stands within a specific region may limit the
generalizability of the findings to other forest types or geographic areas. Variations in eco-
logical conditions, species composition, and forest management practices across different
regions could influence the relationships between tree height, DBH, crown area, and HCB.
For instance, the environmental conditions in boreal forests, temperate hardwood forests,
or mixed-species stands might result in different dynamics of tree growth and competi-
tion [54]. Therefore, caution should be exercised when applying these findings beyond the
specific context of Qinghai spruce forests. Expanding plot surveys to encompass a broader
range of forest types could enhance the models’ general applicability [55]. Additionally, in-
vestigating how the identified relationships manifest under varying climatic and ecological
conditions could provide a more comprehensive understanding of HCB dynamics.

In summary, due to the complexity of the HCB formation process, the existing models
still struggle to exhaustively consider all influencing factors. Genetic, environmental,
and disturbance variables not included in these models may be important sources of
prediction errors [56]. This limitation presents an opportunity for future research to explore
more comprehensive influencing factors through mechanistic studies, optimize the model
structure and parameter space, and further improve the accuracy and robustness of the
predictions [57]. Additionally, future studies could benefit from incorporating the spatial
indices (such as SCI and aCI) that showed promise in our analysis, potentially leading to a
more nuanced understanding of spatial competition dynamics in HCB formation.

5. Conclusions

This study applied hierarchical Bayesian, Gaussian process regression, and random
forest models to predict LiDAR-based individual tree height to crown base (HCB) in Picea
crassifolia Kom. forests. The Gaussian process model showed the best performance (RMSE
= 1.5902 m), followed closely by the random forest and hierarchical Bayesian models.
LiDAR-derived tree height and crown projection area and DBH were consistently identified
as key factors influencing HCB across all models. The integration of spatial competition
indices, such as the SCI, highlighted the role of local competition dynamics in shaping
HCB patterns. While the models provide insights for precision forest management, future
studies should aim to include other factors, such as genetic variability and environmental
factors, to further enhance the models’ accuracy and applicability.
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Appendix A

1. Hierarchical Bayesian model

(1) Set up environment:
(2) Define Functions:

calculate_metrics(y_true, y_pred): Calculate MAE and RMSE between true and pre-
dicted values.
mixed_effects_model(X_scaled, y, plot_index, random_effects):

Define the Bayesian model:
Return the fitted model and posterior samples.

cross_validation_by_plot(X_scaled, y, plot_index, random_effects):

Loop over each unique plot:
Store predictions for each plot.
Return all predictions.

(3) Main Analysis:

Load Data:
Define Random Effects Options: Create combinations of random effects terms for
model testing.
Initialize an empty list to store results.
Loop through each random effects combination:

Train and Evaluate Model:
Handle any errors encountered during model fitting.
Save intermediate results to an external file (optional for tracking progress).

Sort and Display Results:

2. Gaussian mixed-effects model

(1) Set up environment:
(2) Define Functions:

calculate_metrics(y_true, y_pred): Calculate MAE and RMSE between true and pre-
dicted values.
create_features(X, y):

Generate polynomial features.
Select relevant features using SelectKBest.

process_fold(plot, X_selected, y_scaled, plot_effects, affected_params, scaler_y):

Remove one plot: Exclude all samples from the current plot as the test set.
Train the model: Use data from the remaining plots to fit the model.
Apply random effects to the selected parameters in the training data.
Define a set of Gaussian Process kernels.
Perform grid search to find the best kernel.
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Predict outcomes for the excluded plot using the best model.
Return evaluation metrics and predictions.

gaussian_process_model(X, y, plot_effects, affected_params):

Standardize features and response variable.
Generate polynomial features and select the best.
Perform cross-validation by removing one plot at a time
Calculate mean evaluation metrics (MAE, RMSE) across all plots.
Return the model performance metrics and predictions.

(3) Main Analysis:

Load Data
Define Parameters: Specify parameter names and initialize a list for results.
Base Model: Fit the base Gaussian Process model without random effects and store
the results.
Random Effects Models:

Loop through all combinations of random effects:

Apply selected random effects to affected parameters.
Fit the Gaussian Process model using gaussian_process_model with leave-

one-plot-out cross-validation.
Store model name and results.

Sort Results: Sort models based on mean RMSE and MAE.
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Abstract: This study establishes a climate-sensitive transition matrix growth model and predicts forest
growth under different carbon emission scenarios (representative concentration pathways RCP2.6,
RCP4.5, and RCP8.5) over the next 40 years. Data from the Eighth (2013) and Ninth (2019) National
Forest Resource Inventories in Chongqing and climate data from Climate AP are utilized. The model
is used to predict forest growth and compare the number of trees, basal area, and stock volume under
different climate scenarios. The results show that the climate-sensitive transition matrix growth
model has high accuracy. The relationships between the variables and forest growth, mortality, and
recruitment correspond to natural succession and growth. Although the number of trees, basal area,
and stock volume do not differ significantly for different climate scenarios, the forest has sufficient
seedling regeneration and large-diameter trees. The growth process aligns with succession, with
pioneer species being replaced by climax species. The proposed climate-sensitive transition matrix
growth model fills the gap in growth models for natural secondary forests in Chongqing and is an
accurate method for predicting forest growth. The model can be used for long-term prediction of
forest stands to understand future forest growth trends and provide reliable references for forest
management. Forest growth can be predicted for different harvesting intensities to determine the
optimal intensity to guide natural forest management in Chongqing City. The results of this study
can help formulate targeted forest management policies to deal more effectively with climate change
and promote sustainable forest health.

Keywords: climate sensitivity; forest management; natural forests; transition matrix growth model

1. Introduction

Chongqing City is located in the upper reaches of the Yangtze River at the heart of
the Three Gorges Reservoir area [1,2]. It is the last ecological barrier in the upper reaches
of the Yangtze River, ensuring the ecological security of the river’s middle and lower
reaches [3–5]. The region has favorable hydrothermal conditions and significant vertical
climate variability. Thus, Chongqing City ranks third in terms of species richness in China,
following Yunnan and Sichuan provinces [6].

The forest area in Chongqing City is 4.53 million hectares, accounting for 55.4% of
the total land area of Chongqing. Natural forests cover 2.59 million hectares, representing
72.98% and 74.43% of the total area and stand volume, respectively [7]. However, natural
forests in Chongqing City have historically suffered from anthropogenic and natural dis-
turbances and are highly degraded [8,9]. For example, the average stocking rate of natural
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forests in Chongqing City is 59.41 m3/ha, far below the average value of 100.79 m3/ha in
China [10]. Additionally, most trees in natural forests originated from vegetative propaga-
tion and are short and have a small diameter, curved trunks, and low utilization values [11].
The degraded forest structure and species composition have decreased the forest functions.
For example, although the total forest area in Chongqing has increased annually due to
plantation establishment, carbon neutrality has not been achieved. Li et al. attributed this
to the lower carbon sequestration rate of natural forests than of plantations resulting from
the degradation of natural forests [12]. Therefore, improving the quality of natural forests
is critical to local ecological security and carbon neutrality in Chongqing City.

The Chinese central government has focused extensively on restoring degraded nat-
ural forests. For instance, China banned all commercial logging in natural forests in
2017 [13,14] to ensure natural regeneration. In 2019, China implemented the ‘Program
for Natural Forest Conservation and Restoration System’, which encourages management
strategies to restore degraded natural forests. Formulating a sound forest management
strategy is crucial to increasing the quality of natural forests because it improves forest
structure, species composition, and forest functions, e.g., carbon sequestration, soil, and
water conservation, and the protection of rare species habitat [15–20].

Understanding forest dynamics under different management scenarios is required for
prescribing sound forest management strategies [21,22]. Forest growth models facilitate
forest management decision-making by predicting forest dynamics under different forest
management or climate change scenarios [23–27]. Therefore, they are widely used to
support management decision-making in plantations and natural forests. For instance,
López et al. proposed a transition matrix model to determine the harvesting cycle for
natural European beech forests in the Spanish province of Navarre [28]. Burkhart and
Margarida developed a stand model to predict plantation stand density for different
management objectives [29]. Many forest growth simulators have been developed to
facilitate forest management, e.g., Forest Vegetation Simulator (FVS), SILVA (version 2.2),
and VisForest [30–32].

Forest growth and yield models include stand, diameter class, and individual tree
models [33–37]. Transition matrix growth models have been extensively used in natural
forests due to their complex structure and species composition. These models represent a
trade-off between individual growth models and stand models in terms of model perfor-
mance and cost [38]. For example, Sheng et al. used a transition matrix growth model to
simulate the growth of mixed needle-broadleaf forests in northeast China [39]. Liang (2010)
uses a multi-age, multi-species matrix growth model and the net present value to evaluate
different forest management regimes in the boreal forest in Alaska [37].

Many authors have found that climate change significantly influences forest structure
and species composition, altering forest functions and dynamics [40–43]. For instance,
Lasch et al. predicted that climate warming would shift the natural species composi-
tion toward more drought-tolerant species and reduce forest diversity and groundwater
recharge [44]. Therefore, it is essential to consider climate change in formulating forest
management regimes and include climate variables, such as precipitation, temperature,
and sunlight, as independent variables in the growth model.

Although many forest growth models have been developed to facilitate forest manage-
ment in Chongqing, most were created for plantations, e.g., Pinus massoniana Lamb. [45],
and Cinnamomum camphora Endl. [46]. A lack of research exists on growth and harvest
modeling of natural forests in Chongqing, particularly forest growth models that consider
climate change. The lack of modeling hinders the development of forest management
strategies for natural forests in Chongqing. Therefore, the objectives of this study are to (1)
develop climate-sensitive natural forest growth models and (2) predict forest growth trends
under three different carbon emission scenarios (representative concentration pathways
RCP 2.6, RCP 4.5, and RCP 8.5).

116



Forests 2024, 15, 1947

2. Materials and Methods

2.1. Study Area

The study area is located in Chongqing City (105◦17′–110◦11′ E, 28◦10′–32◦13′ N),
which covers 82,400 km2, with an altitude range of 170–2600 m [47] (Figure 1). Chongqing
City is characterized by hilly terrain and a subtropical humid monsoon climate, with
abundant precipitation and sufficient heat [48]. The average annual precipitation is 1000–
1350 mm, and the average annual temperature is 16–18 ◦C [12]. The dominant tree species
are Quercus, Pinus, Tsuga, Acer, Betula, Populus, and Salix [46,49,50].

Figure 1. Distribution of sample plots in Chongqing City.

2.2. Data

We utilized data from the Eighth (2013) and Ninth (2018) Chinese National Forest
Resource Inventories (CNFIs) of Chongqing City. A systematic sample distribution was
used with a 4 × 4 km grid and a plot size of 0.067 ha (Figure 1). Tree-level and plot-level
data were collected in the plots. Tree-level information included species identification and
diameter at breast height (DBH), and plot-level data encompassed elevation, slope, aspect,
soil depth, tree count, dominant species, and forest type. The 131 plots were located in
natural forests that had experienced no human intervention (no logging or planting). We
randomly selected 90 plots for model development and the remaining 41 for validation.

Climate factors, such as average growing season temperature (March–September) and
mean annual precipitation (MAP), significantly impact forest structure and species compo-
sition [44,51–53]. We incorporated these variables to evaluate the effects of climate change
on forest dynamics. Climate data were obtained from Climate AP, which projects long-term
changes in forest dynamics and predicts monthly temperature and precipitation. Future
climate scenarios were modeled using the Canadian Earth System Model 2 (CanESM2)
general circulation model (GCM) developed by the Canadian Centre for Climate Modelling
and Analysis. It provides historical climate data for the Asia-Pacific region and predicts
changes under different emission scenarios (RCP 2.6, RCP 4.5, and RCP 8.5), representing
low, moderate, and high radiative forcing and CO2 emission levels [54].

2.3. Methods
2.3.1. Establishment of the Transition Matrix Model

The tree species were categorized into six groups based on the CNFI results, consid-
ering species frequency within sample plots and locally dominant species. The groups
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included oak, Cupressus funebris, Pinus massoniana, softwoods, hardwoods, and other
species (those with less than 5% frequency). The model incorporated several variables:
species diversity (H1), size diversity (H2), DBH, slope (SLcos), basal area (B), number of
trees per hectare (N), mean annual temperature (MAT), and MAP. Stepwise regression was
employed to identify the optimal variables. The variance inflation factor (VIF) was used to
assess multicollinearity in the growth, recruitment, and mortality models. Values below 5
indicated minimal multicollinearity [55]. All selected variables had VIF values below this
threshold, ensuring robust model predictions.

The transfer matrix model predicts the number of trees in a specific diameter class in
future forests. It can be used to monitor the dynamic growth and development of forests
by predicting growth, mortality, and recruitment [37].

The general expression of the transition matrix growth model is

yt+1 = Gt(yt − ht) + Rt + εt (1)

where yt = [yijt] represents the number of surviving trees of species i (i = 1, 2, 3, . . . sp)
and diameter class j (j = 1, 2, 3, . . . dc) at time t. ht = [hijt] represents the number of trees
of species i and diameter class j harvested at time t. A value of 0 is used if no harvesting
occurs. Rt represents the number of trees in the minimum diameter class during a specific
interval (5 years), and εt represents the random error.

G and R are expressed as

G =

⎡
⎢⎢⎢⎣

G1
G2

. . .
Gm

⎤
⎥⎥⎥⎦, Gi =

⎡
⎢⎢⎢⎢⎢⎣

αi1
bi1 αi2

. . . . . .
bi,n−2 αi,n−1

bi,n−1 αin

⎤
⎥⎥⎥⎥⎥⎦

R =

⎡
⎢⎢⎢⎣
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...

Rm

⎤
⎥⎥⎥⎦, Ri =

⎡
⎢⎢⎢⎣

Ri
0
...
0

⎤
⎥⎥⎥⎦

(2)

where αij denotes the likelihood that trees of species i in diameter class j remain in the same
class during the growth period from time t to t + 1. bij represents the probability that trees
of the same species and diameter class fall in the next diameter class in the same period.
Ri indicates the number of individuals of species i entering the minimum diameter class
within a specified interval (5 years). The value of bij is calculated by dividing the annual
growth rate g by the diameter class width (5 cm). The relationship between αij and bij can
be expressed as follows:

αij= 1 − bij − mij (3)

where mij represents the probability of tree mortality within a given time interval. Early
studies on transition matrix growth models assumed that the growth, mortality, and re-
cruitment probabilities (αij, bij, and mij) were constant across stands. However, subsequent
research demonstrated that tree species responded differently to varying environmental
conditions, prompting the development of more refined regression models for improved
accuracy [38,56].

The dependent variable gij + 1 was selected to improve model fitting when growth
rates are zero or close to zero. Since tree growth is typically nonlinear and follows expo-
nential growth or power functions, the following expression was used to capture these
dynamics more accurately:

log
(

gij+1
)
= γi1 + γi2DBH + γi3H1 + γi4H2 + γi5B + γi6SLcos + γi7MAT + γi8MAP + μij (4)
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where DBH represents the diameter at breast height of trees, H1 indicates species diver-
sity, H2 denotes size diversity, B stands for basal area, MAT represents the mean annual
temperature, MAP stands for the mean annual precipitation, and SLcos represents slope ×
cos(aspect) [57]. γ represents the coefficients, and μij represents the error term.

H1 and H2 are calculated as follows:

H1 = −
m

∑
i=1

Bi

B
ln(

Bi

B
) (5)

H2 = −
n

∑
j=1

Bj

B
ln(

Bj

B
) (6)

where Bi and Bj represent the basal area at DBH for species i and diameter class j, respec-
tively, and B denotes the total basal area at DBH for all trees in the sample plot. m indicates
the number of species, and n refers to the number of diameter classes.

Since transitions within a stand are always non-negative, the distribution is truncated.
As a result, the Tobit model was employed [58,59].

R =Ω
(
βiXi

σi

)
βiXi + σiω

(
βiXi

σi

)
(7)

βiXi = βi1 + βi2Ni + βi3B + βi4H1 + βi5H2 + βi6SLcos + βi7MAT + βi8MAP + vi (8)

where Ni represents the number of trees per hectare for species i; Ω and ω refer to the
cumulative distribution function and probability density function of the standard normal
distribution, respectively. σi denotes the standard deviation of the residual vi obtained
from the parameter β estimation.

Since forest tree mortality follows a binary [0, 1] distribution—survival or death—the
Probit model is used to model tree mortality [60].

mij =
Mij

T
=

1
T

Ω(δi1 + δi2DBH+ δi3B + δi4H1 + δi5H2 + δi6SLcos+ δi7MAT+ δi8MAP+ ξij) (9)

where Mij denotes the mortality probability for trees of species i and diameter class j in a
given time interval, δi represents the parameter, and ξij is the error term. The descriptive
statistics of the variables are listed in Table 1.

Table 1. Descriptive statistics of the variables for the sample plots.

DBH
(cm)

B
(m2/ha)

H1 H2
N

(Trees/ha)
MAT
(◦C)

MAP
(mm)

Max 76.2 45.07 1.32 2.31 2985 18.36 1870.20
Min 5.00 1.74 0.00 0.00 45 7.20 439.8

Mean 11.05 12.81 0.64 1.31 992 12.86 1422.10
SD 5.65 8.76 0.38 0.41 496 3.02 239.12

2.3.2. Model Validation

We used data from the Eighth National Forest Resource Inventory (41 validation plots)
and the transition matrix growth model to predict forest growth over a five-year period.
The results were compared with field data from the Ninth Chinese National Forest Resource
Inventory of the same permanent plots. The model accuracy was assessed by calculating
the root mean square error (RMSE) and mean absolute error (MAE).

RMSE =

√
1
m

m

∑
n=1

(yn − ŷn)
2 (10)
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MAE =
1
m

m

∑
n=1

|yn − ŷn| (11)

where ŷn represents the predicted value, yn represents the measured value, and m repre-
sents the number of sample plots.

2.3.3. Prediction of Natural Forest Dynamics Under Different Climate Change Scenarios

RCP2.6, RCP4.5, and RCP8.5 have been used in climate modeling to describe various
potential trajectories of future greenhouse gas concentrations. These scenarios enable
researchers to analyze possible climate outcomes under different levels of greenhouse gas
emissions [54].

The RCP 2.6 involves significant global initiatives to curb greenhouse gas emissions,
with emissions expected to peak by 2020, followed by a sharp decline. This pathway aims
to limit global warming to 1.5 ◦C to 2 ◦C above pre-industrial levels by 2100, necessitating
rapid transformations in energy systems, land use, and technology. In contrast, RCP 4.5
represents a moderate scenario, where emissions peak around 2040, followed by a decrease
to stabilize atmospheric concentrations by the latter half of the century, resulting in a
temperature increase of approximately 2.5 ◦C by 2100. RCP 8.5, known as the business-
as-usual scenario, assumes that emissions will continue to rise throughout the century,
leading to significant climate impacts and potential temperature increases exceeding 4 ◦C
by 2100. This scenario reflects high population growth, sluggish economic development,
and ongoing reliance on fossil fuels [61,62].

We selected a representative sample plot to predict future forest growth. This plot
received average annual precipitation ranging from 1314 mm to 1791.8 mm, with average
annual temperatures of 12.58–16.2 ◦C. The number of trees and diameter class distribution
for various species were consistent with the average conditions of all sample plots in
Chongqing City.

We used the climate-sensitive transition matrix growth model to predict the growth
and development of natural forests in Chongqing City under different climate scenarios
over the next 40 years. The model included key indicators, such as the number of trees,
basal area, and stock volume. We compared the predicted and measured results under
different climate scenarios to assess the impact of climate change on the natural forests of
Chongqing and provide a scientific basis for future forestry management and protection.

3. Results

3.1. Model Parameters and Validation Results

The results of the growth model (Equation (4) and Table 2) indicate that the DBH is
significantly positively related, and B is significantly negatively related to the growth of all
tree species, except for Cupressus funebris, with which positive relationships are observed.
H1 is significantly positively related to the growth of oak, Cupressus funebris, and softwoods,
whereas H2 is significantly negatively related to the growth of most tree species. SLcos is
significantly negatively related to the growth of Pinus massoniana and other tree species
and positively related to the growth of the remaining species. MAT shows a negative
relationship with the growth of Pinus massoniana and Cupressus funebris and a positive one
with the other species. MAP is positively related to the growth of Pinus massoniana and
other tree species groups and negatively related to the growth of the remaining species.

According to the recruitment model (Equation (7) and Table 3), N is significantly
positively related to the recruitment of all tree species. H1 is significantly negatively related
to the recruitment of Cupressus funebris and other tree species and positively related to
the recruitment of the rest. H2 is significantly positively related to the recruitment of
hardwoods and negatively related to that of the rest. MAT has a negative relationship
with the recruitment of Cupressus funebris and a positive one with that of the rest. MAP
is significantly positively related to the recruitment of oaks, Pinus massoniana, and other
tree species and positively related to that of the rest. B has a positive relationship with
the recruitment of Cupressus funebris and a negative one with that of the rest. SLcos is
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negatively related to the recruitment of oak species, Cupressus funebris, and softwoods and
positively related to that of the remaining species.

Table 2. Estimates of parameters and the attendant lack-of-fit statistics for the tree diameter growth
model.

Oak Others
Pinus

massoniana Hardwoods Softwoods
Cupressus
funebris

Intercept 6.34 × 10−1 *** 2.36 × 10−1 ** 9.96 × 10−1 *** 8.23 × 10−1 *** 1.24 × 100 *** 1.77 × 100 ***
DBH 1.82 × 10−2 *** 2.22 × 10−2 *** 3.44 × 10−2 *** 1.53 × 10−2 *** 1.58 × 10−2 *** 4.53 × 10−2 ***

SLcos 1 4.18 × 10−4 −1.61 × 10−3 ** −1.27 × 10−3 ** 1.11 × 10−3 ** 4.79 × 10−4 2.84 × 10−3 ***
H1 1.31 × 10−1 *** −6.79 × 10−2 * −2.54 × 10−2 5.18 × 10−2 1.07 × 10−1 ** 6.03 × 10−1 ***
H2 −2.67 × 10−1 *** −4.07 × 10−2 −1.00 × 10−1 ** 2.17 × 10−2 −1.68 × 10−1 *** −4.81 × 10−1 ***

MAT 3.27 × 10−2 *** 3.10 × 10−2 *** −2.77 × 10−2 *** 6.53 × 10−3 1.40 × 10−2 *** −7.34 × 10−2 ***
MAP −1.60 × 10−5 2.29 × 10−4 *** 2.82 × 10−4 *** −1.27 × 10−4 ** −3.09 × 10−4 *** −4.43 × 10−5

B −5.12 × 10−3 *** −8.97 × 10−3 *** −1.76 × 10−2 *** −1.16 × 10−2 *** −9.27 × 10−3 *** 8.48 × 10−3 **
AIC 2 147.11 1749.17 2480.55 168.30 1186.71 150.28
BIC 3 189.07 1797.03 2530.82 210.25 1231.19 188.93
R2 4 0.26 0.15 0.17 0.27 0.15 0.42

LogLink 5 −64.56 −865.59 −1231.28 −75.15 −584.35 −66.14

Note: Significance levels: * p < 0.10; ** p < 0.05; *** p < 0.01; 1 SLcos = Slope × cos(Aspect); 2 AIC: Akaike
information criterion; 3 BIC: Bayesian information criterion; 4 R2: Nagelkerke’s pseudo R-squared; 5 LogLink:
log-likelihood value.

Table 3. Estimates of parameters and the lack-of-fit statistics for the tree recruitment model.

Oak Others
Pinus

massoniana Hardwoods Softwoods
Cupressus
funebris

Intercept −6.39 × 102 *** −4.12 × 102 *** −1.04 × 103 *** 3.33 × 102 ** 4.04 × 102 *** 1.21 × 103 ***
N 2 4.09 × 10−1 *** 1.42 × 10−1 *** 2.88 × 10−1 *** 9.45 × 10−1 *** 9.28 × 10−2 *** 3.32 × 10−1 ***

SLcos −4.86 × 100 *** 1.66 × 100 *** 1.36 × 100 * 4.79 × 100 *** −3.18 × 10−1 −5.40 × 10−1

H1 −2.27 × 102 *** 3.36 × 101 ** −3.23 × 102 *** −3.46 × 102 *** −1.53 × 102 *** 4.44 × 102 ***
H2 −3.40 × 102 *** −7.29 × 101 *** −8.56 × 102 *** 1.48 × 102 *** −1.06 × 102 *** −4.15 × 102 ***

MAT 6.25 × 101 *** 3.11 × 101 *** 1.33 × 102 *** 4.52 × 100 1.44 × 101 *** −7.63 × 101 ***
MAP 3.34 × 10−1 *** 1.11 × 10−1 *** 2.45 × 10−1 *** −2.11 × 10−2 −2.96 × 10−2 −1.37 × 10−2

B −1.73 × 100 −3.58 × 100 *** −2.24 × 101 *** −3.32 × 101 *** −1.43 × 101 *** 7.82 × 100 ***
logSigma 1 5.94 × 100 *** 5.00 × 100 *** 6.35 × 100 *** 5.77 × 100 *** 5.11 × 100 *** 4.13 × 100 ***

AIC 13,386.16 15,124.19 27,852.04 13,499.68 11,999.50 5665.27
BIC 13,431.39 15,173.15 27,903.57 13,544.88 12,045.40 5704.19
R2 0.31 0.37 0.35 0.50 0.51 0.93

LogLink −6684.08 −7553.10 −13,917.02 −6740.84 −5990.75 −2823.63

Note: Significance levels: * p < 0.10; ** p < 0.05; *** p < 0.01; 1 logSigma: log of the standard deviation of residuals;
2 N: number of plots with recruitment, the total number of plots.

The mortality model results (Equation (9) and Table 4) indicate that DBH is negatively
related to the mortality of all tree species. H1 is positively related to the mortality of
oak species, Pinus massoniana, and Cupressus funebris and negatively related to that of the
rest. H2 has a positive relationship with the mortality of all tree species, except for oaks.
B is positively related to the mortality of all tree species except for hardwoods. MAT
has positive or negative relationships with different tree species. MAP is significantly
negatively correlated with the mortality of other tree species and not significantly with that
of the rest.

The transition matrix growth models for natural secondary forests in Chongqing have
high R2 values. The RMSE is 1.45 m2/ha, and the MAE is 1.43 m2/ha. Therefore, the
proposed transition matrix growth model accurately predicts forest growth in this region.
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Table 4. Estimates of parameters and the lack-of-fit statistics for the tree mortality model.

Oak Others
Pinus

massoniana Hardwoods Softwoods
Cupressus
funebris

Intercept −2.32 × 100 ** 1.20 × 100 * −7.57 × 100 *** −1.55 × 100 ** −2.77 × 100 *** −7.90 × 10−1

DBH −1.20 × 10−1 *** −1.03 × 10−2 −1.06 × 10−1 *** −7.68 × 10−2 *** −1.72 × 10−2 * −2.52 × 10−1 *
SLcos −3.06 × 10−3 1.50 × 10−2 *** −4.79 × 10−3 * −6.31 × 10−3 ** 7.09 × 10−4 6.11 × 10−1

H1 3.84 × 10−1 −6.82 × 10−1 *** 2.87 × 10−1 * −4.62 × 10−1 ** −4.45 × 10−3 1.88 × 101

H2 −9.19 × 10−2 1.58 × 10−1 1.94 × 100 *** 9.89 × 10−1 *** 5.87 × 10−1 *** 2.49 × 100

MAT 6.34 × 10−2 −1.77 × 10−1 *** 2.67 × 10−1 *** 3.42 × 10−2 5.87 × 10−2 *** −1.06 × 100

MAP 1.06 × 10−4 * −6.47 × 10−4 *** 2.57 × 10−4 −2.11 × 10−4 −1.41 × 10−4 −3.87 × 10−2

B 3.93 × 10−2 *** 2.88 × 10−2 *** 2.17 × 10−2 *** −2.37 × 10−2 *** 1.41 × 10−2 * 2.57 × 100

AIC 427.05 754.76 1074.69 522.18 736.70 38.87
BIC 467.26 798.27 1120.49 562.36 777.50 73.47
R2 0.12 0.19 0.34 0.12 0.05 0.67

LogLink −205.52 −369.38 −529.34 −253.09 −360.35 −11.44

Note: Significance levels: * p < 0.10; ** p < 0.05; *** p < 0.01.

3.2. Prediction of Forest Dynamics Under Different Climate Scenarios

We selected a sample plot representative of natural forests in Chongqing City from the
CNFI. The plot contained oak, hardwoods, softwoods, Pinus massoniana, Cupressus funebris,
and other species. Oak was the dominant species, with a volume of 98.84 m3/ha. We used
the transition matrix growth model to predict the forest dynamics under different climate
change scenarios over the next 40 years.

At the beginning of the forest dynamic prediction, the forest stand is dominated by
small-diameter trees, primarily oak (Figure 2). As the prediction progresses, the proportion
of large-diameter trees increases, regardless of the climate change scenario. Hardwoods
and oak are the dominant species. The number of small-diameter trees, most of which are
Cupressus funebris, increases significantly.

Figure 2. The initial diameter distribution (2018) and the simulated diameter distributions after
40 years under different climate scenarios (RCP 2.6, RCP 4.5, and RCP 8.5).

Regardless of the climate change scenario, the number of trees per hectare increases
for the next 15 years, followed by a decrease (Figure 3). As the prediction continues,
the number of hardwoods and Cupressus funebris increases significantly, whereas oak
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increases for the next 15 years, followed by a decrease. The changes in other tree species are
more subtle.

Figure 3. The diameter distribution over the next 40 years.

The volume shows an increasing trend over time (Figure 4), but different tree species
exhibit different trends. For instance, the hardwoods increase, and the oaks increase for
the first 25 years, followed by stabilization. Although the number of Cupressus funebris
increases (Figure 2), the stand volume does not change significantly and shows a decreasing
trend (Figure 4), suggesting that most Cupressus funebris are small individuals. In contrast,
the number of oaks decreases significantly, and the stand volume remains relatively stable,
suggesting the presence of large-diameter trees.

Figure 4. The change in forest stand volume under different climate scenarios (RCP 2.6, RCP 4.5, RCP
8.5) over the next 40 years.

The difference in the diameter distribution and the number of Cupressus funebris
decreases in the small-diameter class, and the number of large-diameter trees increases
from RCP 2.6 to RCP 4.5 to RCP 8.5 (Figure 2).

However, under different climatic scenarios, there is no significant difference in the
change in the number of trees in the forest, which showed a tendency to increase at the
beginning and then decrease (Figure 3). A comparison of the changes in forest stock volume
under different climate scenarios shows that forest stock volume increases gradually with
increasing emission scenarios, i.e., the RCP8.5 scenario has the largest forest stock (Figure 4).

4. Discussion

4.1. Climate-Sensitive Transition Matrix Growth Model

Our results showed that the DBH was positively correlated with tree growth (Table 2)
and negatively correlated with tree mortality (Table 4). Yang et al. observed the same
relationship in an individual-tree growth model for Casuarina equisetifolia L. in Hainan
Province, China [63]. Zhou et al. also reported a negative correlation between DBH and
mortality [64]. The reason is that larger trees tend to dominate the stand and exhibit greater
vitality and survivability, resulting in lower mortality and higher growth rates.
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The B was significantly negatively correlated with tree growth and tree recruitment in
most tree groups, and a significant positive correlation occurred with mortality (Table 2).
The same findings were reported by many authors [65–69]. For instance, Rozendaal et al.
reported that the growth rate of trees decreased as the basal area increased in mature
tropical forests in Amazonia and tropical Africa [65]. Bradford and David observed a
positive correlation between basal area and tree mortality in Pinus ponderosa Douglas ex C.
Lawson forests in northern Arizona [66]. Klopcic et al. investigated European beech and
found that a larger basal area increased competition among trees, reducing tree recruitment
in Slovenian forests [67]. Chen et al. attributed this relationship to competition. As the
basal area increased, competition among species and individual trees increased, leading to
higher mortality rates and lower growth rates [68].

A higher H1 was associated with a higher tree growth rate in most tree groups (Table 2)
and lower mortality (Table 4). Many authors observed similar results [70–73]. For instance,
Zeller et al. reported that higher species diversity improved stand productivity based on
the national forest inventory data from Germany and the United States [70]. Hisano et al.
observed that forest mortality increased as species diversity increased in natural forests
in western Canada [74]. The positive correlation between biodiversity and productivity
and the negative correlation between biodiversity and mortality can be explained by the
“niche difference” hypothesis. This theory suggests that tree species that are positively
correlated utilize resources differently, resulting in more efficient resource use within
the community and demonstrating niche complementarity [75,76]. Therefore, this effect
reduced tree mortality and increased tree growth. The complementarity effects of different
tree species increase interspecies competition and niche differentiation, enabling better
resource utilization and promoting stand growth [71]. Species diversity (H1) was generally
negatively correlated with recruitment. Searle et al. found that higher diversity resulted
in the alteration of stand density and size proportions among species, leading to higher
mortality rates [77].

H2 was negatively correlated with tree growth (Table 2), suggesting that a higher
diversity resulted in reduced tree growth. In addition, we observed that H2 was positively
correlated with tree mortality but negatively correlated with recruitment. The same result
was observed by Du et al. [36] and Liang et al. [78], who analyzed oak-dominated natural
forests in Shanxi Province, China, and Douglas fir and western hemlock forests in Oregon
and Washington, USA, respectively [36,78]. The reason for the positive correlation between
H2 and mortality and the negative relationship between H2 and recruitment is that a larger
size diversity reduces the ecological niches for tree recruitment and their competition for
light, water, and other resources [79–82].

MAT was negatively correlated with the growth of the conifer tree species, i.e., Pinus
massoniana and Cupressus funebris and positively correlated with the growth of other tree
groups (broad-leaved tree species). Many authors have reported that high temperatures
promote tree growth [83–86]. However, high summer temperatures can cause drought
conditions, and high winter temperatures can increase evaporation, reducing soil moisture
and slowing tree growth [87–89]. The reason for the negative correlation between MAT
and the growth of Pinus massoniana and Cupressus funebris is that conifer tree species are
more vulnerable to drought in summer and evaporation in winter than broad-leaved tree
species [90]. Many authors have documented a negative correlation between MAT and
tree growth of conifer tree species, e.g., Alaskan white spruce [91], Pinus tabulaeformis
Carr. [33], Norway spruce, and Douglas-fir [92]. Our study also indicated that MAT was
positively correlated with tree mortality, which can be attributed to drought caused by
high temperatures. McDowell et al. found that rising temperatures led to significant forest
mortality [93]. We observed that MAT was significantly positively correlated with tree
recruitment, suggesting that increased temperatures can trigger and promote natural regen-
eration. The same positive relationship was observed by Du et al., who reported that higher
temperatures increased tree regeneration [94]. However, many authors stated that natural
regeneration is complex and influenced by many factors [95–97]. For instance, Maleki et al.
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(2024) conducted a study in boreal mixed forests in western Quebec, Canada, and found
that aspen (Populus tremuloides), which regenerates by root suckers, was largely unaffected
by most climate scenarios. Recruitment is negatively impacted by the temperature in the
current year but positively influenced by warm weather two years prior, aligning with seed
production [97].

MAP was positively correlated with the growth of Pinus massoniana and other tree
species but negatively correlated with the growth of oak, hardwoods, and softwoods. The
reason for the positive relationship between MAP and the growth of Pinus massoniana is
that water is a limiting factor for Pinus massoniana [86]. In contrast, MAP was negatively
correlated with the growth of the other tree species, e.g., oak, hardwoods, and softwoods
group. This finding might be attributed to the fact that water is not the limiting factor
for these tree species, especially for broad-leaved tree species. Moreover, many authors
have found that MAP was negatively correlated with tree growth in humid environments
because of sufficient water for tree growth [98,99]. Additionally, we observed that MAP
was positively correlated with tree recruitment, indicating that a higher MAP facilitated
tree regeneration. Tingstad et al. also found that sufficient precipitation improved the
regeneration of most tree species [100]. Our study showed no significant correlation
between MAP and mortality, possibly because local precipitation levels were sufficient
for the growth of tree species. Clifford et al. observed that tree mortality due to drought
was negligible when annual precipitation exceeded 600 mm in the southwestern United
States [101].

4.2. Forest Dynamics Prediction Under Different Climate Change Scenarios

In the early prediction stages, the forest stand was dominated by small-diameter
trees, mostly oaks (Figure 2). In the later prediction stage (2068), large-diameter trees
occurred (e.g., 50 cm DBH class), and climax tree species (Cupressus funebris and hardwoods)
dominated the forest stand. This result was consistent with forest succession, which posits
that succession moves toward shade-tolerant or climax tree species [102].

In the initial stage of forest growth prediction, the number of trees increased, followed
by a decrease (Figure 3). The reason is that the forest composition and structure are simple
in the early stage, with less competition among trees, providing ample growth space and
resulting in lower mortality, especially for pioneer species with higher growth and recruit-
ment rates [103]. Van der Sande et al. observed similar results; the recruitment increased
with higher resource availability and ample growth space [104]. As the forest succession
continues, competition for light and nutrients among trees increases, leading to higher
mortality rates and fewer trees [105,106]. Notably, the reduction in the number of trees was
confined to pioneer tree species (softwoods and Pinus massoniana), whereas the number
of climax tree species (hardwoods and Cupressus funebris increased. This trend confirms
forest succession, i.e., pioneer species (Pinus massoniana and softwoods) are replaced by
shade-tolerant species or climax tree species (Cupressus funebris and hardwoods) [107].

The stand volume showed an increasing trend (Figure 4); however, different species
exhibited different growth trends. For instance, Pinus massoniana showed a slightly de-
creasing trend, whereas hardwoods and Cupressus funebris exhibited an increasing trend.
The latter was attributed to the climax species’ growth characteristics, i.e., slow growth
under low light conditions and rapid growth when canopy gaps appeared and sufficient
light was available [108–110]. Many researchers observed that although shade-intolerant
or pioneer species survived in large numbers, shade-tolerant hardwood species had higher
recruitment rates under the canopy and dominated the canopy as the forest grew [111,112].

In contrast to other tree species groups in our study, oak initially showed an increasing
trend for the first 15 years, followed by a decreasing trend (Figure 3). In the initial stage,
ample light existed in the understory, facilitating the regeneration and growth of oak.
However, as succession progressed, the light level in the understory decreased, hindering
the natural regeneration of oak [113]. The stand volume of oak increased over time (Figure 4)
because the existing oaks were highly competitive, resulting in a rapid growth rate [114].
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The increasing trend of the stand volume and the decrease in the number of trees suggest
large-diameter oak trees in this stand. Oaks are important economic tree species. Due
to their hard, attractive wood, they are widely used for high-quality furniture [115–117].
The large-diameter oaks in this stand suggest an increase in the stand value. Furthermore,
hardwood species were also found in the large-diameter classes.

A comparison of the diameter distributions under the three different climate scenar-
ios indicates that the number of Cupressus funebris decreased with increasing emissions
(Figure 2). Lindenmayer et al. predicted that some conifer species would experience
widespread mortality due to significant climate change [118]. Furthermore, similar results
have been reported in recent studies. Many dominant conifer species, particularly those
with narrow temperature tolerances, are at a high risk of extinction under future climate
scenarios [119,120]. Many studies suggest climate change impacts forest growth, especially
in drier regions [90,121,122]. Babst et al. conducted a study of 1000 sites in Europe and
parts of North Africa and found that tree growth in high-latitude and high-altitude regions
was more sensitive to the temperature, with warm summers promoting growth. In contrast,
growth in low-altitude and southern European areas was more limited by water availability,
with rainfall improving growth and drought inhibiting it [121]. Our results showed no sig-
nificant differences in the tree number between the three climate scenarios (Figure 3). The
likely reason is that differences in temperature and precipitation in Chongqing City under
the different emission scenarios do not influence forest structure and dynamics because
of sufficient precipitation in Chongqing City [49]. As the emissions increased, the stock
volume proportion of hardwoods and oaks increased for all species under different climate
scenarios (Figure 4). This observation aligns with existing research findings that showed
climate change and rising temperatures reduced the number of pioneer species (softwoods,
conifers, etc.) and increased the number of hardwood species [123,124]. Additionally, many
authors observed that rising temperatures improved forest growth and tree productivity.
For instance, Pretzsch et al. found that the growth rates of European beech and Norway
spruce increased since 1870 as temperatures have increased due to climate change [125].
Feng et al. reported that climate change increased the carbon storage capacity in the eastern
part of Sichuan and Chongqing [126]. Eggers et al. examined forest growth in 15 European
countries and noted that climate change has led to accelerated forest growth and increased
carbon storage capacity [127].

5. Conclusions

This study established a climate-sensitive transition matrix growth model for the
natural forests of Chongqing. The model was used to predict forest growth over the next
40 years. We compared the number of trees, basal area at breast height, and stock volume
under different climate scenarios. The simulation results indicated that succession occurred
without human intervention, increasing the hardwood stock volume and decreasing the
proportion of softwoods and conifers. The forests contained many small-diameter trees, en-
suring sufficient seedling regeneration. The lack of significant differences in the parameters
between different climate scenarios was attributed to the minimal changes in temperature
and precipitation in the study area as emissions increased, resulting in a negligible impact
on forest growth.

The proposed climate-sensitive transition matrix growth model fills a gap in growth
models for Chongqing natural forests, providing a more accurate tool for predicting future
forest growth. This model enables long-term forecasts of stand growth trends, offering
valuable insights for future forest management. The model can be combined with forest
management measures, such as harvesting and replanting, to guide natural forest man-
agement and determine the optimal management strategy in Chongqing City. We plan to
optimize forest harvesting intensity and determine the optimal trees to harvest to support
the management of natural forests in Chongqing City.
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Abstract: To accurately estimate the pith position, a method was proposed for estimating the pith
position by the crown width. The crown widths of 120 trees and radiuses of each disc extracted at the
height of 1.3 m from these trees were measured in four directions. The crown and radius ratios of the
length of each direction to the total length in that direction and the opposite direction were calculated.
Using the crown ratio as an independent variable, as well as the radius ratio as a dependent variable,
the linear, logarithmic, exponential, and polynomial models were built. The model with the highest
R2 was selected as the radius ratio model. The geometric center method and the crown width method
were applied to estimate the pith position, and the estimation errors were calculated, respectively.
The R2 of the linear, logarithmic, exponential, and polynomial models were 0.405, 0.379, 0.403, 0.404,
respectively, and the linear model was chosen as the radius ratio model. The prediction error based
on the crown width was 7.6%, and that of the geometric center method was 10.1%. The findings
indicate that the crown width method can improve the accuracy of estimating the pith position.

Keywords: pith position; crown width; radius ratio; linear model

1. Introduction

According to the growth law of a tree trunk, the growth of all the annual rings is
centered on the pith [1]. Consequently, to accurately measure tree rings, the measurement
path must intersect the pith. For instance, when using an increment corer to measure
the annual rings of standing trees, the initial step is to identify the pith’s location [2–4].
However, estimating the pith position in standing trees is challenging. Typically, the
geometric center method is employed to approximate the pith’s location, which takes the
geometric center of the tree trunk as the location of the pith. However, this method is
inaccurate because the radial growth rate of trees varies in different directions, causing
the pith to deviate from the geometric center of the trunk [5]. To solve this problem,
several scholars have proposed alternative methods for estimating the pith position. Zhang
Qiaosong developed a method based on the shapes of tree trunks, concluding that when the
trunk’s cross-section is nearly circular, the pith is located at the geometric center, whereas,
for an elliptical cross-section, the pith is near the shortest axis of the ellipse [6]. Although
this method does not require specialized instruments, it still results in some deviation
between the estimated and actual pith positions. Other researchers, such as Bhandarkar,
Wu and Liew, Andreu and Rinnhofer, and Longuetau, have utilized CT imaging to estimate
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the pith position [7–10]. Bhandarkar et al. used an edge detection Sobel operator to process
a trunk CT image to change the Hough accumulation array, and its maximum value was
the location of the pith. Longuetaud et al. applied medical CT technology, performed
interpolation enhancement based on Hough transform, and completed the automatic
positioning of the pith. Marichal et al. proposed a fully automated technique for wood
pith detection (APD) based on the concentric shape of the structure of wood ring slices.
The method estimated the ring’s local orientations using the 2D structure tensor and found
the pith position [11]. Perlin et al. introduced a method for localizing the tree pith based
on the principle that the radial propagation speed of ultrasonic pulses is higher than the
tangential speed [12]. A total of 20 fixed ultrasonic pulse receivers were placed at equal
intervals outside the tree disc, and a grid was established on the cross-section. The sum of
all ultrasonic pulse velocities related to each grid point was calculated, and the assumption
that the pith was located at the convergence point of the maximum sum was proposed.
The final result was only 0.5 cm different from the actual pith distance. Additionally, Wang
Danyu employed two-dimensional LiDAR point cloud data to determine the outer contour
of the tree trunk and subsequently estimate the pith position [13]. The results show that a
straight line through the pith can be found within a 1.5% error range. Although the CT,
ultrasound, and LiDAR methods offer high accuracy, they require expensive equipment
and involve complex procedures. Therefore, these methods have not been widely used in
the field.

The pith of a tree trunk is composed of the xylem that develops during the first year of
growth, and its position is influenced by the varying growth rates of the trunk in different
directions [14–17]. Research indicates that factors affecting the radial growth rate of tree
trunks include the root system, crown width, and so on. Tree roots play a crucial role not
only in absorbing and transporting water and nutrients but also in synthesizing and storing
nutrients essential for growth [18,19]. The distribution of tree roots varies according to soil
fertility and moisture content, which differ in various directions [20–23]. Consequently, the
direction with more favorable soil conditions tends to support more vigorous root systems
and exhibit a faster radial growth rate, causing the pith to deviate from that direction [24].
Crown width directly affects its efficiency in obtaining resources such as light, water, and
nutrients [25,26]. Variations in the intensity and duration of sunlight in different directions
can lead to differences in crown size. A larger crown width in a particular direction
correlates with a faster radial growth rate in that direction, resulting in the pith deviating
from it. Compared to the root system, crown width is more straightforward to measure.
Therefore, this study attempts to estimate the position of the tree pith using crown width.

2. Materials and Methods

2.1. Overview of the Study Area

The research area is located in Shuizhang Village, Mujiayu Town, Miyun District,
Beijing, within the Miyun Reservoir Water Conservation Forest Demonstration Zone.
Geographically, this area is situated at 116◦53′ E and 40◦25′ N. The region has a sub-humid,
warm temperate, continental monsoon climate, characterized by hot, rainy summers and
cold, dry winters. The average annual precipitation is 600 mm, and the average annual
temperature is 11.8 ◦C. There are low mountains at an altitude of approximately 120 m
a.s.l., with slopes ranging from 10◦ to 35◦. The south-facing slopes are characterized by
thin soil and exposed rocks, whereas the north-facing slopes feature shaded, deep, and
loose soil. In 1980, a Pinus tabuliformis plantation was established on a north slope. The age
of Pinus tabuliformis was 46 years. This plantation exhibits an average tree height of 7.56 m
and an average trunk diameter of 14.8 cm, with a stand density of approximately 915 trees
per hectare and a canopy density of about 0.8. Conversely, a Platycladus orientalis plantation
was established on a south slope in 1990. The age of Platycladus orientalis was 37 years. The
Platycladus orientalis trees have an average height of 6.87 m and an average trunk diameter
of 9.1 cm. This plantation has a stand density of about 2550 trees per hectare and a canopy
density of approximately 0.95.
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2.2. Data Collection

In July 2024, a total of 120 trees were selected as analytical wood materials at the
Shuizhang plot site in Miyun District, Beijing. This selection comprised 60 Pinus tabulae-
formis and 60 Platycladus orientalis. Initially, the diameter at breast height (DBH) of all the
trees within each plot was measured and ranked from largest to smallest. The DBH was
divided into three diameter grades according to the arrangement order, namely dominant
wood, medium wood, and inferior wood. From each diameter class, 20 standard trees were
selected, resulting in a total of 120 standard trees designated as analytical tree samples.
The crown widths in the four directions of east, west, south, and north were measured
with a handheld laser rangefinder (UT398A). Subsequently, the location on the trunk at the
height of 1.3 m, as well as the north–south orientation, was marked on each tree. A disc
approximately 5 cm thick was cut from the marked position on the trunk, and the relevant
wood information was recorded. The discs were polished until the annual ring lines were
clear. The width of the annual rings in four directions were measured with the annual ring
analysis instrument, Lintab 6.0. Detailed statistical data regarding the analytical wood and
crown width are presented in Table 1.

Table 1. Statistical data of single tree experiment.

Tree Type Variable Mean Variance Minimum Maximum

Pinus
tabulaeformis

DBH/cm 13.68 4.99 19.2 9.6

CW/m

E 1.95 0.51 3.67 0.46
S 1.99 0.52 3.62 0.74
W 1.90 0.42 4.12 0.8
N 1.98 0.75 3.92 0.32

Platycladus
orientalis

DBH/cm 9.89 4.97 16.6 6

CW/m

E 1.31 0.55 3.6 0.11
S 1.37 0.35 3.13 0.31
W 1.16 0.38 2.62 0.23
N 1.17 0.31 2.62 0.25

In the table, DBH stands for diameter at breast height. CW stands for crown width. E, S, W, and N, respectively,
represent east, south, west, and north.

2.3. Data Processing

Firstly, based on the width of the annual rings in each direction of the disc, the radiuses
of each direction were calculated. Then, the total crown width and diameter of each tree
were calculated in both the east–west direction and north–south direction, respectively.
Lastly, the crown ratio NCR (the northern crown width to the north–south crown width),
SCR (the southern crown width to the north–south crown width), ECR (the eastern crown
width to the east–west crown width), and WCR (the western crown width to the east–west
crown width), as well as the radius ratio NRR (the northern radius to the north–south
diameter), SRR (the southern radius to the north–south diameter), ERR (the eastern radius
to the east–west diameter), and WRR (the western radius to the east–west diameter) were
calculated. The calculation formulas for the crown width and radius ratios are shown in
Equations (1)–(8). The diagrammatic sketch for calculating the crown ratio NCR and radius
ratio NRR are shown in Figure 1.

NCR =
Cn

Cns
(1)

SCR = 1 − NCR (2)

ECR =
Ce

Cew
(3)

WCR = 1 − ECR (4)

134



Forests 2024, 15, 2172

NRR =
Rn

Dns
(5)

SRR = 1 − NRR (6)

ERR =
Re

Dew
(7)

WRR = 1 − ERR (8)

where Cn is the crown width length in the north direction; Cns is the total length of the
north–south crown width; Ce is the crown width length in the east direction; Cew is the total
length of the east–west crown width; Rn is the radius length in the north direction; Dns is
the length of the north–south diameter; Re is the radius length in the east direction; and
Dew is the length of the east–west diameter.

 
(a) (b) 

Figure 1. Calculation method of the crown ratio NCR (a) and radius ratio NRR (b).

2.4. Experimental Methods
2.4.1. Model Construction and Selection

For each tree species, 2/3 of the data were randomly selected as the modeling dataset,
while the remaining 1/3 served as the testing dataset. Using the crown ratio as an inde-
pendent variable, and the radius ratio as a dependent variable, the linear, logarithmic,
exponential, and polynomial models were built. These four candidate models are shown in
Table 2.

Table 2. Candidate model for pith localization.

Number Model Type Expression Formula

M1 Linear model y = a × x + b
M2 Logarithmic model y = a × log(x)
M3 index model y = a × eb×x

M4 Polynomial y = a × x2 + b × x + c

The model fitting results were evaluated and analyzed using the adjusted coefficient
of determination (R2), root mean square error (RMSE), mean absolute error (MAE), and
Akaike information criterion (AIC). The evaluation indicators are as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2

(
n − 1

n − p − 1

)
(9)
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RMSE =

√
∑n

i=1(yi − ŷi)
2

n
(10)

MAE =
1
n∑n

i=1|yi − ŷi| (11)

AIC = 2p − 2ln(l) (12)

where yi is the true value of the east radius ratio or the true value of the north radius ratio
of the ith tree; ŷi is the predicted value of the east radius ratio or the predicted value of
the north radius ratio of the ith tree; n is the number of samples; p is the number of model
estimated parameters; y is the average value of the predicted values of the east radius
ratio or the average value of the predicted values of the north radius ratio; ln(l) is the
log-likelihood of the model.

Based on these four evaluation indicators, the model with higher R2, lower RMSE,
MAE, and AIC values was selected as the model for estimating radius ratio from the four
candidate models.

2.4.2. Method for Determining the Pith Position and Error Analysis

(1) Prediction of Pith Position with Crown Width Method

Firstly, the crown width ratios NCR and ECR of each test tree were calculated. Then,
the radius ratios NRR and ERR were estimated with the linear model. Finally, the pith
position of the test tree was estimated based on NRR and ERR. The specific process of
determining the pith position based on NRR and ERR was as follows:

(1) The chord was drawn on the disc in the north–south direction;
(2) Point G1 was drawn on the north–south chord, such that the ratio between the

distance from the G1 point to the north point of the outer xylem and the length of the
north–south chord was NRR;

(3) The east–west chord passing through the point G1 was drawn on the disc;
(4) Point P1 was drawn on the east–west chord, such that the ratio between the distance

from the P1 point to the east point of the outer xylem and the length of the east–west
chord was ERR;

(5) Point P1 was the estimated pith position, and the distance between P1 and the real
pith was measured using a ruler.

The prediction of the pith position with the crown width method is depicted in
Figure 2.

 
(a) North–south direction (b) East–west direction 

Figure 2. Prediction of pith position with crown width method. L1 in (a) is a straight line in the
north–south direction, while G1 is the dividing point of the north–south radius obtained according to
the crown width method; L2 in (b) is the dividing line of the north–south radius passing through
point G1, and P1 is the pith position predicted by the crown width method.
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(2) Prediction of Pith Position with Geometric Center Method

In the geometric center method, the geometric center of the cross-section of the trunk
is taken as the pith position. Therefore, both NCR and ECR were 0.5. The specific process
of determining the pith position with the geometric center method was as follows:

(1) The chord was drawn on the disc in the north–south direction;
(2) The midpoint of the north–south chord was taken as point G2;
(3) The east–west chord passing through point G2 was drawn on the disc;
(4) The midpoint of the east–west chord was taken as point P2;
(5) Point P2 was the estimated pith position, and the distance between P2 and the real

pith was measured with a ruler.

The prediction of the pith position with the geometric center method is depicted in
Figure 3.

 
(a) North–south direction (b) East–west direction 

Figure 3. Prediction of pith position with geometric center method. L1 in (a) is a straight line in the
north–south direction, and G2 is the dividing point of the north–south radius obtained based on the
geometric center method; L2 in (b) is the dividing line of the north–south radius passing through
point G2, and P2 is the predicted pith position of the geometric center method.

(3) Method of Error Analysis

In the experiment, the accuracy of pith prediction was assessed by measuring the
distance between the predicted and actual positions of the pith using two different methods.
This distance is an absolute value, and it cannot reflect the relative error of the predicted
pith position to the real pith positions in the pith rays. Therefore, an error in the predicted
pith position was calculated as the ratio of the distance between the predicted pith position
and actual pith position to the disc radius. The error calculation method is as follows:

θ =
1
n∑n

i=1
2Di

DBH
(13)

where θ is the average error; n is the number of samples; Di is the distance between the
predicted pith position and the true pith position of the ith tree in cm; and DBH is the chest
meridian of the ith tree.

3. Results

3.1. Modeling Results

Using the crown ratio as the independent variable, and the radius ratio as the depen-
dent variable, the linear, logarithmic, exponential, and polynomial models were built. The
fitting curves of these four models are shown in Figure 4, and the model equations and
determination coefficients are shown in Table 3.
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Figure 4. Fitting curves.

Table 3. Model equations and determination coefficients.

Number Model Type Equation R2

M1 Linear model y = 0.364 + 0.272 × x 0.405
M2 Logarithmic model y = 0.586 + 0.157 × log(x) 0.379
M3 index model y = 0.38 × e0.541×x 0.403
M4 Polynomial y = 0.5 + 0.735 × x + 6.939 × 10−18 × x2 0.404

Using the test dataset, the RMSE, MAE, and AIC of each model were calculated. The
results of these statistical indicators are shown in Table 4.

Table 4. Test results of each model.

Model RMSE MAE AIC

M1 0.053 0.035 −406.30
M2 0.054 0.036 −401.60
M3 0.053 0.035 −406.07
M4 0.053 0.035 −404.30

From Table 3, it can be seen that the R2 of the linear model is the highest. From Table 4,
however, the RMSE, MAE, and AIC of the linear model are the lowest. Therefore, the linear
model was used to estimate the radius ratio of the test trees.

3.2. Results of the Estimated Pith Position

We measured the distance between the estimated pith position using the crown width
method and the geometric center method and calculated the errors with Formula (13). The
statistical results are shown in Table 5. From Table 5, the prediction error of the crown width
method is 7.6%, while that of the geometric center method is 10.1%. A t-test was conducted
on the estimated pith position error using the crown width method and geometric center
method. The p-value of the t-test was 0.065. Therefore, there was a significant difference in
the estimated results of these two methods at a significance level of 0.1.

Table 5. Error statistics of two positioning methods.

Method Variable Mean Minimum Maximum SD

crown width method
Distance/cm 0.556 0.05 1.80 0.407

Error/% 7.6 1.3 29.2 6.3

Geometric center method
Distance/cm 0.617 0.10 1.85 0.419

Error/% 10.1 1.8 24.6 5.8
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Kernel density estimation is a nonparametric statistical method for estimating an un-
known probability density function [27]. Its basic idea is to calculate the average probability
density within a certain range around each observation value. Its weighted function is
called a kernel function, which is usually a symmetric function centered on a fixed point,
such as a Gaussian function, a trigonometric function, or a rectangular function [27]. This
study chose a Gaussian kernel as the kernel function. The formula for a Gaussian kernel
function is as follows:

K(u) =
1√
2π

e−
1
2 x2

(14)

In Formula (14), x is the independent variable and K(u) is the value of the Gaussian
kernel function. The Gaussian kernel formula for kernel density estimation can be expressed
as follows:

y =
1

nh∑n
i=1 K

(
x − xi

h

)
(15)

In Formula (15), y is the probability density function estimated based on the sample
variable x, n is the number of samples, xi is the value of variable x at position i, K is
the kernel function of the kernel density estimate, and h is the bandwidth, which is a
smoothing parameter of the kernel density estimate. The choice of bandwidth affects the
final smoothness of the curve. This uses the Scott method to define the bandwidth h,
as follows:

h = 3.5
σ

n
1
3

(16)

In Formula (16), n is the sample size and σ is the standard deviation of the sample data.
The density distribution of the difference and error in the predicted distance of the

two methods is shown in Figure 5. In Figure 5a, the horizontal axis represents the distance
between the predicted pith and the true pith; the vertical axis represents the density
distribution, that is, the frequency of data occurrence in a unit interval. Specifically, the
value on the Y axis represents the data distribution density near the horizontal axis. In
Figure 5b, the horizontal axis represents the error between the predicted pith and the true
pith; the vertical axis represents the density of the corresponding error. The density curve
of distance and error obtained by the crown width method reaches its peak earlier. This
comparison indicates that the crown width method has a higher accuracy in predicting the
true pith position.

 
(a) (b) 

Figure 5. Curves of density distribution for distance difference and error. (a) Distance density curves.
(b) Error density curve.
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4. Discussion

Accurate pith position is a prerequisite for measuring the annual rings and ages of
living trees. At present, the geometric center method is commonly used to estimate the
position of the pith. However, this method is inaccurate. To solve this problem, several
scholars have proposed the CT method, ultrasound method, LiDAR method, and so
on [28–31]. The error of the CT scanning method is within 7.5 pixels. The absolute accuracy
of the estimated pith position is related to the resolution of the CT scanner. The relative
error of the ultrasound method is only 4%. The relative error of LiDAR method is as low
as 1.5%. However, the LiDAR method requires the trunk to be a regular circle or ellipse.
Although these methods offer high accuracy to the geometric center method, they require
expensive equipment and involve complex procedures. Therefore, these methods have
not been widely used in the field. So, further research is necessary to determine how to
accurately, simply, and quickly estimate the pith position of standing trees.

The main reason for the deviation of the pith from the geometric center of the trunk is
that the growth rates of various directions are different [32,33]. There are many reasons that
affect the growth rate of tree trunks, such as root system, crown width, lighting time, soil
fertility, and soil moisture content [34–37]. For example, Harris, J.E. & Barton, L. found that
the growth direction of trees is closely related to light conditions [38,39]. Especially in areas
affected by strong light, the growth direction of trees is obviously biased towards the light
source, causing the pith to slightly deviate from the center. In the northern hemisphere,
trees may lean towards the south because the light intensity in the south is higher. The
roots of trees usually grow towards places with abundant water. In an environment with
uneven water distribution, trees may grow towards the water source. This bias may affect
the position of the pith. Because crown width is a comprehensive result of factors such as
lighting time, root system, soil fertility, and soil moisture content, and it is easy to measure,
this paper used crown width to estimate the pith position. The research results indicate that
the relative error of the pith position estimated using the crown width was 7.6%. Although
the error of crown width method was lower than that of the geometric center method,
it was still higher than the requirement for the accurate measurement of tree rings. The
reasons for the large error are as follows:

(1) The direction for measuring the crown width was inaccurate. When measuring crown
width, the measurement direction is generally subjectively judged by the measuring
personnel, so the direction to measure crown width may not be accurate.

(2) At different stages of tree growth, the shape of the crown may change. At the juvenile
stage, especially in artificial forests, there is not much difference in the crown width
of trees in each direction [40], and the pith is located at the center of the trunk. As the
tree grows, the difference in crown width in different directions gradually increases,
and the pith gradually deviates from the center of the trunk. Therefore, there is a
certain degree of error in estimating the pith position solely based on the current
crown width.

(3) The nutrient allocation mechanism in various directions of the tree trunk is not yet
clear. Due to the unclear nutrient allocation mechanism in various directions of the
tree trunk, this study is based on the radial growth rate in which direction is only
affected by the crown width in that direction, without considering the influence of
crown width in other directions. Based on experience, even if the crown width in
a certain direction is 0, the radial growth rate in that direction is not 0, indicating
that the trunk in that direction has obtained some nutrients from other directions.
Therefore, the influence of crown width in other directions should also be considered.

In future research, the following methods can be adopted to further improve the
estimation accuracy of the pith position:

(1) It is necessary to accurately locate the direction of the crown.
(2) If historical crown width data were measured, historical crown width data can be

added to the model for estimating the radius ratio.
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(3) The nutrient allocation mechanism of the trunk can be studied, and the impact of
crown width in other directions on the radial growth rate of trees in this direction
should be clarified. If the crown width in other directions has a significant impact on
the radial growth rate of trees in this direction, it is necessary to add the crown width
in other directions when establishing a crown width model.

(4) In order to eliminate the differences caused by tree species, experiments should be
conducted on more species to increase the generality of this method.

5. Conclusions

The findings have indicated that the radial growth rate of trees in each direction is
influenced by the relative size of the crown width in that direction. The larger the crown
width in each direction, the faster the radial growth rate, and the longer the radius in
that direction. Therefore, the pith position can be estimated by the crown width of the
tree in four directions. This method has the advantages of simple measurement, low
computational complexity, and high estimation accuracy, and provides a feasible approach
to estimating the pith position of living standing trees in the field.
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Abstract: We studied the effects of stand age on the allocation of biomass and allo-
metric relationships among component biomass in five stands ages (1, 3, 5, 7, and
8 years old) of two eucalypts hybrids, including Eucalyptus urophylla × E. grandis and
E. urophylla × E. tereticornis, in the Leizhou Peninsula, China. The stem, bark, branch,
leaf, and root biomass from 60 destructively harvested trees were quantified. Allometric
models were applied to examine the relationship between the tree component biomass
and predictor variable (diameter at breast height, D, and height, H). Stand age was intro-
duced into the allometric models to explore the effect of stand age on biomass estimation.
The results showed the following: (1) Stand age significantly affected the distribution of
biomass in each component. The proportion of stem biomass to total tree biomass increased
with stand age, the proportions of bark, branch, and leaf biomass to total tree biomass
decreased with stand age, and the proportion of root biomass to total tree biomass first
decreased and then increased with stand age. (2) There were close allometric relationships
between biomass (i.e., the components biomass, aboveground biomass, and total biomass
per tree) and diameter at breast height (D), height (H), the product of diameter at breast
height and tree height (DH), and the product of the square of the diameter at breast height
and tree height (D2H). The allometric relationship between biomass and measurement
parameters (D, H, DH, D2H) could be applied to the biomass assessment of eucalypts
plantation. (3) Allometric equations that included stand age as a complementary variable
significantly improved the fit and enhanced the accuracy of biomass estimates. The optimal
independent variable for the biomass prediction model varied according to each organ.
These results indicate that stand age has an important influence on biomass allocation. Allo-
metric equations considering stand age could improve the accuracy of carbon sequestration
estimates in plantations.

Keywords: eucalypts; stand age; biomass; allometric relationship; model simulation

1. Introduction

At present, global climate change, such as global warming, extreme weather happen-
ing frequently, glacier retreating, and global sea levels rising, is becoming more and more
serious [1], and the mitigation of and adaptation to global climate change should not be
delayed. Forest ecosystems are an important terrestrial carbon sink, with a high carbon
storage capacity, globally accumulating about 2.4 ± 0.4 Pg C per year [2], and they play a
critical role in mitigating global climate change and balancing the ecosystem carbon cycle.
The area of plantations in China is 7954.28 × 104 ha, accounting for 36.45% of the national
forest area, and the storage capacity of plantations is (33.88 million m3), accounting for
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19.29% of the national forest storage capacity [3]. Plantations have a high potential for
carbon sink, absorbing and fixing CO2 through photosynthesis conversion to the form of
biomass in plants, which helps to reduce greenhouse gas emissions by increasing carbon
sinks and plays an important role in improving the ecological environment and mitigating
climate change [4].

Biomass is the amount of organic matter actually living in a unit area at a given point in
time [5]. Tree biomass is an important indicator for evaluating forest carbon stocks [6]. The
accumulation of biomass not only reflects tree growth and adaptation to the environment,
but also the productivity and carbon sequestration capacity of a forest ecosystem, and its
role as a carbon sink [7,8]. Biomass is influenced by biotic and abiotic factors, such as plant
genetic characteristics, interspecific competition, stand age, precipitation, soil conditions,
altitude, and annual average temperature [9–12]. For example, Zhang et al. [13] found
that altitude had an important effect on above–belowground biomass distribution, and
the altitude gradient pattern of forest above–belowground biomass allocation distribution
was determined by climate factors. Dai et al. [14] revealed that the efficiency of plant
photosynthesis decreases because of a reduction in temperature, which would lead to a
reduction in carbohydrate production and potentially less growth investment in above-
ground parts, so as to influence biomass distribution. Accurate biomass estimation of trees
is important for quantifying forest carbon storage and for understanding the carbon cycle
of a forest ecosystem in the context of the global carbon cycle. Estimating the biomass
of forests may rely on different techniques at different scales, from remote sensing at the
regional level to direct weighing at the local level [15,16]. Because direct tree biomass mea-
surements are destructive and costly, this method is not suitable for estimating large-scale
forest biomass [15]. Allometric equation, a statistical model that predicts tree biomass
(stem, bark, branch, leaf, and root) from easily measured variables, has been widely used
in biomass estimation [17–20]. The diameter at breast height (D), tree height (H), cross-
sectional area at breast height, crown morphology (crown width and shape), and wood
density are common independent variables in allometric models [7,21–23]. In previous
research, allometric models have been shown to provide accurate and reliable estimates of
biomass in forest ecosystems [24–27]. For example, McNicol et al. [24] and Peng et al. [25]
used a power function model with D2H as the predictive variable to estimate aboveground
biomass. Yang et al. [26] found a good model fit using D and H as predictive variables
(W = c Da Hb) to estimate the total biomass of Quercus acutissima in middle-aged forests
and using only D as a predictive variable (W = c Da) to estimate the total biomass of
Q. acutissima in young and mature forests. And Yang et al. [26] revealed the parameters of
the allometric equation’s dependence on the stand age.

Stand age provides a clear indication of cumulative biomass. Many studies have
emphasized the importance of stand age for the assessment of forest biomass and carbon
sink potential [28–31]. Stand age also has a huge impact on tree size, shape, and traits,
alters biomass allocation among tree components, and consequently affects allometric
relationships [19,26]. For example, in early periods of growth, more biomass is allocated
to stems for height growth and to branches and leaves for canopy expansion in order
to increase competitive advantage for light resources over their neighbors [19]. Peichl
et al. [32] and Chen et al. [33] reported differences in tree biomass between different stand
ages. Some studies proved that the influence of stand age was an important determinant of
forest biomass [16,31,34]. Thus, there is a need to develop age-specific allometric equations
for rapid and reliable estimation of tree component biomass at different developmental
stages. Although previous studies have explored stand age-based biomass modeling, stand
age-driven biomass modeling also varies by forest type and tree species because of species-
specific physiological growth traits [35]. In addition, different environmental conditions,
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e.g., biogeographic region, climatic conditions, soil type, and stand category, may lead to
differences in stand age-specific biomass modeling [10,34,36]. Therefore, the development
of stand age-dependent biomass models is important for practical applications to reveal
biomass changes in fast-growing plantation forests (e.g., eucalypts).

Eucalypts is an important species for afforestation in southern China due to its fast
growth, short rotation period, and excellent material. Eucalypts plantations in China exceed
5.6 million ha, accounting for 2.57% of the country’s forest area (218.22 million ha) and
7.04% of the country’s plantation forest (79.54 million ha) [3,37]. The area of eucalypts
plantation in China is second only to India and Brazil [37]. Eucalypts has the function
of carbon sequestration. Accurately quantifying the biomass of eucalypts plantations is
critical for understanding carbon stocks in forest ecosystems and mitigating global climate
change. A great deal of research has been conducted on allometric models of eucalypts
biomass [38,39], but the information about allometric models considering the effects of
stand age is limited. Therefore, the objectives of this study were to (1) analyze the effect of
stand age on biomass distribution among tree components (i.e., stems, bark, branch, leaf,
and root); (2) examine if the predictive capacity of the allometric equations that include
stand age as a complementary variable is improved.

2. Material and Methods

2.1. Study Site

This study was carried out in the Leizhou Peninsula (109◦57′~110◦8′ E, 20◦55′~21◦8′ N)
in Zhanjiang, Guangdong Province, China. The study site was within one of the major
production areas of eucalypts. The study area had a typical oceanic monsoon climate, with
an annual mean temperature of 23.1 ◦C. The annual relative humidity was 80.4%, the mean
annual precipitation was 1711.6 mm, and there was an annual mean of 2003.6 h of sunshine.
The elevation was approximately 50 m, and the soil type was Rhodi-Udic Ferralosols. The
asexual lines E. urophylla × E. grandis 3229 and E. urophylla × E. tereticornis LH1 were used,
and there were minimal differences in the terrain or management measures.

2.2. Sample Selection and Biomass Measurement

During 2023, five E. urophylla × E. grandis and E. urophylla × E. tereticornis stands (1, 3,
5, 7, and 8 years old) in the Leizhou Peninsula were selected. Three 20 m × 20 m sample
plots were established randomly within each stand, each plot was separated by 500 m,
and the diameter at breast height (D, 1.3 m) and tree height (H) was measured (Table 1).
According to the measurement data, two average trees (i.e., trees with the same diameter at
breast height (D) and tree height as the average diameter and average tree height of the
stand) in each sample plot were harvested. That is, six average trees were harvested per
stand for destructive sampling. In total, 60 average trees were sampled. After felling, D
and H were recorded. The trees were cut using a hand saw at 1.3 m, 2 m, 4 m, 6 m . . . 20 m,
and 22 m of the tree height, and subsequently at 2 m intervals up to the apex. Bark was
removed from the sampled stem. The fresh mass of the stem, bark, branches, and leaves
was measured in the field. After the above measurements, the root systems of all sampled
trees were excavated with a hook machine, soil clinging to the roots was removed, and the
fresh mass of the roots was measured. Approximately 60 g subsamples of each component
were selected and brought to the laboratory. The subsamples were oven-dried at 85 ◦C
until they reached a constant weight. The dry mass (i.e., biomass) of all components was
estimated according to the ratio of the fresh mass and dry mass of the subsamples.
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Table 1. Characteristics E. urophylla × E. grandis and E. urophylla × E. tereticornis stands. (mean ± standard
deviations).

Species Stand Age (Year)
Regeneration

Method
Stand Density

(Trees/ha)
Average Tree
Height (m)

Average DBH
(cm)

E. urophylla ×
E. grandis

1 seedling 1200 5.550 ± 0.235 4.300 ± 0.245
3 seedling 1400 12.467 ± 0.480 8.550 ± 0.164
5 seedling 1250 19.167 ± 0.258 13.278 ± 0.441
7 seedling 1150 20.483 ± 0.479 13.85 0 ± 0.197
8 seedling 1100 21.717 ± 0.471 15.033 ± 0.186

E. urophylla ×
E. tereticornis

1 seedling 1350 5.750 ± 0.418 6.017 ± 0.426
3 seedling 1400 11.342 ± 0.111 8.117 ± 0.075
5 seedling 1300 18.550 ± 0.565 11.797 ± 0.259
7 seedling 1000 21.983 ± 0.911 15.000 ± 0.379
8 seedling 1000 22.450 ± 0.616 15.875 ± 0.395

2.3. Biomass Modeling

According to the methodology of McNicol et al. [24], allometric relationships between
biomass components and D, H were often expressed using the following power function
equation:

yi = a1 (x)b1 (1)

where yi is the biomass (kg) of the component (i.e., stem, bark, branch, leaf, root, above-
ground) or the total biomass of a single tree; x is D, H, DH or D2H; and a1 and b1 are
equation parameters.

All data were logarithmically (base 10) transformed to ensure a linear relationship
between variables and to meet the requirements of homogeneity [19,24]. Therefore, we
established the following equation [24]:

lg (yi) = a2 + b lg (x) (2)

where yi is the biomass (kg) of component (i.e., stem, bark, branch, leaf, root, aboveground)
or the total biomass of a single tree; x is D, H, DH or D2H; and a2 and b are equation
parameters.

According to Xiang et al. [19], we introduced stand age as a complementary variable
into the allometric equation to determine whether the equation was improved. The individ-
ual effect of stand age and the interactions between stand age and other predictor variables
(i.e., D, H, DH, or D2H) were considered. Then, we reconstructed the stand age-specific
allometric equations by introducing the stand age factor based on Equation (2):

lg (yi) = a2 + b lg(x) + c (age) + d (age) lg (x) (3)

where yi is the biomass (kg) of a tree component (i.e., stem, bark, branch, leaf, root,
aboveground) or the total biomass of a single tree; x is D, H, DH or D2H; age is the stand
age; and a2, b, c, and d are equation parameters.

2.4. Data Analysis

The coefficient of determination (R2), total relative error (TRE), residual sum of squares
(RSS), root mean squared error (RMSE), and Akaike information criterion (AIC) were used
to assess the performance of all models:

TRE =
∑(yi − ŷi)

∑ ŷi
× 100 (4)
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RSS =
n

∑
i=1

(yi − ŷi)
2 (5)

RMSE =

√√√√√ n
∑
1
(yi − ŷi)

2

n
(6)

AIC = 2k + n ln
(

RSS
n

)
(7)

where yi is the observed biomass value, ŷi is the predicted biomass value obtained by
the allometric models, n is the number of samples, and k is the number of parameters
in the model.

3. Results

3.1. Biomass Allocation Among Tree Components

The stem of E. urophylla × E. grandis accounted for the largest proportion of biomass,
(42.17%–74% of total tree biomass) and increased with stand age. Root biomass represented
14.18%–25.84% of total tree biomass and first decreased with increasing stand age and then
increased with increasing stand age. The proportions of bark, branch, and leaf biomass
decreased with stand age. Crown biomass (branch + leaf) was higher in 1 year and
3 years plantations and represented 22.89% and 17.45%, respectively, and crown biomass
decreased with stand age. The partitioning of biomass components in E. urophylla × E.
tereticornis was equivalent to that in E. urophylla × E. grandis. Stem biomass accounted for
55%–73.68% of total tree biomass in the five stands and increased with stand age. Root
biomass accounted for 11.90%–22.28% of the total tree biomass and first decreased as the
stand age increased, then increased with stand age increased. Stem and root biomass
accounted for 71.93%–90.69%, while crown biomass accounted for 4.38%–16.75%, with a
higher contribution occurring in 1 year and 3 years (Figure 1).

Figure 1. Changes in component biomass (%) relative to total tree biomass in relation to age (years)
in two eucalypts hybrids.

3.2. Allometry Among Tree Biomass Components

Biomass was scaled allometrically in eucalypts. The stem, bark, roots, aboveground
biomass, and total biomass were closely related to diameter at breast height, with an
R2 > 0.917. Branch and crown biomass had R2 values = 0.794 and 0.733, respectively,
and leaf biomass had an R2 = 0.390 (Figure 2). The stem, bark, aboveground biomass,
and total biomass were closely related to tree height, with an R2 > 0.968 (Figure 3).
Branch, crown, and root biomass had R2 values = 0.865, 0.833, and 0.703, respectively,
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and leaf biomass had an R2 = 0.534 (Figure 3). There were close allometric relationships
among the components’ biomasses. The R2 between root and stem biomass was 0.786,
the R2 between crown and stem biomass was 0.675, and the R2 between root and crown
biomass was 0.675 (Figure 4). Our results demonstrate that an allometric equation was
suitable for estimating the component biomass of eucalypts, and this relationship could be
used to estimate biomass when diameter at breast height, tree height, or the biomass of
one component is known.

Figure 2. The allometric relationship between component biomass and diameter at breast height.
Note: gray shaded areas are 95% confidence intervals.

Figure 3. The allometric relationship between component biomass and tree height. Note: gray shaded
areas are 95% confidence intervals.
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Figure 4. Allometric relationships among crown (branch + leaf), stem, and root biomass. Note: gray
shaded areas are 95% confidence intervals.

3.3. Effect of Stand Age on Biomass Components

Stand age had a significant effect on the component biomass (including stem, bark,
branch, leaf, root, aboveground, and crown) and total biomass of eucalypts (p < 0.05,
Tables S1 and S2). However, tree variety had no significant effect on the component
biomass or total biomass of eucalypts, except for stem and leaf (Tables S1 and S2). This
study focused only on the effect of stand age on eucalypts biomass.

Introducing stand age, which was used to predict component (including stem, bark,
branch, leaf, root, aboveground, and crown) biomass and total biomass, improved the fit of
the allometric model. The R2 of the stand age-specific allometric model was higher than that
of a model that only considered D or H; in particular branch, leaf and root estimates were
significantly improved. The R2 values of stand age-specific allometric models based on D
that were used to predict branch, leaf, and root biomass improved by 9.45%, 31.03%, and
4.69%, respectively (Table 2 and Figure 2). The R2 values of stand age-specific allometric
models based on H that were used to predict branch, leaf, and root biomass improved by
3.70%, 2.81%, and 37.56%, respectively (Table 2 and Figure 3). The RSS, RMSE, and AIC
of stand age-specific allometric models based on H that predicted bark, branch, and leaf
biomass were lower than those of other models. The RSS, TRE, RMSE, and AIC of the
stand age-specific allometric model based on DH that predicted root and aboveground
biomass were lower than those of other models. The RSS, RMSE, and AIC of the stand
age-specific allometric model based on DH that predicted stem and total biomass were
lower than those based on D or H (Table 2). The RSS, TRE, RMSE, and AIC of the stand
age-specific allometric model based on D2H that predicted stem biomass were lower than
those of other models, while the RSS, RMSE, and AIC of the models that predicted root,
aboveground, and total biomass were lower than those based on D or H.

The ratios among biomass components were significantly different across stand age
(Table 3). The ratios of roots to stem biomass were 0.511, 0.301, 0.185, 0.218, and 0.310 across
the stand age, and these ratios first decreased and then increased with stand age. The ratios
of crown to stem biomass were 0.372, 0.311, 0.098, 0.069, and 0.099, and first decreased
and then stabilized with stand age. The ratios of root to crown biomass were 1.688, 0.987,
1.963, 3.281, and 3.161, and first decreased and then increased with stand age. The ratio
of belowground to aboveground biomass first decreased and then increased with stand
age (Figure S1). Overall, the ratios between biomass components varied greatly in young
stands (1 year and 3 years) and differed significantly from those in nearly mature stands
(7 years and 8 years, Table 3). Therefore, large errors in the estimation of component
biomass may occur if an allometric model does not consider eucalypts stand age.
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Table 2. Allometric equations for tree biomass components and fitting statistics with stand age.

Independent
Variable

Dependent
Variable

a b c d R2 p RSS TRE RMSE AIC

D

Stem biomass

−1.490 2.595 0.216 −0.143 0.986 0.000 2409.382 0.917 6.337 229.567
H −1.033 1.969 −0.066 0.081 0.988 0.000 2628.201 1.369 6.618 234.783

DH −1.401 1.283 −0.075 0.035 0.995 0.000 1766.375 −0.303 5.426 210.940
D2H −1.486 0.893 −0.014 0.008 0.994 0.000 1578.636 −0.889 5.129 204.198

D

Bark biomass

−2.146 2.503 0.412 −0.349 0.970 0.000 39.750 2.130 0.814 −16.705
H −1.818 2.119 0.045 −0.054 0.974 0.000 20.893 1.089 0.590 −55.295

DH −2.129 1.295 0.107 −0.059 0.983 0.000 26.621 −0.375 0.666 −40.760
D2H −2.185 0.883 0.185 −0.060 0.981 0.000 29.322 3.100 0.699 −34.960

D
Branch

biomass

−1.124 0.806 0.737 −0.523 0.869 0.000 83.809 2.813 1.182 28.052
H −1.468 1.302 0.559 −0.373 0.897 0.000 65.885 2.383 1.048 13.614

DH −1.385 0.595 0.641 −0.222 0.883 0.000 71.773 1.895 1.094 18.750
D2H −1.315 0.362 0.680 −0.159 0.878 0.000 76.784 4.648 1.131 22.799

D

Leaf biomass

−0.941 0.025 0.845 −0.605 0.511 0.000 15.468 9.001 0.508 −73.333
H −1.743 1.445 0.288 −0.227 0.549 0.000 12.080 7.468 0.449 −88.167

DH −1.526 0.518 0.545 −0.201 0.502 0.000 13.348 9.924 0.472 −82.178
D2H −1.360 0.245 0.666 −0.161 0.496 0.000 14.106 8.879 0.485 −78.864

D

Root biomass

−0.543 0.880 0.054 0.049 0.960 0.000 452.262 1.159 2.745 129.195
H −0.412 0.728 −0.094 0.146 0.967 0.000 492.147 3.277 2.864 134.266

DH −0.553 0.482 −0.102 0.076 0.967 0.000 434.119 1.824 2.690 126.738
D2H −0.578 0.329 −0.067 0.043 0.965 0.000 434.716 2.447 2.692 126.821

D
Aboveground

biomass

−1.045 2.189 0.310 −0.212 0.981 0.000 3423.626 1.035 7.554 250.647
H −0.767 1.846 0.005 0.025 0.992 0.000 2313.416 −0.681 6.209 227.128

DH −1.045 1.146 0.031 −0.004 0.994 0.000 1338.961 −1.481 4.724 194.318
D2H −1.095 0.782 0.097 −0.019 0.991 0.000 1400.379 −1.073 4.831 197.009

D

Total biomass

−0.736 1.941 0.264 −0.165 0.981 0.000 5349.070 1.002 9.442 277.420
H −0.491 1.648 −0.021 0.052 0.993 0.000 3592.137 −0.432 7.738 253.529

DH −0.743 1.026 0.002 0.012 0.993 0.000 2171.750 −0.885 6.016 223.337
D2H −0.787 0.699 0.065 −0.007 0.990 0.000 2768.508 −2.397 6.793 237.903

Notes: D is the diameter at breast height, H is the tree height, DH is the product of diameter at breast height and
tree height, D2H is the product of square of the diameter at breast height and tree height, R2 is the coefficient of
determination, RSS is the residual sum of squares, TRE is total relative error, RMSE is the root mean squared error,
AIC is Akaike information criterion, and a, b, c, and d are model parameters.

Table 3. Component biomass ratios in different stand age classes and species classes. (mean ± standard
deviations).

Factors Roots/Stem Ratio Crown/Stem Ratio Roots/Crown Ratio Belowground/Aboveground Ratio

Stand age classes
1 year 0.511 ± 0.138 a 0.372 ± 0.218 a 1.688 ± 0.643 b 0.319 ± 0.055 a
3 years 0.301 ± 0.066 b 0.311 ± 0.073 a 0.987 ± 0.219 c 0.199 ± 0.040 c
5 years 0.185 ± 0.029 c 0.098 ± 0.022 b 1.963 ± 0.469 b 0.150 ± 0.023 d
7 years 0.218 ± 0.039 c 0.069 ± 0.013 b 3.281 ± 0.885 a 0.191 ± 0.036 c
8 years 0.310 ± 0.055 b 0.099 ± 0.018 b 3.161 ± 0.389 a 0.262 ± 0.043 b

Species classes
EG 1 year 0.620 ± 0.108 a 0.555 ± 0.150 a 1.175 ± 0.304 b 0.351 ± 0.058 a
ET 0.403 ± 0.042 b 0.189 ± 0.036 b 2.200 ± 0.434 a 0.287 ± 0.031 b
EG 3 years 0.293 ± 0.08 0.318 ± 0.104 0.952 ± 0.253 0.194 ± 0.047
ET 0.309 ± 0.055 0.305 ± 0.028 1.023 ± 0.196 0.205 ± 0.035
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Table 3. Cont.

Factors Roots/Stem Ratio Crown/Stem Ratio Roots/Crown Ratio Belowground/Aboveground Ratio

EG 5 years 0.201 ± 0.03 a 0.093 ± 0.025 2.233 ± 0.480 a 0.166 ± 0.022 a
ET 0.168 ± 0.016 b 0.102 ± 0.019 1.694 ± 0.282 b 0.135 ± 0.012 b
EG 7 years 0.203 ± 0.032 0.078 ± 0.010 a 2.643 ± 0.48 b 0.176 ± 0.028
ET 0.232 ± 0.043 0.06 ± 0.008 b 3.919 ± 0.719 a 0.206 ± 0.039
EG 8 years 0.341 ± 0.038 a 0.106 ± 0.018 3.261 ± 0.379 0.285 ± 0.028
ET 0.278 ± 0.054 b 0.091 ± 0.016 3.060 ± 0.407 0.239 ± 0.045

Note: different lowercase letters indicate significant differences (p < 0.05). ET is E. urophylla × E. tereticornis, EG is
E. urophylla × E. grandis.

3.4. Biomass Prediction Comparisons Among Tree Components

Except for branches and leaves, the biomass values predicted by the stand age-specific
allometric models for stem, bark, root, aboveground, and total tree biomass were com-
parable with the observed biomass values (Figure 5). These results indicate that stand
the age-specific allometric models based on D, H, DH, and D2H were able to efficiently
estimate stem, bark, root, aboveground, and total tree biomass with a high degree of
precision. The R2 values for observed biomass (bark, branch, and leaf) versus predicted
biomass (using H) from the stand age-specific allometric model were 0.945, 0.753, and 0.375,
respectively, which were better than those from models based on D, DH, or D2H (Figure 5).
For bark, branches and leaves, the H-based stand age-specific allometric model was more
precise, and the RSS, RMSE, and AIC values using H as a predictor variable were smaller
than those from other models (Table 2). The R2 values for observed stem biomass values
predicted biomass (using D2H) from the stand age-specific allometric model to be 0.979,
and that value was higher than those from the other allometric models (Figure 5). For
stem, the stand age-specific allometric model using D2H as a predictor variable was better
than models based on D, H, or DH, and the TRE, RSS, RMSE, and AIC of the based D2H
stand age-specific allometric model were smaller than those from other allometric models
(Table 2). For roots, aboveground biomass, and total tree biomass, the values predicted by
the DH- and D2H-based stand age-specific allometric models were close to the observed
values, with R2 values of 0.920 and 0.921 (root biomass), 0.986 and 0.985 (aboveground
biomass), and 0.984 and 0.982 (total biomass), which were higher than those from the
models using D or H as predictor variables (Figure 5). These results were consistent with
the RSS, RMSE, and AIC values from the DH- and D2H-based stand age-specific allometric
models, which were smaller than those from other models (Table 2).
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Figure 5. Comparison of the predicted component biomass versus the observed biomass, with
(a) D-, H-, (b) DH- and D2H-based models. Note: the red dots represent stand age-specific allometric
models based on D, the blue dots represent models based on H, the azure dots represent models based
on DH, the light brown dots represent models based on D2H, and the black dashed line represents
the function y = x.

4. Discussion

4.1. Biomass Allocation Characteristics

Biomass production is a primary function of forest ecosystems and is influenced by
numerous processes: roots capture nutrients from the soil; stems and branches provide
mechanical support and conduct water and nutrients; and leaves fix carbon [40]. Balancing
the allocation of biomass to different organs enables trees to perform necessary physio-
logical activities and achieve normal growth, thus reflecting their resource use efficiency
and environmental adaptability [41,42]. The effect of stand age on biomass allocation is a
result of tree growth and the balance of resource allocation among biomass components
in a way that maintains the physiological activities and functions of each organ [22]. Our
results show that except for 1 year E. urophylla × E. grandis (42.17%) and E. urophylla ×
E. tereticornis (55.43%) and 3 years E. urophylla × E. grandis (56.24%) and E. urophylla × E.
tereticornis (55%), the proportions of stem biomass to total tree biomass in E. urophylla ×
E. grandis (65.18%–74%) and E. urophylla × E. tereticornis (69.62%–73.68%) (Figure 1) were
higher than the average stem biomass ratio for forest ecosystems in China (58.20%) [43].
The proportions of stem biomass to total tree biomass in E. urophylla × E. grandis and E.
urophylla × E. tereticornis from all stand ages were higher than the biomass of 1 year–7 years
E. urophylla × E. grandis (24.91%–66.78%) measured by Zhang et al. [44] in Guangdong,
but lower than the biomass of 1 year–8 years E. urophylla × E. grandis (51.07%–98.48%)
measured by Fu et al. [45] in Guangxi. In this study, the proportion of leaf biomass to total
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tree biomass of eucalypts (0.91%–10.01%) at all stand ages was smaller than that measured
by Zheng et al. [39] (2.37%–23.63%) and Fu et al. [45] (2.17%–21.01%).

Stand age significantly affected biomass allocation in each organ of eucalypts. We
observed an increase in the proportion of stem biomass to total tree biomass and a decrease
in the proportion of bark, branch, and leaf biomass to total tree biomass as stand age
increased (Figure 1), which was consistent with other studies [19,26]. Changes in biomass
allocation with age may be explained by the strategies that trees employ during stand
development [19]. Stem biomass is an important component of tree biomass, which
represents a net accumulation process with stand age [26]. In order to occupy the upper
canopy space and obtain more lights, the branches and leaves of young eucalypts would
undergo rapid expansion, which is conducive to photosynthesis and transpiration and
crucial for the survival of young eucalypts [32,46]. The proportions of branch and leaf
biomass to total tree biomass in eucalypts were higher in young stands, demonstrating
that more carbohydrates may be allocated to branches and leaves to help eucalypts grow
rapidly [22]. Trees will adjust their biomass allocation strategy according to competitive
demands at different stages [26]. Therefore, changes in biomass distribution during stand
development must be considered to obtain accurate biomass predictions.

Roots play an important role in material cycling and energy flow in forest ecosys-
tems [47]. Roots not only absorb and transport water and nutrients but also input organic
matter into the soil, which maintains soil fertility, and fix carbon [23,47]. In this study, the
proportions of root biomass to total tree biomass in eucalypts of all stand ages were
11.90%–25.84% (Figure 1), which indicates the importance of root biomass. A well-
developed root system improves tree competition for water and nutrients, which is con-
ducive to growth [26]. We also found that the proportion of root biomass to total tree
biomass first decreased and then increased as stand age increased (Figure 1), which is
not consistent with previous studies [45,47]. The proportion of root biomass to total tree
biomass decreased as stand age increased in Fu et al. [45], while an increase with stand age
was reported by Han et al. [47], and an initial increase and then a decrease with stand age
was found by Zhang et al. [44]. However, Chen et al. [33] showed that the proportion of root
biomass to total tree biomass gradually stabilized as stand age increased. These differences
may result from different tree species and study sites. Root biomass is also related to soil
moisture, nutrients, stand structure, and community composition [47]. In addition, the
root biomass may be estimated based on the relationship between root biomass and the
biomass of other components [48]. In this study, root biomass was closely related to stem
biomass and crown biomass (R2 = 0.786 and 0.675, respectively) (Figure 4), which was
similar to the results of other studies [49,50]. The ratio of belowground to aboveground
biomass of eucalypts ranged from 0.150 to 0.319 (Table S2), which was close to that of
other forest types in China (0.233) [51]. The ratio of aboveground biomass to root biomass
helps us estimate root biomass from the more easily measured aboveground biomass and
also reflects investment in aboveground organs versus roots in response to environmental
change [23,52].

4.2. Analysis of Biomass Allometric Equations

Stand age had a significant effect on component biomass in eucalypts. Other studies
have also reported an effect of stand age on the relationship between biomass and mea-
surement factors [19,26]. Hong et al. [53] showed that the introduction of a stand age factor
improved the fit and the prediction accuracy of their biomass model. Similarly, Wang
et al. [50] reported that there were differences in aboveground and belowground biomass
allocation by Abies nephrolepis at different growth stages, and a biomass estimation without
considering stand age could be slightly biased. Our results show that stand age-specific al-
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lometric equations for component biomass in eucalypts improved the estimates of biomass,
especially in branch and leaf biomass equations (Figures 2 and 3, Table 2), which was
similar to the results of previous studies [32,54]. These are the results of changes in tree
growth and a combination of stand age and tree social status [19]. Therefore, we should
consider the effect of stand age on biomass to improve the accuracy of biomass estimation.
Similar findings have been applied at other species, such as Chinese fir (Cunninghamia
lanceolata), Mongolian pine (Pinus sylvestris L. var. mongolica Litv.), and White pine (Pinus
strobus) [4,19,32].

Using D, H, or combinations of D and H as predictor variables in allometric equations
is a simple and effective method for estimating tree biomass. In this study, we used E.
urophylla × E. grandis and E. urophylla × E. tereticornis from different-aged stands and
constructed and screened an optimal biomass model, which was reliable for estimating the
biomass of eucalypts in the Leizhou Peninsula of Guangdong Province (Table 2). Stand
age-specific allometric models for stem, bark, root, aboveground, and total biomass per tree
based on D, H, DH, or D2H explained more than 96.5% of variation in the data (Table 2).
Stand age-specific allometric models for branch biomass based on D, H, DH, or D2H
explained more than 86.9% of variation in the data but stand age-specific allometric models
for leaf biomass explained only 49.6%–54.9% of variation in the data (Table 2). Except
for leaf biomass, the stand age-specific allometric models for other components (stem,
bark, branch, root, aboveground, and total biomass) based on D, H, DH, or D2H had high
explanatory power and provided good estimates of biomass (Table 2). Similar trends in leaf
biomass have been reported in other studies [20,55] and may be due to the felling process,
which causes a loss of leaves that results in a large error. Leaf biomass is strongly influenced
by canopy traits and tree growth because of canopy competition [56]. In addition, leaf
biomass is influenced by light, moisture, temperature, soil nutrients, and interspecific
competition [20]. The fit of the leaf biomass model was lower than that of other biomass
components (Table 2). However, in general, stand age-specific allometric models fit better
(Figures 2 and 3; Table 2).

The D and H, which are accessible and accurate measurements, are widely used in
allometric models [21]. Our study confirmed a strong correlation between component
biomass and D in eucalypts, and a stronger correlation between branch and leaf biomass
and H (Table 2). It is possible that branches and leaves were more responsive to competition
and the environment [57], and that competition for canopy dominance may have resulted in
a greater allocation of photosynthate to height than to radial growth [46]. H was added into
the biomass allometric model as the second parameter to improve its accuracy [24,25,58].
Our results showed that stem biomass predicted by the stand age-specific allometric model
based on D2H fitted well and had high explanatory power. The R2 value for this model
was higher than that of other models, and the RSS, TRE, RMSE, and AIC were lower than
those of other models (Table 2), demonstrating that D2H was strongly intrinsically linked
to stem biomass. The stem biomass predicted with D2H was comparable to the observed
data (Figure 5). The DH and D2H were reliable predictors of root, aboveground, and total
tree biomass, and those models had higher R2 values and lower RSS, TRE, RMSE, and AIC
values (Table 2), indicating that DH and D2H were both strongly intrinsically related to root,
aboveground, and total tree biomass. Root, aboveground, and total tree biomass predicted
with DH or D2H were comparable to the observed data (Figure 5), indicating that DH and
D2H improved the accuracy of the models. This may be because DH and D2H captured
the variation in tree structure and avoided the problem of multicollinearity between D
and H as separate variables in an allometric model [36,59]. These models are suitable for
predicting the component biomass of eucalypts in Leizhou Peninsula, Guangdong province,
China. However, when using these models to predict the biomass of eucalypts plantations
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in other place of China, they should preferably be calibrated to improve the precision and
accuracy of biomass estimation because biomass is affected by light, moisture, temperature,
soil nutrients, altitude, etc. [13,20,57], which affect the relationship between component
biomass and measuring factor (i.e., D and H).

5. Conclusions

There was no significant effect of different eucalypts varieties on biomass except for
stem and leaf biomass (Figure 1). Stand age significantly affected the allocation of biomass
in eucalypts. With increasing stand age, the proportion of stem biomass to total tree biomass
increased, the proportion of bark, branch, and leaf biomass to total tree biomass decreased,
and the proportion of root biomass to total tree biomass first decreased and then increased
(Figure 1).

This study confirms that organ biomass, aboveground biomass, total biomass, and D,
H, DH, and D2H were allometrically consistent and can be used to accurately estimate the
biomass of eucalypts plantation (Figures 2 and 3, Table 2).

Stand age-specific allometric equations that include stand age as a complementary
predictor variable, significantly improved the prediction effect and the accuracy of biomass
assessment (Table 2). The optimal independent variables in the biomass prediction models
differed according to each organ. Bark, branch, and leaf biomass were best predicted
with H as the independent variable, stem biomass was best predicted with D2H as the
independent variable, and root, aboveground, and total biomass were best predicted with
DH or D2H (Table 2 and Figure 5). Therefore, stand age-specific allometric equations are
recommended to improve the estimates of component biomass in eucalypts plantations.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/f16020193/s1, Figure S1: Changes in component biomass ratios
across stand age. Table S1: Analysis of variance of component biomass by stand age and species
variety. Table S2: Stand age classes and species classes affects the component biomass.
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Abstract: Natural mixed forests’ carbon sequestration capacity is crucial for mitigating
climate change and maintaining ecological balance. However, most of the current studies
only consider the role of forest age, ignoring the influence of carbon growth grade and
stand structural diversity, which leads to an increase in uncertainty in large-scale forest
carbon sink assessment. The aim of this study was to quantify the effects of carbon growth
grade and stand structure diversity on the carbon sink of natural mixed forests and to
establish a more accurate stand carbon growth model. Based on sample data from the
National Forest Inventory (NFI) of China, the stand carbon growth model was established
based on Gompertz and Logistic theoretical growth models, and the forest carbon sink
at the regional scale was predicted. It was found that the stand carbon growth model
considering only the stand age as a single variable often had poor results, with R2 less
than 0.36, while R2 values of the optimal model introducing carbon growth grade and
stand structural diversity were 0.87 and 0.48, respectively, which significantly improved
the prediction accuracy of the model, and both had significant effects on stand carbon
stocks. By predicting the future forest carbon sink, it was found that the forest carbon
sink of the natural coniferous–broadleaved mixed forests in Jilin Province would reach
791 (781–801) t c/a and 843 (833–852) t c/a in 2030 and 2060, respectively, which were
17% lower and 51% higher than that of the forest carbon sink estimated by considering
only the age. Moreover, the model considering structural diversity predicted a more
positive carbon sink trend, indicating that forest carbon stocks could be more effectively
maintained and carbon sinks increased by increasing the complexity of stand diameter at
breast height structure, which has important guiding significance for future forest carbon
sink management. This study provides scientific support for achieving the goal of “carbon
neutrality” proposed by China.

Keywords: carbon sink; structural diversity; growth grade classification; mixed forests

1. Introduction

Climate change is one of the most serious challenges facing the world today. Through
its biomass and carbon storage in soil, forests effectively absorb CO2 in the atmosphere, thus
playing a vital role in the process of restraining global warming [1]. The United Nations
Framework Convention on Climate Change (UNFCCC) emphasizes the necessity of annual
monitoring of forest carbon sinks. In response to global climate change, China has set a
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goal to “strive to reach a peak in CO2 emissions before 2030 and strive to achieve carbon
neutrality before 2060”. Forests’ carbon sequestration capacity is crucial for mitigating
climate change and maintaining ecological balance. Mixed forests, due to their complex
structure and biodiversity, play a key role in providing ecosystem services, especially
in carbon storage. Accounting for forest carbon sinks requires a carbon storage growth
model with high accuracy and low uncertainty. Different levels of biomass estimation
models have a significant impact on local, regional, and even global biomass estimation [2].
On a large scale, a direct and effective method is to establish the relationship between
forest age and carbon sinks on the same spatial regional scale. Compared to monoculture
forests with a single tree species, natural and mixed forests exhibit stronger environmental
adaptability and resistance to disturbances, as well as higher biomass [3,4] and greater
stability of carbon capture [5], and natural forests’ regrowth has great potential for climate
mitigation [6]. Therefore, accurately assessing the carbon storage and growth of mixed
forests is essential for understanding and enhancing their role in the global carbon cycle.
However, the accuracy of mixed forest models is generally lower than that of pure forests
because the diversity of stand structure is less considered in the model, which causes
challenges to the simulation of forest carbon sinks.

Using plot survey data from the National Forest Inventory (NFI) to establish forest
growth models is a reliable method for predicting forest carbon sinks in a region [7].
Because stand age is the main determinant of forest biomass carbon storage [8], theoretical
growth equations such as Gompertz, Logistic, and Richards are commonly employed to
establish forest growth models [9–13]. These models have different functional forms, but
all have an asymptotic limit, indicating the ultimate limit of forest growth, and are often
used to simulate the distribution of stand parameters (such as diameter at breast height,
basal area (BA), and accumulation, etc.) over time. The biomass growth models for various
dominant tree species were generally well fitted. However, the best carbon storage growth
model might vary for different regions and stand types [9,10]. Although the growth model
is one of the most directly and widely used methods for estimating forest carbon storage,
considering only age as a single variable in stand carbon growth models and neglecting key
factors such as carbon growth grades and structural diversity can limit the prediction of
carbon sink potential. These key factors were especially important for accurately estimating
forest carbon sinks in natural coniferous–broadleaved forests.

Carbon growth grades are an important indicator describing the relationship between
stand carbon and age, reflecting the potential differences in the forest’s ability to capture
CO2. The carbon growth grade is determined by categorizing the stand carbon growth
process based on the relationship between stand carbon and age, usually represented by an
ordered categorical variable, and stand carbon storage generally increases with the increase
in carbon fixation level [14]. However, due to the influence of environmental factors such
as climate, soil, and topography, there can be significant differences in carbon storage of
the same stand type at the same age [12]. Relying solely on age as a predictor makes it
challenging to achieve accurate forest carbon prediction results. Although the elements
such as altitude, temperature, precipitation, soil pH, and bulk density of the fine earth
fraction can be directly added into the carbon growth model to improve the estimation
accuracy of the models [15,16], it is very difficult to apply growth models under different
conditions to forests on a regional scale due to high-dimension predictors. Therefore, it
is convenient to describe variations in carbon at the same age by dividing the complex,
comprehensive factors affecting carbon growth into carbon growth grades; however, carbon
growth grades are rarely considered in existing models.

One of the important characteristics of mixed forests is structural diversity, which is
influenced by different tree species and size combinations. Structural diversity refers to
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the diversity of spatial and morphological characteristics of trees within the forests, an
emerging indicator usually measured by DBH size differentiation based on the Shannon
index, Gini coefficient, etc. [17–20]. The higher the structural diversity, the greater the
difference in tree sizes within the forest. Compared to species diversity, structural diversity
is more closely related to forest productivity [19,21]. Forests with complex structures can
usually make effective use of resources and show better adaptability. Therefore, structural
diversity is one of the important factors affecting forest carbon sinks [22]. However,
previous studies mostly used linear models to detect the relationship between the two
and rarely included structural diversity in the carbon storage growth model. At the same
time, there are many indicators for measuring structural diversity, and it is not clear which
indicator has the best predictive effect, leading to increasing uncertainty in forest carbon
sink prediction results [23].

Accurately predicting the future changes in carbon sinks is essential for effective forest
carbon sink management. Previous studies have primarily focused on age; however, two
important factors, carbon growth grades and structural diversity, were not considered for
mixed forests; hence, it has been challenging to quantify the impact of these factors on
forest carbon sink estimation, and there is a large uncertainty in the prediction results.

Jilin Province is a key state-owned forest region and natural forest area in China, with
natural forests accounting for a large proportion (~78%) of the area. Natural coniferous–
broadleaved mixed forests are one of the most important forest types that play a very
important role in safeguarding national ecological security and timber supply. Natural
coniferous–broadleaved mixed forests are vital for Jilin Province, China, and play an
important role in providing ecological services, especially carbon capture. Consequently,
this study took natural coniferous and broadleaved mixed forests in Jilin Province, China,
as the research object. We aimed to develop stand carbon growth models with carbon
growth grade and structural diversity, which improve and optimize the stand carbon
growth model structure, to increase the accuracy of the forest carbon sink and to explore
the impact of carbon growth grade and structural diversity. The specific objectives were to
(1) develop stand carbon growth models based on theoretical growth equation; (2) compare
the results of carbon sequestration classification of different growth models; (3) select
structural diversity variables that influence the carbon storage of stands; and (4) quantify
the varying contributions of carbon growth grade and structural diversity to forest carbon
sinks. Through this research, we hoped to better understand how carbon growth grades
and structural diversity affect the carbon storage capacity of forests and provide scientific
support for future carbon sink forecasts and achievement of China’s proposed “carbon
neutrality” goals.

2. Materials and Methods

2.1. Study Area

The study area is situated in Jilin Province, located in Northeast China, spanning
the coordinates from 121◦38′ E to 131◦19′ E longitude and from 40◦50′ N to 46◦19′ N
latitude. This region experiences a continental monsoon climate characterized by a mean
air temperature of approximately 2.43 ◦C and a mean annual precipitation of around
199.37 mm [24]. The predominant soil types include dark brown soil, mollisols, chernozems,
albic soils, and meadow soils. The total area is 18.74 million hectares, with a forest area of
7.8487 million hectares and a forest coverage rate of 41.49% in 2014. Natural coniferous–
broadleaved mixed forests are one of the main forest types.
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2.2. Sample Plot Data and Stand Carbon Calculation

Natural coniferous–broadleaved mixed forest permanent sample plot data were ob-
tained from the 5th~9th (1994, 1999, 2004, 2009, 2014) NFI in Jilin Province of China. The
permanent sample plots were laid over a grid of 4 km × 8 km, and the area of a sample
plot was 0.06 ha. Data for each plot were collected over a survey period of 5 years and
contained the plot information such as forest origin, stand average age, average tree height,
and so on [25,26]. Living trees with a dbh ≥ 5 cm were measured and used to deduce the
stand quadratic mean diameter (Dg), basal area (BA), and stem density (N) within each plot.
Stand average age was obtained by measuring 3 to 5 medium trees by the tree ring in the
sample plot. Dominant tree species of natural coniferous–broadleaved mixed forests are
listed in Table 1. Plots with cutting intensities of less than 5% were used for analysis, with a
total of 404 sample plots and 1 to 5 repeated observations. A total of 1013 measurements
were used for this study (Figure 1).

Table 1. Dominant tree species in natural coniferous–broadleaved mixed forests in Jinlin Province.

Tree Types Tree Species

Coniferous Pinus koraiensis Siebold & Zucc., Picea asperata Mast., Abies fabri (Mast.) Craib,
Larix olgensis A. Henry, Pinus densiflora Siebold & Zucc.

Broad-leaved

Quercus mongolica Fisch. ex Ledeb., Fraxinus mandshurica Rupr., Phellodendron
amurense Rupr., Juglans mandshurica Maxim., Betula L., Tilia amurensis Rupr.,
Acer pictum subsp. mono (Maxim.) Ohashi, Acer tegmentosum Maxim., Ulmus
pumila L., Populus L.

Figure 1. The study area and distribution of sample plots of natural coniferous–broadleaved mixed
forests across Jilin Province of China.

The allometric models for tree-level species and site-specific models came from refer-
ence [27], and species-level carbon factors were utilized to estimate stand-level total carbon
(sum of aboveground and root). Table 2 shows the basic descriptive statistics of stand
factors of natural coniferous–broadleaved mixed forests in the present study.
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Table 2. Basic descriptive statistics of natural coniferous–broadleaved mixed forest plots (n = 1013).

Variables Mean Min. Max. S.D.

N (trees/ha) 1033 333 3917 523
Dg (cm) 16.9 5.7 33.9 5.1

BA (m2/ha) 23.30 1.31 62.81 10.20
Age (a) 79 4 202 42

Carbon (t/ha) 53.01 1.12 201.24 32.77
Mean air temperature (◦C) 2.43 −1.40 6.10 1.15

Mean annual precipitation (mm) 199.37 110.11 333.39 30.56

2.3. Stand Structural Diversity

Stand structural diversity was quantified by the Shannon–Weaver, Simpson, and
GiniSimpson index in terms of DBH class abundance (Table 3). The DBH width class is
equal to 2 cm or 4 cm in this study and is mainly based on the actual needs of forestry
management and the customary consideration of data processing [17].

Table 3. Summary of formulas for stand structural diversity.

Variables Formula

N_Shannon_Size2_Div and
N_Shannon_Size4_Div N_Shannon_Size_Div = −∑dC

i=1
ni
n

ln(
ni
n
)

N_Simpson_Size2_Div and
N_Simpson_Size4_Div

N_Simpson_Size_Div =
1

∑dC
i=1 (

ni
n
)

2

N_GiniSimpson_Size2_Div and
N_GiniSimpson_Size4_Div N_GiniSimpson_Size_Div = 1 − ∑dC

i=1 (
ni
n
)

2

BA_Shannon_Size2_Div and
BA_Shannon_Size4_Div

BA_Shannon_Size_Div = −∑dC
i=1

BAi
BA

ln(
BAi
BA

)

BA_Simpson_Size2_Div and
BA_Simpson_Size4_Div

BA_Simpson_Size_Div =
1

∑dC
i=1 (

BAi
BA

)
2

BA_GiniSimpson_Size2_Div and
BA_GiniSimpson_Size4_Div BA_GiniSimpson_Size_Div = 1 − ∑dC

i=1 (
BAi
BA

)
2

Note: dC represents the number of DBH classes in the plot; ni denotes the stem number of the i-th DBH class in the
plot; n is the stem number in the plot; BAi is the stand basal area of the i-th DBH class in the plot; BA is the stand
basal area in the plot. “2” and “4”, which represent DBH width class, are equal to 2 cm and 4 cm, respectively.

2.4. Development of a Carbon Growth Model with Grade or Stand Structural Diversity

Two models, the Logistic model and the Gompertz model, were used to fit the stand
carbon growth equations (Equations (1) and (2)).

Carbon =
a(

1 + c·e−r·Age
) (1)

Carbon = a·e−c·e−r·Age
(2)

where Carbon represents stand carbon; Age represents stand average age; and a, r, and c
are the parameters of the stand carbon growth model.

Due to stand carbon growth being different at the same age, we utilized the pa-
rameter stand carbon growth grade (k) to describe stand carbon growth trends; the k of
optimal grade value was defined as “1” (Equation (3)) and was achieved using equal model
parameter gap spacing. For example, there is a parameter β that is transformed into a
set of arithmetic sequence parameters (β1~βk) with a tolerance of d after considering k
(Equation (4)) [12,14]. The k value of each plot is also obtained through iteration, i.e., the
k value between two iterations no longer changes. The k value was primarily determined
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based on the model performances, stand characteristics (bscheffe.test), the number of plots,
and convenience of application.

k =

⎧⎪⎨
⎪⎩

1, Carbon ≥ f (Age|β1)

Li, f (Age|βi+1 ) ≤ Carbon < f (Age|βi), i = 1, 2, 3, ..., k
k, Carbon ≤ f (Age|βk)

Li = i + int
[

f (Age|βi)
f (Age|βi)− f (Age|βi+1)

]
, i = 1, 2, 3, ..., k

(3)

β ⇒ β +
1

∑
k=1

(k − 1)·d·Lk (4)

where f represents the theoretical growth model; β1~βk are the parameters of the i-th level
stand carbon growth model, and any combination of parameters in Equations (1) and (2)
can be selected, and parameter a is usually preferred; int is an integer function; d is the
difference between the adjacent stand carbon growth grade parameter estimates; Lk is a
dummy variable of stand carbon growth grade consisting of 0 and 1; and the other variables
are the same as described above.

Because of the different model selections, the carbon sequestration grade of each plot
will be different under the condition of a given classification number k. The Kappa value
was used to compare the differences between the Logistic model and the Gompertz model
(Equation (5)).

Kappa = P1−P2
1−P2

where P1 =
∑k

i I(nL
i =nC

i )
n and P2 =

∑k
i nL

i ·nC
i

n2 .
(5)

where nL
i and nC

i are the sample numbers of the Logistic grading model and the Gompertz
grading model at the i-th carbon growth grade, respectively; I() is the indicator function,
and its value is 1 if the conditions in brackets are met, otherwise it is 0; n is the number of
samples for training data.

Due to the complex structure of mixed forests, we introduced the stand structural
diversity in the stand carbon growth model. There were 12 candidate variables of stand
structural diversity. In order to select the most suitable predictive variable of stand structural
diversity for carbon storage estimation, we used a comprehensive feature selection method for
multi-variable input, which consists of 8 widely used methods, namely Pearson correlation
analysis, principal component analysis (PCA, including the principal component regression
judgment method (PCAreg) and the sum of squared loadings (PCALss)), stepwise regression,
redundancy analysis (RDA), generalized additive model (GAM), random forest (RF), and
boosted regression tree (BRT). This method has been well applied in biomass prediction [28].
The screened variables were used to develop the carbon storage growth model with stand
structural diversity by the reparameterization method, which includes both multiplicative
and additive forms. For example, the stand carbon growth models with multiplicative and
additive parameters c in the Logistic model were as follows (Equations (6) and (7)). All
models developing work were done in R statistical software (v4.2.2).

Carbon =
a(

1 + (c1·SSc2)·e−r·Age
) (6)

Carbon =
a(

1 + (c1 + c2·SS)·e−r·Age
) (7)

where SS is the stand structural diversity variable; other variables are the same as
described above.
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2.5. Model Evaluation

The goodness-of-fit statistics for evaluating the performance of the stand carbon
growth models were the coefficient of determination (R2) and root mean square error
(RMSE), calculated according to Equations (8) and (9).

R2 = 1 −

n
∑

i=1
(Ci − Ĉi)

2

n
∑

i=1
(Ci − C)2

(8)

RMSE =

√√√√√ n
∑

i=1
(Ci − Ĉi)

2

n
(9)

where Ci and Ĉi represent the observed and predicted stand carbon values, respectively;
C is the observed mean stand carbon; and n is the number of samples for training data.

2.6. Modified Carbon Sink Estimates

The carbon sink per unit area can be determined by deriving the carbon growth model.
Considering the stand carbon growth grade and structural diversity, and assuming that
the future forest area will remain unchanged, Equation (10) can be used to estimate the
dynamic change in the regional carbon sink of natural arbor forests in Jilin Province.

CSTq =
∑N

i=1 f ′(Ageq)·A
N

·S (10)

where CST is the regional carbon sink; f ′ is the derivative function of the carbon growth
model; Ageq is stand average age at a time node q; A is the sample plot area; N is the
number of sample plots in 2014 (N = 265); and S is the expansion coefficient, which is 43,200
(4 × 8 × 100 × 0.9 × 15) in Jilin province.

3. Results

3.1. Carbon Growth Models’ Development

The goodness-of-fit values of carbon growth models were very bad when only consid-
ering stand age, with the R2 of the basic stand carbon growth models being only between
0.31 and 0.36 (Table 4).

Table 4. The parameters and goodness-of-fit values (R2 and RMSE) of the stand carbon growth model
with stand age only.

Model
Parameter

R2 RMSE
(t/ha)a c r

Logistic 76.666 2.451 0.0275 0.31495 27.126
Gompertz 76.666 2.451 0.0274 0.35675 26.285

3.2. Carbon Growth Grade Classification and Models’ Development

Using Logistic and Gompertz equations to obtain carbon growth grades, the R2 values
of the stand carbon storage growth models were all above 0.8, and the RMSEs were less
than 14 t/ha. There was little difference in the evaluation indices of the two growth models
(Table 5). However, models with varying numbers of carbon growth grades had different
performances; as the number of carbon growth grades increased, the model performance
became better (Table 5). R2 had the largest rate of increase when the number of carbon
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growth grades was 5 (6.91% for the Logistic equation and 6.81% for the Gompertz equation).
At the same time, the Kappa coefficients of the two types of growth models were above
0.97, and if the number of carbon growth grade classifications was 3, the Kappa coefficients
of both types of growth models reached 0.99 (Table 6), indicating that both types of growth
models are highly consistent with the carbon growth grade.

Table 5. The goodness-of-fit values (R2 and RMSE) for three different models among four
grade classifications.

Model
No. of Classifications

3 5 7 9

Logistic R2 = 0.81737,
RMSE = 13.999 (t/ha)

R2 = 0.87383,
RMSE = 11.635 (t/ha)

R2 = 0.89182,
RMSE = 10.774 (t/ha)

R2 = 0.89998,
RMSE = 10.360 (t/ha)

Gompertz R2 = 0.81833,
RMSE = 13.962 (t/ha)

R2 = 0.87405,
RMSE = 11.625 (t/ha)

R2 = 0.89251,
RMSE = 10.740 (t/ha)

R2 = 0.90055,
RMSE = 10.330 (t/ha)

Table 6. The Kappa values of carbon growth grade classifications for two different models.

Kappa
Logistic

3 5 7 9

Gompertz

3 0.9922 - - -
5 - 0.9739 - -
7 - - 0.9820 -
9 - - - 0.9731

According to the multiple comparisons of the different grades, the mean values of
stand carbon and productivity had significant differences when the grades were separately
divided into levels 5 (Table 7) and 3 (not listed). And the greater the mean value of stand
carbon and productivity, the higher the grade level. However, when the grades were
divided into levels 7 and 9, the results of multiple comparisons were not significant. At
the same time, considering the convenience of the application of the model, the number of
carbon growth grade classifications was finally chosen to be 5; the model expression with
carbon growth grade and its simulation diagram are shown in Equation (11) and Figure 2,
respectively. The model containing carbon growth grade can describe the growth process
of stand carbon well.

Carbon =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

242.84·e−1.887·e−0.009572·Age
, Grade 1

195.17·e−1.887·e−0.009572·Age
, Grade 2

147.49·e−1.887·e−0.009572·Age
, Grade 3

99.82·e−1.887·e−0.009572·Age
, Grade 4

52.14·e−1.887·e−0.009572·Age
, Grade 5

(11)

Table 7. Multiple comparisons between two different models when carbon growth grades were
classified as 5.

Model Indicator F Grade The Number of Sample Plots Mean

Logistic

Stand carbon
(t/ha) 2.38

Grade 1 67 108.21 a
Grade 2 150 82.02 b
Grade 3 262 60.74 c
Grade 4 347 42.18 d
Grade 5 187 19.25 e

Carbon productivity
(t/ha/a) 2.38

Grade 1 67 1.45 a
Grade 2 150 1.06 b
Grade 3 262 0.80 c
Grade 4 347 0.60 d
Grade 5 187 0.40 e
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Table 7. Cont.

Model Indicator F Grade The Number of Sample Plots Mean

Gompertz

Stand carbon
(t/ha) 2.38

Grade 1 68 107.31 a
Grade 2 145 83.83 b
Grade 3 259 60.76 c
Grade 4 350 42.33 d
Grade 5 191 19.36 e

Carbon productivity
(t/ha/a) 2.38

Grade 1 68 1.46 a
Grade 2 145 1.05 b
Grade 3 259 0.81 c
Grade 4 350 0.61 d
Grade 5 191 0.40 e

Note: Carbon productivity is obtained by dividing stand carbon by stand average age; different lowercase letters
represent significant differences at the 0.05 level.

Figure 2. Simulation of the stand carbon growth process based on the Gompertz equation with
carbon growth grade 5 level.

3.3. Significant Structural Diversity Variables Affecting Stand Carbon

Based on the comprehensive feature selection method for multivariable input,
N_Shannon_Size4_Div was selected seven times, followed by BA_GiniSimpson_Size2_Div,
which was selected five times. The remaining nine stand structure diversity variables
were selected no more than four times; hence, N_Shannon_Size4_Div was chosen as the
representative variable for stand structure diversity when establishing the stand carbon
storage growth model (Table 8).

3.4. Stand Carbon Growth Model with Stand Structural Diversity

The goodness-of-fit values of different theoretical growth models were very different
when only considering stand age and introducing structural diversity. After introducing
structural diversity, the R2 value of both Logistic and Gompertz models was improved
(Tables 4 and 9). The Additive reparameterization method based on Gompertz further
reduced the RMSE, showing that the structural diversity (N_Shannon_Size4_Div) signifi-
cantly improved the prediction accuracy of the models. Compared with the basic Gompertz
model, the curve predicted and simulated by the stand carbon storage growth model con-
sidering structural diversity was closer to the actual stand carbon growth process (Figure 3),
which further verified the role of structural diversity in improving the prediction accuracy
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of the model. These findings emphasize the importance of considering the diversity of
stand structural for forest carbon sink assessment.

Table 8. Results of stand structural diversity variables based on comprehensive multivariable input
feature selection.

Variables Frequency Approach

N_Shannon_Size4_Div 7 Corr, Step, RDA, PCAReg, GAM, RF, BRT
BA_GiniSimpson_Size2_Div 5 Step, PCAReg, GAM, RF, BRT

BA_Shannon_Size2_Div 4 PCALss, PCAReg, GAM, RF
N_Shannon_Size2_Div 4 RDA, GAM, RF, BRT
N_Simpson_Size2_Div 4 Step, RDA, PCAReg, GAM
N_Simpson_Size4_Div 4 Step, RDA, PCAReg, GAM

BA_Shannon_Size4_Div 3 Step, RDA, BRT
BA_Simpson_Size2_Div 2 PCAReg, RF
BA_Simpson_Size4_Div 2 PCAReg, GAM

N_GiniSimpson_Size2_Div 2 Step, RDA
N_GiniSimpson_Size4_Div 1 RDA

Note: Corr represents correlation analysis; Step represents stepwise regression; RDA represents redundancy
analysis; PCAReg represents the principal component regression judgment method; PCALss represents the sum
of squared loadings method; GAM represents generalized additive model; RF represents random forest; BRT
represents boosted regression tree.

Table 9. The parameters and goodness-of-fit values (R2 and RMSE) of the stand carbon growth model
considering stand structural diversity variables.

Model
Parameter

R2 RMSE
(t/ha)a r c1 c2

Logistic Additive 86.915 0.0160 9.670 −4.471 0.45736 24.142
Multiplicative 600.000 0.0081 30.693 −0.836 0.46445 23.984

Gompertz Additive 327.503 0.0032 3.967 −0.964 0.48359 23.551
Multiplicative 600.000 0.0033 3.513 −0.202 0.44745 24.361

Note: The parameter a in all models is limited to a range less than 600 in order to ensure the rationality of
the model.

Figure 3. Simulation of the stand carbon growth process based on the basic Gompertz model (pink
line) and considering stand structural diversity (purple line). The colors of points represent stand
structure diversity divided into five uniform groups according to the numerical value.
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3.5. Future Carbon Sink Estimation Based on Different Models

The changing trends of carbon sinks predicted by three different models were very
different (Figure 4). The forest carbon sink predicted by the basic model decreased from
~1200 t/a in 2014 to ~550 t/a in 2060. The carbon sink predicted by the model considering
carbon growth grade also showed a downward trend, but the decline was small, from
~1100 t/a in 2014 to ~970 t/a in 2060. However, the model considering structural diversity
showed a more positive trend, with forest carbon sinks gradually increasing from ~760 t/a
in 2014 to ~840 t/a in 2060. These results show that enhancing the complexity of the stand
DBH structure can maintain the forest carbon more effectively and realize the increase in
carbon sinks. This has important guiding significance for forest management and carbon
sink strategy formulation.

Figure 4. Comparison of trends of forest carbon sinks from 2014 to 2060. The red line represents the
predicted value of the forest carbon sink based on the Gompertz basic model, the green line represents
the predicted value of the forest carbon sink considering carbon growth grade in the Gompertz model,
and the blue line represents the predicted value of the forest carbon sink considering structural
diversity in the Gompertz model.

4. Discussion

4.1. The Performance of Stand Carbon Growth Models

The data from the National Forest Inventory can provide an effective measurement of
carbon storage, which makes it possible to establish the forest carbon storage growth model
and greatly improves the accuracy of forest carbon sink estimation [29]. Carbon growth
model development and carbon sink estimation analysis can be used as a decision-making
tool for forest management. Previous studies usually estimated forest carbon using the
biomass–volume conversion expansion factor or a stand biomass model, which related
biomass to stand basal area and average height [30–32]; however, there is little research
on stand carbon growth models, especially those considering the effects of carbon growth
grade classification and stand structural diversity in mixed forests. This study used the
theoretical growth models, named the Logistic equation and the Gompertz equation, to
develop stand carbon growth models. The results of the present study, which analyzed
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R2 and RMSE values of the stand carbon growth models, showed that the Gompertz
models were better than the Logistic models (Tables 4, 5 and 9). This is different from
previous studies by Peng et al. [11] and Xu et al. [9], and the study by Qin et al. [12], which
stated that the Logistic equation and the weighted mean of Richard, Hossfeld, and Korf
equations could fit the forest carbon growth process and dynamic balance well, respectively.
Compared with the model from Zhang et al. [33] for mixed coniferous–broadleaved forests
(Carbon = 0.5 × 326.4180/(1 + exp(3.3010 − 0.1181 × Age)), R2 = 0.79, N = 15), the results
of our data prediction were quite different, mainly due to the small number of samples
of Zhang et al. [33]. In addition, because of the different tree species and environmental
factors, the carbon growth model forms and parameters are different in different forest
types, and the saturation time of natural forest growth varies greatly [34]. Thus, the model
based on age alone cannot fully capture the large dispersion of carbon growth [13]. At
present, it is difficult to use a unified model form to establish the relationship between
carbon storage and age, and it was the best method for establishing the optimal carbon
growth model through comparative testing [33]. This study showed that the Gompertz
equation fitted the growth process well when stand age increased in the stand carbon in the
natural coniferous–broadleaved mixed forests in Jilin Province of China, and it was observed
that the natural coniferous and broadleaved mixed forests reached carbon saturation later
(Figures 3 and 4), which is similar to the results of the research by Zhang et al. [34].

In addition, models considering the carbon growth grade classification and stand
structural diversity variables were stable overall and the model parameters were significant
(at 0.05 level) and reliable. The models explained 87% and 48% of the variations in stand car-
bon, respectively, and the RMSEs were less than those of the basic model (Tables 4, 5 and 9),
which illustrates that the two models were superior to the basic model; thus, the effects
of carbon growth grade classification and stand structural diversity on stand biomass
were significant. The carbon growth grade classification improved the stand carbon model
accuracy, which was consistent with the results of Li and Zhao [35]. Of all four grades, the
grade with 5 levels best improved the accuracy of the stand carbon growth model (54%)
and there were significant differences in stand carbon and carbon productivity [36,37].
Different structural diversity indexes reflect the distributions of different diameters, and the
Shannon index is considered the most potential structural diversity variable to estimate the
carbon storage of stands, which is consistent with our previous research [28]. Furthermore,
the fitting effect of 4 cm width was better than that of 2 cm, which was consistent with
previous research [17].

4.2. Forest Carbon Estimation Based on the Stand Carbon Growth Model

Forest carbon sink estimation in our results showed that the forest carbon sink of the
natural coniferous and broadleaved mixed forests in Jilin Province of China was expected
to reach 791 (781~801) t c/a in 2030 and 843 (833~852) t c/a in 2060, which was separately
17% lower and 51% higher than forest carbon sinks estimated by considering only stand
age. These different estimations of future forest carbon sinks stem from the calibration of
key parameters (stand structural diversity) of mixed forest growth with long-term datasets
when we built the model, which enables our model to simulate forest carbon storage
on a large scale [38,39], as stand age is a one-dimensional variable and shows a weaker
correlation with stand carbon compared to other stand structural diversity [40]. The carbon
growth grade classification can address the variations in carbon storage when the stand
age is the same since the carbon growth grade classification model has good prediction
accuracy [12].

Although environmental factors can also be directly added to the model, it is difficult
to obtain these indicators directly, especially on a large scale. Previous studies mainly
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obtained these by interpolation, which introduces uncertainties. These environmental
factors can be represented by carbon sequestration grade, which can simplify the model
and facilitate application; however, carbon prediction needs to determine the carbon
growth grade of the sample plot before it can be introduced into the model to estimate the
carbon storage of the stand. We showed a method for determining carbon growth grade
classification here:

(1) If the study site is a participatory modeling site:

The carbon growth grade classification level has already been established and only
the age of the stand needs to be measured in order to apply the model for estimating forest
carbon storage and carbon sink.

(2) If a plot was not included in the modeling data and the age is known:

The carbon stock of the stand can be calculated based on the volume and carbon
coefficient, and then the carbon stock of the stand can be estimated using different carbon
grade models based on stand age. Finally, the estimated error of the carbon stock of the
stand is utilized to determine the carbon growth grade classification.

(3) If a plot was not included in the modeling data and the age is unknown:

Carbon growth grade classification can be used to determine stand carbon surveys
over two periods. Specifically, the stand age in two periods can be calculated by stand
carbon models, and the grade from the two periods closest to the survey interval period
can then be used as the final carbon growth grade of the plot.

This method of establishing a model by dividing carbon growth grades and estimating
carbon storage can also be used for other tree species, but the number of grades needs to be
further studied according to the sample number and model accuracy [35].

4.3. Positive Impact of Stand Structural Diversity on Forest Carbon Sequestration

Our research results show that the diversity of stand structures has a positive impact
on forest carbon sinks, which is consistent with previous research results. This can be
explained as follows: forests with high structural diversity can increase complementary
effects; improve the efficiency of light, water, and nutrient utilization; and enhance their
adaptability to environmental changes [41,42]. Specifically, trees of different sizes and struc-
tures occupy different horizontal and vertical spaces within the ecosystem and ecological
niches, complex forest structures allow light to reach different depths more efficiently, and
also better capture rainwater and retain water and nutrients in the soil, avoiding resource
competition. Thus, the ability to convert more resources into growth is improved [43] and
forest carbon sinks are enhanced.

Structural diversity is one of the aspects of forest control, and growth models of forest
carbon storage considering structural diversity can provide a supplementary method for
improving the forest carbon capture management model. Based on the positive influence
of forest structure diversity on forest carbon sinks, we propose that adjusting DBH class
diversity and promoting the formation of a complex DBH class structure in the forest can
effectively improve forest carbon sinks.

4.4. Limitations of the Study

This study did not account for the impact of stand density, which is also one of
the important factors affecting forest carbon sequestration [44]; it can be included in the
model to obtain a more accurate estimate of forest carbon sequestration. Second, in the
estimation of forest carbon stock, this study assumed that stand structural diversity remains
unchanged, while in fact, it will change as the stand age increases. In addition, this study
only estimated the carbon sequestration of existing forests and ignored the carbon stock of

172



Forests 2025, 16, 227

newly planted forests [45], which may result in the study’s results being lower than the
actual value. It is also worth noting that the forest age increases by one every year during
the simulation of forest carbon sequestration. For example, the stand with an age of 80
years in 2014 will be 126 years in 2060, but there is an age lag in mixed forests; that is,
the stand age increment largely deviated from 1 year per year [46,47]. Future studies can
construct a model system by supplementing the stand carbon storage model with density,
structural diversity, and carbon sequestration grade, estimating the dynamic prediction
model of stand structural diversity, estimating the dynamic prediction model of stand
density, and quantifying the structure of stand age so as to more accurately estimate forest
carbon sequestration.

5. Conclusions

Based on two theoretical growth models, the Logistic and Gompertz equations, the
stand carbon growth model considering carbon growth grade and stand structural diversity
was developed to improve the prediction accuracy of forest carbon sinks for natural
coniferous–broadleaved mixed forests in Jilin province of China. The results showed that
the classification of carbon growth grade and the stand structural diversity can solve the
problem of different carbon stocks at the same stand age. The 5-grade classification of
carbon growth grade based on the Gompertz equation and the stand structural diversity
variable taking N_Shannon_Size4_Div into account have the best effect on improving the
accuracy of the stand carbon growth model, both of which were better than the basic
model considering only the stand age. Both R2 and RMSE were improved, significantly
improving the prediction accuracy of the model, which indicated that these two factors
have significant effects on stand carbon storage. The prediction of carbon sinks in the
future showed that the model prediction considering structural diversity produces a more
positive carbon sink trend, which shows that by increasing the complexity of stand DBH
structure, forest carbon storage can be maintained more effectively, and carbon sinks can
be increased. In the future, it will be necessary to continue to develop models that take
into account density in the structural diversity of the forest stand. The results of this study
highlight the importance of considering carbon growth grade and structural diversity to
improve the accuracy of forest carbon sink predictions and provide a scientific basis for the
development of effective forest management and carbon sink strategies.
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Abstract: This study aims to analyze the natural regeneration characteristics and the key
factors of Quercus forests, providing a theoretical foundation for maintaining the ecological
stability of Quercus forests in northern China. In June and July 2023, 17 square plots of five
Quercus species in Beijing were surveyed, and seedling regeneration and environmental
factors (site, stand and soil factors) were measured. Pearson correlation and random forest
algorithms were used to identify the relevant and key environmental factors affecting
seedling regeneration density (Seedling 1, Seedling 2, Seedling 3). The natural regeneration
capabilities of the five Quercus species in the Beijing area vary, with Quercus aliena and
Quercus variabilis being stronger, while Quercus mongolica, Quercus acutissima and Quercus
dentata are relatively weaker. Correlation analysis showed that Seedling 1 has no significant
correlation with environmental factors; Seedling 2 is significantly negatively correlated with
Pielou’s evenness (J) and exchangeable calcium (ECa) (p < 0.05); Seedling 3 is significantly
positively correlated with species richness (S), Shannon–Wiener index (H), stand volume
(M), and litter layer thickness (LT) (p < 0.05), and significantly negatively correlated with
Pielou’s evenness (J) (p < 0.01). The random forest algorithm indicated that the regeneration
of Seedling 1 is mainly affected by stand factors, while the regeneration of Seedling 2 and
Seedling 3 is more influenced by soil and site factors. The Quercus forests in the Beijing
region exhibit a rich species composition and demonstrate a certain capacity for natural
regeneration. However, seedling growth is more constrained by soil and site factors in
the later stages. Therefore, in the management of Quercus forests, environmental factors
can be regulated during the seedling growth stage to create more suitable conditions
for regeneration.

Keywords: Quercus species; regeneration diversity; importance values; correlation analysis;
random forest

1. Introduction

The natural regeneration of forests is crucial for maintaining ecological balance, sta-
bilizing community structures, and conserving biodiversity [1–3]. It plays a pivotal role
in the natural restoration of forest ecosystems and in preserving the genetic diversity of
species in the regeneration layer [4,5]. The regeneration of forests is influenced by human
and habitat factors, the latter of which include site factors [6–8], stand factors [9–11], and
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soil factors [12–14]. However, the dominant factors affecting natural regeneration vary
among different forest types. In fact, studies have shown that site factors (e.g., altitude,
slope, and aspect [15–17]), stand factors (e.g., tree diversity, competition index, and under-
story vegetation [18–20]), and soil factors (e.g., soil nutrients, soil organic matter and total
phosphorus [21–24]) are major factors influencing the density of regenerating seedlings,
respectively. Furthermore, the forest regeneration stage (sapling stage, seedling stage,
young tree stage) is the most sensitive period to environmental factors during tree growth
and a crucial period determining the success of natural forest regeneration [25,26]. The
factors influencing regeneration vary across different forest types and species, and even
for the same forest type, differences at regeneration stages can result in varying factors
influencing regeneration. Therefore, a comprehensive understanding of the regeneration
characteristics of juvenile plants and the heterogeneity of environmental conditions is of
practical significance for forest ecosystem protection and management.

The area of Quercus forests accounts for 11.95% of China’s total forest area, and the
volume of Quercus forests accounts for 9.98% of China’s forests, making them a major
component of China’s natural forests [27]. Quercus species are also an important species in
the natural zonal forests of northern China, providing vital ecological services such as water
conservation, soil erosion control, and forest fire prevention, thereby contributing to the
country’s dual carbon goals. In Beijing, Quercus forests cover 122,700 hectares, accounting
for 19.74% of the city’s arboreal forests area. Natural and secondary Quercus forests are
mainly distributed in the mountainous regions of Beijing, with Q. aliena, Q. mongolica,
Q. acutissima, Q. variabilis, and Q. dentata being the predominant species. However, the
connections between natural regeneration characteristics and environmental factors across
different Quercus forest regeneration stages remain unexplored. Hence, exploring the
natural regeneration characteristics and its influencing factors of the typical Quercus forests
could improve the quality of forest resources and their management, directly affecting the
overall quality of Beijing’s forest resources.

Therefore, this study focuses on Quercus forests in the Beijing region. We addressed the
following research contents. (1) The species composition and regeneration characteristics
of different Quercus stands are analyzed to understand the current regeneration status
of Quercus forests. (2) Through correlation analysis, the study explores the impact of
environmental factors on seedling regeneration and (3) applies random forest algorithms
to rank the importance of these factors in influencing regeneration density. The findings
aim to provide a theoretical basis for the efficient utilization and management of Quercus
forest resources in Beijing, contributing to the maintenance of biodiversity and ecological
balance.

2. Materials and Methods

2.1. Study Site

Beijing (39◦24′~41◦36′ N, 115◦42′~117◦24′ E) is located in the northern part of the
North China Plain. It covers an area of approximately 16,410.54 km2, with a forested area
of 1.1062 million hectares, a forest coverage rate of 44.4%, a total forest resource area of
848,300 hectares, and a forest volume of 25.2 million cubic meters [28]. The elevation of
the Beijing Plain ranges from 20 to 60 m, while the mountains generally have elevations
between 1000 and 1500 m, with an average elevation of 43.5 m. Beijing has a warm
temperate semi-humid continental monsoon climate, with an annual average temperature
of 10–13 ◦C and a frost-free period of 180–200 days, with most rainfall occurring in summer.
The main soil types include mountain brown soil, cinnamon soil, and mountain meadow
soil [29]. The predominant vegetation in the study area is composed of tree species such
as Quercus acutissima, Quercus variabilis, Quercus mongolica, Quercus aliena, Quercus dentata,
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Pinus tabuliformis, Larix principis-rupprechtii, Acer truncatum, Ailanthus altissima, Ginkgo
biloba, Populus tomentosa, and Fraxinus chinensis; shrub species include Leptopus chinensis,
Spiraea cantoniensis, Syringa oblata, Lonicera maackii, and Jasminum nudiflorum; herbaceous
species include Allium ochotense, Polygonatum odoratum, Sedum spectabile, Hemerocallis fulva,
Chrysanthemum indicum, and Potentilla chinensis [30].

2.2. Experiment Design

Field surveys were conducted in June and July of 2023 in typical Quercus-dominated
communities in Beijing. Plots were established in areas where Quercus species were rel-
atively concentrated, covering five types of Quercus stands: Q. aliena (Bailongtan Forest
Farm), Q. variabilis (Xishan Experimental Forest Farm), Q. mongolica (Beijing Western For-
est Farm), Q. acutissima (Shangfangshan National Forest Park), and Q. dentata (Xishan
Ex-perimental Forest Farm). The plot locations are shown in Figure 1.

Figure 1. Location of survey plots for five Quercus species in Beijing: Q. aliena, Q. acutissima, Q. dentata,
Q. variabilis, and Q. mongolica.

A total of 17 square plots were set up. Trees with a diameter at breast height (DBH)
greater than 1 cm were measured for tree height, DBH, origin and dry biomass, and tree
locations were also recorded with a real-time kinematic (RTK). For each plot, 5 m × 5 m
subplots were set up at the four corners and the center for seedling and shrub surveys, and
1 m × 1 m subplot was set up for herbaceous vegetation surveys. These subplots recorded
species names, quantities, height, and coverage. GPS was used to measure altitude, slope
aspect, slope position, and other information. Basic plot information is summarized
in Table 1.
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Table 1. Basic information of the study plots.

Stand Type Plot Number
Plot Area

(m2)
Altitude (m) Slope Aspect

Slope
Position

Stand Density
(n/ha)

Q. aliena
1 900 483 N U 1621
2 400 470 N U 899
3 400 465 N M 999

Q. mongolica
1 600 950 N M 2581
2 600 930 N M 2914
3 600 925 N M 1832

Q. acutissima

1 600 284 S M 566
2 600 284 S M 683
3 600 284 S L 549
4 400 284 N M 350

Q. variabilis

1 900 192 S M 699
2 900 195 S M 533
3 900 186 S M 766
4 2500 186 N M 1139

Q. dentata
1 900 755 N M 1365
2 900 780 N U 1365
3 900 776 N U 1543

Note: N is the north-facing slope, S is the south-facing slope; U is upper, M is middle, L is lower.

2.3. Index Measurement

Soil samples from the 0–30 cm soil layer were collected at the four corners and center
of each fixed plot using aluminum boxes and soil augers for analysis of soil physical and
chemical properties. Five additional 1 m × 1 m subplots near each sample point were
established to measure the thickness of the litter layer and humus layer. Soil pH was
measured using a pH meter, organic matter was determined by the potassium dichromate
method, total nitrogen was measured by the Kjeldahl method, total phosphorus and avail-
able phosphorus were determined by the molybdenum-antimony colorimetric method,
available potassium was measured using a flame photometer, available manganese, iron,
copper, and zinc were measured by the DTPA extraction-atomic absorption spectropho-
tometry method, exchangeable calcium and magnesium were determined by ammonium
acetate extraction-atomic absorption spectrophotometry, alkali-hydrolyzed nitrogen was
measured by alkali diffusion, and electrical conductivity (EC) was measured using the
conductivity method. The cation exchange capacity (CEC) was determined by the cobalt
chloride extraction-spectrophotometric method [31–33].

In total, 36 environmental variables were selected for analysis, including 4 site factors
(altitude, slope aspect, slope position, slope gradient), 14 stand factors (total tree count,
species richness, Shannon–Wiener index, Pielou evenness index, crown density, stand
volume, stand density, average DBH, shrub species richness, shrub density, shrub height,
herbaceous species richness, herbaceous coverage, and herbaceous height), and 18 soil
factors (soil thickness, litter layer thickness, humus layer thickness, organic matter, total
nitrogen, total phosphorus, alkali-hydrolyzed nitrogen, available phosphorus, available
potassium, pH value, EC value, cation exchange capacity, exchangeable calcium, exchange-
able magnesium, available iron, available manganese, available copper, and available zinc).

2.4. Index Calculation and Selection
2.4.1. Seedling Density and Importance Value

Seedlings were divided into three categories: saplings (height < 30 cm), small seed-
lings (31 cm < height ≤ 51 cm), and young trees (height > 51 cm). The densities of each
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category were recorded as Seedling1 (S1), Seedling2 (S2), and Seedling3 (S3). The evaluation
of seedling regeneration was carried out according to the technical regulations of the
National Forestry and Grassland Administration (GB/T 38590-2020) [34]. The importance
value (IV) for each species was calculated as follows [35]:

IV = (RA + RF + RD)/3

where RA represents relative abundance (proportion of species in the total number of
individuals); RF represents relative frequency (proportion of species in the total number of
plots); and RD represents relative dominance (proportion of species’ average height in the
total average height of all species).

2.4.2. Plant Species Diversity Indices

Species diversity in Quercus stands was measured using species richness (S),
Shan-non–Wiener index (H), and the Pielou evenness index (J). The formulas for these
indices are as follows [36]:

H = −
S

∑
i = 1

Pi ln Pi,

J = H/ ln S

where S is the total number of species in the tree, and Pi is the proportion of all individuals
belonging to the species in the sample to the total number of individuals.

2.4.3. Index Selection

To better understand the factors influencing Quercus stand regeneration, 16 environ-
mental factors were selected after analyzing the correlation and collinearity between the
variables. These include 3 site factors, 6 stand factors, and 7 soil factors. The distribution of
the regeneration density and influencing factors in the Quercus stands is shown in Table 2.

Table 2. Environmental characteristics of the study plots.

Factor Type Variable Abbreviation Mean Range Standard Error

Regeneration
indicators

Seeding 1 (n/ha) S1 1584 320–3836 955
Seeding 2 (n/ha) S2 917 160–3037 769
Seeding 3 (n/ha) S3 2177 16–6474 1710

Site factors
Altitude (m) AL 495.82 186.00–950.00 291.70
Slope aspect SA - - -

Slope position SP - - -

Stand factors

Species richness (n) S 8 4–20 4
Shannon–Wiener index H 1.48 1.09–2.34 0.33
Pielou evenness index J 0.21 0.12–0.29 0.05
Stand volume (m3/ha) M 94.62 42.71–162.54 32.35

Shrub density (10,000/ha) SD 1.14 0.58–2.28 2.27
Herbaceous coverage (%) HC 13.17 0.6–36.6 9.72

Soil factors

Litter layer thickness (cm) LT 5.65 2.00–10.00 2.52
Total nitrogen (g/kg) TN 2.01 0.70–2.99 0.59

Available phosphorus (mg/kg) AP 3.49 1.22–6.95 1.65
Available potassium (mg/kg) AK 101.07 38.15–161.91 33.75

pH value pH 6.46 5.41–7.05 0.48
Exchangeable calcium (mg/kg) ECa 2774.54 1197.11–4191.62 707.26
Available manganese (mg/kg) AM 25.99 9.43–71.80 16.39
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2.5. Statistical Analysis

Correlation analysis was used to examine the relationships between the seedling re-
generation density (S1, S2, and S3), site factors (altitude, slope aspect, slope position), stand
factors (species richness, Shannon–Wiener index, Pielou evenness index, stand volume,
shrub density, and herbaceous coverage), and soil factors (litter layer thickness, total
nitrogen, available phosphorus, available potassium, pH value, exchangeable calcium, and
available manganese). The seedling densities (S1, S2, and S3) were treated as continuous
variables, the seedling regeneration stages (stage 1, stage 2, and stage 3) were treated
as categorical variables, and a random forest model (random forest function) was used
for processing. For continuous variables, the random forest regression algorithm was
employed to rank the relative importance of variables based on node purity improvement.
For categorical variables, the random forest classification algorithm was used to rank
the relative importance based on the decrease in Gini index. Correlation analysis and
random forest analysis were performed using R v4.4.1 software (R Development Core
Team, 2024) [37], with the corrplot [38] and GGally [39] packages for correlation analysis
and the randomForest package [40] for random forest analysis. Graphs were generated
using the ggplot2 package [41].

3. Results

3.1. Characteristics of Quercus Stand Regeneration
3.1.1. Regeneration Quantity and Grade Evaluation in Quercus Stands

The regeneration quantity and grade evaluation for the five types of Quercus stands are
shown in Table 3. From the regeneration quantity perspective, the numbers of regenerated
individuals in Q. aliena stands and Q. variabilis stands were higher than that of Q. dentata
stands, Q. mongolica stands, and Q. acutissima stands. In terms of growth status, at the
<30 cm regeneration level, the average height of Q. aliena, Q. acutissima, Q. mongolica, and
Q. variabilis stands was higher than that of Q. dentata stands. At the 31–50 cm regeneration
level, the average height differences across the five Quercus stand types were minimal.
However, at the >51 cm regeneration level, the average height of Q. aliena stands was lower
than that of the other Quercus stands. Regarding regeneration density, at the <30 cm and
>51 cm regeneration levels, the regeneration density of Q. aliena stands was significantly
higher than that of the other Quercus stands. At the 31–50 cm regeneration level, the
regeneration density of Q. aliena and Q. dentata stands was greater than that of the other
three Quercus stands. From a regeneration grade perspective, at the <30 cm level, natural
regeneration was poor in all five Quercus stand types. At the 31–50 cm level, Q. aliena,
Q. dentata, and Q. variabilis had moderate regeneration, while Q. acutissima and Q. mongolica
had poor regeneration. At the >51 cm level, Q. aliena and Q. variabilis showed good
regeneration, while the other three Quercus stand types exhibited moderate regeneration.
In summary, Q. aliena and Q. variabilis exhibited stronger regeneration potential, while
Q. dentata, Q. acutissima, and Q. mongolica had relatively weaker regeneration abilities.

Table 3. Regeneration quantity, average tree height, regeneration density, and grade evaluation at
different levels for various Quercus stands.

Level Stand Types Average Height (cm) Regeneration Density (n/ha) Grade

<30 cm

Q. aliena 21 1971 Poor
Q. dentata 15 1678 Poor

Q. acutissima 20 1379 Poor
Q. mongolica 22 1545 Poor
Q. variabilis 20 1459 Poor
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Table 3. Cont.

Level Stand Types Average Height (cm) Regeneration Density (n/ha) Grade

31–50 cm

Q. aliena 41 1332 Moderate
Q. dentata 40 1332 Moderate

Q. acutissima 41 519 Poor
Q. mongolica 42 453 Poor
Q. variabilis 41 1039 Moderate

>51 cm

Q. aliena 100 4236 Good
Q. dentata 117 1945 Moderate

Q. acutissima 125 1039 Moderate
Q. mongolica 112 1225 Moderate
Q. variabilis 113 2657 Good

3.1.2. Seedling Regeneration Characteristics in Quercus Stands

Based on the seedling survey data from 17 sample plots, the species composition and
importance values of the regenerated seedlings in the five Quercus stand types in Beijing
are shown in Table 4.

Table 4. Species composition and importance values of regenerated tree species in Quercus stands.

Stand Types Tree Species RA/% RF/% RD/% IV/%

Q. aliena

Celtis koraiensis 23.3 15.1 6.3 14.9
Celtis sinensi 13.4 15.1 4.9 11.1

Prunus triloba 9.8 9.6 8.0 9.1
Fraxinus chinensis 9.4 6.8 4.3 6.8

Fraxinus pennsylvanica 6.7 6.8 7.0 6.8
Ulmus laevis 8.3 6.8 3.2 6.1

Morus mongolica 3.9 6.8 5.7 5.5
Sophora tomentosa 3.5 6.8 5.1 5.1

Prunus padus 0.8 1.4 11.1 4.4
Ailanthus altissima 0.8 1.4 10.9 4.4
Pistacia chinensis 1.2 2.7 7.9 3.9
Cotinus coggygria 8.6 1.4 1.6 3.9

Morus alba 0.8 2.7 7.7 3.7
Acer truncatum 1.6 4.1 5.5 3.7
Quercus aliena 2.0 4.1 2.2 2.8

Koelreuteria paniculata 2.0 2.7 3.1 2.6
Celtis tetrandra 1.6 2.7 1.6 2.0

Broussonetia papyrifera 0.7 1.5 2.6 1.7
Quercus dentata 1.6 1.5 1.3 1.5

Q. dentata

Quercus dentata 19.4 21.7 3.5 14.9
Fraxinus chinensis 15.6 18.3 10.6 14.8
Morus mongolica 5.9 15.0 16.2 12.4

Morus alba 8.4 13.3 11.6 11.1
Diospyros lotus 24.0 3.3 4.1 10.5

Koelreuteria paniculata 14.7 8.3 4.5 9.2
Acer pictum 1.3 1.7 21.7 8.2

Acer truncatum 3.2 5.0 13.8 7.3
Celtis bungeana 3.8 5.0 5.0 4.6

Cotinus coggygria 2.5 5.0 5.9 4.4
Quercus variabilis 1.2 3.4 3.1 2.6
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Table 4. Cont.

Stand Types Tree Species RA/% RF/% RD/% IV/%

Q. acutissima

Quercus acutissima 16.7 26.8 3.3 15.6
Quercus dentata 20.2 19.6 3.7 14.5
Ziziphus jujuba 21.0 3.6 3.8 9.5

Robinia pseudoacacia 7.9 12.5 7.6 9.3
Prunus sibirica 7.9 8.9 7.4 8.1
Celtis bungeana 3.5 1.8 19.1 8.1
Ulmus pumila 7.0 7.1 6.7 6.9

Morus alba 1.8 1.8 16.6 6.7
Koelreuteria paniculata 6.1 7.1 5.0 6.1

Acer truncatum 3.5 3.6 10.1 5.7
Morus mongolica 1.8 1.8 11.6 5.1
Quercus variabilis 2.6 5.4 5.1 4.4

Q. mongolica

Fraxinus chinensis 78.7 56.5 9.0 48.1
Cotinus coggygria 2.4 4.3 67.5 24.7
Quercus mongolica 14.2 34.8 7.2 18.7

Crataegus pinnatifida 4.7 4.4 16.3 8.5

Q. variabilis

Koelreuteria paniculata 23.0 17.9 7.0 16.0
Quercus variabilis 24.2 17.9 4.3 15.5

Quercus aliena 11.7 13.4 4.7 9.9
Cotinus coggygria 11.4 14.9 3.2 9.8
Morus mongolica 6.4 7.5 10.7 8.2

Broussonetia papyrifera 7.0 9.0 6.2 7.4
Styphnolobium japonicum 1.8 3.0 17.3 7.4

Diospyros lotus 2.9 6.0 9.8 6.2
Morus alba 2.3 1.5 13.4 5.7

Fraxinus chinensis 2.3 3.0 7.6 4.3
Acer truncatum 1.2 1.5 9.3 4.0

Ailanthus altissima 3.5 1.5 3.7 2.9
Platycladus orientalis 1.2 1.5 2.2 1.6

Pistacia chinensis 1.1 1.5 0.6 1.1
Note: RA represents relative abundance; RF represents relative frequency; RD represents relative dominance;
IV represents importance value.

As shown in Table 4, there were differences in species richness and importance values
of regenerated tree species among the five Quercus stands in Beijing. In Q. aliena stands,
a total of 19 species were recorded, belonging to 9 families and 14 genera. The dominant
species was Celtis koraiensis, with an importance value of 14.9%, and the main accompanying
species were Celtis sinensi and Prunus triloba, both with importance values greater than
9%. In Q. dentata stands, a total of 11 species were recorded, belonging to 8 families and
9 genera. The dominant species were Q. dentata and Fraxinus chinensis, with importance
values of 14.9% and 14.8%, respectively, and the main accompanying species were Morus
mongolica, Morus alba, and Diospyros lotus, with importance values all greater than 10%. In
Q. acutissima stands, a total of 12 species were recorded, belonging to 8 families and 9 genera.
The dominant species were Q. acutissima and Q. dentata, with importance values of 15.6%
and 14.5%, respectively, and the main accompanying species were Ziziphus jujuba and
Robinia pseudoacacia, both with importance values greater than 9%. In Q. mongolica stands,
a total of four species were recorded, belonging to four families and four genera. The
dominant species was Fraxinus chinensis, with an importance value of 48.1%, and the main
accompanying species were Cotinus coggygria and Q. mongolica, with importance values
greater than 18%. In Q. variabilis stands, a total of 14 species were recorded, belonging to
11 families and 13 genera. The dominant species were Koelreuteria paniculata and Q. variabilis,
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with importance values of 16% and 15.5%, respectively, and the main accompanying species
were Quercus. aliena and Cotinus coggygria, with importance values greater than 9%.

3.2. Correlation Analysis of Factors Affecting Natural Regeneration in Quercus Stands
3.2.1. Correlation Between Natural Regeneration and Site Factors in Quercus Stands

The pairwise relationship between the three site factors (altitude, slope aspect, and
slope position) and three natural regeneration densities (S1, S2, and S3) in Quercus stands is
shown in Figure 2 (continuous variables as scatter plots, discrete variables as box plots).
The results show that altitude was positively correlated with S1 density, while negatively
correlated with S2 and S3 densities, though these relationships were not statistically sig-
nificant. Slope aspect and slope position, being categorical variables, did not show any
obvious correlation with S1, S2, and S3 densities in the box plots.

Figure 2. Pairwise relationship plots between natural regeneration density (Seedling 1 (S1),
Seedling 2 (S2), and Seedling 3 (S3)) and three site factors. *: p < 0.05; **: p < 0.01; AL: altitude;
SA: slope aspect; SP: slope position.

3.2.2. Correlation Between Natural Regeneration and Stand Factors in Quercus Stands

The correlation coefficients between six stand factors (S, H, J, M, SD, HC) and three
natural regeneration densities (S1, S2, and S3) are shown in Figure 3. From the results, it is
evident that S1 is negatively correlated with J, while the other five factors are positively
correlated, but none of these correlations are significant. S2 is negatively correlated with
J (r = −0.5, p < 0.05), while the other five factors were positively correlated but not significant.
Seedling 3 showed a significant negative correlation with J (r = −0.62, p < 0.01), and a
significant positive correlation with S (r = 0.76, p < 0.001), H (r = 0.74, p < 0.001), and
M (r = 0.5, p < 0.05).
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Figure 3. Heatmap of correlation coefficients between natural regeneration densities (Seedling 1 (S1),
Seedling 2 (S2), and Seedling 3 (S3)) and stand factors. *: p < 0.05; **: p < 0.01; ***: p < 0.001; S: species
richness; H: Shannon–Wiener index; J: Pielou evenness index; M: stand volume; SD: shrub density;
HC: herbaceous coverage.

3.2.3. Spatial Distribution Pattern of Forest Stand

The correlation coefficients between seven soil factors (LT, TN, AP, AK, pH, ECa, and
AM) and three natural regeneration densities (S1, S2, and S3) are shown in Figure 4. The
results show that S1 density was negatively correlated with AK and AM, while positively
correlated with the other variables, although none of these relationships were statistically
significant. S2 density showed a positive correlation with litter LT but was not significant,
while it was significantly negatively correlated with ECa (r = −0.48, p < 0.05), with other
variables showing no significant correlation. S3 density showed positive correlations with
LT, pH, and AM, with LT showing a significant positive correlation (r = 0.49, p < 0.05), while
the other four variables showed negative correlations, none of which were significant.

Moreover, Figures 2–4 show that the relationships between the three natural regenera-
tion densities (S1, S2, and S3) were different. S1 density is significantly positively correlated
with S2 density (r = 0.65, p < 0.01), and S2 density is significantly positively correlated with
S3 density (r = 0.55, p < 0.05), while the correlation between S1 and S3 density is positive
but not significant.
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Figure 4. Heatmap of correlation coefficients between natural regeneration densities (Seedling 1 (S1),
Seedling 2 (S2), and Seedling 3 (S3)) and soil factors. *: p < 0.05; **: p < 0.01; ***: p < 0.001; LT: litter
layer thickness; TN: total nitrogen; AP: available phosphorus; AK: available potassium; pH: pH value;
ECa: exchangeable calcium; AM: available manganese.

3.3. Random Forest Algorithm for Ranking Important Factors
3.3.1. Ranking of Important Factors Affecting Regeneration Grade in Quercus Stands

Using the random forest algorithm, the relative importance of the environmental
factors affecting the natural regeneration grade (a categorical variable with three levels) in
Quercus stands is ranked based on the Gini index reduction method, as shown in Figure 5.
The top five important factors affecting S1 regeneration grade were H, SD, S, J, and AM,
including four stand factors and one soil factor (Figure 5a). The top five important factors
affecting S2 regeneration grade were AP, H, J, AL and S, including one site factor, three
stand factors, and one soil factor (Figure 5b). The top five important factors affecting S3
regeneration grade were AK, H, TN, AP, and AL, including one site factor, one stand factor,
and three soil factors (Figure 5c). The top five important factors affecting the regeneration
grade of all seedlings (S1, S2, and S3) were AP, J, S, TN, and H, including three stand factors
and two soil factors (Figure 5d). In summary, as the seedling growth stage progresses, the
influence of site and soil factors on the regeneration grade increases.
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(a) (b)

(c) (d)

Figure 5. Relative importance ranking of environmental factors affecting regeneration grade of
seedlings ((a): Seedling 1, (b): Seedling 2, (c): Seedling 3, (d): all seedlings) based on the Gini index
reduction method. AL: altitude; SA: slope aspect; SP: slope position; S: species richness; H: Shannon–
Wiener index; J: Pielou evenness index; M: stand volume; SD: shrub density; HC: herbaceous coverage;
LT: litter layer thickness; TN: total nitrogen; AP: available phosphorus; AK: available potassium;
pH: pH value; ECa: exchangeable calcium; AM: available manganese.

3.3.2. Ranking of Important Factors Affecting Regeneration Density in Quercus Stands

Using the random forest algorithm, the relative importance of the environmental
factors affecting the natural regeneration density (a continuous variable) in Quercus stands
is ranked based on the node purity improvement method, as shown in Figure 6. The top
five important factors affecting S1 density were H, ECa, HC, J, and S, including four stand
factors and one soil factor (Figure 6a). The top five important factors affecting S2 density
were ECa, AP, M, AK, and J, including two stand factors and three soil factors (Figure 6b).
The top five important factors affecting S3 density were H, S, J, AK, and AM, including
three stand factors and two soil factors (Figure 6c). The top five important factors affecting
the regeneration density of all seedlings (S1, S2, and S3) were J, H, AK, AP, and S, including
three stand factors and two soil factors (Figure 6d). In summary, as the seedling growth
stage progresses, the importance ranking of stand factors (reflecting species diversity H, S,
and J) initially decreases and then increases, while the importance ranking of soil factors
gradually increases.
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(a) (b)

(c) (d)

Figure 6. Relative importance ranking of environmental factors affecting regeneration density of
seedlings ((a): Seedling 1, (b): Seedling 2, (c): Seedling 3, (d): all seedlings) based on the node
purity improvement method. AL: altitude; SA: slope aspect; SP: slope position; S: species richness;
H: Shannon–Wiener index; J: Pielou evenness index; M: stand volume; SD: shrub density; HC: herba-
ceous coverage; LT: litter layer thickness; TN: total nitrogen; AP: available phosphorus; AK: available
potassium; pH: pH value; ECa: exchangeable calcium; AM: available manganese.

Additionally, the results of the random forest algorithm indicate that the factor impor-
tance rankings for continuous variables (S1, S2, and S3) and categorical variables (grade 1,
grade 2, and grade 3) differ. Figures 5 and 6 show that the major factors affecting Seedling
1 (grade 1) regeneration density are mainly stand factors, while soil and site factors rank
higher for Seedling 2 (grade 2) and Seedling 3 (grade 3) regeneration density.

4. Discussion

4.1. Analysis of Different Regeneration Characteristics in Quercus Stands

The survey of five types of Quercus stands in Beijing showed that Quercus stands
with either excessively dense or sparse canopy layers had poor natural regeneration, while
stands with moderate density showed good regeneration. This finding is consistent with the
results of [42]. The possible reason for this could be the differences in understory vegetation
competition intensity and soil physical–chemical properties under different stand density
conditions. Furthermore, the species richness and composition of regenerated seedlings
in the five Quercus stands in Beijing differed significantly, which is similar to [43]. Due to
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the different spatial distributions of the five Quercus stand types, there were variations in
site factors, and differences in the dominant tree species and stand structure also led to
significant differentiation in natural regeneration species. The species composition of the
five Quercus stands was relatively complex, with a high species richness, and no single
dominant species of regenerated seedlings was evident. Especially in Q. mongolica stands,
the dominant regenerated seedling species was Fraxinus chinensis, with an importance
value of 48.1%, and the number of regenerating species was limited, leading to a clear
competitive relationship.

4.2. Effects of Environmental Factors on Natural Regeneration in Quercus Stands

The study indicated that site factors such as altitude, slope aspect, and slope position
had no significant effect on the natural regeneration density in Quercus stands. This contra-
dicts the findings of [44], which found slope aspect to significantly affect the regeneration
density of Q. aliena. The lack of significant results in this study may be due to the relatively
small number of plots sampled and the limited variation in site factors across those plots.
As the seedlings’ growth levels improve, the importance ranking of site factors (altitude,
slope aspect, and slope position) on seedling regeneration density gradually increases. In
the early stages of seedling growth, resources such as light, heat, and moisture are relatively
abundant, allowing seedlings to access sufficient resources under varying site conditions.
However, as seedling growth progresses, competition for resources intensifies, and site
conditions influence the available resources within the stand, thereby affecting regeneration
outcomes [45,46].

Plant species diversity index is one of the factors influencing natural regeneration
in Quercus stands in Beijing. The correlation analysis revealed that seedling regeneration
density was significantly positively correlated with Species richness and Shannon–Wiener
index, but significantly negatively correlated with the Pielou evenness index. Higher
species richness and Shannon–Wiener index suggest a greater number of ecological niches
and more complex ecological relationships, providing more resources for seedling growth,
which helps maintain ecosystem stability and enhance regeneration ability [47]. A higher
evenness index indicates that, in areas with higher seedling density, the evenness of
species distribution decreases, leading to dominance by a few species and suppression
of regeneration of other species. This study also showed that stand volume directly and
indirectly affects seedling regeneration density. Stands with larger volume may provide
more nutrients, which benefit seedling growth and regeneration [48].

Soil factors are closely related to the regeneration density of Quercus stands. Some
studies suggest that thicker litter layers may inhibit seed germination and seedling
growth [20,49,50]. However, this study found that litter layer thickness was significantly
positively correlated with the regeneration density of Seedling 2 and Seedling 3. Gener-
ally, a thicker litter layer provides a protective cover for seedlings, reducing soil surface
temperature fluctuations and moisture evaporation, thus creating favorable conditions for
seedling growth. Additionally, the study found that exchangeable calcium was significantly
negatively correlated with Seedling 2 regeneration density and positively correlated with
soil pH. In acidic soils, high concentrations of exchangeable calcium may neutralize soil
acidity, which could affect seedling growth. Seedlings are better adapted to slightly acidic
or neutral soils [51], and excessively high calcium levels may alter soil pH, negatively
affecting seedling development.

Correlation analysis revealed that the primary environmental factors influencing
seedling regeneration density were stand and soil factors. However, the random forest al-
gorithm’s ranking of important factors indicated that, as seedlings’ growth levels increased,
the importance of altitude as a site factor also increased. This may be due to the relatively
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few study plots and the small variation in site factors among the stands. Therefore, future
research should expand the sample size and comprehensively consider both biotic and
abiotic factors to deepen our understanding of the key environmental factors affecting
natural regeneration in Quercus stands in northern China.

5. Conclusions

In Beijing, Q. aliena and Q. variabilis stands exhibited stronger regeneration abilities,
while Q. dentata, Q. acutissima, and Q. mongolica stands had relatively weaker regeneration
capacities. The main environmental factors influencing natural regeneration in Quercus
stands in Beijing include altitude, species richness, Shannon–Wiener index, Pielou even-
ness index, stand volume, shrub density, litter layer thickness, total nitrogen, available
phosphorus, exchangeable calcium, and available manganese. Among these, altitude was
the most significant site factor affecting regeneration, species richness, Shannon–Wiener
index, Pielou evenness index, stand volume, and shrub density were the most influential
stand factors, and litter layer thickness, total nitrogen, available phosphorus, exchangeable
calcium, and available manganese were the most significant soil factors. Therefore, we
recommend augmenting the cultivated area of Quercus species in low-altitude regions by
strategically supplementing Quercus seedlings within the forest understory. Additionally,
enhancing the natural regeneration capacity of Q. mongolica forests can be prioritized by
managing their stand density effectively. Overall, Quercus stand management should
consider the impacts of site factors, stand factors, and soil factors comprehensively, creating
conditions that are more favorable for natural regeneration in Quercus stands.
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Abstract: Dendrocalamus brandisii (Munro) Kurz is a high-quality bamboo species for shoots,
known for its sweet, tender, and crisp bamboo shoots, making it highly valuable for
development. The biomass of bamboo forests is closely related to bamboo shoot yield, and
studying biomass accumulation helps maintain the stability of artificial forest ecosystems.
Biomass estimation facilitates the monitoring of stand dynamics and promotes the scientific
management and sustainable development of D. brandisii plantations. This study collected
biological data from 181 D. brandisii individuals in Changning County, Yunnan Province, to
construct mathematical models for estimating single-plant biomass using the least squares
method. The models were iteratively optimized using the quasi-Newton method. Based
on performance indicators and residual analysis, six models were identified as suitable
for estimating the biomass of D. brandisii, including multiple linear regression (MLR),
linear, allometric growth, and cubic models. These models provide valuable references for
biomass estimation and the management of D. brandisii plantations.

Keywords: Dendrocalamus brandisii; biomass modeling; model fitting optimization; bamboo
forest management; plantation management; production estimation

1. Introduction

Forest biomass is a key indicator for assessing forest ecosystem functions and carbon
budgets. It also serves as fundamental data for exploring ecological issues in forestry.
Biomass estimation is a complex process that requires comprehensive consideration of
factors such as tree species, stand density, and mixing ratios [1]. Studies have shown that
mixed-species growth significantly enhances forest productivity [2], as the growth rates
and proportions of different species directly influence overall forest output [3]. Currently,
two primary methods are used for biomass estimation: direct felling measurements and
indirect estimation [4,5]. Indirect methods include remote sensing combined with machine
learning algorithms, suitable for large-scale rapid assessment of forest resources [6,7]; three-
dimensional LiDAR modeling, which excels in volume estimation for complex terrains [8];
and statistical modeling based on biological characteristics, employing DBH and tree height
to construct regression equations for precise small-scale estimations [9]. Many biomass
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equations for trees use diameter at breast height (DBH) and tree height as main variables,
achieving high fitting accuracy [10].

While 3S technologies, encompassing remote sensing (RS), geographic information
systems (GISs), and global positioning systems (GPSs), are widely used in forestry, the
high costs of equipment and technical expertise pose challenges. Free remote sensing
data also face limitations in resolution and timeliness [11]. As a result, empirical formula-
based biomass models remain practical and cost-effective tools, particularly for plantation
management. Accurate biomass estimation enables optimization of production strategies,
stabilization of plantation ecosystems, and long-term development [12–14].

Bamboo, a globally significant non-timber forest product, plays an essential role as
a perennial agricultural plant [12]. The accumulation of bamboo biomass directly affects
shoot yields and economic returns. For instance, the large individual biomass of Pleioblastus
amarus leads to higher fresh shoot yields under optimal density [13]. Allometric growth
models based on DBH are considered effective for predicting bamboo biomass, allowing
stand-level estimation by aggregating individual models. These models are also useful for
carbon stock predictions [14–17]. In recent years, regression models incorporating DBH and
bamboo height have demonstrated excellent performance in studies on Bambusa chungii,
D. tsiangii, B. blumeana, D. latiflorus, and P. amarus [18–22]. Allometric growth models are
widely applied to evaluate biomass across bamboo species [23]. Furthermore, studies on
species such as B. emeiensis, B. rigida, Phyllostachys edulis, P. bambusoides, and P. nigra have
enriched the theoretical and practical foundation of bamboo biomass models [24–26].

W = 0.008DH + 0.000403 (DH)2 (1)

W = 0.372D2 − 0.753D + 1.316 (2)

Two biomass models are presented as examples: (1) The biomass model for B. chungii.
(2) The biomass model for D. tsiangii. In these models, D denotes the diameter at DBH, and
H denotes the height of the bamboo culm.

D. brandisii, a large clumping bamboo species in the family Gramineae and genus Den-
drocalamus, holds significant development potential. It is widely distributed in Southeast
Asia and southern China and is characterized by high yields, rapid growth, and dual-use
for shoots and culms [27–29]. Its culms are suitable for pulp and engineered wood products,
while its fresh shoots are rich in nutrients, can be eaten raw without the bitterness found in
other bamboo species, and hold significant economic value [30,31]. The bamboo samples
collected in this experiment exhibited stable phenotypic traits and the highest levels of
various amino acids among multiple provenances in Yunnan, making them the most supe-
rior variety in terms of morphological characteristics and nutritional value [32]. Accurate
biomass estimation of D. brandisii is essential for developing planting and harvesting plans,
reducing costs, and maximizing returns. Among bamboo species, Phyllostachys edulis has
been extensively studied. Although Phyllostachys edulis is a monopodial species, differing
from the sympodial D. brandisii, both species are large bamboos with similar morphological
traits, making Phyllostachys edulis biomass models valuable references. Models using DBH
and bamboo height to estimate biomass for culms, branches, leaves, and roots in Moso
bamboo have shown excellent performance [26]. However, precise measurement of culm
height in mature Moso bamboo, which can reach 28 m, remains challenging without felling.
Factors such as stand density, average DBH, competition indices, soil depth, and elevation
significantly influence Phyllostachys edulis biomass [33]. Most of these studies focus on
natural forests and offer limited reference value for plantations, which are key contributors
to economic value. Currently, no biomass models specifically tailored for D. brandisii plan-
tations exist. This study, based on data from D. brandisii plantations in Mengtong Town,
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Changning County, Yunnan Province, constructs production-oriented biomass models,
providing a scientific reference for bamboo forest management.

2. Materials and Methods

2.1. Study Area

The study area is located in Mengtong Township, Changning County, Yunnan Province,
at longitudes 99◦30′–99◦41′ and latitudes 24◦24′–24◦38′. It covers an area of 298 km2, with
a width of 12.5 km from east to west and a length of 26 km from north to south. The
elevation ranges from 1010 m to 2175 m, and the average annual rainfall is 1361 mm. The
climate is diverse, with abundant rainfall and fertile soil. The area includes both subtropical
lowland river valleys and temperate mountainous regions, making it suitable for various
agricultural activities.

2.2. Data Source
2.2.1. Selection and Sample Collection of Standard Bamboo

The selection of sample bamboo and data collection took place from November to
December 2023 in Mengtong Township, Changning County, Yunnan Province, with the
specific location shown in Figure 1. Based on field surveys, 181 healthy, pest-free D. brandisii
bamboos with good growth were selected from 41 typical plots in the D. brandisii plantation,
representing different age classes and diameter classes. These included the following: age
class I (bamboo age ≤ 1 year) with 41 plants, age class II (1 year < bamboo age ≤ 3 years)
with 78 plants, and age class III (bamboo age > 3 years) with 62 plants. The classification
of ages followed Ji Xing et al.’s work, and the management experience was accumulated
over many years by the forest management staff. The moisture content varies significantly
among different age classes, and the classification of age classes is a crucial step in the
measurement of biomass [34].

Figure 1. Map of the location of sampling sites.

2.2.2. Sample Indicator Measurement

Although most bamboos and hardwood trees have woody structures, their stem
structures differ; bamboo plants are mostly hollow, while hardwood trees are generally
solid [35]. Therefore, when data on wood density and moisture content are available,
biomass accumulation can be predicted based on volume [36]. In bamboo plants, there
are significant variations between individuals, such as differences in internode length,
wall thickness, and other factors. These variations make it difficult to accurately calculate
the biomass of bamboo plants using the typical hollow structure model. Thus, biomass
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determination in bamboo plants is typically based on the moisture content of each organ to
calculate dry weight [34,37–39]. This method offers a more accurate reflection of the plant’s
actual growth condition.

The selected bamboo samples were felled at the base, and data such as DBH, internode
length, and bamboo height were measured. Samples of bamboo stems, branches, and
leaves were collected, with each organ sample weighing between 200 and 300 g. Bamboo
stem samples were taken at four equal sections along the stem, with approximately 3 cm
long bamboo rings collected to measure their fresh weight. Branch and leaf samples were
taken from the upper, middle, and lower parts of the bamboo, selecting branches of varying
thicknesses and leaves of different sizes. The collected samples were placed in an oven and
dried at 80 ◦C for 72 h, then cooled to room temperature and weighed [40]. The moisture
content of each organ was calculated, and the dry weight of each organ and the total dry
weight of the bamboo were determined based on the moisture content. The formula is
as follows:

MC =
Wf resh − Wdry

Wf resh

Wdry = Wdresh × (1 − MC)

MC represents the moisture content;
Wdry represents the dry weight of the organ (in kg);
Wfresh represents the fresh weight of the organ (in kg).

After data collection, all variables were initially compiled and organized for analysis.
To ensure the accuracy and reliability of the dataset, the Mahalanobis distance method was
applied to screen for potential outliers. By considering the correlations among variables
and the covariance structure of the data, this method effectively identified anomalous data
points [41]. Observations with a Mahalanobis distance exceeding the predefined threshold
were excluded from further analysis. This screening process minimized the influence of
outliers, ensuring that the dataset accurately represented the underlying patterns and
relationships for subsequent modeling efforts.

2.3. Model Construction and Selection
2.3.1. Model Construction

The general form of the regression models commonly used for calculating individual
tree biomass is as follows:

y = β0x1
β1 x2

β2 · · · xn
βn + ε

In this formula, y typically represents biomass or volume, while x pertains to com-
monly employed morphological parameters such as DBH, tree height, and other related
factors. Since the variables DBH and tree height are correlated, incorporating both DBH and
tree height as independent predictors in an allometric biomass model inevitably introduces
some degree of multicollinearity. To mitigate the adverse effects of multicollinearity, some
models also adopt the ratio of DBH to tree height as an independent variable [42].

Existing biomass modeling research indicates a significant correlation between tree
aboveground biomass and their DBH and tree height [43]. However, bamboo, as a member
of the family Gramineae, differs greatly from trees in growth and development patterns.
In D. brandisii plantations, bamboo height is strongly influenced by artificial management.
For example, at the plantation base in Mengtong Township, Changning County, Yunnan
Province, the tips of most mother bamboos are artificially pruned for easier management.
As a result, we opted to use the length of the internode at breast height, denoted as L, as a
calculation variable instead of bamboo height. This approach was adopted to more accu-
rately estimate the biomass of D. brandisii and enhance the model’s predictive performance.
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In the process of modeling, it was observed that the contribution of internode length
at breast height to total plant biomass was minimal. Therefore, in most bivariate models,
this variable was excluded during regression analysis, resulting in biomass models that
solely used DBH as the independent variable. However, a few models retained internode
length at breast height as a variable. Ultimately, five models were identified that included
both DBH and internode length at breast height as independent variables, along with five
other models that used DBH alone. The specific formulas for these models are presented in
Table 1. In the equations presented, W represents the biomass (in kilograms), D denotes the
DBH (in centimeters), and L stands for the length of bamboo internodes at breast height (in
centimeters). These variables are key predictors used to model and estimate the biomass of
bamboo accurately.

Table 1. Mathematical model formula.

Model Name Model Formula

Tree Biomass Model W = eβ0 Dβ1 Lβ2

Relative Growth Model W = a
(

D2L
)b

MLR W = β0 + β1D + β2L
Height–Diameter W = aD2L + b
Schumacher–Hall W = β0 + β1 ln D + β2lnL

Quadratic W = a + bD + cD2

Cubic W = a + bD + cD2 + dD3

Compound W = abD

Allometric W = aDb

Linear W = a + bD

2.3.2. The Criteria for Selecting Models

Using SPSS 24 software, the correlation between various biomass indicators was
determined to establish a biomass estimation model for D. brandisii. During the evaluation
and comparison of biomass models, the following six metrics were used to assess the
model: coefficient of determination (R2), standard error of estimate (SEE), total relative
error (TRE), mean system error (MSE), mean prediction error (MPE), and mean percentage
standard error (MPSE) [44].

R2 = 1 − ∑(yi − ŷi)
2/ ∑(yi − y)2

SEE =
√

∑(yi − ŷi)
2/(n − p)

TRE = 100 × ∑(yi − ŷi)/ ∑ ŷi

MSE = ∑
(yi − ŷi)

ŷi
× 100

n

MPE = tα·(SEE/y)·√n × 100

MPSE = 100 × ∑
∣∣∣∣yi − ŷi

ŷi

∣∣∣∣/n

In these equations, yi designates the actual observed values, ŷi represents the model
estimations, y constitutes the mean of the observed values, n indicates the sample size,
and tα represents the t-value at the confidence level of α. Six indices were computed to
assess the developed model. Among them, R2 and SEE are the most prevalent indicators
for goodness of fit in regression models; conversely, TRE and MSE are crucial metrics that
ought to be maintained within specific ranges; TRE should be within ±3% and MSE within
±5%, with values approaching zero being optimal. For a comprehensive assessment of
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applicability, TRE and MSE must also be independently verified using verification samples,
with TRE ideally within ±3% or below MPE values and MSE within ±5%. If MSE exceeds
±5% but remains within ±10%, the model is regarded as having moderate systematic error;
if MSE exceeds ±10%, the systematic error is considered high. MPE indicates the accuracy
level of average biomass estimation, while MPSE indicates the accuracy of individual plant
biomass estimation, with smaller values being preferred for both indices.

2.4. Analysis Tools

Preliminary data processing, including statistical analysis and filtering, was carried
out using Excel spreadsheets, while model construction and validation were performed
using SPSS 24 and Python 3.8.

First, the initial biomass model for D. brandisii was developed using the ordinary least
squares (OLS) method based on measured data. To improve the model’s accuracy, the
minimize function from Python’s SciPy library was employed for optimization. Specifically,
the quasi-Newton method was applied [45].

The minimize optimization algorithm is a powerful tool for finding the minimum
of a function under given constraints and is widely used in machine learning, signal
processing, and system optimization. Various optimization algorithms, such as gradient
descent, Newton’s method, and genetic algorithms, are available within the minimize
library. In this study, we adopted the BFGS (Broyden–Fletcher–Goldfarb–Shanno) method,
a well-known quasi-Newton approach for unconstrained optimization. This method is
particularly effective in approximating the Hessian matrix by using first-order derivatives,
avoiding the computational cost of calculating second-order derivatives directly. The BFGS
method iteratively searches for the function’s minimum and is known for its computational
efficiency, robustness, and ease of implementation, making it highly applicable in both
theoretical and practical optimization tasks.

3. Results

3.1. Data Collection
3.1.1. Analysis of the Water Content in the Organs of D. brandisii

There are structural and functional differences among the various organs of D. brandisii,
and their moisture content varies. As the bamboo’s age increases, the moisture content in
the different organs also changes, which is related to the accumulation of organic substances
within the bamboo. The moisture content at different bamboo classes for each organ is
shown in Figure 2.

Figure 2. Moisture content of different organs of D. brandisii across age classes.
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As shown in Figure 2, for D. brandisii, the average moisture content of the aboveground
components (e.g., stems, branches, and leaves) decreases from 74.96% in age class I to
48.44% in age class II and 48.27% in age class III as biomass accumulates across the various
organs. The changes in moisture content across organs show that in age class I, the bamboo
has higher moisture content due to the shoot removal that year, with branches and leaves
not yet developed and the bamboo culms being immature and tender, leading to less
biomass accumulation. This results in a significant difference in moisture content compared
to age classes II and III. In age classes II and III, the moisture content follows the pattern of
stem > branch > leaf.

3.1.2. Aboveground Biomass Proportion of Each Organ in D. brandisii

The aboveground biomass of D. brandisii consists of stems, branches, and leaves. The
proportion of each organ in the aboveground biomass at different age classes is shown in
Figure 3.

 

Figure 3. Distribution of each organ in the aboveground biomass of individual D. brandisii plants at
age classes I, II, and III (kg).

According to the biomass allocation results of the aboveground parts of D. brandisii
at different age classes, the average aboveground biomass of individual bamboo plants is
19.89 kg, 39.12 kg, and 42.89 kg per plant for age classes I, II, and III, respectively. In age
class I, biomass accumulation is lower because the branches and leaves are not yet fully
developed. As the bamboo grows from age class I to age class III, the biomass of each organ
and the total biomass increase with age. Regarding the biomass proportions, as the bamboo
matures, the branches and leaves become more abundant, and their biomass proportion
increases. In contrast, the proportion of stem biomass decreases as the age class progresses.

3.2. Construction of Biomass Regression Model

The Mahalanobis distance method was applied to filter the dataset, and samples with
a Mahalanobis distance greater than 10.596635 were removed, totaling 5 samples. The
remaining 176 samples were used to randomly select 20% (35 samples) as the validation
dataset, while the remaining 141 samples were used for model development. After data pro-
cessing, regression analysis was conducted using the OLS method in SPSS. The preliminary
results are shown in Table 2.

For the preliminary fitting results, R2, SEE, TRE, MSE, MPE, and MPSE were used
to compare the biomass model. Subsequently, the TRE and MSE of each model were
calculated using the validation dataset. These eight metrics were then used to compare and
select the best model. After comparison, it was found that only the MLR, cubic, and linear
models met the standard range for all six metrics.
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Table 2. Preliminary results of mathematical model fitting.

Model Name Model Formula

Tree Biomass Model W = 0.1905D2.225L0.059

Relative Growth Model W = 0.0079
(

D2L
)1.047

MLR W = −32.225 + 7.166D + 0.099L
Height–Diameter W = 0.012D2L + 1.471
Schumacher–Hall W = −95.430 + 51.655lnD + 5.515lnL

Quadratic W = −8.65 + 1.746D − 0.33D2

Cubic W = 32.572 − 15.62D + 2.573D2 − 0.09D3

Compound W = 2.052 × 1.339D

Allometric W = 0.232D2.228

Linear W = −29.072 + 7.186D

Once the preliminary fitting results were obtained, the BFGS method from the mini-
mize optimization library in Python was used for iterative optimization. The results after
iteration are shown in Table 3. As shown in Table 3, the iterative method made adjustments
to the MLR, height–diameter, Schumacher–Hall, quadratic, cubic, and linear models, while
resulting in larger changes in the tree biomass model, relative growth model, compound,
and allometric models.

Table 3. Optimized results of mathematical models.

Model Name Model Formula

Tree Biomass Model W = 0.3290D2.0680L0.0199

Relative Growth Model W = 0.0272
(

D2L
)0.9001

MLR W = −32.2251 + 7.1659D + 0.0993L
Height–Diameter W = 0.0115D2L + 1.4715
Schumacher–Hall W = −95.4303 + 51.6547lnD + 5.5155lnL

Quadratic W = −8.6498 + 1.7457D + 0.3298D2

Cubic W = 32.5724 − 15.6202D + 2.5733D2 − 0.0904D3

Compound W = 4.4516 × 1.2429D

Allometric W = 0.35509D2.0703

Linear W = −29.0719 + 7.1856D

3.3. Selection of Biomass Models
3.3.1. Performance Metrics of the Model

R2, SEE, TRE, MSE, MPE, and MPSE of the biomass model results obtained after
iteration were compared. Then, the TRE and MSE of each model were calculated using the
validation dataset. These eight metrics were used to compare and select the best models.

After iterative optimization, the indicators of several models reached the acceptable
range and performed well. The models that met the standards include the following: tree
biomass model, MLR, height–diameter, cubic, allometric model, and linear models for
D. brandisii biomass. The results of the six models are shown in Table 4.

From the table, it can be seen that as the core indicator, R2 shows decent performance
in several models with little difference. Among the six models that meet the standards,
the height–diameter model has a slightly lower R2 and a slightly higher SEE compared
to the other models. This suggests that while using the ratio of DBH to the internode
length at breast height as model variables to calculate biomass has some merits, it is not
the optimal solution. The TRE of the MLR, height–diameter, and cubic models is close to 0,
indicating excellent performance, while the absolute value of the TRE for the tree biomass
and allometric models is around 0.7%. The absolute value of the TRE for the linear model is
2.93%, significantly higher than the TRE of the other models. This indicates that the linear
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model may not be as suitable for calculating the biomass of D. brandisii as the other models.
The MSE of the linear and cubic models performs significantly better than the other models.
The MPE values of the six models exhibit minimal variation, whereas the MPSE values
show considerable disparity. Notably, the MPSE for both the multiple linear regression
and the linear model exceeds 50%, indicating poor performance. This suggests that linear
models are not appropriate for estimating the biomass of D. brandisii.

Table 4. Performance indicators of the model.

Model Name R2 SEE TRE MSE MPE MPSE TRE * MSE *

Tree Biomass Model 0.745 10.6 −0.71 −3.16 6.29 3.92 5.35 0.34
MLR 0.737 10.7 1.76 × 10−6 2.79 6.32 54.93 4.01 −1.30

Height–Diameter 0.692 11.5 5.21 × 10−6 −3.11 6.80 26.17 8.71 −3.11
Cubic 0.753 10.4 −5.19 × 10−5 0.24 6.09 24.06 3.87 −0.44

Allometric 0.745 10.5 −0.71 −3.13 6.19 23.97 5.32 0.30
Linear 0.736 10.7 −2.93 0.72 6.30 50.15 3.84 −1.21

R2, SEE, TRE, MSE, MPE, and MPSE are the model’s performance on this indicator in the modeling dataset. TRE *
and MSE * represent the model’s performance on this indicator in the validation dataset.

The performance of the six models in the validation dataset is relatively consistent.
The TRE for all six models exceeds 3%, but all are lower than the MPE values for each
model in the validation dataset. Among them, the height–diameter model has higher TRE
and MSE compared to the other models, while the cubic model excels with both TRE and
MSE indicators.

3.3.2. Fitting Results of Models

The six models selected after iterative optimization were plotted using the mat-
plotlib.pyplot library and the mpl_toolkits.mplot3d library in Python, as shown in
Figures 4 and 5.

Figure 4. Curve fitting for cubic, allometry, and linear models.
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(a) (b) (c) 

Figure 5. MLR model (a); tree biomass model (b); height–diameter model (c).

Among the models in Figure 4, the cubic model, allometric model, and linear model
are univariate models, where biomass is only related to DBH. From the graph, it can be
observed that the linear model fails to work effectively for small DBH values, as it predicts
negative biomass when DBH is less than 4 cm, and the cubic model shows a local minimum
around 4 cm and a local maximum at 15 cm. Therefore, it can be concluded that for the
linear model, DBH should be greater than 4 cm, and for the cubic model, the applicable
range of DBH is approximately between 4 cm and 15 cm. A histogram of the DBH values
of all samples is shown in Figure 6. From the analysis, it can be seen that the majority of
the sample bamboo has a DBH between 5 cm and 12.5 cm, which aligns with the optimal
calculation range of the two models.

 
Figure 6. Histogram of the breast diameter distribution of D. brandisii samples.

Among the models in Figure 5, the MLR model, tree biomass model, and height–
diameter model use the following two independent variables: DBH and the length of the
bamboo segment at breast height. In the MLR model, DBH and bamboo segment length at
breast height are treated as separate terms, with the coefficient for DBH much higher than
that for the bamboo segment length. In the tree biomass model, DBH and bamboo segment
length at breast height are combined in the same term. The 3D regression plot shows that
in both the MLR model and the tree biomass model, the effect of bamboo segment length
on biomass is much smaller than that of DBH. In contrast, the height–diameter model uses
the D2L as an independent variable, leading to a greater impact of bamboo segment length
on biomass.
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3.3.3. Residual Analysis of Models

Residual plots for six models were computed and plotted using a test dataset, as
shown in Figure 7. The points on the residual plots represent the differences between the
observed values and the model predictions, with the residuals on the vertical axis and DBH
on the horizontal axis. The color bar in the figure indicates the variation in tree height.
Residual plots for all six models show that the residuals are relatively dispersed within
the large DBH range and do not exhibit significant systematic bias. This suggests that the
models’ fits are similar, with no significant trend error across different DBH ranges. As the
DBH increases, the dispersion of biomass values also grows, leading to larger residuals.
The residuals for all models are generally distributed between −40 kg and 30 kg, indicating
comparable error magnitudes across the models. The residual distributions are similar
with no significant systematic bias, indicating that the models’ fits are close. The residual
distribution for the MLR and allometric growth models is relatively uniform, especially in
the middle DBH range (approximately 7–10 cm), where the residuals are small, suggesting
that these models may perform better in predicting the middle DBH range. The tree
biomass and height–diameter models show greater stability, but their residuals increase
with higher DBH values, indicating that the models may overestimate actual values for
larger DBH samples. The cubic model shows relatively consistent prediction errors across
different DBH ranges but performs less well in the middle DBH range compared to other
models. The linear model performs better in the small DBH range but underperforms in
the large DBH range compared to the other models. Overall, MLR exhibits the broadest
applicability. In contrast, the linear model, allometric growth model, and cubic model each
demonstrate superior performance within specific intervals.

Figure 7. Residuals of tree biomass model, MLR model, height–diameter model, allometry model,
and linear model (kg).
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4. Discussion

4.1. Data

The experimental dataset comprised 181 samples, all collected from the same D. bran-
disii production site. During the process of mathematical modeling, substantial individual
variability among samples was observed. With increasing DBH, the data showed greater
dispersion. This phenomenon may be attributed to human-induced variations during
the management and measurement of D. brandisii, as well as individual differences stem-
ming from microhabitat variability among the bamboo plants [46]. All models exhibited
low MPE but high MPSE. This typically indicates that the models perform well on aver-
age but show significant variability in error across different data points or larger errors
for outliers. The following factors contribute to this phenomenon: Some samples have
small actual values, leading to relatively larger proportional prediction errors, which in
turn inflate MPSE. Despite low overall prediction error, specific numerical ranges may
experience significant prediction deviations, elevating MPSE. Outliers in the dataset may
disproportionately affect MPSE, causing higher variability in relative errors. To enhance
model performance, collecting more individual biomass data for D. brandisii is necessary to
achieve better fitting outcomes.

Among the ten commonly used mathematical models, six demonstrated strong fitting
performance. These models relied solely on DBH and internode length at breast height,
two easily accessible growth parameters. Future research should explore alternative model
types and incorporate additional plant growth parameters to develop models more suitable
for biomass estimation in D. brandisii. Comparing different models across various datasets
would enable a more comprehensive evaluation of their accuracy and applicability, thereby
providing more robust methods and references for biomass estimation in D. brandisii.

4.2. Model Building Method

When constructing biomass models, the method employed was the OLS, a classical
regression approach characterized by its simplicity, efficiency, and wide applicability [47].
OLS minimizes the sum of squared differences between predicted and observed values
to determine the optimal regression parameters. It is particularly effective for linear
or approximately linear models and situations with large datasets and simple models.
However, OLS assumes linearity of the model and independence of explanatory variable
effects, which can lead to poor fitting performance for nonlinear relationships or data with
noise and outliers, even potentially trapping the solution in a local optimum [48].

To address this issue, the quasi-Newton method was adopted as the optimization algo-
rithm. The quasi-Newton method is effective for handling complex nonlinear optimization
problems [44,45]. Compared to OLS, it offers significant advantages under conditions of
nonlinear models and complex data, particularly in improving model accuracy and stability.
Through quasi-Newton optimization, the model’s accuracy is ensured while achieving
biomass predictions more closely aligned with actual values [49].

In addition, future research could explore other iterative optimization methods, such as
gradient descent, Newton’s method, genetic algorithm, simulated annealing, and Lagrange
multiplier method [50,51], to identify optimization approaches better suited to complex
biomass models.

4.3. Comparison of Model Optimization Results

Comparing the changes in coefficients and constants across various models before and
after iteration reveals that the quasi-Newton method induced minor adjustments in the
MLR, height–diameter, Schumacher-Hall, quadratic, cubic, and linear models. In contrast,
it caused significant changes in the tree biomass, relative growth model, compound, and
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allometric model. Notably, equations with substantial changes are primarily exponential or
power functions.

An analysis of model evaluation metrics before and after iteration highlights the sig-
nificant improvements achieved through optimization using the quasi-Newton method.
Before optimization, only three models met the evaluation standards. After optimization,
all models showed closer alignment with the evaluation criteria, and six models reached
the standard range. This indicates that the quasi-Newton method has exceptional optimiza-
tion capabilities for nonlinear mathematical models, such as the tree biomass model and
allometric model, which are frequently used in plant biomass calculations [50].

Nevertheless, models such as the relative growth model, Schumacher–Hall, quadratic,
and compound remained below the standards even after iterative optimization. This
finding suggests that these models are unsuitable for predicting the biomass of D. brandisii.

5. Conclusions

Among the tested models, the allometric model consistently demonstrates superior
performance metrics and is recommended as the default choice for biomass estimation
under varying conditions. However, specific models are more appropriate for different
DBH ranges, thereby enhancing accuracy and flexibility.

For smaller DBH ranges (5–7 cm), the linear model yields the highest accuracy. For
medium DBH ranges (7–10 cm), the allometric growth model performs optimally. In larger
DBH ranges (10–12 cm), the cubic model is most suitable, while for DBH values exceeding
12 cm, the allometric model remains the preferred choice. Additionally, when both DBH
and internode length at breast height are available, the MLR model provides an effective
means of biomass estimation.

This classification-based approach enables practitioners to select the most appropriate
model according to specific DBH ranges, facilitating real-time adjustments and optimiza-
tions for biomass prediction. Although using multiple models may introduce complexity
in traditional production processes, advanced applications can leverage computational
tools to dynamically determine the most suitable equation based on real-time measure-
ments, achieving optimal accuracy and flexibility. This methodology not only provides a
scientific basis for production decision-making but also significantly improves the accu-
racy of biomass estimation for D. brandisii, thereby enhancing production efficiency and
underscoring its strong practical applicability in bamboo forestry management.
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