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Introduction: Urban agglomerations, as pivotal spatial units in global
urbanization processes, are central to urban science, their land use/cover
changes directly regulate regional carbon cycles and profoundly affect
ecosystem carbon storage and net primary productivity (NPP). To clarify the
dynamic changes, driving factors, and future trends of these two key ecological
indicators in Wanjiang Urban Agglomeration, multiple models and analytical
methods were integrated.

Methods: The Carbon Storage module of the INVEST model was used to assess
regional carbon stocks, while the improved CASA model quantified multi-period
NPP using remote sensing and climate data. A random forest algorithm combined
with the SHAP method analyzed the independent effects of topographic,
anthropogenic, and natural factors, and the PLUS model combined with
Markov Chain forecast 2040 carbon storage.

Result: Results show urban area expanded by 2,230.87 km? (3.57% annual
growth), primarily from cultivated land (4.52 x 10 km? to 4.26 x 10 km?).
Annual carbon storage loss reached 0.25 x 10 tC and NPP loss 17.49 x 10*
tC, with both first rising then falling. Carbon storage is predominantly driven by
topographic factors (with thresholds) and secondarily by natural factors, while
NPP is jointly regulated by topographic and climatic drivers. Anthropogenic
factors exert the weakest influence on both. The 2040 forecast indicates
continued carbon storage decline.

Discussion: This work clarifies key dynamic patterns and driving mechanisms,
providing scientific support for regional ecological protection and advancement
of “carbon peaking and carbon neutrality” goals.

carbon storage, land use change, NPP, random forest algorithm, shap, Wanjiang
urban belt

1 Introduction

Land use change ranks as the second-largest driver of the dramatic global rise in
atmospheric CO, concentrations, surpassed only by fossil fuel combustion (Quay et al.,
1992). Beyond its role in greenhouse gas emissions, it also acts as a key force shaping
variations in Earth system carbon storage (Zhang et al, 2015). Variations in carbon
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sequestration capacity across land use types drive changes in overall
carbon storage (Cantarello et al, 2011; Ni, 2013). These carbon
dynamics, in turn, amplify pressing environmental crises such as
global warming, desertification, and sea level rise (Hauer et al,
2020). Urbanization, as a dominant form of land use change in
contemporary societies, further intensifies these carbon-related
challenges. Cities account for ~78% of global anthropogenic
greenhouse gas emissions (Li et al, 2019; Huang et al, 2019),
requiring  balanced  urban  development and  carbon
reduction—particularly amid China’s urbanization. Projections
show urban areas will cover 67% of Earth’s land by 2050 (11%
rise from 2020, Shi et al., 2023). Urbanization converts high-carbon
landscapes (croplands, forests, grasslands) to low-carbon built-up
areas (Grimm et al., 2008; De Carvalho and Szlafsztein, 2019; Wang
et al,, 2022), reducing terrestrial carbon storage and shifting NPP
(net primary productivity, a key carbon sequestration indicator).
Quantifying these spatiotemporal impacts is critical for low-carbon
urban planning (Hutyra et al., 2011).

Urbanization-driven carbon dynamics leave terrestrial
ecosystems’ global carbon cycle role uncertain (Zhao and
Running, 2010; Potter et al., 2012; Ahlstrom et al., 2012; Zhuang
et al, 2023), largely from urbanization, climate change, and
deforestation. As a key carbon sequestration indicator (Roxburgh
et al, 2005), NPP (organic carbon accumulation post-plant
respiration) is hard to estimate via time-consuming traditional
methods (Sonti et al, 2022; Huo et al, 2023) or sparse eddy
covariance flux tower data (Baldocchi, 2003). The widely used
CASA (Carnegie-Ames-Stanford Approach) model accurately
captures spatiotemporal NPP variations, suiting urbanization-
related NPP response analysis (Tang et al., 2024a; Liang et al,
2015; Potter et al., 2012). Empirical evidence from China
underscores the link between urbanization and NPP losses:
13.77 Tg C (1982-2015, He et al, 2017), 11.60 x 10 Pg C
(2000-2010, Wen et al,, 2019), and 0.137 Tg C in the Pearl River
Delta (2000-2010, Jiang et al., 2015). Urban vegetation and soil drive
carbon sequestration, but urban expansion disturbs these processes,
necessitating impact quantification across urbanizing contexts.

Carbon storage reflects terrestrial ecosystems to remove carbon
dioxide from the atmosphere (Chen et al, 2021). The InVEST
(Integrated Valuation of Ecosystem Services and Trade offs)
model’s carbon module estimates regional carbon storage via
four carbon pools (Wu and Wang, 2023; Tang et al., 2024b).
China’s urban expansion has accelerated carbon storage loss
since 1980 (108.99 Tg C by 2010, 87.20 Tg C in 2000-2010),
primarily due to the conversion of cropland and forest to urban
land (Liu et al., 2019). Three major urban agglomerations—the
Beijing-Tianjin-Hebei region (Kang et al., 2025; He et al., 2016; Xie
et al,, 2018), the Yangtze River Delta (Wang et al., 2025a; Wu et al,,
2024; Wang et al., 2023), and the Pearl River Delta (Cai et al., 2024;
Yan etal., 2018; Li et al., 2022) — have been identified as carbon loss
hotspots. However, research on the Wanjiang City Belt (WJUA) — a
key Yangtze River Economic Belt component (Gui et al., 2022) — is
scarce. Accelerated urban sprawl and industrial expansion in the
WJUA have disrupts its carbon cycle, yet existing studies lack
independent driver analysis (Wang et al, 2025b), hindering
understanding of its urbanization-driven carbon dynamics.

To address these limitations, this study systematically couples

three robust modeling approaches: the InVEST model (for detailed
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carbon storage assessment across multiple ecosystem pools), the
CASA model (for high-accuracy, large-scale estimation of NPP and
carbon sequestration, based on photosynthetically active radiation
and light-use efficiency (Zhang et al., 2024)), and the PLUS-Markov
Chain model (for projecting future land use changes (Wu et al,
2024)). Using these tools, we analyze the spatiotemporal variations
in ecosystem carbon storage and NPP in the WJUA from 2000 to
2020 — directly addressing the need to quantify spatiotemporal
responses to urbanization development. We further apply the
Random Forest algorithm combined with the SHAP (SHapley
Additive exPlanations) method to quantitatively evaluate the
relative influence and contribution priorities of socioeconomic,
natural, and topographic factors on the evolution of carbon
storage and NPP. Additionally, we simulate and predict
ecosystem carbon storage in the WJUA under a natural
development scenario for 2040. The findings of this study are
expected to provide a scientific basis for optimizing ecological
planning and supporting the implementation of China’s “dual-
carbon” strategy in the middle and lower reaches of the Yangtze
River Basin.

2 Materials and methods
2.1 Study area

WJUA located in Anhui Province within the middle and lower
reaches of the Yangtze River Basin, serves as the core demonstration
zone for industrial transfer within the Yangtze River Delta (YRD)
region. The WJUA comprises eight prefecture-level cities—Hefei,
Wuhu, Ma’anshan, Tongling, Anqing, Chizhou, Chuzhou, and
Xuancheng—along with Jin’an District and Shucheng County of
Luan City (Figure 1). The total area covers approximately
75,877.49 km”. Geographically adjacent to the YRD, China’s most
economically dynamic urban agglomeration, the WJUA benefits
from strong economic and industrial linkages with the region. The
area is characterized by a subtropical monsoon climate, with an
annual mean temperature of 15 °C-17 °C and average precipitation
ranging from 800 mm to 1,600 mm. Riverine plains and low
mountains dominate its landscape, providing favorable natural
and locational conditions for both agricultural productivity and
industrial development. Economically, the WJUA functions as a key
growth pole of Anhui Province, contributing over 60% of the
provincial GDP in 2020 and attracting more than 6.2 trillion
CNY in large-scale investments. With its rapid industrial
clustering, urban expansion, and land use transformation, the
Wanjiang Urban Agglomeration represents a typical and
representative region for examining the interactive mechanisms
between urbanization and carbon dynamics (Wang et al., 2025b).

2.2 Data and methods

This study utilized five phases of land use data for the years 2000,
2005, 2010, 2015, and 2020, which were obtained from the National
Geomatics Center of China (http://www.globallandcover.com).
Three categories of driving factors influencing carbon storage and
NPP were analyzed, namely, topographic (Digital Elevation Model
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FIGURE 1
Study area. (a) China (b) DEM of WJUA.

TABLE 1 Data used in the INVEST and CASA models. (Meteorological data include monthly mean temperature, monthly total solar radiation and monthly total

precipitation).

Dataset Source Time resolution Spatial resolution Model used
Land use http://www.globallandcover.com 2000, 2005, 2010, 2015, and 2020 30 m InVEST

MODIS NDVI https://ladsweb.modaps.eosdis.nasa.gov/search/ 2001-2020 250 m CASA
Vegetation type https://www.plantplus.cn/doi/10.12282/plantdata.0155 2001 1:1,000,000 CASA
Meteorological data https://www.resdc.cn/ 2000-2020 1 km CASA

[DEM], slope), anthropogenic (Gross Domestic Product [GDP],
population density, main/secondary/tertiary roads, highways,
railways), and natural (rivers, annual mean temperature, annual
mean precipitation). GDP and population density data were
sourced from the Data Center for Resources and Environmental
Sciences, Chinese Academy of Sciences (https://www.resdc.cn). To
ensure consistency with road and railway datasets, all driving factors
were constrained to the years 2015 and 2020. Information on roads
(motorways, primary roads, secondary roads, and tertiary roads),
railways, and rivers was derived from OpenStreetMap (OSM; https://
www.openstreetmap.org). DEM data (acquired in 2000) was
obtained from the Geo-spatial Data Cloud (https://www.gscloud.
cn), with slope data derived from the DEM. Data used in the InVEST
and CASA models are presented in Table 1. All datasets were
standardized to the Albers Conic Equal Area coordinate system
and resampled to a 30 m spatial resolution to ensure consistency
in column numbers and pixel size.

The NPP dataset utilized in this study was generated using an
improved CASA model. Conceptually, the CASA model calculates
NPP as the product of vegetation’s Absorbed Photosynthetically
(APAR) and light use efficiency (e)—a
foundational framework established in early seminal work (Potter
et al,, 1993; Field et al, 1995). The core formula governing this

Active Radiation

calculation is expressed as follows:

NPP (x,t) = APAR(x,t) X e(x,t)

Where: NPP (x,t) represents the net primary productivity at
spatial location x and time t. APAR (xt) (i.e., photosynthetically
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active radiation absorbed by vegetation at x and t) is jointly
determined by total solar radiation, the Normalized Difference
Vegetation (NDVI), and
coefficients—key variables that capture the fraction of solar

Index vegetation  absorption

radiation available for photosynthesis and its uptake by
vegetation. e(x,t) (i.e., light use efficiency at x and t) integrates
the effects of three critical modulating factors: temperature stress
coefficient, water stress coefficient, and maximum vegetation light
use efficiency (Wen-Quan et al, 2007). Notably, the specific
improvements made to the CASA model and the detailed
validation results of the modified framework have been
thoroughly documented in our previous study (Tang et al., 2024a).

The carbon storage dataset was constructed using the Carbon
Storage and Sequestration module of the InVEST model (Version
3.9.0), which assesses regional carbon storage capacity by
quantifying the storage of ecosystem carbon pools (Hamel et al,
2015). Within the carbon storage module, total carbon storage is
calculated as the sum of four carbon pools (Table 2). The specific
calculation methods for each pool are as follows: Vegetation carbon
storage is the product of the area of each land use type and its
corresponding vegetation carbon density; Soil carbon storage is
computed by multiplying the organic carbon density of the
0-100 cm soil layer by the area of the respective land use type;
Litter carbon and deadwood carbon are estimated based on
proportional coefficients relative to vegetation biomass (adopting
12% and 8%, respectively) (Tang et al, 2024b). Carbon density
values were sourced from previous research (Sun et al, 2023).
Drawing on relevant studies and references from analogous
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TABLE 2 Carbon density of different land use types (Unit of carbon storage: C/hm?).

Above-ground biomass

Underground biomass

Dead organic matter

Cropland 18.87 12.46 68.76 241
Forest 36.34 7.27 120.76 3.35
Grassland 17.37 20.85 105.85 2.94
Water 0 0 81.1 0
Impervious 24.29 4.86 80.72 2.24
Barren 16.15 3.23 72.92 0

regions, a carbon density table tailored to land use types in this study
was compiled and refined. Future land use patterns were projected
using the Markov Chain method within the PLUS model. Operating
ata 30 m x 30 m grid resolution, the PLUS model employs the Land
Expansion Analysis Strategy (LEAS) to identify expansion rules for
different land use types (e.g., the correlation between forestland
expansion and slope gradient or distance to water sources). It also
utilizes a multi-type random patch seeding mechanism to simulate
the spatial distribution of newly added land, effectively addressing
the limitation of “homogeneous expansion” inherent in traditional
models (Liang et al,, 2021). Model validation indicated that the
Kappa coefficient between the simulated 2020 land use pattern and
data 0.82,
accuracy standards.

actual was meeting the required prediction

To address inter-dependencies among predictor variables, the
Random Forest algorithm was implemented on the MATLAB
2022 platform to evaluate the relative importance of 12 feature
variables for both carbon storage and NPP—with higher importance
values indicating a more pronounced influence on the target
variables. Partial dependence plots derived from the Random
Forest model were used to visualize response functions (Schwalm
et al, 2017; Sun et al, 2016), a widely adopted approach in
environmental modeling for interpreting complex relationships.
Partial dependence analysis focuses on quantifying the marginal
effect of a single covariate (or independent variable) on the response
variable, while holding all other covariates constant at their
respective values. This analytical framework is particularly
valuable for extracting insights from large datasets, especially
when Random Forest models are dominated by low-order
interactions (Lu et al, 2025). Additionally, it serves as a robust
tool for identifying key features, detecting non-linear relationships
between predictors and responses, and gaining a mechanistic
understanding of the overall behavior of the predictive
model—all of which enhance the interpretability of how driving

factors shape carbon storage and NPP dynamics in the study area.

3 Results

3.1 Land use changes in the WJUA from
2000 to 2020

The spatial distribution of land use types across the WJUA from
2000 to 2020 is illustrated in Figure 2. Cropland and forest
dominated the regional landscape, with cropland consistently
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accounting for over 56% of the total area, primarily concentrated
north of the Yangtze River and in the northern portion of
Xuancheng. Forest covers approximately 30% of the study area,
with primary distributions south of the Yangtze River and in western
Anging. In contrast, impervious surfaces, water bodies, grassland,
and barren land occupy relatively small areas, together accounting
for less than 14% of the total area.

Notable temporal shifts in land use were observed between
2000 and 2020, with the most pronounced changes occurring in
cropland and built-up areas. Cropland area decreased by 5.79%
over the 20-year period, with 5.19% of this reduction occurring in
the first decade (2000-2010). Conversely, urban built-up areas
expanded by a factor of 1.72, with the most substantial growth
centered in Hefei, followed by Wuhu, Ma’anshan, and Chuzhou.
Overall, built-up land increased by 71.50% across the entire study
period, with a 31.18% expansion in the first decade, indicating a
marked acceleration in urbanization dynamics during the latter
decade (2010-2020).

Tables 3,4 present the land use transition matrices for the WJUA
during the periods 2000-2010 and 2010-2020, respectively. While
the Sankey diagram in Figure 3 visually illustrates the conversion
relationships among different land use types across the full 20-year
study period.

During the first decade (2000-2010), cropland underwent the
most substantial changes, decreasing by 2,344.83 km?, with a total
outflow of 3,484.14 km?, accounting for 72.53% of the total outflow
area. As shown in Figure 3, the majority of this converted cropland
was redistributed to three land use types: impervious surfaces, forest,
and water. Benefiting from the Grain for Green project, forest area
increased by 1,141.34 km’, primarily converted from cropland.
Grassland experienced a slight decline. Water area increased by
237.82 km?, mainly due to recent farmland-to-wetland initiatives
and the South-to-North Water Diversion projects, with 92.88% of
the increase originating from cropland. Barren land slightly
increased, showing minimal change. Impervious surfaces
expanded by 972.86 km?, 89.25% of which originated from cropland.

During 2010-2020, the largest land outflows occurred from
cropland and forest, whereas cropland and impervious surfaces
experienced the greatest inflows. Forest decreased by 833.36 km?,
with 96.75% converted to cropland. Cropland decreased by
271.41 km? primarily converting to impervious surfaces and
forest (Figure 3). Water decreased by 138.51 km?, mainly flowing
into cropland. Grassland and barren land experienced minor
declines. Impervious surfaces increased by 1,258.02 km?®, 91.52%
of which originated from cropland.
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FIGURE 2

Land-cover of WJUA from 2000 to 2020. (a) 2000 (b) 2010 (c) 2020.

TABLE 3 Land use transfer matrix from 2000 to 2010. (The row data are from 2000, and the columns are for 2010. Unit: km?).

Cropland Forest Grassland Water Barren Impervious Total
inflow
4,1700.67 1828.95 10.55 720.92 0.17 923.56 45184.81 3,484.14
652.60 21704.96 1.50 1.03 0.03 43.96 22404.08 699.12
9.16 433 10.97 034 0.13 1.78 2671 15.74
468.17 7.14 0.26 4,597.65 0.18 62.65 5,136.04 538.39
0.70 0.00 0.44 0.78 1.01 2.81 5.74 473
8.68 0.04 0.01 53.14 0.02 3,058.21 3,120.10 61.89
4,2839.98 23545.43 23.73 5,373.86 1.53 4,092.96 75877.49 —
1,139.31 1840.47 12.76 776.21 0.52 1,034.75 — 4,804.02

TABLE 4 Land use transfer matrix from 2010 to 2020. (The row data are from 2010, and the columns are for 2020. Unit: km?).

Cropland Forest Grassland Water Barren Impervious Total
inflow
40293.06 838.23 332 509.29 0.14 1,195.95 42839.98 2,546.93
1,619.75 21871.28 0.94 1.40 0.00 52.05 23545.43 1,674.15
8.14 1.69 5.14 0.45 020 8.11 23.73 18.59
642.08 0.86 0.01 4,680.43 039 50.08 5,373.86 693.43
0.35 0.00 0.06 035 029 0.48 1.53 1.24
520 0.01 0.00 4343 0.03 4,044.30 4,092.96 48.66
4256857 22712.07 9.48 523535 1.04 5,350.97 75877.49 -
227551 840.79 434 554.92 0.76 1,306.68 - 4,983.00
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FIGURE 3
Sankey Diagram of land use transfer.

Overall, impervious surfaces expanded from 3,120.10 km® in
2000 to 5,350.97 km? in 2020, an increase of 2,230.87 km? (71.50%).
Over the 2000-2020 period, cropland had the largest outflow, primarily
converting to impervious surfaces and forest, followed by forest, of
which 91.82% flowed into cropland. The largest land in-flows were
observed in impervious surfaces, cropland, and forest, in that order.

3.2 Changes in carbon storage and NPP from
2000 to 2020

Figures 4a—e, Figures 5a—e illustrate the spatial distributions of
carbon storage and NPP across five time points from 2000 to 2020,
with lighter colors indicating higher carbon storage or NPP per unit
area. High values of both carbon storage and NPP are primarily
concentrated south of the Yangtze River and in the Dabie Mountain
region of Anging city, where the land surface is predominantly
forested. Low values are mainly observed in water bodies,
approaching zero. Urban areas exhibit slightly higher values than
water, while cropland shows higher values than impervious surfaces
but lower than forests. A notable pattern is observed in the
northwest of the study area, particularly in Hefei—the provincial
capital of Anhui—which has undergone continuous urban
expansion during the study period, accompanied by a progressive
decline in both carbon storage and NPP.

The spatial change distributions of carbon storage and NPP are
shown in Figures 4f, 5f, where red shades indicate increases, blue

Frontiers in Environmental Science

10.3389/fenvs.2026.1747268

shades indicate decreases, and blank areas represent no change.
Figure 4f shows that areas with increased carbon storage over
2000-2020 are mainly located at the edges of forests and
grasslands, accounting for 3.48% of the total WJUA area. Decreases
in carbon storage are primarily observed around urban areas,
particularly in Hefei and cities along the Yangtze River, accounting
for 21.07% of the total area. Cropland decreased substantially, with
most of the outflow converting to impervious surfaces. Given that
cropland has a much higher carbon density than impervious surfaces,
the conversion of high-carbon-density land to low-carbon-density land
led to a reduction in carbon storage across the WJUA. Benefiting from
ecological restoration projects in Anhui Province, forest area increased
slightly. As forests have the highest carbon density among all land use
types, the region south of the Yangtze River experienced the smallest
decline in carbon storage. Overall, carbon storage in the WJUA
exhibited a gradual decreasing trend from 2000 to 2020, with a
total loss of 5.04 x 10* t C, corresponding to a 0.93% reduction.

Figure 5f illustrates the NPP changes over the 20-year period.
Areas with increased NPP are mainly located in cropland north of
the Yangtze River, where 0.82% of the area experienced an NPP
increase exceeding 200 g C/m?, and 27.33% of the area had increases
in the range of 0-100 g C/m”* Decreases in NPP primarily occurred
around urban areas and forested regions, with 29.03% of the area
experiencing reductions greater than 100 g C/m?. Over the 20 years,
NPP in the WJUA decreased by a total of 3.498 x 10° t C.

Based on the values of carbon storage and NPP (Figure 6), both
indicators exhibited generally consistent trends from 2000 to 2020.
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FIGURE 4

The carbon storage results from the INVEST model (Unit: t C/hm?, CS: Abbreviation for Carbon Storage). (a) 2000 (b) 2005 (c) 2010 (d) 2015 (e)

2020 (f) Change of CS from 2000 to 2020.

In the early period, both increased over time, whereas in the later
period, they showed varying degrees of decline. Specifically, from
2000 to 2005, carbon storage increased from 10.79 to 10.86 t C/ha,
and NPP rose from 487.24 to 531.25 g C/m>. After 2005, carbon
storage remained relatively stable from 2005 to 2010 before
declining rapidly to 10.78 t C/ha by 2020. NPP, in contrast,
declined more sharply, reaching 441.14 g C/m* by 2020. The
maximum value of carbon storage occurred in 2010, whereas
NPP peaked in 2005. Overall, the rate of decline in NPP was
greater than that of carbon storage.

3.3 Comparative analysis of the driving
factors of carbon storage and NPP

The effects of 12 drivers (topographic, anthropogenic and
natural) on carbon storage and NPP are illustrated in Figures
7-10, respectively. The response functions of the top six drivers
regulating carbon storage are presented in Figure 7: slope, DEM,
temperature, precipitation, distance to highways, and distance to
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railways. Notably, topographic and natural factors exhibited distinct
thresh-old-dependent effects, anthropogenic factors
exerted more uniform, lower-dynamism influences. Specifically,

whereas

slope (Figure 7a) triggered a rapid increase in carbon storage at
low values, stabilizing beyond a critical threshold—indicating
negligible impact above a certain magnitude. DEM (Figure 7b)
displayed an analogous trend: carbon storage rose with elevation
before plateauing, as other factors assume greater regulatory
higher altitudes.
supported carbon storage within a narrow optimal range but

importance at Temperature (Figure 7c)

induced marked declines when exceeded. In contrast,
precipitation (Figure 7d) sustained stability across a broad range
with no obvious threshold. For anthropogenic factors, neither
distance to highways (Figure 7e) nor railways (Figure 7f) caused
significant carbon storage fluctuations, indicating low variability in
infrastructure impacts. The remaining six drivers are omitted due to
substantially weaker influences.

To quantify driver importance, attribution analysis was
performed via the SHAP method. Results aligned with Figure 7:

slope and DEM emerged as dominant drivers of carbon storage
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FIGURE 5

The NPP results from an improved CASA model (Unit: g C/m?). (a) 2000 (b) 2005 (c) 2010 (d) 2015 (e) 2020 (f) Change of NPP from 2000 to 2020.

changes, with absolute mean SHAP values exceeding 0.30
(Figure 8a), followed by natural factors, while anthropogenic
factors exerted relatively weaker impacts. Meanwhile, SHAP
beeswarm plots (Figure 8b) visualized the magnitude and
patterns of all 12 drivers. Topographic and natural factors
exhibited concentrated SHAP value distributions, serving as core
drivers with non-unidirectional effects. Among anthropogenic
factors, SHAP values for highways, railways, and roads were
scattered—highways, in particular, showed negative outliers,
suggesting potential local inhibitory effects. GDP exhibited a
wide SHAP values, including high positive outliers, indicating
heterogeneous economic development impacts. Population
density and distance to rivers had narrow distributions, reflecting
low variability in their influences.

For NPP, the top six response functions drivers are DEM,
temperature, slope, precipitation, distance to rivers, and GDP
(Figure 9). Topographic and natural factors exerted strong
driving effects, with elevation and temperature showing
distinct threshold, while anthropogenic factors had weak
direct impacts. Specifically, NPP increased rapidly with rising

DEM (Figure 9a) and stabilized at approximately 500 m
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elevation—beyond which elevation’s promotional effect
weakened. NPP remained high at 13 °C-16 ‘C (Figure 9b) but
declined significantly above 16 °C, reflecting an optimal
temperature range with high temperatures inhibition. At low
slope (Figure 9c), NPP fluctuated slightly before stabilizing,
indicating  weak, non-trending
(Figure 9d) influenced NPP
thresholds, while NPP remained stable with variations in

impacts.  Precipitation

evenly without significant
distance to rivers (Figure 9e), suggesting minimal direct river
impacts. GDP’s (Figure 9f) inhibitory effect was confined to low-
GDP ranges, stabilizing above a certain level. The remaining six
drivers are omitted due to weaker NPP impacts.

For feature importance (Figure 10a), consistent with carbon
storage, topographic and natural factors were core NPP drivers:
DEM, temperature, and slope had significantly higher SHAP values
than other factors, followed by precipitation. Anthropogenic
infrastructure factors had the lowest importance and weak direct
impacts. SHAP beeswarm plots (Figure 10b) revealed concentrated,
bipolar SHAP value distributions for DEM, slope, temperature, and
precipitation—reflecting their bidirectional regulatory effects on
NPP. Distance to rivers showed low impact variability. While
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FIGURE 6

10.3389/fenvs.2026.1747268

Temporal trends of NPP and carbon storage in the WJUA from 2000 to 2020.

GDP and population density had moderate SHAP value ranges but
limited overall contributions. Anthropogenic infrastructure factors
displayed low SHAP value dispersion, further confirming
NPP impacts.

3.4 Projected land use and carbon storage
in 2040

All Figure 11a illustrates the projected land use in 2040 based
on the Markov model. Overall, land use dynamics in the WJUA
are not pronounced, with impervious surfaces continuing to
expand, primarily through outward growth from existing urban
areas. The quantitative changes can be observed in the land use
transition matrix for 2020-2040 (Table 5). By 2040, the largest
land inflow is expected for built-up land, totaling 1,679.44 km?,
followed by cropland with an inflow of 1,255.33 km®. Cropland
remains the largest contributor to out-flows, with 58.75%
converting to impervious surfaces, 18.97% to forest, and the
remainder to water.

Overall, impervious surfaces are projected to increase by
1,028.90 km?, water by 436.43 km?, and forest area will increase
slightly. In contrast, cropland is expected to decrease by
1,540.32 km?, while barren land and grassland experience minor
reductions.

In this study, the carbon storage of WJUA in 2040 was
estimated using the PLUS-Markov Chain and InVEST models
(Figure 11b). The average carbon storage stood at 10.76 t C/hm?,
maintaining a consistent downward trend. Regarding the spatial
pattern of changes (Figure 11c¢), the reduction in carbon storage
was predominantly concentrated in the vicinity of water bodies,
which is likely linked to further urban expansion within the study
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area—given that most cities here are situated along rivers or lakes.
In contrast, increases in carbon storage were primarily detected in
the Dabie Mountains in the western part of the study area, as well
as around state-owned forest farms in the northern and
This
associated with the implementation of ecological protection

southeastern regions. trend is presumably closely
initiatives. Compared with the preceding 2 decades, carbon
storage in the study area exhibited a continued decreasing
trend from 2020 to 2040; however, the magnitude of this
reduction was less pronounced than that observed in the

earlier 2 decades.

4 Discussion

4.1 Model validation

Reliable quantification of carbon storage and NPP is
fundamental to understanding regional ecological carbon cycling.
To ensure the credibility of our findings, we conducted rigorous
validation of the core model outputs and cross-referenced our
results with existing literature on Anhui Province. A comparison
of our carbon storage estimates with those reported in prior studies
(Mei et al,, 2024; Wang et al., 2025b) revealed a high degree of
consistency. Specifically, carbon storage hotspots were consistently
concentrated in the western Dabie Mountains and southern Anhui
Mountains, while low-value areas were distributed in the Jianghuai
Hills. Notably, carbon storage in cropland-dominated regions was
significantly lower than that in southern mountainous areas, and all
studies documented a gradual decreasing trend in carbon storage
over 2000-2020 period. Furthermore, NPP estimates from the
improved CASA model were validated against MODIS NPP
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FIGURE 7
Response functions of carbon storage: Single-variable response of carbon storage to the top six driving factors with other variables held constant. (a)
Slope (b) DEM (c) Temperature (d) Precipitation (e) Highway (f) Railroad.

FIGURE 8
Identifying the drivers of patterns of carbon storage. (a) The SHAP importance (averaged absolute SHAP values) for recovery time. (b)The summary
plot of SHAP values in random forest machine learning.
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FIGURE 9
Response functions of NPP: Single-variable response of NPP to the top six driving factors with other variables held constant. (a) DEM (b) Temperature
(c) Slope (d) Precipitation (e) River (f) GDP.

FIGURE 10
Identifying the drivers of patterns of NPP. (a) The SHAP importance (averaged absolute SHAP values) for recovery time. (b) The summary plot of SHAP

values in random forest machine learning.

products (MOD17A3H) retrieved from the National Aeronautics  search/), which have a spatial resolution of 500 m. As illustrated
and Space Administration (NASA) Land Processes Distributed  in Supplementary Figure S1, the validation yielded a high coefficient
Active Archive Center (https://ladsweb.modaps.cosdis.nasa.gov/  of determination (R* = 0.85) and a root mean square error (RMSE)
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FIGURE 11

Distribution map of land use, carbon storage, and carbon storage change in 2040. (a) Landuse of 2040 (b) CS of 2040 (c) Change of CS from

2020 to 2040.

TABLE 5 Land use transfer matrix from 2020 to 2040 (Unit: km?).

Cropland Forest Grassland Water Barren Impervious Total
inflow
39769.68 530.47 0.66 622.12 0.07 1,642.33 42565.32 2,795.65
455.11 22231.13 0.78 11.78 0.03 10.27 22709.10 477.97
2.64 235 3.82 0.03 0.10 0.54 9.48 5.65
203.84 1118 0.01 4,992.84 0.07 2622 5,234.15 24131
0.06 0.04 0.03 0.07 0.77 0.08 1.04 027
593.68 12.86 0.15 43.74 0.10 4700.10 5,350.63 650.53
41025.01 22788.03 5.45 5,670.57 1.14 6,379.53 75869.72 -
1,255.3272 556.90 1.62 677.73 037 1,679.44 - 4,171.39

of 25.93 g C/m’, demonstrating the robust reliability of the CASA-
modeled NPP. Furthermore, key input parameters (e.g., vegetation
indices, meteorological variables) have been cross-validated against
multiple independent datasets (Tang et al., 2024a; Tang et al., 2024b)
to mitigate parameter-induced uncertainties. Collectively, this cross-
validation confirms the reliability of both our carbon storage and
NPP estimates.

4.2 Mechanistic analysis of the dynamic
differences between carbon storage
and NPP

A key finding of this study is that NPP declined at a faster rate
than carbon storage across the WJUA. Over 90% of urban expansion
in the region stemmed from cropland, which has a relatively high
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baseline NPP. Consequently, the conversion of cropland to
impervious surfaces drove substantial NPP losses, consistent with
previous observations (Liu et al, 2019). Furthermore, NPP
represents an annual ecological increment, rendering it highly
sensitive to short-term disturbances such as built-up area
expansion and climate variability. In contrast, carbon storage is a
long-term accumulative stock. The soil carbon pool exhibits a
distinct lag effect, with soil organic carbon decomposition cycles
spanning 50-100 years, leading to slower short-term declines. This
aligns with findings in Shenzhen (Wang et al.,, 2024b). Notably,
regions experiencing NPP reductions largely coincide with areas of
carbon storage decline, however, regions with increasing NPP did
not exhibit corresponding gains in carbon storage. This discrepancy
likely arises from the sequential process through which NPP
contributes to stable soil carbon: litter generated by enhanced
NPP must undergo microbial decomposition and humification
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before being transformed into stable soil organic carbon. In the short
term, even with elevated NPP, changes in the soil carbon pool
remain imperceptible, precluding synchronous increases in total
carbon storage. For instance, during 2000-2005, NPP increased
while carbon storage continued to decline gradually (Figure 6).
Numerous prior investigations have employed the Geographical
Detector method to identify and quantify the driving factors of
carbon storage and NPP (Cai et al., 2024; Zhang et al., 2024; Mei
etal, 2024; Wang et al., 2024a). However, this approach cannot fully
eliminate interdependencies among factors, which may lead to
inflated g-values for topographic variables such as slope (Wang
et al., 2024b). To address this limitation, the Random Forest
algorithm combined with the SHAP method was utilized herein
to assess the independent impacts of each factor on carbon storage
and NPP, thereby avoiding confounding effects stemming from
factor inter-dependencies. This contrasts with findings from
investigations conducted in Wuhan (Wang et al.,, 2022), Dalian
(Wu et al., 2024), and Nanchang (Fu et al., 2025), where roads were
identified as primary drivers of carbon storage—these efforts did not
account for the independent effects of individual drivers or exclude
potential confounding from other variables. In contrast to these
conclusions, carbon storage in the present work was predominantly
regulated by topographic factors (slope, DEM) with distinct
threshold
precipitation)  played  secondary
anthropogenic infrastructure exerted weak, uniform impacts.

effects, while natural factors (temperature,

stabilizing  roles and
Consistent with recent findings, the spatial distribution of carbon
storage is strongly shaped by topographic conditions (Gai et al.,
20245 Ge et al, 2025; Mi et al,, 2024). Under the framework of
nature-based solutions (NbS), topography also provides critical
implications for carbon storage protection: safeguarding the
integrity of topographic conditions and the continuity of
their

sequestration capacity (Li et al, 2023). The same analytical

ecological lands is essential to sustaining carbon
framework was applied to explore NPP drivers, revealing that
NPP was co-governed by topographic (DEM, slope) and climatic
(temperature) factors—with temperature exhibiting a clear optimal
range (13 °C-16 °C). This implies that agricultural and forestry
practices in Anhui Province could be optimized within this
temperature window. For instance, selecting climate-adapted crop
and forest species would help to maximize NPP and associated
carbon sequestration. Such optimization supports national “double
carbon” goals while safeguarding food security, addressing a key
trade-off in sustainable land use. These findings align with those
from Anhui Province, where partial correlation analysis explored
NPP-driver relationships and demonstrated that NPP across all land
cover types was more strongly affected by temperature than
precipitation (Tang et al., 2024a). Parallel observations have been
reported in China’s karst areas, where NPP was linked to natural
factors, with slope being the primary influencing factor at the annual
scale (Zhang et al.,, 2023), and in the Yellow River Basin, where
natural factors exerted significantly stronger impacts on NPP than
anthropogenic drivers (Wang et al, 2024c). Collectively, these
consistencies underscore the credibility of using the Random
the SHAP method

disentangle the independent effects of drivers on carbon storage

Forest algorithm combined with to
and NPP. More importantly, the identified driving mechanisms

forge a robust nexus between local-scale ecological processes and
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macro-level sustainability aspirations. By underscoring the
predominant role of natural factors and their intrinsic threshold
effects, the findings yield actionable guidance for integrating carbon
storage augmentation and NPP optimization into territorial spatial
planning and low-carbon urban development—core pillars of
China’s national ecological civilization initiative, which align with

global Sustainable Development Goals (SDGs 13 and 15).

4.3 Limitations

In the present study, acquiring long-term time series and large-
scale field measurements remains a significant challenge. This
limitation not only constrains the iterative improvement of
carbon storage estimation models but also reduces the precision
of their outputs (Yan et al, 2016). More critically, the outputs of
existing models generally lack validation against systematic field
data, limiting the reliability of the results. Moreover, the core input
parameters of the InVEST model consist of carbon density values for
four carbon pools corresponding to each land use type. However,
carbon density itself exhibits significant spatial heterogeneity. For
instance, differences in carbon density across forest stands of varying
ages within the same vegetation type are not captured (Wang et al.,
2025c¢), further increasing parameter uncertainty. Although this
study employed the coupled InVEST-PLUS model to simulate
the future spatial patterns of carbon storage in the study
area—providing some insights into potential future trends—the
model does not account for potential influences from future
climate change or socioeconomic developments. Consequently,
the simulation results inevitably carry a degree of uncertainty,
and the model’s explanatory power regarding the long-term
dynamics of carbon storage remains limited.

5 Conclusion

To comprehensively characterize the spatiotemporal dynamics
of ecosystem carbon storage and NPP in the WJUA during
2000-2020, we employed the InVEST model and an improved
CASA model
foundation, we employed a Random Forest approach with the

for comparative analysis. Building on this
SHAP method to systematically quantify the independent effects
of anthropogenic, natural, and topographic factors on the dynamics
of these two indicators. Furthermore, we applied the coupled
InVEST-PLUS model simulate and project ecosystem carbon
storage in the WJUA under a natural development scenario for
2040. The main findings are as follows.
1. Declining Carbon  Sequestration Capacity: ~ Multiple
disturbances, including urbanization and human activities,
have reduced the carbon sequestration capacity of the
WJUA. Between 2000 and 2020, both carbon storage and
NPP exhibited gradual declines, with total reductions of
0.93% and 9.46%, respectively.
. Relationship with Land use Change: Carbon storage in the
WJUA is closely linked to land use dynamics. Cropland
accounts for 56% and forest for 30% of the study area, with

changes in cropland predominantly driving variations in both
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carbon storage and NPP. Forests, possessing substantially

higher carbon density and NPP per unit area than other

land use types, serve as the main carbon sinks in the region.

The continuous conversion of cropland to built-up land has led

to the transformation of high-carbon-density land into low-

carbon-density land, representing the primary reason for the
observed declines in carbon storage and NPP. Carbon storage
was predominantly regulated by topographic factors (slope,

DEM) with threshold effects, supported secondarily by natural

factors, while anthropogenic infrastructure had the weakest

impacts. NPP was co-governed by topographic and climatic

(temperature, 13 °C-16 “C optimal range) drivers, with GDP as

a anthropogenic regulator. These differences underscore the

need for targeted management to enhance carbon
sequestration and vegetation productivity.

3. Future Projections under Natural Development: Simulation
results indicate that, under a natural development scenario,
carbon storage in the WJUA is projected to continue declining
through 2040. These projections underscore the need for
targeted strategies,

strengthened protection of cropland, cultivation of forest

ecological management including
resources, and optimization of urban ecological spatial
patterns, to mitigate potential ecological risks associated
with declining carbon storage and to support the stability
and sustainability of regional ecosystems.
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