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Abstract

Terrestrial ecosystems serve as key carbon reservoirs and contribute substantially to global
carbon cycling and climate regulation. Shaanxi Province (SP) is located along China’s
north—south geographical boundary and climatic transition zone, making it crucial to un-
derstand how carbon stocks change within its ecosystems. This study analyzed the land-use
patterns, influencing factors, and spatiotemporal dynamics of carbon storage across three
regions (Shanbei, Guanzhong, and Shannan) in SP. The results indicated that: (1) From
2000 to 2020, cropland and barren land areas in SP decreased significantly, while the forest
land area increased markedly. Total carbon storage in SP increased from 1688.55 Tg in
2000 to 1726.12 Tg in 2020, with the highest accumulation observed in Shannan, followed
by Shanbei and Guanzhong. (2) Forest land acted as the most significant carbon sink;
its contribution to SP’s total carbon storage increased from 54.98% in 2000 to 60.28% in
2020. (3) Carbon storage across the three regions was positively correlated with elevation,
slope, soil silt content, and precipitation, but negatively correlated with soil sand content,
gross domestic product, and population distribution. (4) Geographical detector analysis
identified precipitation as the key influencing factor for carbon storage in Shanbei and
Guanzhong, whereas the primary factors in Shannan were temperature, elevation, and
slope. This study recommends future land use priorities: maintaining grassland domi-
nance in Shanbei, scientifically optimizing the planning of cropland and impervious land
in Guanzhong, and sustaining current forest protection and management in Shannan.
These results provide vital quantitative support and important references for ecologically
sustainable development and the realization of China’s dual-carbon goals in SP.

Keywords: sustainable land use; carbon storage management; InVEST model; geographical
detector

1. Introduction

Human activities have led to substantial carbon dioxide emissions, thereby acceler-
ating global warming and influencing global carbon storage dynamics [1-3]. As a critical
component of ecosystem services [4], carbon storage is widely recognized as an important
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indicator for evaluating the responses of terrestrial ecosystems to global climate change [5,6].
While climate change is primarily driven by rising anthropogenic carbon emissions from
fossil fuel consumption [7,8], increasing evidence indicates that land-use change has be-
come a major source of carbon emissions [9], second only to fossil fuel combustion [10].
Enhancing terrestrial carbon storage contributes to reducing atmospheric carbon dioxide
(COy) concentrations [11] and mitigating the greenhouse effect [12,13]. Therefore, investi-
gating the relationship between land use and carbon storage is necessary for improving the
understanding and management of the global carbon cycle [14,15].

The primary carbon pools in terrestrial ecosystems include aboveground biomass, be-
lowground biomass, soil, and litter, with vegetation and soils serving as the dominant reser-
voirs [16,17]. Land-use change can alter ecosystem carbon storage patterns, consequently
affecting the spatial distribution of vegetation and soil characteristics [18-20]. Previous re-
search has demonstrated that climatic factors affect carbon accumulation in plants and soils,
acting as fundamental drivers of variation in carbon storage, whereas topographic features
(such as elevation and slope) and soil types affect their potential geographic patterns [21,22].
Driven by human activities, rapid urbanization has led to the continuous conversion of for-
est land and cropland into impervious land. Consequently, high-sequestration ecosystems
are progressively being replaced by low-sequestration land-use types [23,24]. Ultimately,
vegetation growth conditions and soil properties are influenced by land-use change, which
in turn alters overall ecosystem carbon storage capacities [25,26].

Carbon stocks are strongly correlated with climatic factors. In SP, both aboveground
and belowground carbon densities of forest ecosystems exhibit positive correlations with
mean annual precipitation and Normalized Difference Vegetation Index (NDVI) [27]. Simi-
larly, changes in carbon stocks in Sichuan Province are predominantly driven by human
activities, gross domestic product (GDP), and NDVI [28]. Although agricultural land is
essential for guaranteeing food security [29], human-induced forest degradation and its as-
sociated carbon emissions can increase surface temperatures, thereby exacerbating climate
change. Multi-regional studies have demonstrated that socioeconomic factors can also
affect the variability of carbon stocks [30,31]. In recent years, researchers have increasingly
employed machine learning techniques and geographic detector methods to reveal the
driving factors affecting carbon dynamics [32-34]. Moreover, integrating SSP-RCP scenar-
ios [35] to predict future carbon storage, support regional emission reduction strategies,
and inform land use planning has become a major research trend. Therefore, quantifying
the response of carbon storage to land-use changes and its spatial distribution patterns [36],
as well as identifying the key drivers of carbon dynamics, are essential for accurately moni-
toring carbon fluxes in regional ecosystems and comprehensively understanding carbon
sequestration processes.

The primary approaches for quantifying carbon storage include field investigations,
remote sensing inversions, and model simulations [37,38]. Results obtained from field
investigations based on sample plot inventories are generally more highly accurate and
reliable. These traditional techniques exhibit high precision when applied to smaller
spatial scales. However, for large-scale carbon storage studies, these methods are labor-
intensive, time-consuming, and limited by the complexity of data collection and processing,
thereby restricting their applicability for regional carbon storage estimation [39]. Currently,
remote sensing techniques and modeling have proven to be effective and widely applied
approaches for estimating carbon storage. Models used for estimating carbon storage
primarily include biogeochemical processes models and empirical models based on carbon
density data [40,41]. At the regional scale, biogeochemical models often suffer from reduced
estimation accuracy due to their complexity, as they involve a large number of parameters
related to landscape features [42,43]. Therefore, the INVEST model [30] is frequently used
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to assess ecosystem carbon stocks because of its simplicity, parameter accessibility, and
computational efficiency.

While carbon storage estimation approaches have been widely applied, significant
research gaps remain. Large-scale assessments often obscure the spatial heterogeneity
within extensive administrative regions, as carbon storage may respond differently to local
socioeconomic drivers and ecological restoration policies. SP features an elongated terrain
and a unique geographical location; it is divided into three distinct natural sub-regions from
north to south: the Shanbei Loess Plateau, the Guanzhong Plain, and the Shannan Qinling-
Daba Mountains [44]. Significant variations in physical geography and socioeconomic
conditions among these regions have resulted in marked differences in land-use types,
thus providing an ideal setting for investigating regional variations in carbon storage.
To address these issues, SP was selected as the study area. By integrating multi-source
regional data, the objectives of this study are: (1) to analyze spatiotemporal land-use
changes across the three sub-regions; (2) to quantify the response of carbon storage to
these land-use changes; and (3) to determine the relationships between carbon storage and
climatic variables, topographic features, socioeconomic indicators, population distribution
(POP), and other influencing factors (Figure 1).

|
: InVEST model |#| Carbon Storage and Sequestration
|
|
I
I
|

|
|
|
Land use change Carbon density :
/ i . » ‘ 20 o :
|
Input \
. ——> \
Carbon density Land use [ |
| R e :
Correlation lOutput
5 . . ) " \ 1 &
Climatic variables Topographic ol ‘ Carbon storage and transfer matrix } - Three ‘natural
(precipitation and features (elevation || | | regions
temperature) and slope) / : : ¥
Lo Correlation analysis of driving | o Geographical
— : \ : —) ' ! factors detectors
Soil properties Socioeconomic 1o
(silt, sand, and indicators (GDP ||| ' ' . .
| clay contents) ) and POP) ) : :Spatlal and temporal evolution of carbon storage and
: _ >

its driving factors

Figure 1. Framework for the study.

2. Materials and Methods
2.1. Study Area

SP (105°29'-111°15" E, 31°42/-39°35' N, Figure 2) is located in central China, covering
an area of approximately 20.56 x 10* km?. SP extends across the northern subtropical,
warm temperate, and middle temperate zones, exhibiting marked climatic differences [27].
The mean annual temperature ranges from 9 to 16 °C, and the mean annual precipitation
varies from 340 to 1240 mm. Based on topographic and natural conditions, the elevations
of Shanbei, Guanzhong, and Shannan are approximately 900-1900 m, 460-850 m, and
1000-3000 m, respectively. According to administrative statistics, Shanbei, Guanzhong, and
Shannan account for 40%, 27%, and 33% of SP’s total area, respectively [45]. Shanbei exhibits
high land development intensity, with substantial conversion of grassland and cropland
into impervious land [46]. The Guanzhong Plain is characterized by a dense population,
well-developed transportation networks, and a relatively high level of urbanization. Land
use is primarily shaped by urban expansion and diversified industrial development [47]. In
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contrast, Shannan is predominantly mountainous. Constrained by its rugged topography,
land development intensity remains low, and forest coverage is extensive [48].
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Figure 2. Location of the study area.

2.2. Data Preparation

The datasets utilized in this study included carbon density data, meteorological
variables, socioeconomic factors, soil texture, elevation, and slope. All datasets were
preprocessed using ArcGIS 10.2, employing tools such as Project Raster, Resampling, and
Dissolve to ensure a consistent spatial resolution (1 km x 1 km) and to convert raster data
into vector formats. Detailed sources for these datasets are provided in Table 1.

Table 1. Data sources for the study.

Data Type Year and Format Data Source
Carbon density 2004-2014, .xIsx Xu, L. et al. [49]
Carbon density 2012 Shaanxi Forest Survey and Planning Institute
Geospatial Data Cloud site, Computer Network Information Center,
DEM Raster; 30 m https:/ /www.gscloud.cn/sources/details /310?pid=302 (accessed on
26 December 2023)
Precipitation
Temperature Resource and Environmental Science Data Platform,
Soil property Raster; 1000 m https:/ /www.resdc.cn, https://doi.org/10.12078 /2017121101,
GDP https:/ /doi.org/10.12078 /2017121102
POP
Land use Raster; 30 m Yang and Huang (2021) [50]
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2.3. The InVEST Model

This study utilized the Carbon Storage and Carbon Sequestration module [51] of the
InVEST model to estimate carbon storage across four primary carbon pools (aboveground
biomass, belowground biomass, soil, and litter) for different land-use types in SP [52]. Total
carbon storage was calculated using the following equation:

n

Crotar = ;(Cabovei + Coetowi + Coiti + Caeadi) 1)
ie
where Cry, is the total carbon storage (Mg/ha); Capoveis Chelowir Csoitir ad Cgengi Tepresent
the carbon storage (Mg/ha) of the aboveground biomass, belowground biomass, soil, and
litter pools, respectively; i indicates the specific land-use type; and # is the total number of
land-use types.

A carbon density dataset of Chinese terrestrial ecosystems [49] was selected for this
study. Specifically, carbon densities for forest land, grassland, cropland and soil were
extracted and subsequently adjusted based on the 2012 Forest Inventory of SP. Ultimately,
the calibrated carbon density data were obtained, as detailed in Table 2.

Table 2. Carbon density of the four carbon pools for different land-use types (Mg/ha).

Land-Use Types Cabove Cbelow Csoil Cdead
Cropland 0.53 17.15 50.45 1.74
Forest land 24.86 6.29 80.09 1.39
Shrubland 5.54 3.14 63.38 0.34
Grassland 1.82 5.07 44.71 1.79
Water 0.00 0.00 0.00 0.00
Snow /Ice 0.00 0.00 0.00 0.00
Barren land 0.59 1.03 13.56 0.00
Impervious land 3.25 3.21 19.21 0.00

2.4. Statistical Analysis

Carbon storage data were calculated for SP, and its three sub-regions (Shanbei,
Guanzhong, and Shannan). The spatial relationship of carbon density was quantified
using the global and local Moran’s I indices. Furthermore, the relationships between car-
bon storage and four categories of driving factors: climatic variables (precipitation and
temperature), topographic features (elevation and slope), soil properties (silt, sand, and
clay contents), and socioeconomic indicators (GDP and POP) were analyzed using Pearson
correlation analysis.

2.5. Optimal Parameter-Based Geographical Detectors (OPGD)

The OPGD was employed to analyze the spatial variability of carbon storage and the
interactions among multiple driving factors. Within the OPGD framework, continuous
variables were discretized using five schemes (quantile interval, equal interval, natural
breaks, geometric interval, and standard deviation) [53], and the optimal discretization
parameters were automatically determined by maximizing the g-statistic, thereby mini-
mizing subjectivity in parameter selection. Accordingly, this study utilized the factor and
interaction detector to examine the individual impacts of these factors on carbon storage
changes, as well as their interactive effects [54]. The “GD” package in R 4.4.1 was utilized
for the analysis, and Origin 2021 was employed to visualize the detection results.
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3. Results
3.1. Land Use Changes

The spatiotemporal distribution of land use in SP is illustrated in Figure 3. Forest
land constituted the dominant land-use type across the province, accounting for 40.09%,
42.67%, and 44.93% of the total area in 2000, 2010, and 2020, respectively. The primary
land-use types in Shanbei, Guanzhong, and Shannan were grassland, cropland, and forest
land, respectively. From 2000 to 2020, the proportion of cropland gradually decreased
across all three regions, while that of forest land steadily increased. Compared with 2000,
the impervious land area in 2020 increased by 109.94%, 129.75%, 108.56%, and 98.98% in
SP, Shanbei, Guanzhong, and Shannan, respectively. Additionally, barren land in SP and
Shanbei decreased by 92.98% and 93.09%, respectively, while shrubland in Guanzhong and
Shannan decreased by 60.63% and 81.02%, respectively.

N 2000 2010 2020

A

0 75 150 300  LamdUse
s mmmmmmm km [ ] Cropland B Forest 5] Shrub [ Grassland Il Water [ Sonw/Ice IR Barren Il Impervious

Figure 3. Land-use distribution of SP in 2000, 2010, and 2020.

The land-use transition matrix (Figure 4) shows that between 2000 and 2010, the
proportions of cropland, shrubland, and barren land in SP decreased by 8.79%, 46.38%,
and 73.09%, respectively. These changes were mainly driven by the conversion of cropland
into forest land (3659.13 km?) and grassland (5931.08 km?), as well as the conversion
of shrubland into forest land (564.25 km?) and grassland (141.48 km?), and barren land
into grassland (1911.33 km?). From 2010 to 2020, the proportions of cropland, shrubland,
and barren land further decreased by 9.23%, 59.00%, and 73.91%, respectively. This was
primarily due to the conversion of cropland into forest land (299.31 km?) and grassland
(6186.31 km?), shrubland into forest land (318.99 km?) and grassland (79.70 km?), and
barren land into grassland (545.19 km?). These conversions largely contributed to the
observed increases in the proportions of forest land and grassland.
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Figure 4. Land-use transition matrices for SP from 2000 to 2020. Panels (a—d) represent the transitions
for SP, Shanbei, Guanzhong, and Shannan from 2000 to 2010, respectively. Panels (e-h) represent the
transitions for these regions from 2010 to 2020, respectively.

At the sub-regional level, the land-use types that underwent the most significant
conversions in Shanbei and Guanzhong (accounting for >50% of the converted areas)
included cropland, forest land, grassland, and water. In Shanbei, these changes primarily
involved the conversion of forest land (100.23 km?) and grassland (3410.37 km?) into
cropland; shrubland (132.55 kmz) into forest land; cropland (7428.06 kmz) and barren land
(2286.82 km?) into grassland; and impervious land (8.50 km?) into water. In Guanzhong, the
main conversions involved forest land (290.58 km?) and water (45.26 km?) into cropland;
shrubland (84.27 km?2) into forest land; impervious land (47.44 km?) into water; and
cropland (2019.53 km?) into impervious land. In Shannan, the land-use categories exhibiting
the most pronounced changes were cropland, forest land, water, and impervious land.
This primarily resulted from the conversion of forest land (1037.75 km?) into cropland,
while extensive areas of cropland (4787.49 km?2), shrubland (585.83 km?), and grassland
(1128.31 km?) were converted into forest land. Additionally, impervious land (31.24 km?)
was converted to water, while water (11.53 km?) and barren land (0.24 km?) were converted
to impervious land. Overall, there were relatively minor changes in barren land, water, and
impervious land.

3.2. The Spatio-Temporal Variation in Ecosystem Carbon Storage

As illustrated in Figure 5, the average carbon density of SP increased from 82.12 Mg/ha
in 2000 to 83.95 Mg/ha in 2020, representing a 2.23% increase over the 20-year pe-
riod. Overall, carbon density exhibited a slight upward trend. Areas with a carbon
density > 75 Mg/ha were mainly concentrated in Shannan, southwestern Guanzhong,
and southern Shanbei. Throughout the study period, the average carbon density con-
sistently followed a spatial gradient of Shannan > Guanzhong > Shanbei, with all three
sub-regions demonstrating slight increases. In 2000, the carbon density in Shannan reached
99.33 Mg/ha, while the average carbon densities in Guanzhong and Shanbei accounted
for 84.16% and 79.08% of that in Shannan, respectively. Compared with 2000, the average
carbon density in Shannan increased by 1.86% in 2010 and 3.18% in 2020. Similar upward
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trends were observed in Shanbei (increases of 1.63% and 2.57% for the respective years)
and Guanzhong (increases of 0.33% and 0.39%).

2000 2010 2020

0 75 150 300 5 Carbon density (Mg/ha)
— — km - [25-50] |50-75] |75~ 100 [ 100 - 125

Figure 5. Spatial distribution of ecosystem carbon density in SP in 2000, 2010, and 2020.

In Figure 6, Moran’s I values were consistently >0.68, accompanied by low expected
values and variances, with p-values < 0.001 (Table 3); these findings indicate that carbon
density exhibited clear spatial clustering characteristics.

N
A 2000 2010 2020

0 75 150 300

k[ Not Significant [0 Low-Low [ |High-Low [ | Low-High [ ] High-High
Figure 6. Local Moran’s I index analysis of carbon density in 2000, 2010, and 2020.

Table 3. Global Moran’s I index analysis of carbon density in 2000, 2010, and 2020.

Years Moran’s 1 Expected Value Variance p Value
2000 0.6897 —0.000005 0.000001 0.0000
2010 0.7029 —0.000005 0.000001 0.0000
2020 0.7066 —0.000005 0.000001 0.0000

Total carbon storage in SP increased from 1688.55 Tg in 2000 to 1726.12 Tg in 2020
(Figure 7). During this period, 84.22% of the total area showed no change in carbon storage,
while 9.38% exhibited an increase and 6.40% experienced a decrease. These declines
were mainly concentrated in Shanbei and Guanzhong. Spatially, the total carbon storage
consistently followed the order of Shannan > Shanbei > Guanzhong throughout the study
period, with all three sub-regions experiencing slight increases. At the sub-regional level,
the areas exhibiting increased carbon storage accounted for 10.07%, 10.46%, and 6.92%
of Shannan, Shanbei, and Guanzhong, respectively; conversely, the areas experiencing a
decrease accounted for 2.45%, 9.95%, and 6.06% of these regions, respectively.
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Figure 7. Regional changes in ecosystem carbon storage in SP from 2000 to 2020.

3.3. Changes in Carbon Storage Under Different Land-Use Types

As shown in Table 4, forest land had the largest carbon storage, holding 928.42 Tg,
988.21 Tg, and 1040.50 Tg in 2000, 2010, and 2020, respectively. Over this period, its
contribution to the total carbon storage steadily increased from 54.98% to 60.28%. From
2000 to 2020, the combined carbon storage from cropland and grassland decreased from
742.08 Tg to 670.14 Tg, with their combined proportion decreasing from 43.95% to 38.82%.
The proportion of all other land-use types consistently accounted for less than 2% of the
total, thereby contributing minimally to the regional carbon sink.

Table 4. Carbon storage (Tg) of different land-use types in 2000, 2010, and 2020.

Land-Use Types 2000 2010 2020
Cropland 444 45 405.38 367.95
Forest land 928.42 988.21 1040.50
Shrubland 7.71 4.13 1.69
Grassland 297.63 303.22 302.19
Water 0.00 0.00 0.00
Snow /Ice 0.00 0.00 0.00
Barren land 3.91 1.05 0.27
Impervious land 6.44 9.71 13.52
Total 1688.55 1711.71 1726.12

According to the carbon storage transfer matrices for different land-use types
(Tables 5 and 6), the conversion of cropland and grassland into forest land increased carbon
storage. These transitions contributed to carbon storage increases of 43.02 Tg in 2010 and
38.63 Tg in 2020. Conversely, the conversion of cropland into grassland, forest land into
cropland, and cropland into impervious land resulted in carbon storage losses. These
changes reduced carbon storage by 20.63 Tg in 2010 and 24.46 Tg in 2020. Overall, the net
increases in carbon storage in SP in 2010 and 2020 were 23.16 Tg and 14.41 Tg, respectively.
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Among these regions, the carbon storage increment in Shannan was the highest, while that

in Guanzhong was the lowest.

Table 5. Carbon storage transfer matrix (Mg) from 2000 to 2010.

2010
Land-Use -
Types Cropland Forest Land Shrubland Grassland Water Snow/Ice Barren Land Imlie;‘:éous
Cropland 0 14,442,885 —2129 —11,728,100 —690,822 0 —4029 —5,441,409
Forestland —3,456,415 0 —217,642 —339,591 —2685 0 0 —21,369
Shrubland 1829 2,270,202 0 —268,957 0 0 0 —4
2000 Grassland 8,979,630 12,292,313 292,777 0 —124,834 —12 —260,499 —398,915
Water 415,981 9598 0 61,993 0 0 4343 100,761
Snow /Ice 0 0 0 0 0 0 0 0
Barren land 82,111 0 0 7,304,331 —6233 —331 0 25,125
Impervious 55 137 59 0 436 ~190,879 0 —22 0
land
Table 6. Carbon storage transfer matrix (Mg) from 2010 to 2020.
2020
Land-Use -
Types Cropland Forest Land Shrubland Grassland Water Snow/Ice Barren Land Im%zr:éous
Cropland 0 11,838,510 —768 —12,232,807 —594,594 0 —19,766  —6,422,984
Forestland —5,806,859 0 —168,835  —170,264 —-1713 0 —118 —50,683
Shrubland 2125 1,283,421 0 —151,518 —11 0 -39 -21
2010 Grassland 7,701,059 17,006,821 71,740 0 —92,508 0 —319,261 —378,487
Water 578,555 9359 0 35,812 0 0 1984 111,512
Snow /Ice 0 0 0 16 0 0 8 0
Barren land 224,298 22 0 2,083,506 —7869 0 0 11,946
Impervious 5 465 0 0 1133 154,614 0 ~70 0
land

3.4. Factors Influencing Carbon Storage Changes

As illustrated in Figure 8, carbon storage in Shanbei generally exhibited positive
correlations with elevation, slope, precipitation, and soil clay and silt contents, while
showing negative correlations with soil sand content, GDP, and POP. In both Guanzhong

and Shannan, carbon storage was positively correlated with elevation, slope, precipitation,
and soil sand content, but negatively correlated with temperature, GDP, POP, and soil
clay and silt contents. At the provincial scale, carbon storage consistently showed positive

correlations with elevation, slope, precipitation, temperature, and soil clay and silt contents,
whereas it correlated negatively with GDP, POP, and soil sand content (Figure 8j-1). The
factor with the strongest positive correlation with carbon storage was precipitation (Pearson
correlation coefficients of 0.62, 0.65, and 0.66 in 2000, 2010, and 2020, respectively), followed
by slope (0.54, 0.56, and 0.56). Conversely, the factor with the strongest negative correlation
was soil sand content, with coefficients of —0.26, —0.25, and —0.23 for the respective years.
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Figure 8. Correlation analysis of the drivers of carbon storage changes in SP. cs: carbon storage; clay:
soil clay content; sand: soil sand content; silt: soil silt content; pre: precipitation; tem: temperature;

gdp: GDP; pop: POP. The same abbreviations apply hereinafter.
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According to the OPGD results (Figures 9 and A1-A3), precipitation was identified
as the principal single determinant of carbon storage in SP across all three years, yielding
g-values of 0.51, 0.51, and 0.49 in 2000, 2010, and 2020, respectively. At the provincial scale,
interactions involving precipitation consistently accounted for over 50% of the explanatory
power. In 2000 and 2010, the interactions of precipitation with elevation and temperature
had the highest explanatory power (g = 0.58 and g = 0.61, respectively). By 2020, the most
influential interactions involved precipitation with elevation, slope, soil clay content, GDP,
and POP, all yielding g-values of around 0.54.
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Figure 9. Correlation analysis of the drivers of carbon storage changes in SP.

At the sub-regional level, the interaction between precipitation and elevation in Shan-
bei demonstrated greater explanatory power in 2010 (g = 0.5732) than in 2000 (g = 0.538).
However, by 2020, the interaction between GDP and elevation exerted the strongest in-
fluence in this region (g = 0.3785). In Guanzhong, the interaction between precipitation
and elevation consistently exhibited the highest explanatory power, with g-values of 0.492,
0.4812, and 0.497 for 2000, 2010, and 2020, respectively. In Shannan, the explanatory power
of the interaction between POP and elevation increased over time (g = 0.1956, 0.2329, and
0.2399, respectively).

4. Discussion
4.1. Land Use Leads to Changes in Carbon Storage

The regional carbon pool is largely regulated by land-use-driven variations in soil and
vegetation carbon sinks [55,56]. Over the past two decades, both total carbon storage and
average carbon density in SP have continuously increased, with overall gains of 37.57 Tg
and 1.83 Mg/ha, respectively, indicating a substantial improvement in the region’s ecosys-
tem service functions. The observed upward trend in SP’s total carbon storage aligns with
findings from other regions, such as Guizhou Province, the Three-River Source, the Hexi
Region, and coastal areas of Bangladesh. However, because the carbon storage potential
inherently varies across different ecosystems [56,57], the specific mechanisms driving these
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increases differ among regions, primarily encompassing vegetation restoration and land-
use transformations. These findings suggest that implementing environmental protection
measures to expand high-density carbon sinks (e.g., forest land and grassland), while
limiting low-carbon-density areas like impervious land, can effectively enhance regional
carbon storage [58—60].

From 2000 to 2020, the expansion of forest land led to an increase of 112.08 Tg in
carbon storage, while the reduction in cropland resulted in a decrease of 76.50 Tg. Spa-
tially, the increases in carbon storage were mainly concentrated in northwest Shanbei and
Shannan, while the decreases were primarily observed in central Shanbei and Guanzhong
(Figure 5). Over the past 20 years, large areas of cropland were converted into forest land
and grassland [61]. Specifically, 2417.24 km? of barren land in Shanbei was transformed
into grassland, yielding a net increment of 9.72 Tg. In Shannan, 5570.29 km? of cropland
and 1168.77 km? of grassland were converted into forest land, generating a net increment
of 22.12 Tg. However, a large area of cropland (10,044.86 km?) in Shanbei was converted
into grassland instead of forest land. Due to geographic and climatic conditions, the above-
ground biomass of cropland in Shanbei was higher than that of grassland. Despite this, total
carbon storage in Shanbei still increased, achieving a net increment of 13.64 Tg. Moreover,
large-scale urban expansion in Guanzhong led to a reduction of 2220.44 km? in cropland,
accompanied by an increase of 2014.55 km? in impervious land, ultimately resulting in a
decline in carbon storage [56].

Carbon density serves as an objective indicator of regional carbon sequestration capac-
ity. In 2020, the carbon density values for the Beijing-Tianjin-Hebei region [62], the coastal
cities of Shandong Province [63], and Fuzhou City [64] were 78.12 Mg/ha, 63.84 Mg/ha,
and 81.32 Mg/ha, respectively. Notably, all of these values were lower than that of SP
(83.95 Mg/ha). The observed differences are largely attributed to accelerated urban eco-
nomic growth, which has driven the widespread replacement of forest land and grassland
areas by impervious land and cropland. In contrast, Guizhou Province, with over 60%
forest coverage and the implementation of the national high-quality development strategies,
has experienced the substantial conversion of cropland into forest land. Consequently, this
has resulted in a 2020 carbon density that is 2.35 times higher than that of SP [58].

4.2. Factors Affecting Carbon Storage
4.2.1. Factors Affecting Carbon Storage Changes

Carbon storage in SP exhibits pronounced regional characteristics, primarily driven
by differences in climate, vegetation cover, and land-use types. Shannan, located in the
Qinling-Daba Mountains, benefits from favorable moisture and thermal conditions, sup-
porting a widespread distribution of evergreen forest land. Consequently, its vegetation
productivity and biomass carbon density are significantly higher than those in Shanbei [65].
Guanzhong is predominantly covered by cropland and planted forests; the Grain for Green
Program (GGP) has driven substantial increases in vegetation cover [66,67], thereby greatly
enhancing regional carbon storage. In contrast, the loess hilly and gully areas of Shanbei
are dominated by grassland and planted forest, which are characterized by sparse veg-
etation and slow biomass accumulation. Furthermore, the soil organic carbon content
in this region is generally low [68], resulting in carbon storage capacity that is markedly
lower than that of Shannan. Differences in vegetation types also affect litter input and
root distribution patterns, influencing microbial community composition and soil enzyme
activities [69,70]. Studies indicate that broadleaf forests yield higher litter biomass with
lower carbon-to-nitrogen ratios, facilitating rapid microbial decomposition and subsequent
sequestration into stable carbon pools. In contrast, the litter from grassland and shrubland
exhibits high lignin content, slow decomposition rates, and limited carbon sequestration
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efficiency [71,72]. Spatial gradients in climatic factors and topography further exacerbate
these regional variations in carbon storage [73,74]. Shannan receives a mean annual pre-
cipitation of 800-1200 mm, contributing 26.16% of the province’s total carbon storage; this
humid climate promotes vegetation growth. Conversely, Shanbei receives less than 500 mm
of mean annual precipitation. The resulting aridity stress severely restricts vegetation
cover, limiting its contribution to only 19.3% of the province’s total carbon storage [75].
Thus, precipitation emerges as the most significant factor influencing carbon storage in SP,
interacting strongly with other environmental and socioeconomic factors.

Previous studies indicate that SP experienced a rapid decrease in carbon storage from
1980 to 2000, with an average annual decrease of 0.2% [76,77]. During this period, extensive
land reclamation led to losses in soil carbon storage. In Shanbei, overgrazing and energy
development exacerbated this trend, resulting in a rate of carbon density decline that was
1.8 times higher than that of Shannan. After 2000, policy intervention became the dominant
factor influencing carbon storage dynamics [78,79]. In Shannan, where abundant rainfall
facilitates vegetation restoration, increases in carbon density occurred 5-8 years earlier
than in Shanbei [80]. This study found that during the periods 2000-2010 and 2010-2020,
forest land covering 989.80 km? and 1547.82 km? was converted into other land-use types,
resulting in carbon storage losses of 4,037,702 Mg and 6,198,472 Mg, respectively. Research
indicates that between 1980 and 2020, SP experienced a reduction of 12,430.34 km? in
cropland, with 67% of this area converted into forest land and grassland. This conversion
manifested as a 36.36% increase in carbon density in the Qinling-Daba Mountains. Cropland
conversion into impervious land led to losses in carbon reserves in Shanbei.

4.2.2. Differences in Carbon Storage Between Regions

Carbon storage variations in SP exhibit distinct regional differences, primarily resulting
from socioeconomic and natural geographic conditions. Li et al. [81] confirmed that the
significance of factors influencing carbon storage changes varies markedly across regions.
Analysis of the individual and interactive effects via the geographic detector reveals that
the explanatory power of any two interacting drivers consistently exceeds that of any single
driver. Huo and Sun [82] reported a similar conclusion, indicating that spatial variations in
regional carbon storage patterns are a composite outcome of multiple interacting drivers.

Shanbei’s carbon storage changes are mainly affected by precipitation, GDP, and POP.
As a typical arid region of the Loess Plateau, the area’s carbon storage potential is highly de-
pendent on vegetation restoration. Precipitation directly determines vegetation conditions,
while GDP and POP exert indirect effects through ecological projects and land-use practices.
Previous research indicates that carbon storage in Shanbei is highly sensitive to policies
and socioeconomic activities [83]. In recent years, economic growth has been accompanied
by ecological conservation and the development of artificial carbon sinks, achieving a
synergistic increase in both GDP and carbon storage. Although POP may exert pressure
on land resources, carbon storage can still be enhanced through scientific management,
particularly in artificial carbon sinks. In contrast, carbon storage changes in Guanzhong are
mainly affected by elevation, temperature, and precipitation. In this transitional region,
these changes are jointly driven by climatic conditions and land management practices.
In Shannan, carbon storage changes are predominantly affected by natural factors such
as temperature, elevation, and slope. This region is primarily composed of mountainous
forests, where carbon storage remains in the accumulation stage due to the relatively im-
mature stand age [27]. This difference in carbon storage between the north and south is
largely influenced by the Qinling Mountains, which significantly alter regional climate and
topography [84,85].
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Overall, carbon storage in Shanbei is more heavily influenced by socioeconomic
factors, whereas in Shannan, it is predominantly governed by natural environmental
conditions. Guanzhong acts as a transitional zone where human activities and natural
factors jointly influence carbon storage changes. These regional differences highlight the
spatial heterogeneity of the factors influencing carbon storage across SP.

4.3. Uncertainties and Limitations

In this study, carbon storage changes in SP were efficiently assessed using the InVEST
model. However, such estimation inevitably involves uncertainties. The temporal and
spatial resolutions of land-use-based carbon datasets vary considerably, and the acquisition
and accurate calibration of model parameters remain challenging [86]. Therefore, two
relatively detailed carbon data sources were selected in this study, both of which under-
went rigorous data screening and quality control during the initial data acquisition process,
thereby providing high-precision and reliable carbon density data [87]. In addition, the
model relies on historical land-use dynamics and ignores the impacts of regional govern-
ment policies, technological progress, and socioeconomic changes [88]; furthermore, its
static assessment framework overlooks internal variations caused by factors such as stand
age, tree species composition, and management intensity. These limitations are particularly
evident when assessing regional carbon dynamics and land degradation in response to
climate change or disturbance scenarios [89].

In Shanbei, the InVEST model neglects the continuous carbon accumulation associated
with increasing stand age following the implementation of the GGP. Studies conducted
on the Loess Plateau indicate that the ecosystem carbon storage of Pinus tabuliformis and
Robinia pseudoacacia planted under the GGP can increase substantially from 70 Mg/ha to
over 300 Mg/ha as stand age increases [90]. In assessing the carbon sink of the GGP on
the Loess Plateau, Deng et al. [91] explicitly pointed out that the soil carbon sequestration
rate (0.29 Mg ha~! yr~!) is highly dependent on the restoration age. Research has further
confirmed that in Shaanxi Province, the impact of forest land expansion and forest growth
on carbon storage is almost equivalent [27]. Furthermore, the GGP generates an additional
vegetation carbon sink of 4.29 Tg yr~! [92]. Therefore, by using a single carbon density
value to represent afforested land, the INVEST model significantly underestimates the
carbon sink potential of young and middle-aged forests. Driven by the GGP, the areas
of grassland and forest land have increased significantly, and there remains considerable
potential for further growth in carbon storage. Therefore, the actual carbon sink capacity is
expected to be higher than current estimates. Although uncertainty may affect the specific
magnitude of changes in carbon storage, the spatial pattern and direction of these changes
are reliable.

Guanzhong is a typical agricultural region. Long-term human activities and conven-
tional tillage can easily lead to the latent loss of SOC, and the static model masks this soil
degradation process. Agricultural activities such as irrigation and fertilization significantly
affect the SOC within the 0-60 cm soil profile; hence, monitoring carbon dynamics solely in
the topsoil (<30 cm) can lead to a severe underestimation of carbon losses or an overesti-
mation of carbon sinks [93]. Consequently, the InVEST model fails to capture the dynamic
effects of management practices. Moreover, because the expansion of impervious land area
exceeds the contraction of cropland area, the actual carbon loss may be greater than that
reported in this study.

Shannan is dominated by mature forests, with minimal changes in land-use types.
Carbon storage in this region is primarily contributed by extensive forest land and is largely
controlled by stable natural environmental conditions. Research by Liu et al. [94] on vege-
tation in the Qinling region revealed that carbon use efficiency exhibits a nonlinear trend
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with increasing elevation, reflecting the complex impact of vertical climate gradients on
carbon dynamics. Furthermore, Ge et al. [95] pointed out that the steady-state assumption
significantly underestimates the mean carbon turnover time, leading to an underestimation
of forest ecosystem productivity. Analyzing the nonlinear relationships among ecosystem
services, climate fluctuations, and vegetation coverage remains a formidable challenge;
moreover, these relationships are particularly elusive in complex mountainous terrains [96].
From a macro perspective, the overall trend of increasing carbon storage due to land-use
conversion is accurate. However, because the model fails to capture potential interannual
fluctuations within forests, it may underestimate the interannual variability of carbon sinks.
Given that the area of land-use change accounts for only a limited proportion of the entire
region in Shannan, the resulting uncertainty is unlikely to significantly affect the observed
spatial distribution of carbon storage. Therefore, the identified spatial pattern of high
carbon storage remains credible.

The static InVEST model was chosen instead of a dynamic ecological model to evaluate
the impacts of land-use conversion; this choice aligns with our focus on the macro-level
impacts of regional land-use policies, and is beneficial for providing recommendations to
government departments. At larger spatial scales, high-resolution data are an important
foundation for analyzing dynamic processes, but if the use of coarse-resolution dynamic
data leads to higher errors that outweigh the benefits of capturing dynamic processes, it
is clearly counterproductive. Therefore, a more robust and conservative static modeling
framework was chosen. Future studies should integrate field observations and remote
sensing data within a multi-method framework to reduce uncertainties in carbon storage
estimation [97]. The focus should be on (1) coupling process-based dynamic models
with the INVEST framework; (2) developing multi-scenario and multi-model ensemble
prediction frameworks to enhance the reliability and scientific value of carbon storage
assessments; and (3) incorporating future land-use scenarios, such as SSP-RCP scenarios,
to simulate potential changes in carbon storage under different development paths.

Overall, the uncertainty associated with the static INVEST framework primarily affects
the absolute magnitude of estimated carbon storage, rather than the relative spatial pat-
terns and regional differences identified in this study. Although carbon sequestration in
afforested areas may be underestimated and soil carbon dynamics in agricultural regions
may not be fully captured, these limitations do not fundamentally alter the following main
conclusions: (1) the overall increase in carbon storage in Shaanxi Province, (2) the dominant
contribution of increased forest land area under ecological restoration policies to carbon
gains, and (3) the contrasting effects of ecological restoration and urban expansion on
regional carbon storage dynamics.

4.4. Management Suggestions

The findings confirm that land-use transitions have driven substantial changes in
carbon storage in SP, with forest land contributing 60.28%. However, given the static
nature of the InVEST model, future policies should shift from large-scale afforestation
to sustainable forest management and structural optimization. Decision-makers should
enhance ecological resilience to ensure ecosystem sustainability and effectively respond to
future climate change. Accordingly, in Shanbei, close attention should be paid to soil and
water conservation and water resource availability, while improving the quality of existing
grassland and forest land. In Guanzhong, urban expansion boundaries and cropland
protection redlines should be strictly delineated to prevent further cropland loss. Regional
agricultural policies should actively promote conservation tillage practices, such as straw
incorporation and organic fertilization, to restore and enhance the soil organic carbon pool
in remaining cropland. In Shannan, forest protection redlines need to be prioritized, and
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where necessary, an ecological compensation mechanism from Guanzhong to Shannan
should be established to effectively fund the long-term management of forest carbon sinks.

5. Conclusions

This study evaluated the land-use and carbon storage characteristics of Shaanxi
Province, as well as Shanbei, Guanzhong, and Shannan from 2000 to 2020. In Shaanxi
Province, forest land area was the largest (accounting for >40%), followed by grassland
and cropland. From 2000 to 2020, the province experienced a marked decrease in cropland
and barren land, while forest land and impervious land expanded significantly. The main
land-use transitions were the conversions from cropland into forest land and grassland.
Regionally, Shanbei is dominated by grassland, Guanzhong by cropland, and Shannan by
forest land. Ecosystem carbon storage increased from 1688.55 Tg in 2000 to 1726.12 Tg in
2020, and this change was closely related to land-use changes. Forest land remained the
primary carbon pool, with its proportion rising from 54.98% in 2000 to 60.28% in 2020. In
contrast, the carbon storage proportion of cropland and grassland decreased from 43.95%
to 38.82%. Land-use conversions contributed to carbon storage increments of 43.02 Tg and
38.63 Tg in 2010 and 2020, respectively.

We demonstrate that regional human—environmental differences lead to differences in
ecosystem carbon storage. Ecosystem carbon storage in Shanbei is more strongly influenced
by socioeconomic factors, while that in Shannan is predominantly governed by natural
environmental conditions. Guanzhong represents an area where both natural and anthro-
pogenic factors interact significantly. Therefore, understanding the relationships among
socioeconomic development, human activities, land-use changes, and carbon storage at
the regional level is essential for comprehensively characterizing carbon changes under
climate change.
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Figure A1. Correlation analysis of the drivers of carbon storage changes in Shanbei.
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