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Abstract: The traditional classical sampling statistics method ignores the spatial location relationship
of survey samples, which leads to many problems. This study aimed to propose a spatial sampling
method for sampling estimation and optimization of forest biomass, achieving a more efficient and
effective monitoring system. In this paper, we used Sequential Gaussian Conditional Simulation
(SGCS) to obtain the biomass of four typical forest types in Shangri-La, Yunnan Province, China. In
addition, we adopted a geostatistical sampling method for sample point layout and optimization
to achieve the purpose of improving sampling efficiency and accuracy, and compared with the
traditional sampling method. The main results showed that (1) the Gaussian model, exponential
model, and spherical model were used to analyze the variogram of the four typical forests biomass,
among which the exponential model had the best fitting effect (R2 = 0.571, RSS = 0.019). The range
of the exponential model was 8700 m, and the nugget coefficient (C0/(C0 + C)) was 11.67%, which
showed that the exponential model could be used to analyze the variogram of forest biomass. (2) The
coefficient of variation (CV) based on 323 biomass field plots was 0.706, and the CV based on SGCS
was 0.366. In addition, the Overall Estimate Consistency (OEC) of the simulation result was 0.871,
which can be used for comparative analysis of traditional and spatial sampling. (3) Based on the
result of SGCS, with 95% reliability, the sample size of traditional equidistant sampling (ES) was 191,
and the sampling accuracy was 95.16%. But, the spatial sampling method based on the variation scale
needed 92 samples, and the sampling accuracy was 93.12%. On the premise of satisfying sampling
accuracy, spatial sampling efficiency was better than traditional ES. (4) The accuracy of stratified
sampling (SS) of four typical forest areas based on 191 samples was 97.46%. However, the sampling
accuracy of the biomass variance stratified space based on the SGCS was 93.89%, and the sample
size was 52. Under the premise of satisfying the sampling accuracy, the sampling efficiency was
obviously better than the traditional SS. Therefore, we can obtain the conclusion that the spatial
sampling method is superior to the traditional sampling method, as it can reduce sampling costs and
solve the problem of sample redundancy in traditional sampling, improving the sampling efficiency
and accuracy, which can be used for sampling estimation of forest biomass.

Keywords: biomass; variogram; kriging; sequential Gaussian condition simulation; spatial sampling;
equidistant sampling; stratified sampling

1. Introduction

Forest biomass and its dynamics are key components of the global carbon cycle and
important indicators for studying the structure and function of forest ecosystems [1,2].
They are important for commercial use and national development planning, for scientific
research on ecosystem productivity, energy, and material flows, and for assessing the
contribution of forest land change to the global carbon cycle [3]. The survey and monitoring
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of forest biomass are of great significance for forest resource protection, management, and
utilization. The accurate estimation of forest biomass can effectively replace the forest
monitoring system [4]. With the development of statistics, forestry workers begin to
use the sampling survey method to estimate forest biomass [5], which can effectively
save the costs of labor, material resources, and time [6]. However, the sampling method
and sample size will have an impact on the representativeness of the biomass survey
population, thereby affecting sampling efficiency and accuracy [7,8]. When the sampling
method and sample size are given, the area [9] and shape of sample units will also affect
the sampling efficiency and accuracy to different degrees [10]. At present, the sampling
methods used in forest resources investigation and monitoring mainly include simple
random sampling, systematic sampling, stratified random sampling, cluster sampling, two-
stage sampling, and multi-stage sampling [11]. Talvitie et al. [12] investigated the amount
of dead and damaged wood in the 3700 ha forest park of Helsinki City by using simple
random sampling and adaptive cluster sampling and compared the sampling efficiency
of the two methods. Fu et al. [13] estimated the above-ground tree biomass of Chinese Fir
in Jiangxi Province by systematic sampling method. Yim et al. [14] designed a systematic
clustering sampling method based on field sample data and Landsat ETM+ data in Yang-
Pyeong County, Korea, to provide strong support for forest resource assessment in Korea;
Stehman et al. [15] used MODIS data from 2000 to 2005 to analyze the overall cover changes
of subtropical forest biomes, which as a stratified variable to design stratified random
sampling, proving the method is a practical and accurate area estimation method for global
forest monitoring. ÖZÇELİK et al. [8] estimated the biomass of black pine trees in Turkey
by a two-stage sampling method. The three traditional sampling methods are different in
accuracy, sample size determination, and sampling efficiency. Some studies have shown
that stratified random sampling is superior to systematic sampling and simple random
sampling. Under the equivalent confidence probability, stratified random sampling has the
advantage of a small sample size and high sampling accuracy [16]. On the contrary, there
are still some disadvantages to the traditional sampling method: the sample units obtained
by simple random sampling are relatively scattered, and when the sampled population
presents a cluster distribution, the estimation accuracy of this method cannot meet the
requirements [17], and the accuracy depends on the sample size [18,19]. In order to achieve
the required reliability and accuracy, an additional 10%–15% sample size insurance factor
was added [11], which greatly increases the difficulty and costs of sampling work. For
complex populations, systematic sampling requires a large number of samples to ensure
its representativeness [16]. Although stratified random sampling is superior to systematic
sampling and simple random sampling, it needs to use effective technical methods and
select scientific stratified variables [20,21]. To sum up, if we use traditional sampling
methods to investigate forest resources, there will be great limitations, which will lead
to redundant samples, unrepresentative sample point layout, and failure to reflect the
real situation of the target population. These problems will affect the sampling efficiency
and accuracy.

The process of forest growth and development will be affected by competition, natural
disturbance, environmental conditions, tree species regeneration, and other factors and
their interactions, there is a significant spatial autocorrelation [22,23], which results in a
non-random spatial distribution of forest biomass [24]. The traditional sampling methods
based on classical statistics do not take into account the spatial autocorrelation of forest
biomass [25], as well as the interaction of multiple factors in spatial pattern and distribution,
which leads to an increase in investigation costs and low estimation accuracy [24]. In this
context, the spatial sampling method based on the theory of geostatistics [26,27] involving
the spatial autocorrelation and spatial variability of the survey object, which has been
developed rapidly and widely used in ecology [28], soil [29], forestry [30], and other
fields. Geostatistics has played a key role in the study of the spatial variation in forest
ecosystems [27,31]. As the main analysis tool of geostatistics, the range of variogram reflects
the regional variables’ spatial variation scale or spatial autocorrelation [32], and the ratio
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of nugget to sill (C0/(C0 + C) reflects the spatial variability [33,34]. Consequently, it is
significant to study natural phenomena that are both random and structured in spatial
distribution [35]. With the development of geostatistics, the Kriging method first proposed
by Matheron is also widely used in the forestry field [36,37], but this method can only
provide a simplified spatial distribution pattern of variation. In addition, the extremum
in the known data could disappear, which is prone to smoothing effects [38,39]. The
Sequential Gaussian Conditional Simulation (SGCS) method based on geostatistics can
overcome the smoothing effect produced by Kriging estimation, and approach the real
spatial distribution as much as possible [40–43].

In this article, we took the alpine mountainous region of Shangri-La City, Diqing
Tibetan Autonomous Prefecture, Yunnan Province, China as the research area. Four typical
forests of Pinus yunnanensis forests, Pinus densata forests, Quercus forests, and Spruce fir
forests are the research objects. Based on the forest management inventory data, we used
the geostatistical variogram and the SGSG method to explore the spatial variability and
spatial autocorrelation scale of forest biomass and further optimize the estimation of forest
biomass in the study area by designing an efficient spatial sampling method. The research
results are of great significance for accurately and comprehensively grasping the spatial
distribution characteristics of forest resources, optimizing the layout of forest biomass
survey samples, and improving the quality and efficiency of investigation work. At the
same time, it can provide technical reference for the local forest resources management,
investigation, and monitoring.

2. Data and Methods
2.1. Study Area

Shangri-La City belongs to the Diqing Tibetan Autonomous Prefecture of Yunnan
Province, China, which is located in the hinterland of the Hengduan Mountains on the
Qinghai-Tibet Plateau in the northwest of Yunnan Province. The geographic coordinates
are between 26◦52′11.44′′ N and 28◦50′59.57′′ N, 99◦23′6.08′′ E, and 100◦18′29.15′′ E, the
total area is 1.142 million ha. The maximum distance from north to south is 218 km, the
maximum distance from east to west is 88 km, the average elevation is 3459 m. Shangri-
La City belongs to the mountainous cold temperate monsoon climate, resulting in low
temperatures throughout the year (the average temperature throughout the year is 5.5 ◦C),
and the alternation of the four seasons is not obvious. In addition, the summer and autumn
seasons have more rainfall, while the winter and spring seasons are relatively dry (the
average annual precipitation is 617.6 mm). It has intact ecosystems and abundant forest
resources, the forest area is 897,500 ha, the forest volume is 139 million m3, and the forest
coverage rate is 78.61%. There are mainly 10 types of vegetation; their dominant tree species
are Pinus yunnanensis, Pinus densata, Quercus, and Spruce fir. The geographical location of
the study area is shown in Figure 1.

2.2. Data and Processing
2.2.1. Data

• Field plots data

In this study, the field plots data we used were the angle gauge controlling sample plots
(AGCSP) obtained from the forest management inventory, from the Forestry Department of
Yunnan Province; the data were collected by professionals from the forestry department of
Yunnan Province in the field according to strict standards in 2016. A total of 323 field plots
were used in this study, and they were circular sample plots with a size of 1 ha, including
45 Pinus yunnanensis plots, 87 Pinus densata plots, 138 Spruce fir plots, and 53 Quercus plots.
For each plot, the central coordinates, the forest compartment type, the parameters of
dominant tree species, the average diameter at breast height (DBH), and the mean tree
height were recorded in detail.
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DEM with spatial resolution of 12.5 m and field plots layout.

• Other data

The auxiliary data include the vector data of the administrative division of Shangri-La
City and the forest compartment data of the forest management inventory in 2016. The
vector data of the administrative divisions of Shangri-La City is obtained from the geospa-
tial data cloud platform of the Computer Network Information Center of the Chinese
Academy of Sciences, it is used for raster data cutting. The forest compartment is the basic
unit for forest resource statistics and management, in the forest management inventory,
investigators usually use forest compartment surveys to determine the quantity and quality
of forests and forest lands to specific plots. The forest compartments provide detailed
information on forest lands, including area, land type, forest land type, dominant tree
species, and other information. There are the same forest resource attributes in a forest com-
partment, but there are significant differences in topographic features and environmental
and ecological and biological factors among different forest compartments, so the forest
compartment was used as a statistical unit to analyze the local spatial variability of four
typical forests biomass.

2.2.2. Data Processing

According to forestry industry standards, which include Tree Biomass Models and
Related Parameters to Carbon Accounting for Pinus yunnanensis [44], Tree Biomass Models
and Related Parameters to Carbon Accounting for Picea asperata [45], Tree Biomass Models
and Related Parameters to Carbon Accounting for Abies fabri [46], Tree Biomass Models
and Related Parameters to Carbon Accounting for Quercus [47], and biomass model given
by Wang et al. [48], we calculated the forest biomass of 323 field plots. The four tree
species biomass models are shown in Table 1. Firstly, the biomass of the average tree was
calculated according to the average DBH and average tree height of each plot. Secondly,
the forest biomass of each plot was calculated according to the number of trees in each plot.
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Table 2 records the statistical parameters of biomass in 323 plots; Figure 1 shows the spatial
distribution of all field plots.

Table 1. Single-tree biomass model of main tree species selected in Shangri-La City.

Tree Species The Average Diameter at Breast Height (cm) Biomass Model

Pinus yunnanensis D > 5 MA = 0.070231D2.10392H0.41120

Pinus densata D > 5 MA = 0.0730D2.3560H0.1090

Picea asperata D ≥ 5 MA = 0.09152D2.2106H0.25663

D < 5 MA = 0.16923D1.82866H0.25663

Abies fabri D ≥ 5 MA = 0.06127D2.05753H0.50839

D < 5 MA = 0.19406D1.34122H0.50839

Quercus D ≥ 5 MA = 0.07806D2.06321H0.57393

D < 5 MA = 0.22999D1.39183H0.57393

MA is biomass (kg), D is average diameter at breast height (cm), H is average tree height (m).

Table 2. Statistical parameters of sample plots biomass.

Statistical
Index Number Min (t/ha) Max (t/ha) Mean (t/ha) STD (t/ha) Coefficient of

Variation

Value 323 4.20 289.03 78.90 55.70 0.706

2.3. Methods
2.3.1. Methods for Estimating Forest Biomass

Geostatistical methods are mostly used in the field of geostatistics, but there are
also some applications in the field of forestry. According to the research results of Feng
Yimin et al. using a sequential indicator simulation method for simulating forest type
distribution [49], this study came up with a geostatistical method for estimating forest
biomass. We used the geostatistical variogram as an analysis tool, and the SGCS method
based on simple Kriging interpolation to estimate the four typical forests biomass, using
the results from the SGCS method as reference data for sampling accuracy analysis and
verification. To begin with, the GS+9.0 software is used for conducting variogram analysis
based on the biomass data of 323 plots obtained above and performing simple Kriging
interpolation according to the analysis results. Moreover, using the forest biomass of plots
used for variogram analysis as conditional data [50], determining the optimal number
of simulations through multiple attempts. Finally, the biomass of four typical forests in
Shangri-La was obtained by SGCS method.

• Variogram

A variogram is a basic tool specific to spatial statistics (also known as geostatistics).
Under one-dimensional conditions, it is defined as when the spatial point x changes on the
one-dimensional x-axis, the difference of the value Z (x) and Z (x + h) of the regionalized
variable Z (x) at points x and x + h, represented as the half of the variance, is called the
variogram of the regionalization variable Z (x) in the direction of the x-axis, denoted as
γ (x, h). In fact, the theoretical variogram model is unknown, and it is often estimated
from valid spatial sampling data. A series of γ2 (h)values can be calculated for various
h values. Therefore, a theoretical model is used to fit the values of γ2 (h). Usually, the
theoretical model of variogram can be fitted by the spherical model, exponential model
Gaussian model, etc., to describe the variation law of regionalized variables. The model of
the variogram is uniquely determined by the model type, Sill (C0 + C), Range, and Nugget
value (C0) [33,51].

• Sequential Gaussian Conditional Simulation (SGCS)

The SGCS is a spatially stochastic simulation method used to generate spatially ex-
plicit estimates of an interest variable based on the theory of regionalized variables and
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spatial autocorrelation measured by a variogram. Construct a Gaussian function based on
known data, and regard each value of the regionalized random variable Z (x) as a random
realization of the Gaussian function (that is, the normal distribution function) F(x). At each
simulated position x_m, F(x) is derived using the known data Z (x_i) (i = 1, 2, ..., n) and
previously simulated values Z (x_j) (j = 1, 2, ..., m − 1) as the conditional cumulative condi-
tional probability density function [52]. The cumulative conditional probability distribution
is then utilized to generate the spatial predictions by sequentially stochastic simulation.
This method overcomes the smoothing effect disadvantage of Kriging’s estimation and
measures the possible values and probabilities of the predicted spatial data at the same
time, which can correctly reflect the spatial fluctuation of regional variables and reproduce
the fluctuation of the real resource characteristic spatial variation curve [40–43]. In most
cases, the original data do not satisfy the requirements of the simulation process, so it needs
to be normalized before being simulated, and finally the inverse transformation method is
used to convert the simulation results [53].

2.3.2. Traditional Sampling Methods

Sampling refers to extracting a representative sample from all the samples in this
study and estimating the population’s situation based on the sample data, which has the
advantages of low costs, fast speed, high precision, and flexibility [11]. The earliest sampling
method was purpose sampling, which is an unequal probability sampling method proposed
by Norwegian statistician Kangas at the end of the 19th century [54]. The sampling methods
used in this study mainly include equidistant sampling (ES) and stratified sampling (SS).

• Equidistant sampling (ES)

Equidistant sampling, also called systematic sampling, means that all the units of
the population are arranged in a certain order, the first sample unit is extracted by a
simple random method, and then the rest of sample units are sequentially extracted, the
samples are distributed according to the determined number of samples and the spacing of
sample points. It has the advantages of simplification, uniform distribution, and convenient
location [55]. The calculation formula of the sample size and the distance between sample
points are as follows [11]:

n =
t2
α×C2

E2 (1)

L = 100

√
A
n
(m) (2)

where n is the sample size, tα is the value of the t statistics from Student’s t-distribution at
the significant level α, C is the coefficient of variation, E is the relative error, L is the distance
between sample points, and A is the area of the population (It is measured in hectares).

• Stratified sampling (SS)

Stratified sampling, also called type sampling, refers to the random sampling of
samples from a population that can be divided into different subpopulations (otherwise
known as strata) in a specified proportion from each stratum. After the population is
stratified, each stratum is an independent sampling population, random sampling is
carried out in each stratum, and there can be no overlap or omission of any units between
strata. The advantage of this method is that the sample’s representativeness is better and
the sampling error is smaller. Because the sample size allocated to each stratum is different,
the proportional distribution method is generally used to allocate the sample size in each
stratum; in other words, the number of sample units allocated to each stratum is calculated
according to the area proportion (weight) of each stratum [11].
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2.3.3. Spatial Sampling Methods and Comparisons with Traditional Approaches

• Spatial sampling based on variation scale

Spatial sampling based on variation scale, it was designed by us considering the
spatial autocorrelation of forest biomass. There is a spatial variation scale in objects with
spatial autocorrelation, in geostatistics, we used the range to reflect the spatial variation
scale of the survey objects. Based on the analysis results of variogram for four typical
forests’ biomass, the range was used as the distance between sample points. Then, we
calculated the sample size according to the distance between sample points and arrange
sample points based on the ES method.

• SS based on local spatial variability

The study area has complex topographic features, and the spatial distribution of forest
biomass exhibits significant variability in different local areas. In this context, we designed
the SS based on local spatial variability. The sample size was determined according to the
population coefficient of variation (CV) from the SGCS results. In addition, the CV chart of
four typical forests’ biomass from SGCS results was stratified based on the SS’s theory, and
the pixels with similar spatial variation characteristics were grouped together. We used
the proportional distribution method to calculate the sample size for each stratum, and
arranged the sample points for each stratum based on the ES method.

As a specific representation of the sampling population, the sampling frame should
initially be clearly defined in the sampling survey [56]. According to the forest compartment
data from the forest management inventory in Shangri-La City in 2016, the distribution
range of four typical forests should be extracted as the sampling frame of this sampling
design. The sampling frame area is 691,602.3 ha, the sampling unit was a square plot of 100
m × 100 m, and the number of population units was 691,603.

Different sampling methods result in different sample sizes and obtain different sam-
pling accuracy. Considering the differences, advantages, and disadvantages of sampling
methods, we used two spatial sampling methods and two traditional sampling methods to
conduct a sampling survey on four typical forests’ biomass and conducted a comparative
analysis of sampling results. The sampling technical route is shown in Figure 2.
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2.3.4. Accuracy Evaluation

• Forest biomass simulation accuracy

This study used the SGCS method based on the data from 323 biomass field plots
to obtain the spatial distribution results of four typical forests’ biomass. Furthermore,
we calculated the median of the confidence interval for the total biomass value using the
323 field plots of biomass. The Overall Estimate Consistency (OEC) is determined by the
ratio of the total biomass estimated by simulation (TBS) to the median of the confidence
interval for the total biomass value calculated by the plots (TBP). The accuracy of the
simulation results is evaluated according to the consistency of the OEC [57], and the
calculation formula is as follows.

a. Confidence interval:
S−

y
=

S√
n

(3)

∆
(−

y
)
= tα × S−

y
(4)

ŷ =
A
a

[−
y ± ∆

(−
y
)]

(5)

where S−
y

is the standard error, S is the standard deviation, n is the number of field plots,

∆
(−

y
)

is the estimated error limit, ŷ is the confidence interval of the overall estimated total
value, and a is the field plot area.

b. Overall Estimate Consistency (OEC):

TBP =
A
a
× 1

n

n

∑
i

yi (6)

TBS =
m

∑
j

zj (7)

OEC = TBP/TBS (8)

where yi is the biomass value of the i-th field plot, m is the total number of pixels, and
zj is the simulated value of the j-th pixel. OEC represents the closeness of the simulated
population value to the ground sample’s estimated population value, and when the two
are equal, OEC = 1.

• Sampling accuracy

According to the biomass value corresponding to the sample points, the sampling
accuracy was calculated, we used the relative error and sampling estimation accuracy to
analyze, and evaluate each sampling method.

a. ES relative error:

E =
tα ×

√
S2

n
−
y

× 100% (9)

where S2 is the variance of the sampling estimated value, n is the sample size, and
−
y is the

estimated value of the sampling mean.
b. SS relative error:

−
yst = ∑l

h=1 Wh
−
yh (10)

S2
−
yst

=
l

∑
h=1

W2
h S2
−
yh

(11)
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E =
tα ×

√
S2
−
y st

n−l

−
yst

× 100 (12)

where
−
yst is the estimated mean of the sampling population, l is the number of strata, Wh is

the weight of each stratum,
−
yh is the sample mean of each stratum, S2

−
yst

is the variance of

the population mean estimate, and S2
−
yh

is the variance of the sampling estimated value of

each stratum.
c. Sampling estimation accuracy:

P = 1− E (13)

3. Results
3.1. Sequential Gaussian Condition Simulation of Forest Biomass
3.1.1. Variogram Analysis of Forest Biomass

• Normal distribution test of data

In spatial statistics, it is required that the data approximately obey the normal distribu-
tion in order to perform SGCS [58]. We used SPSS to test the biomass data structure of the
323 field plots, through the test, it was found that the biomass data did not conform to the
normal distribution, so the cubic root transformation was performed on it. The transformed
data approximately obeys the normal distribution and satisfies the conditions of spatial
statistics, so it can be used to construct a variogram model for subsequent analysis. The
histogram of the frequency distribution of biomass data before and after transformation is
shown in Figure 3.
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• Variogram analysis of forest biomass

In this study, GS+9 was used to analyze the variogram of forest biomass data from
323 field plots [59]. The spherical model, exponential model, and Gaussian model were
utilized to model and predict the variogram of forest biomass, and the models were
evaluated using the determination coefficient (R2), the residual sum of squares (RSS). The
ratio of the nugget to the sill (C0/(C0 + C)) reflects the spatial variability, it is divided
into three grades, 0%–25%, 25%–75%, and more than 75%, which, respectively, indicates
that the spatial autocorrelation is strong, moderate, and weak. Generally, the greater the
ratio, the greater the spatial variability or the weaker the spatial autocorrelation. A ratio of
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more than 75% implies that the spatial variability of forest biomass is greatly caused by
random changes [33,34]. On the other hand, a ratio of smaller than 75% implies that the
spatial autocorrelation is strong due to structural factors. Table 3 shows the results of the
variogram structure analysis of forest biomass.

Table 3. Parameters of forest biomass variograms fitted.

Model
Model Parameters Evaluation Index

C0 C0 + C C0/(C0 + C)/% Range/m R2 RSS

Spherical 0.047 1.017 4.62 7300 0.521 0.0210
Exponential 0.119 1.020 11.67 8700 0.571 0.0190
Gaussian 0.155 1.017 15.24 6235 0.522 0.0211

The results of forest biomass variogram analysis showed that the R2 of the exponential
model was the highest (R2 = 0.571), and the RSS was the smallest (RSS = 0.0190), so the
model fitting effect was the best. The ratio of nugget to sill was 11.67%, indicating that
forest biomass has high spatial autocorrelation. The range was 8700 m, indicating that the
maximum spatial correlation distance of forest biomass was 8700 m. Within the range,
there is spatial correlation; otherwise, there is no spatial correlation [32]. The exponential
model formula of forest biomass is shown in Equation (14), and Figure 4 is the variogram
fitted by the exponential model.

γ(h) = 0.119 + 0.901×
(

1− e−
h

2900

)
(14)
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Figure 4. Variograms diagram of forest biomass.

According to Figure 4, we know that when the range is 0, the value of the variogram is
called the nugget value (C0 = 0.119), which represents the amount of random variation [32].
As the range increases, the value of the variogram (γ(h)) gradually increases from the nugget
value to a stable state, where the variogram value is called the sill value (C0 + C = 1.02).

3.1.2. Sequential Gaussian Condition Simulation of Forest Biomass

In this study, GS+9 and ArcGIS 10.5 were used to achieve the SGCS of four typical
forests’ biomass. Firstly, GS+9 was used to fit the variogram of 323 biomass field plots.
Secondly, the parameters of the optimal variogram model (including range, nugget, and sill)
are used for simple Kriging interpolation. Finally, the Gaussian Geostatistical Simulations
tool in ArcGIS 10.5 was used to achieve the SGCS [60]. Through repeated experiments,
we successively set number of SGCS simulations as 10, 25, 50, 75, 100, and 125. The
results showed that the variance of the simulated forest biomass values at the pixel level
greatly changed as the number of simulations increased and tended to be stable when
the number of simulations was 50. Therefore, the number of the SGCS simulations was
determined to be 50. In addition, we analyzed the effect of different pixel sizes on the
biomass population coefficient of variation (CV). The simulated raster data of different
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pixel sizes from 25 m × 25 m to 100 m × 100 m with an interval of 5 m were output so as
to determine the optimal pixel size. Figure 5 shows the change of the biomass population
CV against pixel sizes.
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According to the experimental results, we found that the biomass population CV basi-
cally tended to be stable when the output pixel area was 3025 m2. In order to match the size
of the field plot, the pixel size of SGCS was determined 100 m× 100 m. Since we performed
cubic root transformation on the original data, the inverse transformation of simulation
results was required after the simulation was completed, and the spatial distribution results
of four typical forests biomass were finally obtained, as shown in Figure 6.
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Based on the biomass data of 323 field plots, the median confidence interval of the
biomass population value was 54,567,476.7 tons. However, the biomass population value
of the four typical forests by using the SGCS method was 47,527,599.6 tons, and it was
distributed between 7.1 t/ha and 247.4 t/ha, the average biomass was 69 t/ha. They were
close to the biomass data of the Shangri-La forest management inventory in 2016. In addi-
tion, the OEC was 0.871, which was closer to 1. Therefore, the four typical forests’ biomass
estimation results obtained by the SGCS method satisfied the accuracy requirements and
can be used for sampling survey research.

3.2. Analysis of Local Spatial Variability for Four Typical Forests Biomass

As a regionalized variable, forest biomass has different spatial variability from one
location to another due to the influence of various habitat factors, which is manifested by
the differences in different locations. In order to obtain the spatial variability of the local
location of four typical forests’ biomass, we took the forest compartment data of four typical
forests in the forest management inventory in Shangri-La in 2016 as the statistical unit and
analyzed the spatial variability of forest biomass in each forest compartment according to
the spatial distribution results of four typical forests biomass simulated by SGCS.

Firstly, according to the results of 50 SGCS runs, the “Zonal Statistics as Table” tool
in ArcGIS 10.5 was used to obtain the mean chart and standard deviation (STD) chart
of all pixels in each forest compartment. The mean chart provides the mean value of
biomass estimates after 50 simulations of all pixels in each forest compartment, and the
STD chart shows the variance of biomass estimates in each forest compartment. Then, the
ratio calculation between the STD chart and the mean chart was carried out to obtain the
CV chart of four typical forests’ biomass in each forest compartment, which reflected the
local spatial variation characteristics of forest biomass in each class. The mean value, STD,
and CV of biomass of forest compartments are shown in Figure 7.
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Figure 7. (a) Mean biomass based on forest compartment data of four typical forest types as statistical
units; (b) biomass standard deviation based on forest compartment data of four typical forest types as
statistical units; (c) biomass coefficients of variation based on forest compartment data of four typical
forest types as statistical units.

According to the CV chart, we can draw some conclusions that the maximum CV
of forest biomass was 0.3, the minimum CV was 0, and the CV of forest biomass in most
areas of Shangri-La ranges from 0 to 0.12. The CV chart exhibits irregular and fragmented
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characteristics, which are similar to the spatial structure attributes of forest distribution.
The area with a small CV indicates a small change in biomass; on the contrary, it indicates a
significant difference in biomass compared to the surrounding area.

3.3. Sampling of Forest Biomass
3.3.1. Equidistant Sampling

Based on the biomass of 323 field plots, the CV was 0.706. Under the condition of
95% confidence probability, the sampling design accuracy was set to 90%. According to
the sample size estimation formula of ES to calculate the sample size, it was 191, and the
distance between sample points was 6017 m. Finally, the sampling points are arranged
according to the ES method. Based on the results of the variogram analysis of forest
biomass, the range (8700 m) of the exponential model was taken as the distance between
sample points to design ES, the sample size was 92. We arranged the sampling points
according to the distance between the sample points and the sample size. The layout of
sample points by two ES methods is shown in Figure 8.
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equidistant sampling methods of sample layout; (b) spatial sampling based on variation scale of
sample layout.

3.3.2. Stratified Sampling

• SS based on local spatial variability

Using the forest compartment data of four typical forest types as statistical units,
the CV chart obtained by SGCS reflects the local spatial variation of forest biomass. In
this study, the CV chart of four typical forests’ biomass was stratified based on the SS’s
theory, and the pixels with similar spatial variation characteristics were grouped together.
According to the cumulative distribution histogram of pixel values in the CV chart, the
Jenks optimal natural fracture method in ArcGIS 10.5 was used to stratify them. According
to the breakpoint of the data itself, the cluster analysis was carried out to minimize the
intra-class difference and maximize the inter-class difference, and all pixels were divided
into three strata. Based on the population mean and STD of biomass simulation results,
the CV was 0.366. Under the condition of 95% confidence probability, the sampling design
accuracy was set at 90%, and the sample size was 52. The sample size of each stratum
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is assigned according to the proportion of the total pixel CV of each stratum to the total
pixel CV of all pixels. The distance between sample points was calculated according to
the sample size allocated and the total area of each stratum, and the sampling points were
arranged according to the ES method within each stratum. Table 4 shows the weight and
sample size distribution of each stratum and the layout of sample points of each stratum as
shown in Figure 9.

Table 4. Stratified sampling based on local spatial variability weight and sample size distribution.

Stratum Area (ha) Weight (%) Number

Low coefficient of variation region 423,000.48 42.64% 22
Medium coefficient of variation region 230,680.32 43.37% 23

High coefficient of variation region 37,921.49 13.99% 7
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The result of stratification according to the natural breaks (Jenks) method, the medium
CV region has the highest proportion of total CV in the three stratum CV region, accounting
for 43.37% of the total value, and the sample size assigned is 23. However, the region with
the lowest proportion is the high CV region, accounting for 13.99%, and the sample size
assigned is 7.

• SS based on dominant tree species

According to the same sample size as the traditional ES (n = 191), the distribution
range of each tree species was divided into one stratum, which was divided into four strata
according to the distribution range of the four dominant tree species. The proportional
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distribution method was adopted to allocate each stratum’s sample size according to
the proportion of the area occupied by each stratum, and the distance between sample
points within each stratum was calculated, respectively. The sample points were arranged
according to the ES method within each stratum. Table 5 shows the area proportion of each
stratum, the sample size and the distance between sample points, and the layout of sample
points in each stratum as shown in Figure 10.

Table 5. Stratified sampling based on dominant tree species weight and sample size distribution.

Stratum Area (ha) Proportion (%) Number L (m)

Pinus yunnanensis 79,534.26 11.50 22 6013
Pinus densata 184,796.13 26.72 51 6018

Spruce fir 300,570.36 43.46 83 6017
Quercus 126,701.54 18.32 35 6016
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From the distribution of the four dominant tree species in Figure 10, it can be seen that
the Pinus yunnanensis and Spruce fir forests are mainly distributed in the south of Shangri-La.
Based on statistical and analytical results, the area of Pinus yunnanensis forests accounted
for the smallest proportion of the total area of the four typical forests, accounting for 11.5%,
and the allocated sample size was 22. However, the largest proportion of the area is the
Spruce fir forest, which accounts for 43.46% of the total area, and the allocated sample size
was 83.



Forests 2023, 14, 1792 16 of 23

3.4. Accuracy Analysis of Sampling Results
3.4.1. Analysis of Variance for Stratified Variables

According to the sample points laid out by the two SS methods and the four typical
forest biomass spatial distribution results obtained by the SGCS method, the biomass
corresponding to the sample points of each sampling method was extracted, respectively,
and the variance of stratified variables of the two SS methods was analyzed, as shown
in Table 6.

Table 6. Results of variance analysis for different stratified variables.

Stratified Variables Group Mean (t/ha) STD (t/ha)

Spatial variability
Low coefficient of variation region 75.06 23.44

Medium coefficient of variation region 61.83 21.78
High coefficient of variation region 70.44 31.58

Dominant tree species

Pinus yunnanensis 51.44 17.68
Pinus densata 64.78 19.78

Spruce fir 76.12 23.26
Quercus 70.81 20.60

3.4.2. Sampling Accuracy Comparison

Different sampling methods produce a different effect on sample size and accuracy.
Based on the results of the spatial distribution of four typical forests’ biomass obtained by
SGCS, the biomass corresponding to the sample points of the four sampling methods was
extracted, respectively. We calculated the sampling relative error and accuracy to analyze
and evaluate each sampling method. These results showed that the estimation accuracy
of the four sampling methods was higher than the design accuracy. On the premise of
satisfying the requirements of sampling design accuracy, by comparing the sample size,
we can view that the spatial sampling method based on variation scale was better than the
traditional ES, and the SS method based on local spatial variability was better than the SS
method based on the dominant tree species. Table 7 shows the accuracy analysis results
of the four sampling methods. Figure 11 intuitively reflects the sample size and sampling
accuracy of the four sampling methods.

Based on the experimental results, we can draw some conclusions that the accuracy of
the four sampling methods is higher than that of the sampling design accuracy. Among
them, the most accurate sampling method is SS based on dominant tree species. Comparing
the two ES methods, although the accuracy of the traditional ES was 2.04% higher than
that of the spatial sampling based on the variation scale, the sample size required by the
traditional ES was more than twice that of the spatial sampling based on the variation
scale. Furthermore, the accuracy of SS based on local spatial variability was reduced by
3.57% compared with SS based on dominant tree species, but the required sample size
was far less than that of SS based on dominant tree species. In order to evaluate the four
sampling methods more intuitively, we used sampling accuracy divided by sample size
to calculate the sample cost-efficiency indicator, leading to the sampling efficiency per
unit cost. In the same order as the sampling methods listed in Table 7, the sampling
efficiency per unit cost of the four sampling methods is 0.0050, 0.0101, 0.0181, and 0.0051,
respectively, the sampling method with the highest sampling efficiency per unit cost is
SS based on local spatial variability, and the lowest is traditional ES. Therefore, under the
condition of satisfying the sampling design accuracy, the spatial sampling methods have
great advantages over the traditional sampling methods.
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Table 7. Comparative analysis of the results of four sampling methods.

Sampling Methods Population Mean
(t/ha)

Population Mean
Variance (t/ha) E (%) P (%)

Traditional equidistant sampling 69.76 567.869 4.84 95.16
Spatial sampling based on variation scale 69.20 542.424 6.88 93.12

Stratified sampling based on local spatial variability 68.68 208.645 6.11 93.89
Stratified sampling based on dominant tree species 69.28 148.492 2.54 97.46
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4. Discussion

The development of classical statistics makes the sampling survey technique widely
used in the investigation of forestry resources [5]; ES and SS methods are the research
hotspots at present. However, traditional sampling methods have a lot of disadvantages,
including high sampling costs, redundant sample information, unrepresentative sample
layout, and low sampling efficiency [17–20]. The emergence of spatial statistics leads many
researchers to propose spatial sampling methods. The purpose of this study is to analyze
the advantages and practicability of spatial sampling methods. Based on the variogram
theory of geostatistics, two spatial sampling methods based on variation scale and local
spatial variability are proposed by taking the research cases of four typical forest biomass in
Shangri-La City, Yunnan Province, China, so as to solve the problems of redundant sample
size and unreasonable layout in traditional sampling methods.

4.1. Application of Geostatistics in Spatial Sampling

The traditional sampling survey of forest resources is based on classical statistics; how-
ever, classical statistics believe that randomly distributed sample points are independent of
each other. As a natural resource with spatial continuity, forests exhibit significant spatial
autocorrelation in their spatial distribution and pattern. The traditional sampling method
neglects the spatial correlation of forests and only studies a certain inherent attribute of the
forest, without involving the spatial structure characteristics of the surveyed objects, which
is not in line with the actual situation of forests. Many researchers have considered the
drawbacks of traditional sampling and introduced spatial sampling methods to improve
sampling efficiency and accuracy. Therefore, it is necessary to construct an optimization ob-
jective function and use optimization solving methods to automatically generate sampling
layout optimization plans. Geostatistics is based on the theory of regionalized variables
and uses variograms as a unique tool for studying spatial relationships. This method has
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great advantages in studying natural things that exhibit randomness, structural or spatial
correlation, and dependence in spatial distribution. Wang et al. used a variogram to analyze
the spatial variability of the research object and estimated the local CV of the coverage
factor using the results from the sequence Gaussian co-simulation method. Then, the CV
was used to calculate the local sampling distance for spatial and temporal changes. Finally,
they designed spatial sampling based on local variability to monitor relevant soil erosion
cover factors for an installation in Fort Riley, USA [61]. Anderson et al. used sequential
Gaussian co-simulation, combined with remote sensing and ground data to calculate the
CV of the pixels to be estimated. They proposed a local variability sampling design method
based on ground and vegetation cover factors, which sampled and plotted soil erosion
monitoring and vegetation cover coefficients in Fort Hood, Texas, USA [62]. Xiao et al.
analyzed the spatial variability of vegetation cover factors, using geostatistical methods to
estimate appropriate plot size and sample size, they introduced cost into sampling design
from the perspective of measurement time. The research results showed that the impact of
plot size on local estimation Kriging standard error is greater than that of sample size, while
the impact of sample size on global estimation accuracy is greater than that of plot size [63].

Based on the theory of geostatistics, the issues considered not only include global
and local sampling, plot size and sample size, and plot shape, but also the shape of the
sampling grid, which directly affects the spatial layout of the sample points and indirectly
affects sampling efficiency, costs, and accuracy. Mcbratney et al. calculated the variance
of grid spacing and block size range by Kriging interpolation on regular rectangular and
triangular grids of the data and previously determined semi-variance maps, and designed
sampling plans to monitor soil changes based on different sampling grids. The results
indicate that equilateral triangular grids are the best sampling scheme, with an efficiency
of approximately 10% higher than square grids [64]. However, if there are different semi-
variograms in different parts of the same region, and the differences are significant, then
using inconsistent grids and different optimal sampling strategies may be worthwhile [65].

Geostatistics theory plays an important role in spatial sampling. Spatial sampling meth-
ods based on geostatistics not only consider the spatial correlation of sampling variables,
but also consider the maximum representativeness and redundancy of sample information,
which has higher cost-effectiveness compared to traditional sampling methods.

4.2. Spatial Autocorrelation Analysis of Survey Samples

According to the first law of geography proposed by Tobler, all things are intercon-
nected, but the closer things are, the stronger the connection between them. This law
indicates that when analyzing spatial objects, it cannot be assumed that the survey samples
in the space are unrelated and independent of each other, which contradicts the basic
assumptions of most classical statistical sampling analysis [66]. A large number of survey
samples are spatially autocorrelated with each other, implying the existence of duplicated
information. More precisely, due to the spatial autocorrelation of survey samples, the
effective sample size will be smaller than the actual sample size, this is the support of the
principle that spatial sampling surveys can reduce costs [67]. Therefore, a key step before
conducting spatial sampling is to analyze the spatial autocorrelation of sample variables.
Only survey subjects with significant spatial autocorrelation can the use of spatial sampling
methods be scientific and feasible [68].

In many studies, researchers generally adopt Moran’s I to analyze the spatial correla-
tion of research objects [69]. With Moran’s I > 0, the survey subjects show a spatial positive
autocorrelation, and the correlation increases with the increase in the value; Moran’s I =
0, the survey subjects exhibit spatial randomness, while with Moran’s I < 0, the survey
subjects showed a negative spatial autocorrelation, and the correlation weakened as the
value increased [70]. We analyzed the spatial autocorrelation of four typical forest biomass
by the range of variogram and the ratio of nugget to sill (C0/(C0 + C)), the ratio is divided
into three grades, 0%–25%, 25%–75%, and more than 75%, which, respectively, indicate that
the spatial autocorrelation is strong, moderate, and weak. Researchers can not only use this
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method to analyze the spatial autocorrelation of survey objects, but also intuitively see the
strength degree of spatial autocorrelation. This application provides an effective spatial
autocorrelation analysis method for studying survey objects with spatial correlation, at the
same time, it also provides strong technical support for the application of spatial sampling
methods in forest resource surveys.

4.3. Sensitivity Analysis of Sampling Intensity for Different Sampling Methods

At present, the popular sampling methods are systematic sampling and SS. How-
ever, traditional sampling methods have many drawbacks, as they do not involve the
spatial correlation and variability of the sampling objects, resulting in redundant sample
information and a lack of representativeness in sample layout and design. Systematic
sampling requires a large number of samples to ensure its representativeness for complex
populations [16]; SS needs to use scientific methods to select hierarchical variables, which
has great limitations [20,21]. In this context, the spatial sampling method can solve the
problems existing in traditional sampling methods, as it can take into account the spatial
location and distribution of forest resources [71].

The most crucial issue for sampling is the selection of sample points and the determi-
nation of sample size, because the sample is representative of the sampling population,
and its quantity has a great influence on the sampling accuracy and efficiency [7]. In order
to satisfy the accuracy requirements, different sampling methods require different sample
sizes. In this study, the sample size of both traditional sampling methods was determined
by calculating the biomass CV of 323 field plots with a reliability of 95%, and the sampling
accuracy was higher than the initial design accuracy. According to the results of the varia-
tion function analysis, we designed a spatial sampling method based on variation scale
using variation range as the distance between sample points. The population CV was calcu-
lated according to the simulation results of four typical forests’ biomass, so as to determine
the sample size required by the SS method based on local spatial variability. The accuracy
of both spatial sampling methods is also higher than the design accuracy, but the sample
size is largely smaller than that of traditional sampling methods. After comprehensive
analysis and comparison, the spatial sampling method outperforms traditional sampling in
terms of sampling efficiency and cost.

It was compared with simple Kriging, the spatial distribution results of four typical
forests biomass based on SGCS can overcome some smoothing effects [38,39]. Although
the accuracy of the simulation results satisfied the requirements, the extreme values in the
known data could disappear, and the variance of the estimated data was reduced. Kriging
is unable to accurately reflect the spatial variation of forest biomass. For the SS based
on local spatial variability, we obtained a sample size that is relatively small, although
the uncertainty of the simulation quantity and the output pixel size were analyzed and
compared, and the sampling accuracy satisfied the requirements. The distribution of
the four typical forests is very extensive, and if the sample size is small, there may be
limitations in representativeness, so the sample size of this sampling method still needs to
be optimized.

4.4. Determination of Stratified Variables in Stratified Sampling

The SS method can select and determine samples more scientifically to reduce sam-
pling error and improve sampling efficiency, but if the stratified technology is not rea-
sonable, the sampling precision will also be reduced [20,21]. Therefore, the key of SS is
to determine the stratified variables, which must well represent the attributes and char-
acteristics of the respondents. Stehman et al. analyzed the overall coverage change of
the subtropical forest biome based on MODIS data from 2000 to 2005 and designed SS
according to different coverage change degrees [15]. Lewis Jack proposed a model-based
sampling method that optimizes stratum and sample allocation through regression or
ratio estimator [72]. Considering the local spatial variability of the survey objects, we
propose a new spatial SS method. Spatial stratification refers to dividing the overall unit
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into several types or layers based on its attribute characteristics and spatial continuity [23].
In traditional SS, the sample points have no spatial coordinate information, which leads to
the stratified results being spatially discrete. According to Tobler’s first law, objects that are
closer together are more similar [66]. If the traditional SS method is used, objects on the
same layer may be far apart in space.

Traditional SS of forest resources uses land use types, forest types, tree species, forest
age, and other attributes as stratified variables [16,73], higher sampling accuracy can be
obtained, which is also analyzed in this study. We took the forest compartment data of four
typical forests as statistical units to obtain the mean chart, STD chart, and CV chart of forest
biomass in each forest compartment. Jenks’ best natural fracture method in ArcGIS 10.5 was
used to stratify the CV chart and as stratified variables to design SS based on local spatial
variability. When analyzing local spatial variability, we used forest compartment data
covering four typical forest distributions in the study area as the minimum unit; therefore,
from the perspective of spatial continuity of stratified variables, the spatial stratification
method is reasonable, which is also an innovation of this study. Furthermore, the number
of strata also has an impact on the sample size and accuracy, Wang et al.’s research shows
that when the study area was partitioned into three strata, the number of sample plots
obtained with the same accuracy is less than the number of sample plots obtained without
strata and with two strata [74]. In this study, we only divided the biomass CV into three
strata, and in future studies, we can try to divide the CV into different numbers of strata to
achieve higher sampling accuracy.

5. Conclusions

In this study, we utilized the variogram tool of geostatistics and the SGCS method to
achieve the transition of biomass of four typical forests in Shangri-La from point scale to
polygon scale, providing a new opportunity and method for the application of geostatistics
in large-scale forest biomass estimation. Through the analysis of the variogram of forest
biomass, we found that the exponential model can provide the best-fitting effect. The range
of the exponential model reflects the maximum spatial influence range of four typical forest
biomass, using the range as the sampling grid distance to design spatial sampling can
effectively solve the issue of sample redundancy. Shangri-La has complex topographic
features and different forest compartments have significant differences in the quantity and
quality of forest resources, and environmental, ecological, and biological factors. We used
the forest compartment as the smallest statistical unit to analyze the local spatial variability
of forest biomass, the spatial distribution characteristics of forest vegetation were fully
considered in Shangri-La. According to the results of local spatial variability analysis, we
used biomass CV for stratification and designed an SS based on local spatial variability.
This spatial SS method not only takes into account the spatial location and distribution of
forest biomass, but also makes the distribution of sample points representative. In addition,
we introduced a sample cost-efficiency indicator to evaluate spatial sampling methods
and traditional sampling methods. The result shows that the sampling efficiency per unit
cost of both spatial sampling methods is higher than that of traditional sampling methods,
as spatial sampling methods have significant advantages in sample size. Compared to
traditional sampling methods, the spatial sampling methods proposed by us effectively
optimized the sample size and layout of remote sensing monitoring of forest biomass in
Shangri-La. Therefore, under the condition of satisfying the sampling design accuracy,
spatial sampling methods greatly reduce sampling costs and improve sampling efficiency.

Sampling is an effective and scientific statistical method that is not only applied in the
field of forestry research, but also has some applications in other research fields. Spatial
sampling mainly serves to survey objects with spatial correlation and variability. This
method has obvious practicality for areas with complex topographic features, such as
Shangri-La. Our research results provide a scientific sampling method for investigating
forest resources and provide a new research direction for sampling natural resources with
obvious spatial correlation and distribution characteristics.
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