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Abstract: Land use and land cover (LULC) change in tropical regions can cause huge amounts of
carbon loss and storage, thus significantly affecting the global climate. Due to the differences in natural
and social conditions between regions, it is necessary to explore the correlation mechanism between
LULC and carbon storage changes in tropical regions from a broader geographical perspective. This
paper takes Hainan Island as the research object, through the integration of the CA-Markov and
Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) models, based on multi-source
data, analyses the dynamics of LULC and carbon storage from 1992 to 2019 and the relationship
between the two, and predicts future LULC and carbon storage under different scenarios. The results
show that (1) the built-up land area of Hainan Island expanded from 103.59 km2 to 574.83 km2 from
1992 to 2019, an increase of 454.91%; the area of cropland and shrubland decreased; and the area of
forest increased. (2) Carbon storage showed an upward trend during 1992–2000, and a downward
trend during 2000–2019. Overall, LULC changes during 1992–2019 reduced carbon storage by about
1.50 Tg. (3) The encroachment of cropland in built-up land areas is the main reason for the reduction of
carbon storage. The conversion of shrubland to forest is the main driving force for increasing carbon
storage. The increase and decrease of carbon storage have obvious spatial clustering characteristics.
(4) In the simulation prediction, the natural trend scenario (NT), built-up land priority scenario (BP)
and ecological priority scenario (EP) reduce the carbon storage of Hainan Island, and the rate of
decrease is BP> NT > EP. The cropland priority scenario (CP) can increase the LULC carbon storage,
and the maximum increase in 2050 can reach 0.79 Tg. This paper supplements and improves the
understanding of the correlation between LULC and carbon storage changes in tropical regions, and
can provide guidance for the optimization of LULC structure in tropical regions with high economic
development from a low-carbon perspective.

Keywords: land use and land cover; carbon storage; climate change; Markov-PLUS model; InVEST
model; multi-scenarios; low carbon development; low latitude region; Hainan Island

1. Introduction

The negative impacts of global climate change have profoundly changed people’s
perception of carbon, and the way human society gets along with the earth’s ecosystem
is being tested. Enhancing the amount of carbon storage by the earth’s ecosystem and
reducing carbon emissions to enhance the sustainability of human social development
have become important issues to be addressed [1–4]. Land use and land cover (LULC) [5]
is the most intuitive and widespread representation of surface systems, covering four
types of carbon storage carriers: above-ground biomass, below-ground biomass, soil
biomass, and dead biomass [6], which can directly and prominently contribute to carbon
storage and carbon emissions [7,8]. Along with the world’s economic growth and resource
exploitation, the type, amount, and spatial distribution of LULC are changing more and
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more frequently, resulting in more than 30% of global carbon emissions [9,10]. Assessing
past and predicting future LULC changes, and thus exploring the response relationship
between LULC changes and carbon storage changes, is important for rationalising LULC
planning and socio-economic activities.

For a long time, because the tropics have a higher carbon density than other tempera-
ture zones [11], and due to the continuous emergence of deforestation due to the need for
economic development [12], their LULC types have changed significantly [13], so they have
consistently been the hotspot of related research. Many current studies have focused on
the Amazon [14], central Africa [15], and the equatorial rainforests of Southeast Asia [16],
while other tropical regions are very limited. Deforestation in the São Francisco River Basin
(SFRB) in South America resulted in a total loss of 133.19 Tg of carbon [17], while LULC
carbon storage in coastal Bangladesh showed an increasing trend as the area of planted
forests increased [18]. In order to increase the income of farmers or the government, defor-
estation has occurred in the Amazon [19], Central Africa [20], and Southeast Asia [21] to
expand the planting area, which has changed the original LULC composition and reduced
the regional carbon storage. The above studies help to understand how LULC changes
in the near equatorial region and how it affects carbon storage, and can provide a clear
conclusion that changes in forest area are a vital factor [22]. However, as a global issue [23],
it is not enough to study only certain regions when we deal with climate change. The scope
of research needs to be expanded to better understand the relationship between LULC and
carbon storage in tropical regions [24].

As a large tropical island, Hainan Island is located south of the Tropic of Cancer, with
a very complex population structure and rapid economic and social evolution [25–28].
Current research on LULC change often selects a very limited number of different years
for comparative analysis [29], which cannot reveal more specific change details, and it is
difficult to exclude time errors. Carbon storage studies have focused on specific LULC
types, such as coastal mangrove [30] or forest [31], or small administrative regions, such as
Sanya [32] or Dongzhaigang [33]. In conclusion, there is a lack of research on the long-term
dynamics of LULC in Hainan Island, the transformation mechanism between different
types of LULC is still unclear, and long-term quantitative data for carbon storage assessment
is also lacking. The implementation of economic and social policies has exacerbated the
complexity of Hainan Island’s ecosystem [34]. Qualitatively, Hainan Island has actively
responded to the country’s forest conservation policies [35]. Against this background,
there is no clear understanding of the expansion path of built-up land. At present, Hainan
Island is receiving policy support at the national level [36], and the types of industries and
population are undergoing drastic changes [37–40]. Therefore, in order to optimize low-
carbon development, it is urgent to simulate changes in LULC under different development
scenarios in the future, and to evaluate the corresponding carbon storages based on reliable
data and methods on Hainan Island [41]. Whether it is LULC modelling or carbon storage
assessment, appropriate methods and tools are critical. LULC prediction models have
experienced many iterations and are widely used in LULC simulations of different scenarios
in the future [42–44]. The core of these models is the CA-Markov algorithm [45]. Specifically,
many extended models from different sources have been applied to practical research,
such as IDRISI Selva [46], the future land use simulation model (FLUS) [47], and patch-
generating LULC simulation (PLUS) [48]. Recent studies have pointed out that the accuracy
of PLUS model is higher than that of other models [48]. Currently, there are two main
ways to evaluate carbon storage: one is to quantify based on geophysical and chemical
processes [49], and the other is to evaluate based on geographical methods of carbon
density and LULC [50]. Some recent studies have pointed out that the research based
on geophysical and chemical processes has extremely strict requirements for parameters,
so the accuracy of large-scale carbon storage evaluation is not ideal [51]. The Integrated
Valuation of Ecosystem Services and Tradeoffs (InVEST) [52] model was developed by the
Natural Capital Project of Stanford University and has shown superior performance in
many large-scale carbon storage evaluation [53].



Land 2022, 11, 244 3 of 24

By integrating the CA-Markov-based and InVEST models, some new insights have
been discovered, showing their strong adaptability in LULC prediction and carbon storage
assessment. These study areas vary in size and location [54–58]. Grassland degradation
in arid areas of Northwest China is the main factor for the decline of carbon storage.
If the development pattern is not changed, the model predicts that carbon storage will
continue to decline in the future [54]. With the implementation of ecological protection
policies, the carbon storage of the Loess Plateau is increasing. Under different development
scenarios, the model calculation shows that there are significant differences in future
carbon storage [55]. Human activities have preliminarily affected the LULC structure
of Sariska Tiger Reserve in India. If not controlled, the model predicts that the carbon
storage in the region will be further reduced in the future [56]. In Wuhan and Nanning,
China, the expansion of urban built-up land area is the leading factor in the reduction of
carbon storage. The model prediction results point out that an integrated and regulated
development pattern can reduce the loss rate of carbon storage in the future [57,58]. The
results predicted by the above models provide useful guidance for low-carbon development
policies in corresponding regions [54–58].

In this study, we integrated the PLUS model and InVEST model to try to clarify these
issues: (1) How did the LULCs of Hainan Island change from 1992 to 2019, and how were
the transformations among different LULCs? (2) From 1992 to 2019, how did LULC change
affect carbon storage change, and which change was the most critical to carbon storage
change? (3) What development scenario is most conducive to improving Hainan Island’s
future carbon storage? Is the emphasis on forest conservation the most critical, as in other
tropical regions such as the Amazon [59]? This study emphasizes the local characteristics
of LULC and carbon storage change, which can supplement the understanding of the
mechanism of the relationship between LULC and carbon storage change in tropical regions,
and provide specific guidance for the future low-carbon development of Hainan Island.

2. Data Sources and Research Methods
2.1. Overview of the Study Area

Hainan Island is located in the northwestern part of the South China Sea, 108◦37′–111◦03′ E
and 18◦10′–20◦10′ N (Figure 1). It is the second largest island in China, with a total area
of 33,900 km2 and a population of about 10.08 million people, and is separated from
Guangdong Province in the north by the Qiongzhou Strait and from Vietnam in the west
by the Beibu Gulf. Hainan Island has an elliptical land plane, with a high altitude in the
southwest and a low altitude in the northeast, with a clear gradient structure. According to
the Köppen climate classification, Hainan Island is mainly located in the tropical monsoon
climate (Aw) and the tropical wet and dry or savanna climate (Am) regions, with a few
areas in the humid subtropical climate (Cwa) [60] with an average annual precipitation of
1639 mm, an average annual temperature of 22–27 ◦C, and 1750–2650 h of sunshine per
year. Hainan Island is rich in flora and fauna, with a high proportion of cropland in the
total area of the island and the basic mode of agriculture being rice fields. In addition,
Hainan Island is an important tourist destination in China and was established as a special
economic zone in 1988 and as a pilot free trade zone in 2018.

2.2. Data Sources

In this study, we used data from multiple sources (Table 1). LULC data from 1992 to
2019 were sourced from the European Space Agency’s (ESA) Climate Change Initiative
(CCI). The LULC data were used for LULC dynamics analysis, carbon storage calculations,
and future LULC scenario modelling. The overall accuracy of this dataset is above 90% and
covers a full range of years, which is well suited to the needs of this study. CCI’s original
maps cover many kinds of LULC types all over the earth, and there are seven land use and
land cover types in Hainan Island: cropland, forest, shrubland, grassland, built-up land,
wetland, and water. It should be noted that these classifications can represent basic land
use and land cover types, but cannot reflect tree species differences or tree ages in more
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detail. For forest and shrubland, for example, the classification is based on the volume of
vegetation and height. Due to the limitation of resolution, this classification standard has
been widely used in previous macro-scale related research [54,55,61], and we also follow
this standard. Further, built-up land refers to the ground occupied by towns and cities,
but also includes some large villages and enterprise plants. Cropland denotes rice fields
and forest denotes the surface occupied by various types of trees. Shrubland represents
the surface occupied by various types of shrubs. Grassland represents the land surface
occupied by various types of herbaceous plants. Wetland represents the land surface
occupied by mangroves. Water represents the land surface occupied by rivers, reservoirs,
lakes, etc.

Figure 1. The location and general geographical information of Hainan Island.

Table 1. Details of LULC and driving factors data.

Data Data Attribute Years Format/
Resolution Sources

LULC LULC and land cover 1992–2019 Raster/300 m https://www.esa-landcover-cci.org

Meteorology Temperature 2010–2015 Raster/1000 m https://data.cma.cn
Precipitation 2010–2015 Raster/1000 m https://data.cma.cn

Geography DEM 2000 Raster/30 m https://earthexplorer.usgs.gov
River network 2015 Shapefile http://www.geodata.cn

Social economy

Population
GDP

Railway network
Road network
Capital point

City point
County point

Settlement point

2015 Shapefile http://www.geodata.cn

https://www.esa-landcover-cci.org
https://data.cma.cn
https://data.cma.cn
https://earthexplorer.usgs.gov
http://www.geodata.cn
http://www.geodata.cn
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The data that drive LULC change can be divided into three main categories (Figure 2):
(1) meteorological data from the National Meteorological Information Center, which were
processed to obtain annual mean temperature maps and annual mean precipitation maps;
(2) socio-economic data from the National Earth System Science Data Center, including
population density maps, GDP maps, railway maps, road maps, provincial capital location,
city location, county location, and village location, while the distance map was obtained
through the ArcMap 10.8 Euclidean Distance Tool; (3) physical geography data including
DEM, slope map, aspect map, and river map. The DEM was obtained from the United
States Geological Survey (USGS), the river map from the National Earth System Science
Data Center, and the slope map and the aspect map were obtained by processing the DEM
in ArcMap 10.8.

Figure 2. Driving factors of LULC conversion.

The LULC data from 1992 to 2019 were used for the change analysis, and the data of
2010, 2015, and 2019 were also used for the LULC simulation combined with the PLUS
model to obtain suitable model parameters. The driving factor year of LULC transition was
kept around 2015, which is in line with the operating principle of the PLUS model [48], and
ensures the accuracy of future LULC simulations by simulating and validating the LULC
distribution in 2019. Elevation rarely changes significantly over time, and combined with
data accuracy, we chose DEM data with a resolution of 30 m in 2000.

In addition to the spatial data described above, carbon density data (Table 2) were
used as input to the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)
model for carbon storage estimation The carbon density data for each LULC type are
divided into four areas: aboveground carbon density (Ca), belowground carbon density
(Cb), soil organic carbon density (Cs), and dead organic carbon density (Cd). The carbon
density data were mainly cited from China’s terrestrial ecology in the 2010s systematic
carbon density dataset [62], which summarises carbon density measurements recorded in
previous literature, and we selected data points from the Hainan Island section according
to geographical extent and processed them by taking the mean value. Due to the time
constraints of the above dataset, we referenced recent studies [63,64]. For LULC types
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where data were lacking, data from similar areas were consulted to finally refine the
required carbon density data [65–68].

Table 2. Carbon density of each LULC type in Hainan Island (Ca—aboveground carbon density, Cb—
belowground carbon density, Cs—soil organic carbon density, and Cd—dead organic carbon density).

LULC Types
Carbon Density (Mg/hm2)

Ca Cb Cs Cd

Cropland 5.72 1.18 96.61 2.10
Forest 19.76 5.3 125.43 2.80

Shrubland 4.39 3.67 101.33 0.70
Grassland 4.20 5.84 87.76 1.30

Built-up land 2.60 0.75 34.40 0
Wetland 34.45 16.84 227.16 3.41

Water 0 0 0 0

2.3. Methods

The research consisted of three main parts, namely, analysis of historical LULC dynam-
ics, simulation of multiple scenarios of future LULC, and estimation and comparison of
carbon storage under different LULC. Figure 3 shows the overall research flow of this study.

Figure 3. The research flow chart of this study.
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2.3.1. Analysis of LULC and Carbon Storage Dynamics

This study used a LULC transfer matrix for LULC change analysis, which helped
to identify the types of LULC transfers that have a significant impact on carbon storage
change. The transfer matrix is described as follows:

P =

 p11 · · · p1n
...

. . .
...

pn1 · · · pnn

 (1)

where P represents the LULC transfer matrix between years and the element pij in the
matrix represents the probability or absolute area of transfer from type i to type j.

The Field Calculator in ArcGIS 10.8 was used to map the spatial location of LULC
conversions to demonstrate the spatial distribution preferences and patterns of conversions
between specific types of LULC.

The Getis-Ord Gi* tool was used to identify spatial clusters of statistically significant
increases and decreases in carbon density to analyse trends in the spatial distribution of
carbon density change. The Getis-Ord Gi* tool uses z-values, p-values, and confidence
intervals to characterise the spatial clustering pattern of the input elements. Higher z-
values and smaller p-values indicate high value clustering, while lower z-values and
smaller p-values indicate low value clustering. When the p-value is greater than 0.1 it is not
considered to be significant. Corresponding the p- and z-values, there are four confidence
intervals of +3/−3, +2/−2, +1/−1, and 0, representing statistical significance at the 99%,
95%, and 90% confidence levels respectively, with positive values representing hot spots
and negative values representing cold spots [69].

2.3.2. LULC Simulation with Markov-PLUS Model

(1) Multi-Scenario LULC Demand Calculation

The Markov model has good robustness in quantitative forecasting over a large time
span and was therefore used to calculate the probability of LULC conversion between
different years on Hainan Island and to estimate future LULC demand [70]. The principle
of the Markov model can be described as follows:

Dt2 = Dt1 × P
t2−t1

a (2)

where Dt2 denotes LULC demand at t2; Dt1 denotes LULC status at t1; P is the same as
described in Formula (1); and a denotes the difference between the starting and ending
years for calculating P.

Forecasting LULC demand for different future scenarios requires first determining
the basic transfer probability matrix, and then adjusting the elements in the basic matrix to
obtain the transformation probabilities for a given scenario. The different transfer probabil-
ities largely reflect differences in policies and other factors acting on future development.
Four future development scenarios are constructed in this paper [54,55,71]: (1) natural
trend scenario (NT), which assumes that future LULC will continue the conversion pattern
of the previous period; (2) built-up land priority scenario (BP), in which economic devel-
opment is accelerated and the proportion of other LULC types converted to built-up land
areas is increased; (3) cropland priority scenario (CP), strengthening the protection and
cultivation of cropland and strictly restricting the conversion of cropland to other LULC
types; and (4) ecological priority scenario (EP), strengthening the protection of LULC types
with outstanding ecological functions and restricting the conversion of forest and grassland
to other LULC types. The above process was programmed in MathWorks MATLAB R2021a
for implementation.
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(2) Future LULC Simulation and Validation

The patch-generating LULC simulation model (PLUS) was used for future LULC
simulations because of its higher accuracy compared to other software [48]. The PLUS
model uses a random forest classification (RFC) algorithm to dig the drivers of LULC
expansion, and generates LULC distribution maps based on a CA model containing multi-
type random patch seeds and a descending threshold.

The random forest classification (RFC) algorithm is an integrated decision tree-based
classifier that takes a random sample from the LULC expansion map, calculates the rela-
tionship between the expansion of each LULC type and the drivers described in Section 2.2,
and obtains the probability of expansion for each type of LULC at each image pixel, with
the following equation [48]:

Pd
i,k(x) =

∑M
n=1 I(hn(x) = d)

M
(3)

where Pi,k represents the probability of expansion of LULC type k at location i; the value of
d is 1 or 0, where 1 means that conversion of other types to type k occurred at that location
and 0 means no conversion; x is the vector of drivers; I(hn(x) = d) is the indicator function
of the set of decision trees; hn(x) is the predicted type of the nth decision tree of vector x;
and M is the total number of decision trees.

The CA model influences LULC competition through an adaptive factor to achieve the
required amount of any type, while the combination of multi-type random patch seeds and
a descending threshold allows for the spatio-temporal dynamic simulation of the automatic
generation of LULC patches. The CA model equation is as follows [72]:

S(t+1) = f (St, N) (4)

where St and S(t+1) represent the state of the LULC cell at moments t and t+ 1, respectively;
N represents the neighbourhood of the cell; and f represents the LULC conversion rule.

The distribution of LULC conversions from 2010 to 2015 was first calculated, together
with the potential drivers maps, and input into the PLUS model to obtain the spatial
probability of LULC conversions. Next, the 2015 LULC distribution map was used as
the basis, and the actual LULC quantities in 2019 were used as the set values to obtain
the simulated one. The model parameters were adjusted repeatedly, the actual LULC
distribution map was compared with the simulated one, and the overall accuracy and
kappa coefficients were used to evaluate the superiority of the simulation.

2.3.3. Carbon Storage Estimation with the InVEST Model

The Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model was
used to carry out simulations of carbon storage and distribution. An Excel table (Table 2)
containing carbon densities of aboveground, belowground, soil organic, and dead or-
ganic biomass for different LULC types was entered into the model to participate in the
calculations, and the mathematical principle of the model is as follows [8]:

C =
n

∑
m=1

Sm × (Cma + Cmb + Cms + Cmd) (5)

where C represents the total carbon storage in the study area; m represents the LULC type;
n represents the number of LULC types; Sm represents the area of LULC type m; and Cma,
Cmb, Cms, and Cmd represent the carbon density of the aboveground, belowground, soil
organic, and dead organic biomass of LULC type m, respectively.
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3. Results
3.1. LULC and Carbon Storage Dynamics from 1992 to 2019
3.1.1. LULC Dynamics from 1992 to 2019 in Hainan Island

From 1992 to 2019, the area changes of different LULC types in Hainan Island varied
significantly (Figure 4). Cropland, shrubland, grassland, and water were the LULC types
with a net decrease, with cropland having the largest net transfer out at 365.76 km2 and
a decrease of 3.03%, and shrubland having the highest decrease of 12.73%. Built-up land,
forest, and water are the types of LULC that had a net increase. Among them, the net
increase area and net increase ratio of built-up land areas were the highest, at 471.24 km2

and 454.91%, respectively, and the average annual net increase rate was 17.45 km2/a.
This corresponds to the rapid development of built-up land construction represented by
Haikou and Sanya cities during the 28-year period, with the built-up land area expanding
continuously (Figure 5). Ranking the location stability of the various LULC type zones
from 1992 to 2019 from highest to lowest, they were built-up land, forest, water, cropland,
wetland, shrubland, and grassland, in that order (Table 3). The built-up land areas in 1992
were still built-up land areas in 2019, and had not changed to other LULC types. During
this period, other LULC types transformed to built-up land areas to varying degrees. The
overall grassland area was the smallest, at 35.46 km2, and its location changes were the
most. In 2019, only 67.26% of 1992’s grassland remained unchanged and the rest of the
grassland was converted to other LULC types; 24.50% of the grassland was converted from
other LULC types.

Figure 4. LULC dynamics of Hainan Island from 1992 to 2019.
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Figure 5. LULC distribution dynamics of Hainan Island from 1992 to 2019.

Table 3. Proportion of transfers between LULC types, 1992–2019.

2019

Cropland Forest Shrubland Grassland Built-Up Land Wetland Water

1992

Cropland 95.10% 0.73% 0.41% 0.02% 3.59% 0.06% 0.09%
Forest 0.21% 98.63% 1.10% 0.00% 0.03% 0.01% 0.02%

Shrubland 5.00% 14.09% 80.69% 0.00% 0.17% 0.02% 0.03%
Grassland 12.69% 0.00% 0.00% 67.26% 17.51% 1.02% 1.52%

Built-up land 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00%
Wetland 0.65% 0.26% 0.00% 0.00% 10.75% 87.44% 0.91%

Water 0.65% 0.02% 0.00% 0.47% 1.11% 0.31% 97.45%

3.1.2. Carbon Storage Dynamics from 1992 to 2019 in Hainan Island

From 1992 to 2019, the total LULC carbon storage on Hainan Island showed a signifi-
cant (p < 0.05) decreasing trend, ranging from 429.69 Tg to 431.77 Tg. The year 2000 was
the turning point, with carbon storage showing a significant (p < 0.05) increasing and
significant (p < 0.05) decreasing trend in the two time periods before and after, with an
average rate of increase and decrease of 0.072 Tg/a and 0.11 Tg/a, respectively. The R2

values of the fitted carbon storage changes over the three time periods were 0.65, 0.81,
and 0.95, respectively, all with good interpretation. The carbon storage in different strata
varied widely during 1992–2019, with carbon storage in the order of high to low in the soil
organic layer, aboveground biomass layer, belowground biomass layer, and dead organic
layer. Aboveground biomass carbon storage showed a significant (p < 0.05) increasing
trend; belowground biomass carbon storage, although fluctuating widely from year to year,
still showed an overall increasing trend, but the correlation with year was weak (R2 = 0.45,
p < 0.05); soil organic carbon storage showed a significant (p < 0.05) increasing trend before
2000 and a significant (p < 0.05) decreasing trend after 2000, with an overall increasing
trend (R2 = 0.85, p < 0.05); and dead organic carbon storage increased significantly (p < 0.05)
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before 2000 and decreased significantly (p < 0.05) after 2000, with no overall trend associated
with year (R2 = 0, p > 0.05) (Figure 6).

Figure 6. Carbon storage dynamics of Hainan Island from 1992 to 2019.

The density of carbon storage in different areas of Hainan Island is clearly differ-
entiated, with high-density carbon storage areas concentrated in the central part of the
island and a low-density carbon storage ring around the coast (Figure 7). Although local
changes in carbon storage density occurred from 1992 to 2019, this overall distribution
did not change significantly. From 1992 to 2019, the patches of increasing and decreasing
carbon storage were evenly distributed across the southwestern part of Hainan Island, with
more patches of decreasing carbon storage than increasing patches in the built-up land and
surrounding areas. The distribution of carbon storage changes varied between the different
sub-periods, with the year 2000 being the boundary, with the first period of carbon storage
change occurring mainly in the southwestern part of Hainan Island, and the latter period
being more evenly distributed across Hainan Island as a whole (Figure 8).

The Getis-Ord Gi* hotspot analysis of carbon storage changes from 1992 to 2019
shows that, overall, patches with increasing and decreasing carbon storage have some
clustering characteristics. The clustering characteristics are more pronounced for patches
with decreasing carbon storage, with the vast majority of patches with decreasing carbon
storage falling within or above the 90% confidence interval, meaning that neighbouring
patches with decreasing carbon storage tend to have similar reduction values. The number
of patches with clustering characteristics that increase carbon storage is about the same
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as the number of patches without clustering characteristics, meaning that nearly half
of the patches that increase carbon storage in close proximity are numerically random.
Specifically, patches with a large increase in carbon storage formed clustering hotspots in
the bay area of the three rivers entering the estuary, namely, Dongzhai Port, Bamen Bay, and
Danzhou Bay, indicating that mangrove conservation has had a positive ecological effect
over time [73], while patches with a small increase in carbon storage formed clustering
coldspots in the sub-built-up land areas of Haikou. Patches with large decreases in carbon
storage formed clustering hotspots around Hainan Island with Haikou and Sanya as the
core, while patches with small decreases in carbon storage formed clustering coldspots in
the southwestern part of Hainan Island (Figure 9). The clustering characteristics of a patch’s
carbon storage changes reflect the transformation of LULC. The confidence level for the
clustering of patches with decreasing carbon storage around cities is 99%, closely related
to the uniform conversion of cropland to built-up land. Patches with increasing carbon
storage in southwest Hainan Island do not have clustering characteristics, corresponding
to a complex transformation relationship intertwined between cropland, forest, grassland,
and shrubland.

3.2. Response of Carbon Storage to LULC Changes

Carbon storage changes depend on the transformation patterns between LULC types,
with some transformations between LULC types enhancing carbon storage and others
reducing them. The transformation between different LULC types on Hainan Island is com-
plex, and the overall carbon storage change is the result of a combination of carbon storage
changes along multiple pathways, with cropland, forest, and built-up land areas being
the key LULC types affecting carbon storage change, and the LULC type transformation
associated with them causing the largest amount of carbon storage change.

Figure 7. Carbon storage distribution dynamics of Hainan Island from 1992 to 2019.
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Figure 8. Spatial distribution of carbon storage changes of Hainan Island from 1992 to 2019.

Figure 9. Hotspot distribution of carbon storage change from 1992 to 2019: (a) represents an increase
in carbon storage, (b) represents a decrease in carbon storage.

From 1992 to 2019, the loss of carbon storage on Hainan Island due to the conversion
from cropland to other types was 3.07 Tg (Table 4). The transformation of cropland to
built-up land areas was the largest, at 434.52 km2, resulting in a loss of carbon storage of
2.95 Tg. Compared to the period before 2000, the average rate of transformation of cropland
to built-up land areas accelerated significantly after 2000, when the development of the real
estate industry on Hainan Island accelerated [74] and the average rate of carbon storage
loss was more than 10 times that of the previous period. The transformation of cropland
to water and grassland also occurred, but due to the small size of the area, the resulting
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carbon storage loss was more limited. The implementation of ecological restoration policies,
represented by the return of cropland to forest, contributed to the transformation of some
cropland into three types of ecological areas: forest, shrubland, and wetland, bringing an
increase in carbon storage of 0.56 Tg, but it was far from enough to compensate for the loss
of carbon storage caused by the transformation of cropland into built-up land areas.

Table 4. Changes in carbon storage from the conversion of cropland to other land types.

LULC Type
1992–2000 2000–2019 1992–2019

Area/km2 Carbon/Tg Area/km2 Carbon/Tg Area/km2 Carbon/Tg

Cropland->Forest 25.83 0.12315744 64.26 0.30639168 87.75 0.418392
Cropland->Shrubland 6.84 0.00306432 42.66 0.01911168 49.32 0.02209536
Cropland->Grassland 0 0 0 0 2.88 −0.00187488

Cropland->Built-up land 15.48 −0.10504728 424.35 −2.8796391 434.52 −2.94865272
Cropland->Wetland 1.98 0.0348975 4.50 0.0793125 7.02 0.1237275

Cropland->Water 8.64 −0.09124704 5.22 −0.05512842 11.07 −0.11691027
Total 58.77 −0.03517506 540.99 −2.52995166 592.56 −2.50322301

From 1992 to 2019, the conversion of other LULC types to forest increased carbon
storage by 2.61 Tg. The conversion of shrubland to forest had the largest area of 506.97 km2

and increased carbon storage by 2.19 Tg, but the rate of conversion of shrubland to forest
decreased significantly after 2000.Combining Figures 4 and 5, it is clear that the area of
forest shrank after 2016, and the space for forest expansion became saturated, which had a
negative effect on carbon storage. The conversion of cropland to forest increased carbon
storage by 0.42 Tg; the conversion of wetland and water to forest was minimal, resulting
in very limited reduction and increase in carbon storage, respectively; built-up land area
was in continuous high expansion, and grassland was mainly converted to built-up land
and cropland, so they did not produce a conversion to forest, resulting in no gain or loss of
carbon storage (Table 5). Unlike tropical regions such as South America, Southeast Asia,
and central Africa, where the reduction in carbon storage is due to the shrinking of forest
areas [75–79], the change in carbon storage due to the change in forest on Hainan Island is
positive, and even though some of the increase in carbon storage is offset by the reduction
in carbon storage due to the transfer out of cropland, a small increase in carbon storage can
still be maintained.

Table 5. Changes in carbon storage from the conversion of other land types to forest.

LULC Type
1992–2000 2000–2019 1992–2019

Area/km2 Carbon/Tg Area/km2 Carbon/Tg Area/km2 Carbon/Tg

Cropland->Forest 25.83 0.1231574 64.26 0.30639168 87.75 0.418392
Shrubland->Forest 206.37 0.8915184 314.19 1.3573008 506.97 2.1901104
Grassland->Forest 0 0 0 0 0 0

Built-up land->Forest 0 0 0 0 0 0
Wetland->Forest 0.18 −0.00231426 0.09 −0.00115713 0.18 −0.00231426

Water->Forest 0.09 0.0013796 0.09 0.00137961 0.18 0.00275922
Total 232.47 1.01374119 378.63 1.66391496 595.08 2.60894736

From 1992 to 2019, the decrease in LULC carbon storage on Hainan Island caused by
the continuous increase in built-up land area was 3.24 Tg, the absolute amount of change
being greater than the absolute amount of change in carbon storage caused by the decrease
in cropland or the increase in forest, and is the most critical aspect of carbon storage change
on Hainan Island (Table 6). Apart from the shift from cropland to built-up land areas, which
caused the greatest decrease in carbon storage as described above, the shift from forest,
shrubland, grassland, and wetland to built-up land areas was more evenly distributed and
caused a loss of carbon storage in the range of 0.04–0.18 Tg. Although the shift of water to
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built-up land areas increased carbon storage by 0.04 Tg, it was not enough to compensate
for the loss of carbon due to other shifts, and as water is of high ecological value and should
generally be more protected, this shift suggests that the expansion of built-up land areas on
Hainan Island is not justified. It is worth noting that, using 2000 as the cut-off year, the rate
of conversion of the remaining LULC types to built-up land areas increased significantly
between 2000 and 2019 compared to the period 1992–2000, resulting in an accelerated
rate of carbon storage loss. This trend is in sharp contrast to the shrinking trend of forest
mentioned above, and the pressure of carbon storage on Hainan Island has increased.
At the same time, this rate of change also highlights the increasingly negative ecological
impacts of the type of economic development dominated by real estate development [80],
making it increasingly important to control the dramatic expansion of built-up land areas.

Table 6. Changes in carbon storage from the transition of other land types to built-up land.

LULC Type
1992–2000 2000–2019 1992–2019

Area/km2 Carbon/Tg Area/km2 Carbon/Tg Area/km2 Carbon/Tg

Cropland->Built-up land 15.48 −0.10504728 424.35 −2.8796391 434.52 −2.948653
Forest->Built-up land 0.18 −0.00207972 5.13 −0.05927202 5.85 −0.067591

Shrubland->Built-up land 0.09 −0.00065106 1.35 −0.0097659 6.12 −0.044272
Grassland->Built-up land 0.72 −0.0044172 5.49 −0.03368115 6.21 −0.038098
Wetland->Built-up land 0.36 −0.00878796 7.11 −0.17356221 7.47 −0.18235

Water->Built-up land 0.99 0.00373725 9.99 0.03771225 11.07 0.04179
Total 17.82 −0.11724597 453.42 −3.11820813 471.24 −3.23917

3.3. LULC and Carbon Storage Changes in Hainan Island under Different Future Scenarios
3.3.1. Changes in LULC and Carbon Storage under Different Future Development
Scenarios

The results of the 2019 LULC simulation show that the overall accuracy and kappa
coefficient are 0.98 and 0.97, respectively, which is a high degree of accuracy, and the final
model obtained can meet the needs of this study (Figure 10). Using the probability of
LULC transfer between 1992 and 2019 as a basis, the LULC patterns in 2025, 2035, and 2050
were predicted under four different development scenarios: natural trend (NT), built-up
land priority (BP), cropland priority (CP), and ecological priority (EP), with significant
differences in the results (Table 7, Figure 10). Under the NT, BP, and EP scenarios, the
built-up land area expands at a high rate and exceeds 1000 km2 by 2050, while the area of
cropland decreases to varying degrees. Under CP, the built-up land area expands slowly to
slightly over 600 km2 by 2050, with a significant increase in cropland area to 11,954.88 km2

by 2050, and an increase in forest area. Corresponding to the LULC pattern, the changes
in carbon storage vary significantly among the four scenarios. Under NT, BP, and EP, the
amount of carbon storage gradually decreases, with BP showing the greatest decrease, at
426.75 Tg by 2050, while the amount of carbon storage under NT and EP does not differ
significantly, at 427.70 Tg and 428.04 Tg in 2050, respectively. Under CP, carbon storage
gradually increases, with 429.87 Tg, 430.14 Tg, and 430.48 Tg in 2025, 2035, and 2050,
respectively, an increase of 0.18 Tg, 0.45 Tg, and 0.79 Tg, respectively, compared to 2019
(Table 7).

Although the LULC pattern and carbon storage of the four development scenarios are
different in quantity, they show roughly the same trend in spatial distribution (Figure 11).
The existing built-up land areas are gradually extending outwards. The built-up land areas
of Haikou City and Sanya City both expand westward along the coastline, and they are the
two largest block-shaped built-up land areas on Hainan Island. The built-up land area of
the southwest coast of Hainan Island has increased sharply. In 2050, under BP and NT, the
built-up land area between Haikou City and Dongfang City will be connected into a strip.
Overall, forest is still mainly distributed in the central part of Hainan Island, shrubland is
scattered and embedded in the forest, and cropland is distributed around the forest and
around the island. The change in the distribution of carbon storage corresponds to the
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change in LULC. The central part of Hainan Island still has the largest carbon storage, forest
still being the type with the largest carbon storage, and the carbon storage at the edge of
the original built-up land area and the southwest coastal zone has decreased.

Figure 10. (a) The actual LULC distribution in 2019 and (b) the simulated LULC distribution in 2019.

Table 7. Future LULC and carbon storage under four different scenarios.

Years Scenarios
LULC Area/km2

Carbon
Storage/TgCropland Forest Shrubland Grassland Built-Up

Land Wetland Water

2025

NT 11,640.33 17,472.96 3051.09 30.87 677.61 74.43 988.56 429.33
BP 11,613.33 17,472.60 3051.09 30.78 705.15 74.25 988.65 429.14
CP 11,769.84 17,454.33 3039.48 30.15 583.02 72.81 986.22 429.87
EP 11,640.15 17,474.22 3052.44 32.22 669.60 76.14 991.08 429.39

2035

NT 11,503.08 17,582.31 2912.49 29.88 847.35 75.69 985.05 428.70
BP 11,432.34 17,581.32 2912.58 29.61 919.71 75.24 985.05 428.19
CP 11,846.16 17,532.36 2882.88 28.08 596.34 71.46 978.57 430.14
EP 11,502.90 17,585.73 2915.91 33.30 826.20 80.28 991.53 428.87

2050

NT 11,296.89 17,730.27 2724.75 28.53 1098.45 77.31 979.65 427.70
BP 11,163.24 17,728.2 2724.66 28.17 1235.43 76.50 979.65 426.75
CP 11,954.88 17,632.26 2670.75 25.38 615.60 69.66 967.32 430.48
EP 11,296.98 17,737.2 2730.78 34.74 1057.5 86.49 992.16 428.04

3.3.2. Differences in Prediction Results under Different Transition Probability Bases

The analysis above shows that there are significant differences in LULC and carbon
storage change trends between the period before and after 2000, reflecting changes in
potential drivers such as development policies in the latter period compared to the previous
period, and that predicting LULC and carbon storage dynamics after 2019 using only one
development model is not sufficiently objective. This paper therefore uses the probability
of LULC transfer between 2000 and 2019 as the basis (Pattern 2) to predict future LULC
under four scenarios, NT, BP, CP, and EP, and calculates carbon storage. The results show
that the built-up land area increases for all four development scenarios compared to the
probability of transfer between 1992 and 2019 (Pattern 1), with Pattern 2 under BP in 2050
corresponding to a built-up land area of 1469.34 km2; the area of forest and cropland
decreases, while the area of shrubland increases significantly, depending on the year and
scenario, with increases ranging from 43.92 to 209.25 km2. In terms of carbon storage, all
development scenarios under Pattern 2 show a decrease in LULC carbon storage compared
to Pattern 1, and the difference in carbon storage between the same scenarios increases over
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time. A total of 425.02 Tg of carbon is stored under Pattern 2 in 2050, a decrease of 4.67 Tg
compared to 2019 (Figure 12).

Figure 11. (a) Distribution of LULC of Hainan Island under different future development scenarios;
(b) distribution of carbon storage of Hainan Island under different future development scenarios.
1 denotes Pattern 1 and 2 denotes Pattern 2.

Pattern 2 also differs from Pattern 1 in terms of the spatial distribution of LULC and
carbon storage, with built-up land areas expanding further outwards along Pattern 1, and
the built-up land area of the southwest coastline of Hainan Island becoming more shaped;
shrubland is more widely scattered among forest and cropland; and forest and cropland
become shrunken and discrete compared to Pattern 1, but the overall pattern remains the
same. The carbon storage at the edges of the built-up land areas is further reduced, with
a more pronounced ring of low carbon storage along the coastal zone of Hainan Island,
and more patches of low carbon density within the high carbon density areas of forest in
Pattern 1 (Figure 11).
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Figure 12. Changes in carbon storage relative to 2019 under different future development scenarios.
1 denotes Pattern 1 and 2 denotes Pattern 2.

4. Discussion
4.1. Mechanisms of Carbon Storage Evolution in the Context of Human–Earth Coupling

The LULC system is one of the highly complex social-ecological systems (SES) whose
development and evolution are largely regulated by human activities, while their combined
effects simultaneously act on human society [81]. Built-up land human activities can
reshape the LULC system, as exemplified by the expansion of built-up land on Hainan
Island over the past 30 years. On Hainan Island, while the expansion of built-up land has
been closely linked to economic and social development, it has brought with it the negative
impact of reduced carbon storage. In the process of coupled human–land development,
carbon storage needs to be involved as an important factor in planning to achieve the
optimal trade-off [82].

Future LULC and carbon storage benefits vary significantly between development
scenarios in the same region, and the same development scenario may have very different
carbon storage capacities in different regions due to differences in current conditions. On
Hainan Island, the ability of the cropland priority scenario to enhance carbon storage
is much higher than that of the ecological priority scenario—here forest area has been
expanding [83], so strengthening the protection of forest land is very important, but not the
most urgent. The area of the built-up land has always been expanding at a high speed [84],
so it is necessary to attach great importance to its planning and optimization. The situ-
ation faced by most of the tropical regions of the world is different from that of Hainan
Island [85]. In South America, Colombia’s forest is in the process of transforming into
cropland and built-up land, so strengthening the protection of forest can better improve
carbon storage capacity [86]. The shrinking of forest in northern Brazil is widely known, so
an ecological conservation development pattern will help increase carbon storage in this re-
gion [77]. Although contradictory to improving local living standards, the implementation
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of appropriate ecological protection policies in central Africa and Southeast Asia [79] can
promote carbon storage. Even in temperate regions, such as China’s Loess Plateau [55] and
northwest desert regions [54], ecological conservation policies that promote the growth of
forest and grassland areas can maximize carbon storage. The carbon enhancement storage
plan for the above areas cannot adapt to the actual situation of Hainan Island, so local
realities need to be taken into account when formulating relevant policies with the goal of
enhancing carbon storage.

4.2. Strategies for Optimising LULC Structure to Balance Economic Development and Carbon Storage

Since Hainan Province was set up as a special economic zone, the speed of the island’s
economic development is at the forefront of the country, and with the steady promotion
of the pilot free trade zone policy [87], its future economic development is expected to
continue to gain momentum. In addition, due to its pleasant winter climate, Hainan Island
has become a destination for some people in northern China to escape the cold weather,
and the influx of foreigners has contributed to the development of the real estate sector [88].
This series of initiatives to promote economic and social development and the fact that
economic construction is advancing rapidly has put increasing pressure on the ecologi-
cal environment of Hainan Island. In order to reconcile economic development with the
need for carbon storage to promote sustainable regional development, the LULC structure
should be optimised in the following ways. First of all, it is necessary to speed up the
transformation of the economic development mode of Hainan Island [89]. Compared with
the construction industry, high-tech industries and intelligence-intensive industries can
occupy smaller areas of cropland, forest, or shrubland [90]. Some studies also pointed
out that the real estate development in Hainan Island is currently facing a transition pe-
riod [91], and it is crucial to make good use of the policy orientation. Secondly, some studies
have shown that enhancing the complexity of land use and land cover functions can help
increase carbon storage in built-up land, such as productive cities [92,93]. Considering
the favourable precipitation and temperature conditions of Hainan Island [94], it may be
feasible to implement such planning in built-up land. In addition, we should focus on
enhancing the carbon sequestration capacity of forest, grassland, and cropland, such as by
strengthening the conservation and management of forest to improve the quality of vegeta-
tion, optimising crop types, and improving fertilisation practices [95]. Most importantly,
soil carbon storage is the most critical component of surface carbon storage. The physical
and chemical properties of soil vary from place to place, and the introduction of new
measurement techniques is indispensable [96]. Cutting-edge technical methods including
machine learning and vis-NIR spectral can achieve the rapid and accurate measurement of
soil physical and chemical properties [97–99] and build an ideal-scale LULC soil database,
thus providing a basis for making low-carbon development policy recommendations.

4.3. Uncertainty and Limitations

There are some shortcomings in this study that need to be improved in the future.
Firstly, the spatial resolution of the LULC data used in this study was 300 m and small
village settlements were not included in the study as built-up land areas, which may have
resulted in an underestimation of the built-up land area and hence an overestimation of
carbon storage. Secondly, this study assumes that carbon density does not change over
time, and the data used for land-use carbon density were derived from published literature,
which may have caused some uncertainty due to the lack of timeliness. In addition, the
CA-Markov model-based LULC simulation has limitations. Although 14 types of factors
affecting LULC distribution were selected in this study, the actual causes and forms of
LULC conversion are often more complex than expected, so more potential influencing
factors need to be included in future simulations.
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5. Conclusions

Integrating the CA-Markov and InVEST models, based on LULC, socioeconomic, and
other types of data, this study quantitatively evaluated the dynamics of LULC and carbon
storage in Hainan Island from 1992 to 2019, and predicted 2025, 2035, and 2050’s LULC
and carbon storage by setting four development scenarios. The findings show that the
built-up land area expanded from 103.59 square kilometres to 574.83 square kilometres
from 1992 to 2019, an increase of 454.91%. The area of cropland and shrubland continued
to decline, the area of forest increased slightly, and other LULC types remained relatively
stable. The changes in LULC between 1992 and 2019 led to a decrease in carbon storage of
about 1.50 Tg, of which carbon storage increased by about 0.58 Tg from 1992 to 2000, and
decreased by about 2.08 Tg from 2000 to 2019. The encroachment of cropland by built-up
land areas was the main reason for the decrease in carbon storage, and the increase in forest
area compensated for the loss of carbon to a certain extent. The increase and decrease of
carbon storage have obvious spatial clustering characteristics. The carbon storage of the
river estuary area increased significantly, while the carbon storage around the built-up
land area decreased significantly. The difference between future LULC and carbon storage
under different development scenarios is significant. The NT and BP scenarios reduce
the carbon storage of Hainan Island at a relatively rapid rate. The carbon storage under
BP in 2050 will be reduced by 4.67 Tg compared to 2019. EP can slightly slow down the
rate of carbon storage reduction, CP can increase carbon storage in the future, with the
maximum increase of 0.79 Tg in 2050. Hainan Island differs from most tropical regions in
the pathways through which LULC change contributes to carbon storage change, requiring
a focus on the relationship between built-up land and cropland, starting with the local
nature of the ecological role of regional landscape change. This paper complements and
refines the understanding of the correlation between LULC and carbon storage changes
in the tropics. The results of the scenario modelling can inform the balance between
carbon storage benefits and economic development, thereby contributing to the sustainable
development of Hainan Island.
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