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Abstract: (1) Background. Conifers are the main plantation species in southern China, including
Masson Pine (MP), Chinese fir (CF) and Chinese thuja (CT). Clarifying the suitable site conditions
for these conifers is helpful for large-area afforestation, so as to manage forests to provide a higher
level of ecosystem services. To achieve the research goals, we take the conifers in Hubei Province of
southern China as a case study. (2) Methods. The situations of conifers, as well as environmental
conditions of 448 sampling plots, were then investigated. The suitable growth environment of conifers
in the studied area was determined by the maximum entropy algorithm, and the suitability spatial
distribution of coniferous forests at the provincial level was also analyzed. (3) Results. The effect
of the conifers suitability prediction model reached an accurate level, where AUC values of MP,
CF and CT training set were 0.828, 0.856 and 0.970, respectively. Among multiple environmental
factors, such as geography and climate, altitude is the most important factor affecting conifer growth.
The contribution of altitude to the growth suitability of MP, CF and CT was 38.1%, 36.2% and
36.1%, respectively. Suitable areas of MP, CF and CT were 97,400 ha, 74,300 ha and 39,900 ha,
accounting for 52.45%, 39.97% and 21.46% of the studied area, respectively. We concluded that the
suitable site conditions of conifer plantations were 2800-5600 °C annual accumulated temperature,
40-1680 m a.s.1., and <40° slopes. (4) Conclusions. The study suggests that accurate spatial suitability
evaluation should be carried out to provide sufficient support for the large-area afforestation in
southern China. However, due to our data and study area limitations, further studies are needed to
explore the above findings for a full set of plantation species in an extensive area of southern China.

Keywords: plantations; coniferous forests; suitability; MaxEnt model; Hubei province

1. Introduction

Plantations play an important role in global forest resources. They can not only
provide wood supply resources, but also promote ecological restoration, landscape recon-
struction and environmental improvement [1,2]. However, the sustainable management
of plantations is facing difficulties [3]. In the middle reaches of the Yangtze River, due to
inappropriate site conditions and poor species spatial structure, the vegetation growth
trend and the ecological function of plantations are poor, resulting in a series of problems
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such as soil erosion and biodiversity decline [4-6]. There are many factors that affect the
growth quality of plantations [7]. Whether the environmental conditions are suitable for
plants is not considered, and large areas of plantation forests will lead to factors such as
light, temperature, water and fertility that do not meet the needs of plant species [8].

Since the 1980s, countries around the world have developed plantations for different
purposes, such as industrial timber forests and ecological public welfare forests, through
artificial afforestation or reforestation, so that the area and volume of plantations in the
world show a growing trend [6,9]. In 2020, the world’s plantation area was 293.9 million ha,
and the growth rate was 1.10% (2010-2020) [10]. China’s plantation area ranks first in
the world. In 2020, the plantation area was 84.70 million ha, accounting for more than
one-third of the national forest area, with an annual growth rate of 1.45% (2010-2020) [10].
The development process of plantations in China is typical and representative, which has
important reference and enlightenment significance for the construction and maintenance
of plantations in the world [11,12].

Since the 19th century, many scholars have found that species diversity, vegetation
growth, and productivity of plantation forests have decreased significantly due to envi-
ronmental degradation, especially soil degradation [6,13]. The suitability of species site
conditions for species refers to whether the climatic conditions, geographical conditions,
and other conditions of a certain region are suitable for its growth [14,15]. The analysis
of the suitability of species site conditions is not comprehensive enough to achieve the
suitability of land and species, which is one of the main reasons for the degradation of
the ecological function of plantations [16,17]. Therefore, the suitability of plant species,
the relationship between geographical distribution and climate, and the simulation and
prediction of geographical spatial distribution are carried out [18,19]. Plant suitability
analysis is one of the key research hotspots in global ecology and global change biology,
which has important theoretical and practical significance [20]. Based on this requirement,
many different statistical methods came into being, and species distribution models (SDMs)
have been produced one after another [21,22]. Species distribution models mainly use the
distribution data of species and environmental data to correlate, predict the niche of species
according to the algorithm, reflect the preference of species for habitat with entropy, and
explain the habitat suitability of species [23]. There are many studies on species suitabil-
ity. At present, it is widely used in habitat prediction of rare, endangered, and economic
species [24], the distribution of invasive species and propagation prediction of diseases and
insect pests [25-28], screening of priority reserves [29,30], the impact of climate change on
species distribution, etc. [31-33].

The species distribution models were developed in the 1980s. It was initially a concep-
tual analysis model based on the existing data on species distribution. Common models
were models based on environmental thresholds and distance thresholds to predict species
distribution, such as the Bioclim classic framework model established in 1986 [34]. The
habitat model was based on biological characteristics [35], and the classification confidence
Domain model was based on Diva-GIS software [36]. The Garp model was implemented
by a genetic algorithm [37], the artificial neural network (ANN) model was established by
a distributed mathematical-statistical model [38,39], and the maximum entropy algorithm
(MaxEnt), which calculates entropy, was based on an unbiased estimation [40-42]. In the
later stages, with the progress of technology and the increase in available data types, the
species distribution model gradually developed into a statistical model based on applied
classification and discriminant analysis. The use of data types was also more abundant,
mainly including the Biomod model [43], the generalized linear model (GLM) based on
normal linear generalization [44], and a more flexible nonparametric extended generalized
additive model (GAM) [45,46].

With the continuous development of the species distribution model, the research on
plantation species suitability was also deepening, and the model and technical methods
gradually matured [47]; Kabir et al. (2005) took Eucalyptus camaldulensis, Acacia mangium
and other species in the Dhaka forests of Bangladesh as a research object, and found the
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optimal analysis model suitable for each species by comparing seven regression analysis
models [48]. Kimsey et al. (2008) took Abies in the northern Edwards region of the United
States as a research object, and calculated its site index by using a geographically weighted
regression model, analyzing and evaluating the site index of Abies. When evaluating the
suitability of Acacia species [49], Wang et al. (2002) combined the GIS analysis method
with the economic management decision support (EMDS) model to divide the suitability of
Acacia in the study area into three levels [50]. Among the different models, MaxEnt belongs
to its learning model, which finds the geographical location of suitable target species by
finding the geographical distribution with the maximum entropy [51]. The MaxEnt still
has good prediction accuracy under less data demand, and the model is suitable for global
regions. In addition, it has a higher tolerance to data deviation problems because of small
samples and irregular sampling, and it has excellent prediction performance.

Hubei Province is located in the middle of the Yangtze River Basin in China. The
area of coniferous forest accounts for 55% of the total forest land [52]. Its reasonable forest
management plays an important role in improving the ecological function of coniferous
forests. In past afforestation, the analysis of species suitability was not accurate enough to
achieve the right place and species, which degraded the ecological function of coniferous
forests [53]. The objectives are as follows, to: (1) explore the method of accurate suitabil-
ity evaluation of plantation growth; (2) identify the site factors affecting the growth of
coniferous forest in the study area; and (3) obtain the area and spatial distribution position
of the suitable growth area of coniferous forests. Based on a large amount of sample
data, the interpolation model and species distribution model were used to improve the
prediction accuracy. The results can provide important theoretical support and technical
reference for the improvement and transformation of the construction of plantations and
ecological function.

2. Materials and Methods
2.1. Study Area

Hubei province (latitude of 29°01'53"-33°6’47" N and longitude of 108°21'42"-
116°07'50” E) is located in the middle reaches of the Yangtze River, covering an area
of 185,900 km? (Figure 1). The study area is located in the subtropical monsoon climate
area, which makes this area hot and rainy in summer and cold and dry in winter [54].
The forestland area in the province is 7.9389 million ha, accounting for 42.71% of the
total land area. It is mainly distributed in mountainous and hilly areas, and less in
plain areas. The forest species are also dominated by artificial forest species such as
Masson pine (Pinus massoniana), Chinese fir (Cunninghamia lanceolata) and Chinese thuja
(Platycladus orientalis).

According to the topographic characteristics, such as altitude, slope and aspect, the
data of plantation sample points are evenly selected for investigation and mining in Hubei
Province. The plantation height, diameter at breast height (DBH), canopy density, total
vegetation coverage, litter thickness, community structure, plantation species structure,
volume, longitude and latitude and other information were recorded. The data of 467 plan-
tation plots (20 x 20 m?) were obtained, including 294 Masson Pine (MP) plots, 105 Chinese
fir (CF) plots and 68 Chinese thuja (CT) plots.
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Figure 1. Location, altitude, soil type, climate subdivision and sampling plots distribution of the
study are.

2.2. Data and Method
2.2.1. Data Acquisition

The meteorological data come from the cumulative monthly and monthly data of
China’s surface from 1981 to 2010 on the Chinese Meteorological Science Data Center
(http:/ /data.cma.cn/, accessed on 1 May 2022). It contains the data of 103 meteorological
stations (67 in Hubei Province and 36 outside neighboring provinces). The data include
temperature, precipitation and three other types (Table 1). The air temperature data
include nine air temperature elements: mean temperature, average annual temperature
difference between day and night, the highest temperature in the hottest month, the lowest
temperature in the coldest month, annual temperature daily range, minimum temperature
daily range, standard deviation of air temperature, annual temperature range and isotherm;
the precipitation data include annual rainfall, rainfall in the wettest season, rainfall in the
driest month and relative standard deviation of rainfall; other data include air pressure and
humidity Shape data coming from digital elevation data (DEM) of geospatial data cloud
(https:/ /www.gscloud.cn/, accessed on 1 May 2022). The slope, aspect and altitude data
are calculated from DEM data. The soil data are from the big data center of sciences in cold
and arid regions (http:/ /bdc.casnw.net/yyzc/sj/250299.shtml, accessed on 1 May 2022).
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Table 1. Geographical environment data.
Factors Abbreviation Content
Prel Annual precipitation
Moisture fact Pre2 Precipitation of wettest quarter
oisture factors Pre3 Precipitation of driest month
Pre4 Relative standard deviation of precipitation
Acc Accumulated temperature
Tem1 Annual mean temperature
Tem?2 Mean diurnal range
Tem3 Max temperature of warmest month
Tem4 Min temperature of coldest month
Heat factors
Tem5 Poor annual temperature
Tem6 Minimum daily temperature
Tem?7 Temperature standard deviation
Tem8 Temperature annual range
Tem9 Isothermality
Dem Digital elevation model
Terrain factors Aspect Aspect
Slope Slope
Frost Frost-free period
Pre Air pressure
Other factors Hum Humidity
ST Soil type

2.2.2. Data Processing

Multiple Linear Regression Kriging (MLRK) was used to interpolate and calculate
meteorological station data in different climate zones (Figure A1) to obtain continuous
meteorological spatial distribution data. This method is more accurate than the data
measured by meteorological stations. In the process of meteorological data interpolation,
the normalized data such as altitude, slope and aspect are used as auxiliary variables;
stepwise regression method is used to screen and regression fitting is carried out to calculate
the residual of multiple linear regression at a meteorological station location, and the
ordinary Kriging method is used to interpolate the residual of regression. The predicted
value of each point was obtained by adding the determined part and residual interpolation
result of each predicted point [55]. The formula is as follows:

n

Z(s0) = i Brax(so) + Y Aie(si) 1
k=0

i=1

A 2N
where Z(sp) is the interpolation result of predicted position points, and Y. Bxqi(so) is the
k=0

deterministic part of regression fitting. Ei-A e (s) is the interpolation result part of ordinary
Kriging on regression residual; K represents the position serial number during regression
fitting; B represents the total number of spatial positions; fy is the coefficient of regression
model; f is the intercept when k = 0; i represents the position sequence of regression
residual interpolation, n represents the total number of spatial positions; gi(so) is the value
of an auxiliary variable of predicted position points; A; is the weight of ordinary Kriging
interpolation determined by the spatial correlation structure of regression residual, and
e(s;) is the residual at position s;.

2.3. Ecological Function Evaluation of the Sample Land

There are good and bad ecological quality samples in the survey sample plot, so good
samples need to be screened as data for suitability evaluation. The ecological function of
the sample plot refers to the method proposed in the technical regulations on continuous
inventory of national forest resources formulated by the China Forestry Administration
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in 2004 [56]. The index mainly includes eight indexes: forest volume, naturalness, aver-
age stand height, canopy density, total vegetation coverage, litter thickness, community
structure and species structure, which can comprehensively evaluate the growth of species.
Tables A1 and A2 are the classification criteria and basis of the ecological index. The
calculation method of the ecological function index is as follows:

1
K p—
Y WiX;

()

where K is the ecological index, X; represents the result of the ith evaluation factor (grade
I, grade II and grade III), and W; represents the weight of each evaluation factor. The
sample plots with ecological function grades I and II are determined to be suitable for
the growth of coniferous trees. A total of 448 sample plots suitable for coniferous growth
(including 291 MPdata, 95 CFdata and 62 CT data were used as supporting data for scientific
evaluation of coniferous forest suitability.

2.4. Space Suitability Division

According to the ecological suitability of the species, the geographical factors were
treated in a unified coordinate system. Firstly, the restricted geographical elements are used
for spatial superposition to eliminate unsuitable areas (divided according to experience).
Then the suitability index of each grid is calculated by using the MaxEnt in the possible
suitable area. Finally, the suitability is classified according to the suitability index and its
accuracy is evaluated.

2.4.1. Space Suitable for Unit Screening

According to the relevant literature, the suitable spatial units are roughly divided
according to the suitable growth environment of species [57], and the formula is as follows:

SRZ' = Temi X Prel- X SOii X DEMl (3)

where i stands for the ith pixel. SR; refers to the appropriate spatial unit of the coniferous
trees. When SR; = 1, it means that the grid position is suitable for conifer growth in theory,
and when SR; = 0, it means that the grid position is not suitable. Tem; represents annual
average temperature; Pre; represents annual precipitation; DEM; represents altitude; and
Soi; represents soil types.

2.4.2. Filtering of Potential Distribution Key Environment Variables

There are many environmental factors affecting species distribution, including climate
factors, soil factors, vegetation distribution and so on [58]. We selected 24 environmental
variables to build the initial model. The jackknife test in MaxEnt software was selected
to determine the contribution of environmental variables to the model prediction, and
eliminate the environmental variables with a small contribution based on the test results.

2.4.3. MaxEnt Model

MaxEnt model does not make any biased assumptions about the unknown when
the known conditions are met, so the prediction risk of the model is the smallest (http:
/ /www.cs.princeton.edu/, accessed on 1 May 2022, Version 3.4.1). The formula is:

maxH(Y/X) = =3 p (i, y;)logp (v;/ %) @)
i

where X € {x1,x2,---, xs},Y € {y1,Y2,- - -, yn} are discrete variables. In the calculation,
the model calculates the constraint conditions of target species distribution according to
the environmental characteristic variables of species quadrat data, explores the possible
distribution of maximum entropy under this constraint, and predicts the habitat distribution
and suitability of target species in the study area [59]. The output result of the MaxEnt
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model is 0-1. The larger the value, the greater the distribution probability of species. In
this study, 25% of the distribution data is randomly selected as the testing date, and the
remaining 75% is used as the training data. The contribution of each environment variable
to coniferous forest data distribution is determined by a jackknife test. According to the
distribution probability (P) and the fitness grade of coniferous trees in the study area,
P < 0.05 is the non-fitness area, 0.05 < P < 0.2 is the low fitness area, 0.2 < P < 0.5 is the
medium fitness area, and 0.5 < P < 1 is the high fitness area.

2.5. Validation of Model Accuracy

In this study, the area under the curve (AUC) under the receiver operating charac-
teristic curve (ROC curve) was used as the criterion to evaluate the model simulation
results (He et al., 2021). ROC curve, also known as sensitivity curve, is drawn with the
false-positive rate (1-specific rate) and true-positive rate (1-missing rate) as abscissa and
ordinate, respectively, according to a series of different two classification methods. The area
value under the curve is the AUC value, with a value range of 0 to 1. The closer the AUC
value is to 1, the greater the correlation between environmental variables and distribution
models, and the higher the accuracy of prediction results (Table 2).

Table 2. The evaluation criterion of AUC.

Range of AUC Values Evaluation Criterion Range of AUC Values Evaluation Criterion
0.5 <AUC<0.6 Failed 0.8 <AUC<0.9 Good
0.6 < AUC<0.7 Poor 0.9 < AUC<1.0 Excellent
0.7 <AUC<0.8 Mediocre
3. Results

3.1. Spatial Distribution of Main Coniferous Forests

The division of possible suitable units was based on the mastery of the basic habits of
the target species, and the spatial areas in the area that were not suitable for plant growth
were preliminarily excluded through environmental factors. The target species of this
study were MP, CF and CT. MP was a positive species, suitable for the annual average
temperature of 13-22 °C, the annual precipitation of 800-1800 mm, the altitude of less
than 1500 m, the soil requirements were not strict, suitable for slightly acidic soil, and not
suitable for swamp soil, meadow soil or wetland. CF was suitable for an annual average
temperature of 15-23 °C, annual precipitation of 800-2000 mm and altitude of less than
1200 m. It was not suitable for swamp soil, meadow soil or alkaline soil. CT was suitable
for the annual average temperature of 13-19 °C, the annual precipitation was higher than
1000 mm and the altitude was lower than 2000 m. It was not suitable for swamp soil,
meadow soil or alkaline soil (Figure 2).

(a)

0 25 50

100 150 200

[l e B
B | 0% w e Bl (%% w w R

Figure 2. Preliminary screening of spatial suitability units of (a) Masson pine, (b) Chinese fir and
(c) Chinese thuja.
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3.2. Evolution Characteristics of Landscape Patterns of LUCC

For MP, the top five factors in order of importance were altitude, accumulated tempera-
ture, air pressure, mean diurnal range and poor annual temperature, among which altitude
contributes the most to its distribution, and the score of individual training score was more
than 0.3 (Figure 3). For CEF the top five factors were annual rainfall, rainfall deviation,
altitude, humidity and annual average temperature, in which the contribution of annual
rainfall was the largest, and the individual training score was more than 0.2. The main
factors affecting CT were altitude, humidity, accumulated temperature, air pressure and
air temperature deviation, among which altitude contributed the most, and the individual
training score was more than 0.7.

Acc Acc 1 —

Aspect mm Aspect 1 Asﬁggt

DEM | e s DEM|  n— 1 DEM|
o Frost mem— o Frost Frost
= Hum = Hum| e— L Hum| e—
‘s Prelimm < Prell m——— 2 Prell m—
S Drel mu— S Pre2 me— g Pre2} m—
= Pre3 mm > Pre3 S Pre3
= Pre4 = Pred| me— —  Pred! m—
= Pre = Pre S Pre
T Slope | m— g Slope £ Slope
£ Tem!] - — £ Tem || — g Teml
S Tem?2 - n—— = Tem2| mm- 2 Temn?2| M—
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S Temd > Temd | m— S Temd| -
S Tems | n— S Tem5 = Tem3
M Tem6 M Teme = Tems
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Tem9 - m— TemO|  m— Tem9| m—

00 05.10 15 20 25 30 35.40 45 50 55 60 .65 00 .05 1015 20 25 30 35 40 45 50 .55 60 65 .70 000 200 40 60 80 1,00 120 140
Regularized training gain Regularized training gain Regularized training gain
(a) Masson pine (b) Chinese fir (¢) Chinese thuja

B without variable I With only variable B With all variables

Figure 3. Jackknife environmental variable contribution. The vertical axis represents each geograph-
ical factor, and the horizontal axis represents the training score value of each factor. Green, blue
and red columns respectively represent the sum of fitting scores of all variables without fitting the
variable and only fitting the factor. The high score of the blue column indicates that the variable has
high prediction ability, and the low score of the green column indicates that the variable contains

more special information.

Overall, the main influencing factors of the suitability distribution of the three species
in Hubei Province were different (Table 3). The suitable distribution of MP was mainly
affected by altitude (38.1%), precipitation deviation (17.7%), slope (10.1%) and other factors
(34.1%), indicating that terrain and water conditions were the main factors affecting the
distribution of MP. The suitable distribution of CF was mainly affected by precipitation
(36.2%), slope (13.8%), altitude (10.7%) and other factors (39.3%). Overall, the water factor
and the terrain factor had great influence, accounting for 43% and 24.5%; respectively; the
suitable distribution of CT was mainly affected by topographic factors. The contribution
rate of altitude was 36.1%, and the contribution rate of slope and aspect was only 1.8%,
indicating that CT was greatly affected by altitude. The contribution rates of heat and water
factors were 26.9% and 17.5%, so the hydrothermal conditions also had a great impact on
the suitability distribution of CT.
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Sensitivity (1-Omission rate)

Table 3. Spatial factor contribution rate analysis table.

Main Coniferous Species

Environmental Factors - - - - -
Masson Pine Chinese Fir Chinese Thuja

Prel 2.6 36.2 0.0

. Pre2 8.0 0.3 3.6
Moisture Pre3 3.8 3.0 0.1
factors Pred 17.7 35 13.8
Total contribution 32.1 43.0 17.5

Acc 3.2 4.8 0.2

Tem1 2.5 5.1 5.8

Tem?2 1.0 0.0 0.0

Tem3 1.6 0.7 0.1
Tem4 2.1 1.5 14.5

Heat factors Temb 1.1 0.1 0.0
Tem6 0.5 0.0 0.0

Tem?7 0.6 0.0 5.8

Tem8 0.2 0.0 0.5

Tem9 0.0 4.3 0.0
Total contribution 12.8 16.5 26.9

Dem 38.1 10.7 36.1

. Aspect 4.2 0.2 1.7
Terrain factors Slope 10.1 13.8 0.1
Total contribution 52.4 24.7 37.9

Frost 1.2 2.3 0.2

Pressure 1.3 5.0 0.0

Other factors Humidity 0.1 8.6 17.6
Total contribution 2.6 15.9 17.8

3.3. Accuracy Verification of Species Distribution Model Simulation Results

The AUC values of training sets of MP and CF were greater than 0.80, which was higher
than the random prediction value, which showed that the model accuracy was very accurate
(Figure 4 and Table 4). The AUC value of the CT training set reached 0.97, indicating that
the accuracy of the Maxent constructed by CT sample plot and environmental data was
very accurate, indicating that the MaxEnt could be used to predict the potential distribution
of three species. At the same time, the closer the two lines of the training set (red line) and
the test set (blue line), the more stable the fitting accuracy of the MaxEnt. It can be seen
that the order of fitting effect was: MP > CF > CT, in which CT even had obvious saw teeth
because of the small sample size.

o
=

2 = = o
)

)

=2 = = =

=

Training datz (AUC =0 A%E) =
Testdatz (AUC=0.745) ™
Random Predicton (AJC =05 ®

Training data (AUC = 0.828)
Tesidats (AUC = 0.767) &
Random Pradiction (41C = 0.5) 8

Training data (AUG =0.970) =
Testdata (AUC =0 841) @
Random Pradicion (&11C = 0.5) 8

=
=

=
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=
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Table 4. Evaluation table of simulation accuracy of main coniferous species in Hubei Province.

Types Training Data AUC Test Data AUC Accuracy Evaluation
Masson pine 0.828 0.767 Good
Chinese fir 0.856 0.745 Good
Chinese thuja 0.970 0.841 Excellent

3.4. Spatial Distribution and Quantitative Structure of Eco-Environment

The strong suitable area of Pinus massoniana in Hubei Province was 4.23 x 10° ka,
the medium suitable area was 5.52 x 10° ha, the weak suitable area was 3.38 x 10° ha
and the unsuitable area was 5.46 x 10° ha (Figure 5). The suitable area of medium and
above was 9.75 x 10° ha, accounting for 52.45% of the total area. The strongly suitable
areas were mainly distributed in the northeast of Hubei Province and some low mountains
and hilly areas. The strong suitable area of CF was 2.82 x 10° ha, the medium suitable
area was 4.61 x 10° ha, the weak suitable area was 4.67 x 10° ha, the unsuitable area was
6.49 x 10° ha and the medium and above suitable area was 7.43 x 10° ha, accounting for
39.97% of the total area. Strong suitability areas were widely distributed in the southwest
and east of Hubei Province. The area of the CT strong suitable area was 1.59 x 10° ha,
medium suitable area was 2.40 x 10° ha, weak suitable area was 4.28 x 10° ha, unsuitable
area was 10.32 x 10° ha, and the area of medium and above suitable area was 3.99 x 10°
ha, accounting for 21.46% of the total area. In terms of distribution, the strong suitable
areas are mainly distributed in the northwest, central and western and southeast of Hubei
Province (Figures 5 and A2-A4).

@ i

e e o ENTERIENICTV || (55 o e o HETEEIES v 0 e o HENT I EELICOTV

Figure 5. Spatial distribution map of suitability of (a) Masson pine, (b) Chinese fir and (c) Chinese
thuja. I, II, IIl and IV represent strong suitable, medium suitable, weak suitable and not suitable
for species.

The MaxEnt gave the response curves of each factor to show the relationship between
the environmental variables and the probability of species when creating the model, which
was bounded by the distribution probability of 0.5: MP was suitable to grow at altitude
(100-1500 m), accumulated temperature (2800-5600 °C), air pressure (955-1008 hpa), an-
nual temperature difference between day and night (8.2-9.9 °C), precipitation deviation
condition (53-73), slope (<40°) and precipitation in the wettest season (370-400 mm and
575-680 mm). CF was suitable to grow at annual precipitation (600-640 m and >1350 m)
(<64 mm), altitude (40-1680 m), humidity (<72% and >76%), slope (5-35°) and annual
average temperature (14.1-16.1 °C and > 17.2 °C). CT was suitable to grow at altitude
(100-700 m), humidity (<74%), air pressure (955-1015 hpa), accumulated temperature (3750
5250 °C), lowest temperature in the coldest month (—14.5-4.5 °C), precipitation deviation
(56-62% and >67%) and annual average temperature (14.3-17.6 °C) (Figures A2-A4).
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4. Discussion
4.1. Spatial Distribution of Suitable Growing Area of Coniferous Forests

Our research showed that the suitable growth areas of MP, CF and CT accounted for
about 52.45%, 39.97% and 21.46% of the whole area of Hubei Province, respectively. The
suitable growth areas were high, so these areas should be reasonably screened for plantation
management. This suitable area of conifers in Hubei Province was mainly distributed in the
low mountain and hilly areas in the east and west, which was semi-surrounded; this was
consistent with other research results [60]. Pinus massoniana was suitable for distribution
in northeast, central and western Hubei and north-central Hubei. CF was suitable for
distribution in southeast, northeast and western parts of Hubei Province. CT was suitable
for northwest, central and western and southeast Hubei Province.

The results showed that altitude was an important factor affecting the suitable growth
of conifers in China, which was similar to research results in North China [61]. Altitude, as
the leading factor of suitability, might be related to global climate change. Jayasinghe and
Kumar (2019) predicted that the potential distribution of Camellia sinensis in low-altitude
areas would be lost to a greater extent compared with high-altitude areas in the future [62].
The high suitable habitats of conifers in China were mainly concentrated in the middle and
southeast of the middle subtropical region, where the temperature was moderate and the
rainfall was abundant.

4.2. Other Factors That Influence Model Simulation

We conducted overlay analysis on the land use/land cover data of the study area in
2015 (the data came from the results of another study [63]) (Figure A5). The land use/land
cover was classified into built-up land, water bodies, shrubland, cropland and other areas.
Other areas were classified into “Suitable areas for Coniferous forests” for I and II, and
“Unsuitable areas for Coniferous forests” for IIl and IV based on the appropriate results
of Figure 5. Hubei Province planned to complete 93,000 ha of new plantations by 2025,
increasing the forest volume from 420 million to 490 million m? [64]. In order to improve
the regional forests coverage and health, our research results suggest that excluded existing
urban areas and infrastructure, and coniferous forests, such as MP, CF and CT, should be
planted in the southwest, south and central areas of the study area on the basis of protecting
basic farmland.

We considered the topographic, meteorological and soil factors affecting the growth of
plantations. We also considered the difference in climate zones, where the improved inter-
polation model was used to obtain more accurate spatial distribution site factors [65-67].
However, there were many other factors not considered in this study, such as social, eco-
nomic and demographic factors, which would also affect the growth of plantations [68-70]
In addition, Hubei Province has built large-scale water conservancy projects such as the
Three Gorges Dam, Gezhouba Dam, Danjiangkou reservoir and the south-to-north wa-
ter transfer canal system. The increases in water surface have changed the surrounding
microenvironment. These factors should be comprehensively considered in a future adapt-
ability evaluation to improve the evaluation accuracy.

4.3. Afforestation and Other Measures for Sustainable Management

In the process of plantation management and protection, for the inefficient forests
caused by unsuitable conditions, thinning and interspecific planting of other suitable plants
could be carried out, and new plant species could replace existing species to become
dominant species through gradual succession [60]. Due to the large scope of the study area,
this study only considers the impact of soil types on the growth of plantations, and did
not consider the soil’s physical and chemical properties, soil thickness, etc., which should
be comprehensively considered in the construction [71]. In addition, when studying the
suitability of plantations from the perspective of the geographical environment, forestry
management, economic factors and other human factors were not considered [72,73]. In
the construction of plantations, land preparation methods, seed quality, seedling quality,
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afforestation density, thinning light transmission and other management technologies had a
great impact on Pinus tabulaeformis [74]. From an economic point of view, traffic conditions,
afforestation difficulty, management and protection investment and other factors would
directly affect the cost of afforestation and management, and indirectly affect the suitability
of plantations on specific plots [75]. In afforestation or degraded forestland transformation,
it should be comprehensively considered in combination with the actual situation. More
importantly, afforestation sometimes has negative effects on the ecological environment,
such as the disturbance of soil and groundwater brought by afforestation [76,77], and
the destruction of biodiversity caused by artificial activities [78], which should be paid
attention to in the process of forestry ecological protection after this year.

5. Conclusions

In the past, due to the limitation of technical conditions, people’s analysis of environ-
mental factors was not accurate enough to achieve real suitable land and species, which
degraded the ecological function of artificial forests. We combined the principle of plant
ecology with spatial information technology, and took the geospatial data with 30 m spatial
resolution as the data source. A multiple linear regression Kriging model (MLRK) and
maximum entropy algorithm (MaxEnt) were used to comprehensively analyze the precise
suitability of the main coniferous species in Hubei Province. The main conclusions were:

The spatial suitability of plantations based on 21 geographical environment variables
(altitude, slope, aspect, meteorology, soil type, etc.) had good accuracy. The AUC values of
the MP, CF and CT training set were 0.828, 0.856 and 0.970, and the AUC values of the test
set were 0.767, 0.745 and 0.841, respectively. The main influencing factors of the suitability
distribution of the plantation species in Hubei Province and the importance ranking of
each factor were different. The spatial distribution of MP and CT suitability had strict
requirements on topographic conditions, while CF had higher requirements on water status.
However, for the plantation species, the altitude factor showed a large contribution rate,
and the most suitable thresholds were 100-1500 m, 40-1680 m and 100-700 m, respectively.
The suitable area of MP, CF and CT was as follows: MP > CF > CT, accounting for 52.45%,
39.97% and 21.46% of the total area, respectively. In terms of distribution characteristics,
affected by the terrain, the low mountains and hills in the East and West were the main
suitable distribution areas of the plantations. The results of this study had important
reference values for selecting suitable plantation species for planting according to local
conditions (combined with regional meteorological and topographic conditions).

Our research area is only a limited area in the middle reaches of the Yangtze River in
China. Future studies should include larger samples. The method in this paper provides
technical support for the suitability screening of plantations, and the research results can
provide important theoretical support and data basis for the planning and construction of
artificial forests in the future.
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Appendix A

Table Al. Ecological index division standard table.

Classification Criteria

Evaluation Factors Weight
I 1I II1
Forest Stock >150 (m3/ha) 50~150(m3/ha) <50(m3/ha) 0.20
Forest Naturalness LI III, IV A% 0.15
Community structure Complete structure More complete structure Simple structure, 0.15
Thermal coniferou Warm coniferous
N contterous broad-leaved mixed forest; Cold and temperate
forest; Thermal . .
Stand structure . Warm coniferous forest; coniferous forests; Temperate 0.15
coniferous broad-leaved . .
. Warm mixed broad-leaved coniferous forests
mixed forest .
conifer forest
Stand average height >15.0m 5.0~14.9 m <5.0m 0.10
Crown density >0.7 0.40~0.69 0.20~0.39 0.10
Vegetation coverage >70% 50~69% <50% 0.10
Thickness of dead leaves >10 cm 5~9 cm <5 cm 0.05
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Table A2. Evaluation table of ecological function grade.

Functional Level

Forest Ecological Function Index

Dem (m)
-High: 3099

-Low: 0

(d x

Pressure (hPa)

meters . High: 1024.11

“Low:881.50 026 120 180 w

(8
A

Pred (%)

High: 7875 qr— —idometers
.LOW 44.58 03060 120 180 240

Figure A1. Cont.

nu— L
03060 120 180 240

I >0.67
1 0.67~0.42
T <0.42
(O ©
A A

Kilometers

Frost (d)

MU L Tlometers 59 26 - 35
03060 120 160 240 36-45
- > 46

Humidity (%)

High: 347.91 High: 84.05
— .-I.ow: 113.37 03080 120 160 Pl .-Low: 66.36
() 2 @

A

Pre3 (mm)

High: 20911 np—  —jgometers
“ Low: 21.51 03060 120 180 240

A

Pre2 (mm)
. High: 742.14
- Low: 345.94



Land 2022, 11, 690 14 of 19

Acc (°C) Tem9 (°C)
Prel (mm) i 3
< oh- High: 6348.01 High: 22.90
L High: 1685.59 r—— . Klomators .
AR A .[ow: 61227 Smw o w Pl LLow=667,65 9% 0w M - Low: 14.60
(m) ) @ (0)

ol

Aﬁ;j, -
Tem8 (°C) Tem7 (°C) Tem6 (°C)
UL Tkiomsters High: 59.60  npy—  r—domees Hight 1676 1 —  —gomutes .Highi 142
03060 120 180 240 .‘IﬁW' 42.61 03060 120 180 240 ..LOW 11.06 ° 3060 120 180 240 - Low: 0.78
N N N
@ A (@ A (™ A

TemS (°C) Temd (°C) Tem3 -("C)
MLl Wometars High: 1149 nar—1 —idometers .High: 244 1 omae .ngh: 43.21
03060 120 180 240 “Low: 6.44 03060 120 180 240 “Low: 35.71 03060 120 180 240 “Low: 35.71
(s) (®

J A

Tem2 .("C) Teml (°C)
ML omears High: 1149 o e High: 17.73
0360 120 180 240 “Low: 6.45 03060 120 B0 240 !Low:ll.37

Figure Al. Spatial distribution map of site factors. (a) DEM represents digital elevation model;
(b) spatio-temporal of aspect; (c) spatio-temporal of slope; (d) Pressure represents air pressure;
(e) spatio-temporal of frost; (f) spatio-temporal of humidity (g) Pre4 represents relative standard
deviation of precipitation; (h) Pre3 represents precipitation of the driest month; (i) Pre2 represents
rainfall of the wettest season; (j) Prel represents annual precipitation; (k) Acc represents accumulated
temperature; (1) Tem9 represents isothermality; (m) Tem8 represents temperature annual range;
(n) Tem?7 represents temperature standard deviation; (0) Tem6 represents minimum daily temperature;
(p) Temb represents poor annual temperature; (q) Tem4 represents the min temperature of the coldest
month; (r) Tem3 represents the max temperature of the hottest month; (s) Tem2 represents annual
diurnal range and (t) Tem1 represents annual mean temperature.
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Figure A2. Feedback curves of dominant geographic environment variables for Masson Pine. DEM

represents digital elevation model; Acc represents accumulated temperature; Pressure represents air

pressure; Tem2 represents annual average diurnal temperature difference; Pre4 represents precipita-

tion deviation; Pre2 represents rainfall in the wettest season.
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Figure A3. Feedback curves of dominant geographic environment variables for Chinese fir. DEM

represents digital elevation model; Acc represents accumulated temperature; Pressure represents air

pressure; Pre4 represents precipitation deviation; Tem2 represents annual average diurnal tempera-

ture difference.
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Figure A4. Feedback curves of dominant geographic environment variables for Chinese thuja. DEM
represents digital elevation model; Acc represents accumulated temperature; Pressure represents air
pressure; Tem2 represents annual average diurnal temperature difference; Pre4 represents precipita-
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