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Abstract: Research on the spatiotemporal changes in land use/cover (LUC) and carbon storage (CS)
in the region of the Taihang Mountains in various developmental scenarios can provide significant
guidance for optimizing the structure of LUC and formulating ecologically friendly economic de-
velopment policies. We employed the PLUS and InVEST models to study change in LUC and CS
in the Taihang Mountains from 1990 to 2020. Based on these results, we established three distinct
development scenarios: a business-as-usual development scenario, a cropland protection scenario,
and an ecological conservation scenario. Based on these three developmental scenarios, we simulated
the spatiotemporal changes in LUC and CS in the Taihang Mountains in 2035. The results indicate
that: (1) from 1990 to 2020, the CS in the Taihang Mountains increased from 1575.91 Tg to 1598.57 Tg,
with a growth rate of approximately 1.44%. The primary source of this growth is attributed to the
expansion of forests. (2) In the business-as-usual development scenario, the growth rate of CS in the
Taihang Mountains was approximately 0.45%, indicating a slowdown in the trend. This suggests
that economic development has the consequences of aggravating human–land conflicts, leading to a
deceleration in the growth of CS. (3) In the cropland protection scenario, the increase in the CS in the
Taihang Mountains was similar to the CS increase in the business-as-usual development scenario.
However, the expansion of cropland dominated by impermeable surfaces, which indicates economic
development, was considerably constrained in this scenario. (4) In the ecological conservation sce-
nario, the increase in carbon storage in the Taihang Mountains was 1.16%, which is the fastest among
all three scenarios. At the same time, there was a certain degree of development of impermeable
surfaces, achieving a balance between economic development and ecological conservation.

Keywords: PLUS model; InVEST model; land use/cover change; carbon storage; scenario simulation

1. Introduction

Global climate change represents one of the most pressing challenges facing con-
temporary human society, having profound ramifications for the sustainability of human
economic and social development [1–3]. Since the onset of the industrial revolution, hu-
man society has progressively embarked on a path of modernization. However, within
this process, the extensive combustion of fossil fuels, such as coal [4] and petroleum, has
resulted in a substantial release of greenhouse gases, such as carbon dioxide (CO2) into
the atmosphere [5]. Simultaneously, population growth [6] and urban expansion [7] have
diminished the capacity of terrestrial ecosystems to absorb CO2 from the atmosphere. In
response to global climate change, the international community has undertaken substantial
efforts, exemplified by conventions and agreements such as the United Nations Framework
Convention on Climate Change (UNFCC), the Kyoto Protocol, and the Copenhagen Ac-
cord [8]. These initiatives underscore the crucial role of terrestrial ecosystems, particularly
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forests, as vital carbon reservoirs [9–12], thereby profoundly propelling the international
community’s endeavor to address global climate change.

As the world’s largest developing country, China has experienced rapid economic
growth in recent decades [13,14]. However, due to its rough approach on economic devel-
opment, low resource productivity, inadequate governmental regulatory capacity, and the
limited environmental awareness among the public, China’s natural ecological environ-
ment has suffered significant degradation [15,16]. At present, environmental issues have
become a major concern that the Chinese government must address [2,17]. The simulation
and analysis of carbon storage in ecosystems and its future changes can assist govern-
mental decision-making bodies in accurately understanding trends in the variations in
local ecosystem carbon storage [18,19], thereby achieving the dual objectives of economic
development and environmental protection [20–22].

Changes in LUC are tangible manifestations of anthropogenic activities transforming
the natural environment [23,24]. Changes in land use have direct impacts on carbon stocks.
The authors of [25] conducted a study on land use and soil carbon sequestration in the
United Kingdom, revealing that 95% of carbon sequestration is influenced by changes
in land use. The authors of [26] conducted research on carbon stocks in southwestern
Rwanda which showed that transitions from annual crops to plantation forests led to
an increase of 193%, while clearing forests for agricultural purposes resulted in a loss
of 72%. A quantitative analysis of the relationship between changes in land use and
carbon storage and a planned adjustment of the structure of LUC can be conducive to
guiding the development of a low-carbon economy [21–24,27]. Traditional prediction
models like Markov models, system dynamics (SD) models, and cellular automata (CA)
models apply only to specific scales or characteristics [20]. The PLUS model constitutes a
cellular automaton model rooted in multi-type random patch seeds, and it incorporates a
land expansion analysis strategy (LEAS). Through its implementation, the PLUS model
attains heightened accuracy in the simulation and prediction of changes in LUC [28]. It
finds extensive application in current research on changes in LUC [29,30]. The Integrated
Valuation of Ecosystem Services and Tradeoffs (InVEST) model serves as a tool to explore
the impact of ecosystem changes on benefits to human society [31,32]. It is one of the
most widely used models in current CS change studies. By utilizing the InVEST model,
carbon storage information can be derived from land use data. Researchers have conducted
numerous studies on changes in land use, land cover, and carbon storage in multiple
regions [33–35]. Some have examined the effects of changes in LUC on CS in arid areas [36]
and Hainan Island [37] of China. Others have evaluated changes in LUC and CS under
different climate change scenarios [38]; the authors of [39] researched changes in LUC and
CS in the coastal area of Shandong Province from 2000 to 2020, providing simulations for
2030. The authors of [40] conducted a study on changes in LUC in the Yellow River Basin
from 2000 to 2040 and their impact on CS. In general, distinct variations exist in the carbon
sequestration capacities of different types of LUC, and the conversions between various
types of LUC directly influence the CS in the study area. It is widely acknowledged that
natural ecological types of LUC, such as forests, croplands, wetlands, and grasslands, play
crucial roles in augmenting the CS within a study area [27,41–44]. However, in research on
arid regions, the expansion of cropland was primarily dominated by high-carbon-density
forest and wetland, leading to a decline in the overall CS across the entire study area [36].
Furthermore, built-up areas exhibit lower carbon densities, resulting in weaker carbon
absorption capacities for CO2, consequently leading to reduced regional CS [45,46]. To
realize an increase in CS, measures may be taken to control economic and population
growth while expediting the transition to renewable energy sources.

The Taihang Mountains serve as the dividing line between the North China Plain and
the Loess Plateau, playing a vital role as an important mountain range and geographical
boundary in eastern China. In terms of topographical features, the Taihang Mountains
are positioned within the transitional region between the first and second tiers of China’s
topographic landscape. Ecologically, the Taihang Mountains reside within an intricate
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ecological transition zone and vegetation shift area [33]. Characterized by an arid climate,
limited water resources, a vulnerable soil structure, and a susceptibility to wind and water
erosion and anthropogenic activities, the Taihang Mountains exemplify a classic case of an
ecologically fragile region [47–49]. Changes in LUC may directly impact the local ecological
security pattern and development prospects. Therefore, it is imperative to conduct research
on changes in LUC and CS in the Taihang Mountains [50]; this research can provide
significant guidance for formulating future development strategies in this region.

Based on the PLUS model, we conducted an analysis of changes in LUC in the Taihang
Mountains from 1990 to 2020, in addition to their underlying driving factors, to elucidate
the patterns of change in the LUC in the Taihang Mountains. Additionally, we performed
simulations to predict the LUC patterns in the Taihang Mountains in 2035 for three different
scenarios. Using the InVEST model, we assessed spatiotemporal variations in the CS in the
Taihang Mountains, exploring the dynamics of these changes. The objective was to optimize
the structure of the LUC in the area, striking a balance between economic development
and the quality of the ecological environment, thereby achieving harmonious coexistence
between humans and nature in the Taihang Mountains.

2. Materials and methods
2.1. Study Area

The Taihang Mountains (35◦15′ ∼ 41◦00′ N, 110◦14′ ∼ 116◦35′ E) stand as a natural
demarcation between the Loess Plateau and the North China Plain (Figure 1). The Taihang
Mountains span four provinces and municipalities: Beijing, Hebei, Shanxi, and Henan.
They are located on the eastern edge of China’s second geographical tier and serve as a zone
of transition from the eastern plains to the central and western mountainous plateaus [33].
The terrain rises in the west and descends in the east, with a continuous chain of mountains
and a network of valleys within the region. The mountain range begins in the north at
Xi Mountain in Beijing and extends southward to Wangwu Mountain, the boundary area
between Henan and Shanxi. To the west, the Taihang Mountains border the Shanxi Plateau,
while to the east, they overlook the North China Plain. The total area covers approximately
1.278× 104 km2. The primary types of land use in the Taihang Mountains include cropland,
forest, grassland, shrub, barren, impervious surface, and water. Among these, cropland,
forest, and grassland hold dominant positions [49].

2.2. Data Sources

We utilized the China Land Cover Dataset (CLCD), which was released by Wuhan
University [51] and has a spatial resolution of 30 m. Land use data for the years 1990,
2005, and 2020 were selected in order to partition the entire period into two equal periods.
This approach enabled us to simulate the changes in land use between 1990 and 2005 to
predict the alterations in land use in 2020. Subsequently, the simulated outcomes were
contrasted with the actual land use data for 2020, thereby facilitating the validation of
the accuracy of the PLUS model’s simulation. The study area comprises seven land cover
types: cropland, forest, shrub, grassland, water, barren, and impervious surface. Data
relating to both social and natural driving factors were collected for this research. The
social driving factors comprised the distance to a national road, the distance to a provincial
road, the distance to a railway, the distance to a highway, the population density, and the
GDP; while the natural driving factors encompassed the distance to a river, temperature,
precipitation, DEM, slope, and soil type. The driving force data used in this study were
obtained from the Resource and Environment Science Data Center of the Chinese Academy
of Sciences (https://www.resdc.cn/) (accessed on 18 February 2023) and OpenStreet Map,
with the specific origins detailed in (Table 1). Before inputting the data into the model, all
datasets were resampled to a consistent spatial resolution of 30 m, matching the resolution
of the land cover data. This approach ensured compatibility and accuracy in the analysis of
changes in the LUC in the Taihang Mountains.

https://www.resdc.cn/
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Table 1. Data sources.

Data Data Attribute Year Resolution Sources

LUC - 1990, 2005 and 2020 30 m https://zenodo.org

Social factor

Distance to national road 2020 30 m OpenStreetMap
Distance to provincial road 2020 30 m OpenStreetMap

Distance to railway 2020 30 m OpenStreetMap
Distance to highway 2020 30 m OpenStreetMap
Population density 2020 1 km https://www.resdc.cn/

GDP 2020 1 km https://www.resdc.cn/

Natural factor

Distance to river 2015 30 m https://www.resdc.cn/
Temperature 2015 250 m https://www.resdc.cn/
Precipitation 2015 1 km https://www.resdc.cn/

DEM 2015 30 m https://www.resdc.cn/
Slope 2015 30 m https://www.resdc.cn/

Soil type 2010 1 km https://www.resdc.cn/

2.3. Method
2.3.1. The PLUS Model

Cellular automata (CA) are widely applied to simulate complex changes in the LUC.
The PLUS model integrates rule-mining methods based on land expansion analysis strategy
(LEAS) and a CA model based on multi-type random patch seeds (CARS). The LEAS
employs a random forest algorithm to uncover the underlying causes of changes in the
LUC. Utilizing the LEAS, we can unveil expansion patterns for all types of LUC and
determine the contribution of each driving factor to the expansion of each type of LUC.

https://zenodo.org
https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn
https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn/
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The calculation can be expressed as follows (1). The CA model is a scenario-driven land
use simulation model which leverages multi-type random patch seeds. CARS enables
the simulation of changes in LUC from a macroscopic scale down to a microscopic scale.
The calculation can be expressed as follows (2). The PLUS model is capable of identifying
the driving factors of land expansion and predicting the patch-level evolution of land use
landscapes [52].

Pd
i,k(x) =

∑M
n=1 I(hn(x) = d)

M
(1)

where Pd
i,k(x) represents the growth probability of land use type k at cell i; the value of d

equals 0 or 1, while d = 1 represents other land use types changes to land use type k and
d = 0 represents other transitions; x is a vector that consists of multiple driving factors; I(·)
is the function of the decision tree set; hn(x) is the prediction type of the n-th decision tree
for vector x; M is the total count of decision trees.

OPd=1,t
i,k =

{
Pd=1

i,k × (r× µk)× Dt
k i f Ωt

i,k = 0 and r < Pd=1
i,k

Pd=1
i,k ×Ωt

i,k × Dt
k all others

(2)

where OPd,t
i,k represents the overall evolution probability of land use type k; r is a random

value which varies from 0 to 1; µk represents the threshold values to generate new land
use type k; Dt

k represents the future demand impact of land use type k which depends
on iterating out the gap between the quantity and demand in year t; Ωt

i,k represents the
neighborhood effects about land use type k at cell i.

We established the three following distinct development scenarios [46]:
Scenario A: the business-as-usual development scenario. Based on trends in the LUC

in the Taihang Mountains from 1990 to 2020, a scenario was constructed to simulate the
business-as-usual development of LUC from 2020 to 2035.

Scenario B: the cropland priority scenario. Considering China’s cropland protec-
tion policies and the need to maintain a certain area of cropland within the study area,
this scenario was designed to prioritize cropland protection. In this scenario, conver-
sions of cropland to other types of LUC were prohibited, ensuring the preservation of
cropland quantity.

Scenario C: the ecological priority scenario. Faced with urgent global challenges
such as climate change, resource depletion, and the loss of biodiversity, it is imperative for
humanity to take swift action to protect the Earth’s ecosystems. In this scenario, conversions
of forests, shrubs, grasslands, and water bodies to other types of LUC were prohibited,
emphasizing ecological conservation.

These scenarios provide different perspectives on changes in LUC, allowing for an as-
sessment of their potential impacts and implications in the contexts of various development
priorities and environmental considerations (Table 2).

Table 2. The rule matrix of LUC conversion in three scenarios (a—cropland; b—forest; c—shrub;
d—grassland; e—water; f—barren; g—impervious surface).

Scenario A Scenario B Scenario C

a b c d e f g a b c d e f g a b c d e f g

a 1 1 0 1 0 0 1 1 0 0 0 0 0 0 1 1 0 1 0 0 1
b 1 1 0 0 0 0 0 1 1 0 0 0 0 0 0 1 0 0 0 0 0
c 1 1 1 1 0 0 0 1 1 1 1 0 0 0 0 1 1 1 0 0 0
d 1 1 1 1 0 0 0 1 1 1 1 0 0 0 0 1 1 1 0 0 0
e 1 0 0 0 1 0 1 1 0 0 0 1 0 1 0 0 0 0 1 0 1
f 1 0 0 1 1 1 1 1 0 0 1 1 1 1 1 1 0 1 1 1 1
g 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 1
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2.3.2. LUC Transition Matrix

The LUC transition matrix serves as a valuable tool for illustrating the internal transi-
tions in LUC within a region over a specified period of time. This method is derived from
the quantitative description of the system state and state transitions in system analysis.
Within the LUC transition matrix, each row represents a type of LUC at time t1, while each
column represents a type of LUC at time t2. The element Aij signifies the area transitioning
from LUC type i to type j between time t1 and t2, and the element Aii represents an area in
which the LUC remains unchanged from time t1 to t2. The mathematical expression of the
LUC transition matrix is as follows (3):

Aij =


A11 A12 . . . A1n
A21 A22 . . . A2n
. . . . . . . . . . . .
An1 An2 . . . Ann

 (3)

2.3.3. InVEST Model

The InVEST model is designed to offer informational support for decision making
in natural resource management. It furnishes insights into how potential changes in
relevant ecosystems can lead to alterations in the flow of benefits to humanity [27,32]. The
InVEST model typically employs a production function approach to quantitatively assess
ecosystems. Specifically, concerning carbon storage, InVEST computes carbon storage
using the following formula:

Ci = Cabove + Cbelow + Csoil + Cdead (4)

Ctotal =
n

∑
i=1

AiCi (5)

where i denotes the LUC type; n represents the total number of types of LUC; Ci denotes the
total carbon density of a LUC type i; Cabove, Cbelow, Csoil , and Cdead, respectively, represent
the carbon density of the aboveground biomass, belowground biomass, soil, and dead
matter for the land use type i; Ai represents the area of the LUC type i; and Ctotal denotes
the total CS of the terrestrial ecosystem.

The carbon density data we used were based on previous research [36,38–40]. Consid-
ering that data for the carbon density of dead matter are challenging to obtain and that it
constitutes a relatively small proportion of the overall carbon storage, the current study
did not take it into account. Table 3 presents the final carbon density data for each LUC
type within the study area.

Table 3. Carbon density of each LUC type (t/ha).

Cabove Cbelow Csoil

Cropland 1 14.5 79.5
Forest 7.6 20.8 158.8
Shrub 6.5 12.4 100.7

Grassland 6.3 15.5 86.9
Water 0.5 0 0
Barren 0.2 0 21.6

Impervious surface 0.4 0 0

2.3.4. Spatial Autocorrelation

According to the First Law of Geography, neighboring objects tend to exhibit greater
similarities and interactions than distant objects, a concept known as “spatial dependence”.
Spatial autocorrelation refers to the degree of spatial dependence between the observed val-
ues of a spatial entity and the values of the same variable for neighboring observations [53].
Moran’s I is commonly used for calculating spatial autocorrelation [54]. Moran’s I can be
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divided into the global Moran’s I and the local Moran’s I, representing the overall spatial
autocorrelation and the local autocorrelation, respectively. The computation of Moran’s I is
as follows:

I =
∑i ∑j wijzi.

zj
S0

∑i
z2

i
n

(6)

zi = xi − x (7)

where wij denotes the spatial weight matrix; xi denotes the observation at location i; x is
the mean of the variable x; S0 = ∑i ∑j wij denotes the sum of all spatial weight matrixes;
and n denotes the total number of spatial units. The value of Moran’s I ranges from −1
to 1 in which [0, 1] indicates a positive spatial correlation among geographic entities, and
[−1, 0] indicates a negative spatial correlation. Values closer to 0 suggest a weaker spatial
correlation among geographic entities, tending toward a random distribution.

In a practical application, a Moran’s I scatterplot is often generated to visually analyze
the spatial heterogeneity of data. In the scatterplot, the first quadrant represents a high–high
cluster, indicating that the geographic entities are both high in value and are surrounded
by high-value neighbors; the second, third, and fourth quadrants, respectively, represent
low–high, low–low, and high–low clustering.

The Moran’s I scatterplot can only provide a preliminary assessment of the spatial
heterogeneity of geographic entities as a whole. It cannot determine the local correlations
of different regions or whether clustering areas are statistically significant. Therefore, it is
necessary to utilize local indicators of spatial association (LISA) cluster maps to further
analyze the local spatial heterogeneity of geographic entities [55].

3. Results
3.1. Changes in LUC
3.1.1. The Impact of Driving Factors

Changes in LUC are frequently influenced by a number of factors. Utilizing the land
expansion analysis strategy (LEAS) of the PLUS model, we assessed the impacts of the
selected six social factors and six natural factors on the variations in the types of LUC across
the region of the Taihang Mountains. Ultimately, this analysis yields the contribution of
each driving factor to the expansion of each type of land use (Figure 2). These driving
factors serve as crucial support for the subsequent simulation of changes in the LUC in the
Taihang Mountain.

3.1.2. Changes in the LUC: 1990–2020

A transition matrix for the changes in the LUC for the years 1990–2020 was calculated
using the LUC data in the Taihang Mountains from 1990–2020 (Table 4 and Figure 3).
Cropland, forest, shrubs, grasslands, water, barren, and impervious surface comprised,
respectively, 38.7%, 28.8%, 1.5%, 27.0%, 0.4%, 0.005%, and 2.5% of the total area in 1990.
These percentages changed to 33%, 33.4%, 1%, 26%, 0.4%, 0.004%, and 4.8%, respectively,
by the year 2020. It is clear that cropland, forest, and grassland account for the majority of
LUC types in the Taihang Mountain, with a combined proportion of about 90%.

Between 1990 and 2020, cropland and shrub areas exhibited noticeable declining
trends. Cropland experienced the most pronounced reduction; approximately 7171.2 km2

of cropland was lost over the 30-year period, accounting for about 14.4% of the total
cropland area in 1990. This constitutes the largest decrease in the Taihang Mountains
over the past three decades. Shrub areas declined by a total of 460.4 km2, representing
about 25.1% of the shrub area in 1990, making it the most significant proportional decrease
in the Taihang Mountains over the last thirty years. Conversely, forest and impervious
surface exhibited evident growth trends. Forest areas expanded by a net area of 5972.1 km2,
representing the largest increase among all types of LUC, and impervious surface expanded
by a net area of 3068.6 km2, accounting for about 96.5% of the impervious surface area in
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1990 and representing the highest growth rate among all types of LUC. Grassland, water,
and barren remained stable with minor fluctuations.

Table 4. The LUC transition matrix of the Taihang Mountain for the period 1990–2020 (km2).

2020
Total

Cropland Forest Shrub Grassland Water Barren Impervious
Surface

1990

Cropland 39,796.479 1605.1104 11.2086 5475.3282 139.932 0.7911 2868.318 49,897.1673
Forest 464.1012 36,511.6068 171.4806 190.2752 1.1952 0.0189 29.0835 37,367.7614
Shrub 7.3512 721.1538 613.7208 487.5201 0.0009 0.0189 0.2817 1830.0474

Grassland 2335.5576 4499.0514 473.1993 27,501.3477 9.8145 4.1121 163.8225 34,986.9051
Water 116.7984 2.8881 0 3.2526 378.9936 0.0018 36.6171 538.5516
Barren 0.351 0 0 1.3797 0.3528 0.5445 4.4838 7.1118

Impervious
surface 5.3595 0.0837 0 0.3861 28.1934 0.0063 3144.0627 3178.0917

Total 42,726 43,339.8942 1269.6093 33,659.49 558.4824 5.4936 6246.669 127,805.6
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3.1.3. Simulation for LUC in 2035

First, the LUC data from 1990 to 2020 were divided into two periods. Based on the
LUC data from 1990 to 2005, the PLUS model was used to simulate the LUC pattern for
2020, which was then compared with the actual data for 2020. The results show that the
kappa coefficient [56] is 0.86, and the figure of merit (FoM) [52] is 0.35, indicating the high
degree of accuracy of the model’s simulation and the high level of credibility of its results.
Different development scenario parameters were input into the PLUS model to obtain the
Taihang Mountains’ LUC pattern for 2035 under different development scenarios (Figure 4).
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Based on the results of the simulation, in Scenario A, each LUC type will maintain its
original trend. Forest demonstrates the highest increase, with a net addition of 1676.09 km2

which is the largest increase among all types of LUC. Impervious surfaces will experience
the highest growth rate, with an 11.85% increase. Cropland will decrease by 1423 km2, the
largest reduction among all the types of LUC. Shrub areas will decline by 16.8%, the highest
reduction proportion among all types of LUC. Additionally, the rate of decline in grassland
shows a decrease (Table 5).
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Table 5. Area of different LUC types under different development scenarios (km2).

LUC Type 2020 Scenario A Scenario B Scenario C

Cropland 42,726 41,302.39 42,976.47 41,252.0638
Forest 43,339.89 45,015.99 44,327.19 45,502.1131
Shrub 1269.609 1055.387 887.9072 1249.4994

Grassland 33,659.49 32,913.34 32,913.34 32,949.33806
Water 558.4824 526.1354 526.1354 544.1353743
Barren 5.4936 5.135654 4.611866 5.23064114

Impervious surface 6246.67 6987.257 6169.984 6303.2576

In Scenario B, cropland has been effectively preserved. Unlike the other two scenarios,
the area covered by cropland in the Taihang Mountains shows an increasing trend. Com-
pared to Scenario A, the cropland area increases by 1674.08 km2 (+3.9%). However, all other
types of LUC except for forests exhibit a declining trend. Among them, shrub-covered
areas show the most significant decline, with a decrease of 381.7018 km2 that is primarily
concentrated in the central part of the Taihang Mountains. Additionally, impervious surface
also experiences a decline which is mainly concentrated on the eastern side of the Taihang
Mountains, with few declines observed on the western side. This may be attributed to the
relatively developed economy and stronger economic capacity in the eastern part of the
Taihang Mountains, enabling a better implementation of cropland protection policies.

In Scenario C, compared to 2020, the overall areas of forest, shrub, grassland, and water
increase by 1417.61 km2 (+1.798%). However, among these categories, only the forested
areas expand, while shrubland, grassland, and water experience a certain degree of decline,
with reductions of 1.58%, 2.1%, and 2.57%, respectively. Spatially, the decline in shrubs,
grassland, and water mainly occurs around the forest, and in terms of attributes, these
lands are mostly transformed into forested areas. This indicates that with the improvement
of the natural environment, the expansion of the forest will encroach upon the surrounding
shrub, grassland, and water. Additionally, there is a slight increase in impervious surface.

3.2. The Change in Carbon Storage

According to the calculations from the InVEST model, the overall CS in the Taihang
Mountains was 1575.91 Tg (1 Tg = 1012 g) in 1990. By the year 2020, it increased to 1598.57 Tg
(+1.44%). Spatially, the Taihang Mountains exhibit a centrally high and peripherally low
distribution of CS. In the Taihang Mountains, croplands, forests, and grassland areas
contribute to the vast majority of CS, accounting for over 98%. This is the combined
result of two factors: firstly, these types of LUC have relatively high carbon densities, and
secondly, they are the dominant types of LUC in the Taihang Mountains. In comparison,
shrubs have a higher carbon density than cropland. However, due to the smaller coverage
of shrublands in the Taihang Mountains, their contribution to the overall CS is relatively
low (Table 6).

Table 6. CS values of different LUC types under different development scenarios (Tg).

Cropland Forest Shrub Grassland Water Barren Impervious Surface Total

1990 474.02 699.52 21.89 380.31 0.027 0.015 0.13 1575.91
2020 405.9 811.32 15.18 365.88 0.028 0.012 0.25 1598.57

Scenario A 392.37 842.7 12.62 357.77 0.026 0.011 0.28 1605.78
Scenario B 408.28 829.8 10.62 357.77 0.026 0.01 0.25 1606.75
Scenario C 391.89 851.8 14.94 358.16 0.027 0.011 0.25 1617.09

The simulation results for different development scenarios indicate that the overall
carbon storage and its spatial patterns in the Taihang Mountains will vary due to differences
in the LUC patterns. In all three development scenarios, the overall CS in the Taihang
Mountains shows an increasing trend. In Scenario A, the CS is expected to increase by
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7.21 Tg (0.45%) by the year 2035. Compared to the period from 1990 to 2020, the increase in
CS has decreased, which can be attributed to urban expansion and economic development.
This decline underscores the importance of prioritizing ecological and environmental
conservation efforts.

Compared to Scenario A, the increase in the coverage of cropland in Scenario B
contributes to an additional CS of 2.38 Tg in the Taihang Mountains. Additionally, the
expansion of forests provided an additional CS value of 18.48 Tg. At the same time, the
CS provided by other types of LUC decreased. Overall, in Scenario B the total CS in the
Taihang Mountains increased by 8.18 Tg (+0.51%) (Figure 5).
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In Scenario C, the overall CS in the Taihang Mountains increased by 18.52 Tg (+1.16%).
Forest, shrub, grassland, and water areas experienced significant development; the CS
provided by these four types of LUC increased from 1192.41 Tg in 2020 to 1225.04 Tg in
2035 (+2.74%). Specifically, the forested areas demonstrated a rapid expansion, contributing
to an additional 40.48 Tg of carbon storage. In contrast, shrub, grassland, and water
areas experienced slow contractions, resulting in a collective decrease in carbon storage
of 19.039 Tg. The forest type of land cover demonstrated a rapid expansion, contributing
to an additional 40.48 Tg of carbon storage. In contrast, shrubs, grasslands, and water
each experienced a slow contraction, resulting in a collective decrease of 19.039 Tg in
their total CS contribution. Compared to the 2.74% increase in CS, the LUC areas of
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these four types only grew by 1.8% from 2020 to 2035. This suggests the significance of
developing high-carbon-density types of LUC when enhancing regional carbon storage.

3.3. Spatial Autocorrelation

To investigate the spatial heterogeneity of CS in the Taihang Mountains, the study
area was resampled to 1 km, and Moran’s I scatterplot (Figure 6) and LISA maps (Figure 7)
were used to conduct a spatial autocorrelation analysis of the CS. The results suggest that
the distribution of sample points is concentrated in the first and third quadrants, which
indicates a clear positive spatial autocorrelation.
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Based on the LISA map (Figure 7), we can observe that low-high aggregation and high-
low aggregation are not prominent within the study area. The high–high cluster of carbon
storage in the Taihang Mountains is primarily concentrated in the northern and southern
mountainous areas, with some distribution in the central mountainous area. However,
the concentration in the central area is relatively lower, and the spatial distribution is
relatively scattered. On the other hand, the low–low cluster is mainly distributed in
the eastern and western plain areas, showing greater overlap with impervious surface
areas and agricultural land. In terms of spatial patterns, the high–high cluster exhibits an
expanding trend, with its new clusters mainly concentrated in the central mountainous
area. This indicates that the increase in CS in the Taihang Mountains is primarily attributed
to the improvement in the ecological environment in the central mountainous area. On
the contrary, the low–low cluster shows a declining trend which mainly occurs on the
northwest edge of the Taihang Mountains, suggesting an improvement in the ecological
environment in the Taihang Mountains.

4. Discussions
4.1. The Spatial Conversions of Types of LUC

An ecosystem is a highly complex system, and the study of changes in LUC and CS
is a method of understanding the overall ecosystem and its functioning rules. It helps
humans to adapt to the natural environment. Based on the LUC transition matrix from
1990 to 2020 in Section 3.1.2, we find that in 1990, there were 7.1118 km2 of barren land
which decreased to 5.49 km2 by 2020, resulting in a total decline of 22.7%. However, during
this period, only 0.5445 km2 of barren land maintained its original attributes, showing a
spatial conversion rate of 92.3%. This high spatial conversion rate of barren land deserves
special attention, especially concerning the local ecosystem, as an LUC conversion implies
both ecosystem degradation and reconstruction; for environmental protection agencies,
such LUC transformations necessitate policy revisions and the reallocation of resources.
These factors pose challenges to maintaining ecological stability and policy continuity.
This phenomenon is not limited to barren land but extends to other types of LUC to
varying degrees. Therefore, in urban planning and the formulation of ecological protection
policies, more consideration should be provided to spatial changes in LUC rather than
solely focusing on total area changes. Efforts should be made to maintain a relative stability
in the spatial distribution of various types of LUC, minimizing frequent human-induced
conversions between them. This approach ensures policy continuity, saving costs in societal
operations, and fostering a harmonious coexistence between humans and nature [57].

4.2. Analysis of Carbon Storage Changes

We analyzed the impacts of different development scenarios on the LUC and CS in
the Taihang Mountains. The results indicate that changes in CS directly reflect changes
in LUC [27]. Under the three different development scenarios, the Taihang Mountains
exhibit significant spatial heterogeneity in LUC and CS. The types of LUC transitions
from high-carbon-density type to low-carbon-density type lead to a reduction in CS, while
the transition from low-carbon-density type to high-carbon-density types results in an
increase in CS. In the Taihang Mountains, both national and local governments have
implemented various measures such as the Taihang Mountain Greening Project and Grain
for Green Project. These initiatives have effectively protected the ecological environment
of the Taihang Mountains and increased its carbon storage. Considering the intricacies of
anthropogenic impacts on the environment and the current advancements in technology, it
is generally understood that anthropogenic activities exacerbate carbon emissions, influence
the balances of other greenhouse gases, and contribute to regional carbon storage reduction;
therefore, strategic policy guidance could potentially yield a favorable role for human
activities in regional carbon dynamics. Presently, certain technologies aim to use building
materials for carbon storage [58]. Grounded in these technologies, future urban areas might
experience significant escalations in carbon density, signifying a constructive implication
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for regional carbon storage. Furthermore, due to rough economic development, certain
areas have witnessed severe ecological degradation, rendering them unsuitable for human
habitation. Therefore, within these areas, the implementation of ecological migration
policies could entail relocating local residents and undertaking measures to restore the
local ecological environment, consequently heightening regional carbon storage to a certain
extent. Meanwhile, in consideration of the highly negative social effects with ecological
migration policies [59], our focus should primarily center on supporting the transformation
of rural communities in mountainous regions, improving the residents’ quality of life and
avoiding degradation in the surrounding ecosystem.

4.3. Limitations and Future Perspectives

The PLUS model employs a random forest algorithm to analyze historical LUC data
and provides driving factor data to calculate the contributions of different driving factors to
changes in various types of LUC. This approach is highly suitable for analyzing historical
types of LUC in the study area. However, when simulating future types of LUC, the lack of
future relevant driving factors, especially socio-economic factors such as roads, may impact
the simulation results. Therefore, in applications, we should strive to obtain the most
up-to-date relevant driving factor data and promptly update them to ensure the reliability
of the simulation results.

The InVEST model is the most commonly used model for assessing carbon storage. It
offers unique advantages, such as lower data requirements, less intensive computations,
and higher accuracy in drawing conclusions. However, it is not without its limitations.
When calculating carbon storage, the InVEST model relies on types of LUC combined with
their respective carbon density values. This approach overlooks the impact of vegetation
types and their growth cycles on carbon density within the same LUC type. Alterations
in vegetation types are influenced by a multitude of factors, whereas in regions character-
ized by intensive human activities, these alterations are primarily shaped by policies and
management practices. Additionally, the carbon density of the same vegetation type can
vary in different regions due to local environmental influences. Under diverse climatic
circumstances, the growth status of identical plants can significantly vary, consequently
impacting their carbon sequestration capacities and subsequently affecting regional carbon
densities. In summary, the influences of factors such as vegetation type, soil type, and cli-
mate change on carbon storage are dynamic, which the InVEST model does not consider. In
future research, it is advisable to collect field data on carbon density for various vegetation
types within a study area. Combining these data with predictive models can enhance the
accuracy of future carbon storage assessments.

5. Conclusions

We utilized the PLUS and InVEST models to simulate and analyze changes in LUC
and their impact on CS in the region of the Taihang Mountains from 1990 to 2035 for three
different development scenarios. The results show a strong correlation between overall
carbon storage changes and forest carbon storage [11]. In Scenario A, the carbon storage in
the Taihang Mountains gradually increases. In Scenario B, croplands expand significantly,
while forests and local economic development are constrained. Compared to Scenario A,
the forests decrease by 1.5% and the impervious surfaces decrease by 11.7%. In this scenario,
the expansion of cropland becomes the primary driver for the increase in carbon storage
in the study area. In Scenario C, forests experience the most significant development,
leading to the highest overall carbon storage among the three scenarios. Carbon storage
changes in the Taihang Mountains mainly occur in the central mountainous areas and areas
adjacent to forests in different scenarios, indicating their sensitivity and the need for more
attention from the relevant planning and environmental protection departments. Our study
precisely identifies transitions in land cover type and their impact on carbon storage in
these sensitive areas, providing valuable insights for relevant environmental policies and
urban development planning.
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