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Abstract. Ecosystem services are the various benefits provided by ecosystems to humans, establishing a crucial
link between the natural environment and human well-being. High-resolution ecosystem service datasets can
provide more detailed and accurate information, enabling the identification of site-specific differences at local
scales. In this study, we produced a high spatial resolution dataset of ecosystem services in China for the years
2000, 2010, and 2020, simulated using ecological process models. Model parameters were calibrated based
on literature summaries, ground monitoring data, and reconstructed remote sensing data. The dataset, with a
spatial resolution of 30 m, includes net primary productivity, soil conservation, sandstorm prevention, and water
yield. The validation results show high consistency between this ecosystem services dataset and both in situ
observations and existing datasets. Among the three decades (2000, 2010, and 2020), the overall trends for
net primary productivity, soil conservation, and sandstorm prevention in China showed a weak increase, while
water yield decreased during this period. This high-precision dataset provides a valuable scientific foundation
for accurately assessing the provision of ecosystem services and supports evidence-based government decision-
making. The dataset is made available at https://doi.org/10.57760/sciencedb.20797 under a CC-BY 4.0 license

(Liu et al., 2025).

1 Introduction

Ecosystem services are the benefits humans gain directly or
indirectly from ecosystems (Costanza et al., 1997) and serve
as the foundation for human survival and development. Their
supply holds great significance for ensuring human well-
being. According to the Millennium Ecosystem Assessment
(MEA), ecosystem services can be categorized into provi-
sioning services, regulating services, supporting services,
and cultural services (Millennium Ecosystem Assessment,
2005). At present, the resolution of most ecosystem service
datasets is 250 m or 1 km (Ouyang et al., 2016; Feng et al.,
2012; IPBES, 2019a). Although these datasets can provide
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valuable insights into large-scale ecosystem trends, studies
on the localized impact of human activities, such as defor-
estation, urban expansion, agricultural intensification, and
mining, require more detailed spatial and temporal informa-
tion (Zhang et al., 2023; Hansen et al., 2013; Wu et al., 2024).
This limitation also affects the ability to evaluate the effec-
tiveness of measures such as protected area construction and
ecological engineering implementation (Liu et al., 2023; Liu
et al., 2024). Thus, high-resolution and long-term ecosystem
service datasets are highly needed to support more effective
ecosystem management and protection policies.

Accurate ecosystem service assessment relies heavily on
high-quality data. However, detailed studies on ecosystem
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impacts caused by human activities remain constrained due
to the insufficient availability of high-resolution and long-
term datasets. Land cover is the foundation of ecosystem ser-
vice assessment, and the land cover changes directly impact
the accuracy of these assessments (Costanza et al., 2017).
Currently, due to data consistency issues, the land cover
data used in ecosystem service assessment varies signifi-
cantly. Examples include the European Space Agency Cli-
mate Change Initiative Land Cover Dataset (Peng et al.,
2023), the Moderate Resolution Imaging Spectroradiometer
(MODIS) Land Cover Dataset (Zhao and Running, 2010),
and the Landsat Dataset (Mugiraneza et al., 2019). How-
ever, these datasets still have limitations in terms of resolu-
tion and consistency. The GlobelLand 30 dataset is among
the highest-resolution and most accurate global land cover
datasets available (Chen et al., 2015). It represents a signifi-
cant resource for global land cover research and applications.
This dataset covers the world, ensuring data consistency and
high accuracy, making it suitable for detailed ecosystem ser-
vice assessments (Chen et al., 2015). Furthermore, most ex-
isting ecosystem service datasets lack sufficient temporal res-
olution to support long-term assessments. Addressing these
challenges by developing ecosystem service datasets with
both high spatial resolution and long temporal resolution
based on the GlobeLand30 dataset would significantly en-
hance the precision and applicability of ecosystem service
assessments. This will improve our understanding and man-
agement of human impacts on ecosystems, providing a robust
scientific foundation for policy-making and environmental
protection (Li et al., 2023a; Chen et al., 2017a).

The global ecosystem service dataset primarily comes
from the Intergovernmental Science-Policy Platform on Bio-
diversity and Ecosystem Services (IPBES) global ecosystem
service assessment (IPBES, 2019a). The IPBES assessments
provide a comprehensive scientific basis for understanding
the current state and changes in global ecosystem services
(IPBES, 2019b). Although these data offer extensive cover-
age, their infrequent update poses significant challenges in
meeting the demands of long-term research (Diaz-Reviriego
etal., 2019). In China, the main sources of ecosystem service
data are the studies conducted by Ouyang et al. (2016). Their
research provides a solid foundation for the quantitative eval-
uation of ecosystem services (Ouyang et al., 2016). How-
ever, most of their data focuses on the period around 2010
and lacks recent updates, limiting the comprehensive under-
standing of dynamic changes in ecosystem services. Simi-
larly, contributions from Fang et al. (2018) are significant, but
their datasets also suffer from discontinuity and infrequent
updates (Fang et al., 2018). This inconsistency and lack of
long-term updates severely limit the study of ecosystem ser-
vices changes over time. Due to the lack of continuous data,
it is currently challenging to accurately assess the combined
impacts of land cover and climate change on ecosystem ser-
vices over recent decades (Xu et al., 2017). Long-term data
are crucial for understanding the dynamic changes in ecosys-
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tem services, identifying driving factors, and formulating ef-
fective environmental protection policies (Wang et al., 2024,
2022). To address this issue, there is a need to develop high-
resolution, long-term sequence ecosystem service datasets.
This development will enhance the precision and applicabil-
ity of ecosystem service assessments, helping scientists bet-
ter understand and manage the impacts of human activities
on ecosystems.

Verification of ecosystem service data is crucial for ensur-
ing data quality, supporting scientific research, and informing
policy-making (Jiang et al., 2021). The primary methods for
validating ecosystem service data include cross-validation,
error analysis, controlled experiments, and field observa-
tions. Cross-validation involves comparing results with dif-
ferent remote sensing data sources to ensure consistency
(e.g., comparing the results with remote sensing data sets
from different sources) (Feng et al., 2016). Error analysis as-
sesses random errors and systematic errors (e.g., sensor cal-
ibration corrections) (Richardson et al., 2006; Zhang et al.,
2023). Controlled experiments, both in the field and labo-
ratory (e.g., measuring soil moisture under various manage-
ment practices), ensure data accuracy and consistency (Bock-
heim and Gennadiyev, 2009). Additionally, comparing model
predictions with measured data (e.g., carbon stock predic-
tions from carbon cycle models versus field measurements)
(Le Nog et al., 2023) and sensitivity analyses (e.g., assess-
ing the impact of parameter changes on carbon stock predic-
tions) further verify data accuracy and stability (Hooper et
al., 2017). Several limitations, including insufficient field ob-
servations, heterogeneous data sources, and a lack of robust
cross-validation methods, constrain current methods for data
validation. These shortcomings undermine the reliability and
applicability of ecosystem service assessments, particularly
in the context of complex and dynamic ecosystems. Conse-
quently, the development of more accurate and comprehen-
sive validation methods is crucial for improving the precision
of the ecosystem service dataset.

This study integrated various datasets, such as remote
sensing, in situ observations, and primary literature, to obtain
key parameters for ecosystem services. We used a series of
models with clear mechanisms and data support from previ-
ous research. By incorporating and utilizing the GlobelLand
30 dataset, this study achieves higher-resolution assessments
of ecosystem services in China, covering four key MEA-
classified services: net primary productivity (NPP), classified
as a supporting service, provides the foundation for biomass
production and carbon cycling; soil conservation and sand-
storm prevention, both regulating services, play a crucial
role in mitigating land degradation, controlling erosion, and
maintaining environmental stability; water yield, also a regu-
lating service, is essential for sustaining hydrological cycles
and ensuring water resource availability. This high-resolution
dataset is valuable for assessing carbon sink capacity, miti-
gating global ecological risks such as land degradation and
water scarcity, and providing scientific support for the im-
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plementation of ecological compensation mechanisms, land-
use planning optimization, and the sustainable development
of regional ecological economies (Ouyang et al., 2016). The
aims of this work are (1) to construct the assessment models
and datasets, (2) to map the ecosystem services in China, (3)
to verify the ecosystem services data, and (4) to explore the
ecosystem service dynamics.

2 Study area

The temporal and spatial patterns of China’s ecosystem
services are analyzed across 34 provincial administrative
regions, including 23 provinces (Hebei, Shanxi, Liaon-
ing, Jilin, Heilongjiang, Jiangsu, Zhejiang, Anhui, Fu-
jian, Jiangxi, Shandong, Henan, Hubei, Hunan, Guangdong,
Hainan, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qing-
hai, Taiwan), five autonomous regions (Inner Mongolia,
Guangxi, Tibet, Ningxia, Xinjiang), four municipalities di-
rectly under the central government (Beijing, Tianjin, Shang-
hai, Chongqing), and two special administrative regions
(Hong Kong, Macau), as shown in Fig. 1.

3 Data and Methods

3.1 Ecosystem services assessment parameters and
localization processing

This study uses the Carnegie-Ames-Stanford Approach
(CASA) model, the Revised Universal Soil Loss Equa-
tion (RUSLE) model, the Revised Wind Erosion Equation
(RWEQ) model, and the Integrated Valuation of Ecosystem
Services and Tradeoffs (InVEST) model to assess the net pri-
mary productivity, soil conservation, sandstorm prevention,
and water yield of China.

The models and input data were based on the following
principles: (1) Widely used of the models: The selected mod-
els (e.g., CASA, RUSLE) are well-established within the
field of ecosystem service assessment. Their principles are
mature and have been extensively validated in applications
at global and regional scales, which facilitates the compari-
son of our results with existing studies. (2) Data availability
and model compatibility: The selected models are compat-
ible with the multi-source remote sensing, meteorological,
soil, and topographic data collected for this study, ensuring
the feasibility of the assessment. (3) Suitability for spatially
explicit assessment: All models are capable of spatially ex-
plicit calculation, which allows them to fully utilize the 30 m
high-resolution spatial data to generate detailed distribution
maps, meeting the accuracy requirements for refined man-
agement and policy formulation. The application of these
models at this fine resolution is well-supported by previous
studies. The CASA model has been successfully applied to
estimate China’s land net primary productivity (NPP) data
with high accuracy (Sun et al., 2021; Zhang et al., 2023).
Similarly, both the RUSLE and RWEQ models have been
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successfully applied at high resolution for soil erosion and
sandstorm prevention mapping, respectively, demonstrating
their suitability for high-resolution assessment (Zong et al.,
2025; Yan et al., 2025). The InVEST has proved to be suit-
able for large-scale water yield assessment in China (Yin et
al., 2020). This capability meets the accuracy requirements
for refined management and policy formulation.

The methods and datasets for assessing the four ecosystem
services are shown in the Supplement and Table 1. In this
study, the datasets were projected to the Albers projection
and resampled to a 30 m resolution to standardize the data
(Liu et al., 2023).

3.1.1 Net primary productivity

Based on the nationally adapted CASA model (Zhu, 2005),
this study calculated monthly net primary productivity (NPP)
and summed these monthly values to obtain the annual NPP.
Based on high-precision remote sensing data, this study lo-
calized the maximum and minimum values of NDVI and SR,
as well as the maximum light use efficiency (emax) specific
to various landcover types.

— Normalized Difference Vegetation Index (NDVI). NDVI
is an important parameter for estimating the absorbed
photosynthetically active radiation (APAR) by vegeta-
tion (Jiao et al., 2021), and the accuracy of NPP mostly
depends on the values of NDVI; iy and NDVI; pax.

Following Zhu’s method, GlobeLand 30 data were used
as a mask to extract the NDVI of each land cover us-
ing ArcGIS10.3 software. According to the pixel NDVI
distribution probability, the corresponding DN (Digital
Number) values of NDVI 95% and 5% were selected as
the NDVI; max and NDVI; min, respectively (Table S1).

— Simple Ratio Vegetation Index (SR). SR is a common
vegetation index used to assess the amount of vegeta-
tion, and the details are shown in Eq. S6. We extracted
the SR values for each landcover type based on Glo-
beLand30 data. According to the pixel SR distribution
probability, the corresponding DN values of SR 95 %
and 5 % were selected as the SR; max and SR; nin, re-
spectively.

— Maximum light use efficiency (émax). The emax in this
study was determined in three steps. First, this study cal-
culated the APAR, temperature, and moisture stress for
all pixels. Next, the measured NPP data were sourced
from the National Ecosystem Research Network of
China during the same period. Finally, the epax values
for each land cover were simulated based on the princi-
ple of minimizing error. For a certain land cover from
the GlobeLand30 dataset, the error between the mea-
sured and the simulated NPP can be expressed by the
following formula:

J
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Figure 1. The study area.

where i and j are the number of samples and the maxi- 1.
mum number of samples of a certain landcover, respec-
tively. m and n are the measured NPP and the product of
APAR, temperature, and moisture stress, respectively. x
is the simulated eq,x of a certain landcover. [ and u are
the maximum and minimum &p,ax of land cover. Equa-
tion (1) represents an upward-opening parabola, which
guarantees the existence of a minimum value within the
interval [/, u]. The corresponding x value at this min-
imum point represents the simulated ep.x value for a
certain land cover (Table S1 in the Supplement).

3.1.2 Soil conservation

The Revised Universal Soil Loss Equation (RUSLE) model
is widely used for large-scale soil conservation assessment
at regional and global scales (Benavidez et al., 2018) due to
its simple structure and empirical basis. It mainly estimated
the annual average soil conservation based on five factors,
namely, rainfall erosivity factor (R factor), vegetation cover
and management factor (C factor), soil erodibility factor (K
factor), slope length factor (LS factor), and soil and water
conservation measure factor (P factor).
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R factor. The R factor is mainly affected by the intensity
of continuous rain. In this study, the R factor was calcu-
lated according to the empirical equation (Eq. S14) of
Wischmeier and Smith (1978). The monthly precipita-
tion data obtained from the National Earth System Sci-
ence Data Center were resampled to 30 m spatial reso-
lution using ArcGIS10.3 software.

C factor. The C factor represents how varying vegeta-
tion cover and management practices influence soil con-
servation (S19). Vegetation coverage (Cov) was calcu-
lated using NDVI, and the calculation is expressed by
the following formula:
NDVI — NDVI;
Cov = ( min) x 100 % )
(NDVIjax — NDVIin)

where NDVI,.x and NDVI,,i, are the DN values of
NDVI 95 % and 5 %, respectively.

. K factor. The K factor represents soil sensitivity to ero-

sion from raindrop splash or surface runoff, influenced
by rainfall, runoff, and infiltration. This study used the
method developed by Williams et al. (1984) to estimate
the K factor in the EPIC (erosion-productivity impact
calculator) model (Eq. S15). The soil properties data
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used in this model (SoilGrids250m v2.0) were from
the International Soil Reference and Information Cen-
tre (ISRIC), and resampled to a 30 m spatial resolution.

4. LS factor. The LS factor reflects the relationship be-
tween slope and terrain conditions and is essentially the
distance over which raindrops or sediment flow until
their energy is dissipated. The slope length factor (L
factor) was calculated using the algorithm proposed by
Delgado et al. (2024) (Eq. S16). The slope factor (S fac-
tor) was determined using different formulas depending
on the slope range: for slopes below 10°, it was cal-
culated using the formula proposed by McCool et al.
(1987), and for slopes above 10°, the formula see the
Eq. (S18).

5. P factor. The P factor is the ratio of soil loss after
adopting specific measures to the soil loss when plant-
ing along the slope, reflecting the differences in soil loss
due to various vegetation management measures. Since
field experiments were not conducted and remote sens-
ing methods are challenging to apply nationwide, this
study assigns P factor values based on landcover classi-
fications, as derived from relevant literature (Table S2).

3.1.3 Sandstorm prevention

The Revised Wind Erosion Equation (RWEQ) model in-
cludes five factors, namely the soil erodibility factor (SEF),
the soil crust factor (SCF), the vegetation factor (C), the soil
roughness factor (K'), and the weather factor (WF).

1. Soil erodibility factor (SEF). The SEF factor reflects
the soil’s vulnerability to wind erosion under specific
physical and chemical conditions. In this study, the SEF
factor was calculated based on the relationship between
soil physical and chemical properties and soil erodibil-
ity, as established by Fryrear et al. (1994). The formula
can be found in Eq. (S29). The soil properties data used
in this model come from ISRIC and were resampled to
a 30 m spatial resolution.

2. Soil crust factor (SCF). The presence of soil crusts ef-
fectively reduces the content of erodible particles and
diminishes the abrasive effect of airflow on soil particles
(Zobeck et al., 2000). Hagen (1991) developed the equa-
tion for the SCF based on wind tunnel tests of soils with
different physical and chemical properties (Eq. S30).
This study applies this equation to calculate the SCF.
The source and processing method of soil properties
data is the same as that of SEF.

3. Vegetation factor (C). C factor is essential for soil pro-
tection against wind erosion by covering the surface, in-
creasing surface roughness, and aiding in the deposition
of moving particles. The vegetation factor includes two
parameters: vegetation cover (Cov) and the coefficient
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of different vegetation types. The calculation of Cov is
provided in Eq. (2), while the coefficient is set based on
related literature.

4. Soil roughness factor (K’). K' factor indicates how
terrain-induced surface roughness influences wind ero-
sion and is primarily derived from DEM data processed
in ArcGIS10.3 software (Eq. S31).

5. Weather factor (WF). The WF factor represents the
combined effect of various meteorological factors on
wind erosion, with wind being the primary driving
force. The WF factor is determined by three indicators:
wind factor (Wf), soil moisture factor (SW), and snow
cover factor (SD).

The Wf data were sourced from ECMWF Reanaly-
sis v5 (ERAS), and relevant processing was completed
on the GEE platform. SW was calculated from poten-
tial evapotranspiration and precipitation data. SD data
were derived by aggregating 500 m observations from
the MODIS/Terra Snow Cover Daily L3 Global 500 m
Grid’ dataset. All the datasets were resampled to a 30 m
resolution using ArcGIS10.3 software.

3.1.4 Water yield

The water yield data of China (2000-2020) were obtained
by merging the data from individual watersheds, and these
watershed data were from the Ministry of Water Resources
(China) (http://www.mwr.gov.cn/, last access: 1 January
2025).

1. Precipitation. The annual average precipitation data
comes from the National Earth System Science Data
Center (https://www.geodata.cn/, last access: 1 January
2025) with 1000 m pixel resolution. These data were re-
sampled to 30 m and clipped into small watersheds ac-
cording to the watershed vector.

2. Potential evapotranspiration. The MOD16A2 dataset
provides 8d composite data on evapotranspiration/la-
tent heat flux at 500 m pixel resolution. This study cal-
culated the annual average potential evapotranspiration
data, resampled them to 30 m, and clipped them to ob-
tain the potential evapotranspiration of the separate wa-
tersheds.

3. Plant available water content (PAWC). PAWC repre-
sents the fraction of total soil water content that is ac-
cessible for plant growth. It is typically calculated using
the following formula:

PAWC = FC — PWP 3)

where FC and PWP are the field capacity and permanent
wilting point, respectively. The PAWC can be estimated
based on soil properties, as detailed in Eq. (S40). The
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soil properties data come from the SoilGrids dataset,
which has a resolution of 250 m. In this study, it has
been resampled to 30 m and clipped according to the
watershed.

4. Rooting depth. Rooting depth refers to the actual depth
that the roots of various plants can reach across differ-
ent land cover. In this study, we have obtained the root-
ing depth parameters in each land cover by combining
findings from the literature and existing materials. The
detailed information is in the Table S4.

5. Available water content (AWC). AWC of the soil (mm)
depends on soil properties and effective depth, deter-
mining its water storage and supply for plant growth.
It is influenced by PAWC, as well as the maximum soil
root depth and the plant’s minimum root depth.

6. Z value. The seasonal parameter Z is an empirical con-
stant that reflects the regional distribution of precipita-
tion and hydrogeological factors. Donohue et al. (2012),
through their study of Australia’s climatic conditions,
found that the seasonal parameter Z can be expressed
as Eq. (4). Although this formula originated from Aus-
tralia, its foundation lies in the globally universal eco-
logical hydrological principle of the water-energy trade-
off. Moreover, the extensive climatic gradients spanned
by Australia — from humid to arid regions — closely mir-
ror the diverse conditions found across China, thereby
providing a robust empirical basis for its application in
our study.

Z=02xN 4

where N represents the number of rainfall events per
year. Based on the daily precipitation data from the Na-
tional Meteorological Administration for 2000, 2010,
and 2020, the average annual precipitation was assigned
avalue N, and the seasonal parameters of the study area
were calculated accordingly.

7. Evapotranspiration coefficient (K.). K. is the evapo-
transpiration coefficient for each landcover type, and it
estimates plant evapotranspiration for landcover.

12
Zm:l Kem x ETom
Zrlnz=lET0m

where K.n, is the average plant evapotranspiration co-
efficient in month m (January to December), and ETy,,
is the potential evapotranspiration in month m. In this
study, we utilized the methodology based on the vegeta-
tion evapotranspiration coefficients for different growth
stages published by FAO-56 (Allen, 2000). Through a
comprehensive literature review and analysis of statisti-
cal yearbook data, this study identified the most widely
distributed vegetation types across various land cover

K. = &)
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types in China. Subsequently, the average evapotranspi-
ration coefficients for these vegetation types over their
whole life cycles were calculated. The mean of the co-
efficients of the different vegetation types within that
category then represented the evapotranspiration coeffi-
cient for each land cover.

The main input parameters of the four models are shown
in Table 1, and all remote sensing data were resampled to a
resolution of 30 m.

3.2 Data processing
3.2.1 Landsat data

Landsat data provide a more extended time series with a 30 m
pixel resolution, with NDVI derived from Landsat 5 TM for
2000 and 2010, and Landsat 8 OLI for 2020. This study
also adjusted the radiometric discrepancies between Landsat
5 and Landsat 8 sensors (Zhang et al., 2023) because of their
different spectral response functions (Markham and Helder,
2012).

NDVI was calculated in Google Earth Engine (GEE) us-
ing Landsat 5 and 8 Level 2, Collection 2, Tier 1 data, specif-
ically utilizing the red, near-infrared, and quality evaluation
(QA) bands. The time-series datasets were processed through
three stages: (1) cloud masking, (2) reflectance calibration,
(3) mosaic, reproject, and clip. Cloud, snow, and shadow pix-
els were identified as low-quality pixels, and the image was
masked using its QA layer. A scaling factor (Eq. 6) was used
to adjust the surface reflectance and surface temperature out-
puts before utilizing the data (Markham and Helder, 2012).
To correct the surface reflectance data for Landsat 5 and 8§,
this study used the robust and verifiable correction approach
(Eq. 7) (Anderson et al., 2020). The Landsat 5 and 8 datasets
were merged, and NDVI was calculated for each collected
image (Eq. 8). Finally, monthly and quarterly NDVI datasets
were generated.

OpticalBands = 0.0000275 x SR_B — 0.2 (6)

TM = 0.0029 + 0.95890LI @)
B —B

NDVI = 2NIR RED ®)
BNIR + BreD

where OpticalBands, SR_B, TM, and OLI refer to the cor-
rected bands, the visible spectrum bands, Landsat 5 data, and
Landsat 8 data, respectively. Bnir and Brgp represent the
near-infrared band and red band of images, respectively.

Vegetation coverage was calculated using Eq. (2), and
NDVI and vegetation coverage mapping were then merged
to cover China. The sinusoidal projection was transformed
into the Albers projection, which is more suitable for large
east-west-oriented areas at mid-latitudes.
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Table 1. Assessment model and input data used in this study.

Ecosystem Model Parameter Dataset Resolution Source
service
NPP CASA NDVI Landsat 5 (2000 and 2010) and ~ 30m https://earthexplorer.usgs.gov/
Landsat 8 (2020) Level 2,
Collection 2, Tier 1 data
Temperature A monthly average temperature 1 km http://www.geodata.cn/data/
dataset with a resolution of
1 km in China from 1901 to
2024
Precipitation A monthly precipitation dataset 1 km http://www.geodata.cn/data/
with a resolution of 1 km in
China from 1901 to 2024
Land cover GlobeLand 30 30m http://globeland30.org/
Evapotranspiration MOD16A2 500 m https://modis.gsfc.nasa.gov/
Potential MOD16A2 500 m https://modis.gsfc.nasa.gov/
evapotranspiration
Soil RUSLE NDVI Landsat 5 (2000 and 2010) and 30 m https://earthexplorer.usgs.gov/
conservation Landsat 8 (2020) Level 2,
Collection 2, Tier 1 data
Monthly precipitation A monthly precipitation dataset  1km http://www.geodata.cn/data/
with a resolution of 1 km in
China from 1901 to 2024
Soil properties SoilGrids V2.0 250 m https://soilgrids.org/
DEM ASTER Global Digital 30m https:
Elevation Model V003 /Iwww.earthdata.nasa.gov/
Sandstorm RWEQ Wind speed ERAS Hourly Data on Single 0.01° https://cds.climate.copernicus.
prevention Levels eu/datasets/
reanalysis-era5-single-levels?
tab=overview
Soil properties SoilGrids V2.0 250 m https://soilgrids.org/
Snow depth Long-term series of daily snow  25km https://data.tpdc.ac.cn/
depth dataset in China
(1979-2024)
Potential MOD16A2 500 m https://modis.gsfc.nasa.gov/
evapotranspiration
Precipitation A monthly average temperature  1km http://www.geodata.cn/data/
dataset with a resolution of
1 km in China from 1901 to
2024
Temperature A monthly precipitation dataset 1 km http://www.geodata.cn/data/
with a resolution of 1 km in
China from 1901 to 2024
DEM ASTER Global Digital 30m https:
Elevation Model V003 /Iwww.earthdata.nasa.gov/
Water yield Invest Precipitation A monthly average temperature 1 km http://www.geodata.cn/data/
dataset with a resolution of
1 km in China from 1901 to
2024
Potential MODI16A2 500 m https://modis.gsfc.nasa.gov/
evapotranspiration
Soil properties SoilGrids V2.0 250 m https://soilgrids.org/
Landcover GlobeLand 30 30m http://globeland30.org/
‘Watersheds - - http://www.mwr.gov.cn/

All links in this table were last accessed on 1 January 2025.
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3.2.2 MODIS data

Evapotranspiration, potential evapotranspiration, and snow
cover datasets used in this study were MODIS Level-2 prod-
ucts that adopt temporal registration, providing data with the
same spatial resolution and covering the same geographic
area.

This study identified and reconstructed the low-quality
pixels of the MODIS images. Data reconstruction involves
two main steps: filtering and restoration. Low-quality and
missing pixels were identified as invalid and required recon-
struction (Wan, 2014). This study used quality control labels
from daily and monthly files as mask layers to detect low-
quality pixels, ensuring the reliability of the remote sens-
ing data. Monthly evapotranspiration data grid cells marked
with “MODLAND_QC bits =07, and “Cloud state =0" in
the ET_QC Bitmask layer are classified as high-quality data,
with other pixels considered low-quality pixels and set to
missing values. This study initially identified invalid pixels
in 8d evapotranspiration images for each day of the month
at the same locations and then reconstructed these invalid
daily pixels. The process of reconstructing invalid pixels
involves three steps: (1) filling the invalid pixels with co-
located in situ observations when available; (2) using geo-
graphically weighted regression (GWR) to interpolate invalid
pixels when in situ data is absent, based on similar pixels
from multiple sources; and (3) filling the remaining invalid
pixels with data from the same month in adjacent years.

Then, these products were composited for eight days, so
this study obtained monthly products by calculating the mean
of the data for that month. Finally, the MODIS Reprojection
Tool (MRT) was used to mosaic, reproject, and resample the
MODIS data to 30 m to be consistent with the NDVI data.

3.2.3 Supplementary data

As one of the high-precision global land cover datasets, Glo-
beLand30 achieves an overall accuracy of over 80.33 %,
providing detailed ground cover information (Chen et al.,
2017b). The national-scale independent verification con-
ducted in China (GlobeLand30 2010) indicated that its over-
all accuracy was 82.39 % (Yang et al., 2017). Due to errors
in the remote sensing sensors, slight offsets were observed
in the 2020 data. This study used the ArcGIS10.3 software
to correct the offset, mosaic, and reproject the GlobeLand30
data.

Temperature, precipitation, soil properties, and digital el-
evation model data were mosaicked, reprojected, and resam-
pled to 30 m. Solar radiation and wind speed were obtained,
reprojected, and resampled in GEE. In situ observation data
were retrieved from the China Meteorological Administra-
tion (https://www.cma.gov.cn/, last access: 1 January 2025).
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4 Results

4.1 Validation

We have developed an indirect cross-validation framework
that integrates multiple dataset sources and land cover strat-
ification. The framework systematically leverages diverse,
authoritative proxy datasets to triangulate the reliability of
the simulations from multiple perspectives, thereby mini-
mizing dependence on any single observational source. Be-
yond multi-source datasets, we stratify all evaluations by
land cover class (e.g., cropland, forest, grassland, shrubland,
and barren), enabling class-specific accuracy diagnostics and
revealing class-dependent biases that might be masked in ag-
gregate assessments.

This study utilized simulated Net Primary Productivity
(NPP) data and existing remote sensing datasets for cross-
validation, addressing the scarcity of large-scale biomass
monitoring data. Spawn and Gibbs (2020) provided a global
300m resolution map of aboveground and belowground
biomass carbon density for 2010. This dataset was rigor-
ously validated and quality assessed by its original produc-
ers. This study randomly generated 2000 points on the map
of China and extracted the values of the simulated NPP and
Spawn’s datasets in 2010. This study then performed a cor-
relation analysis, with the results shown in Fig. 2a. In addi-
tion, the NPP estimated in this study is multi-year monthly
data, this study separately cross-validates the NPP for mul-
tiple years with remote sensing datasets (MODIS/Terra Net
Primary Production Gap-Filled Yearly L4 (MOD17A3HGF)
(Fig. 2b), Global Primary Production Data Initiative (GPPDI)
(Fig. 2¢), and Resource and Environment Science and Data
Center (RESDC) (Fig. 2d). The results show that the NPP
simulated by the CASA model have good consistency with
the available biomass carbon density and NPP datasets.

Despite the overall agreement shown in Fig. 2, differences
with other datasets are expected because the compared prod-
ucts diverge in concepts, algorithms, inputs, and scales. Our
dataset estimates net primary productivity (NPP), whereas
the biomass map of Spawn and Gibbs. (2020) represents car-
bon stocks for 2010; stock flux comparisons are sensitive to
assumptions about disturbance, harvest, and turnover. CASA
model and MOD17A3HGEF use different light-use-efficiency
parameterization algorithms and environmental data (tem-
perature and precipitation). GPPDI and RESDC further rely
on distinct input data and modeling frameworks, which can
lead to systematic offsets. Input data also vary (meteoro-
logical data, land cover maps, soil/terrain), and the spatial
resolution is mismatched (30 m in this study and 1000 m
for several products), so resampling and mixed pixels cause
scale effects. NPP shows a clear land cover class-dependence
(Fig. S2). In croplands, strong management signals — such
as irrigation, multiple cropping, fertilization, and harvest —
are imperfectly captured by generic drivers, resulting in a
larger scatter and mismatch. In forests, NDVI saturation and
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Figure 2. Validation of the NPP in this study, (a) the aboveground biomass and NPP of China in 2010, (b) the NPP estimated in this study
and MODIS/Terra Net Primary Production Gap-Filled Yearly L4 (MOD17A3HGF), (c) the NPP estimated in this study and Global Primary
Production Data Initiative (GPPDI) NPP data, (d) the NPP estimated in this study and Resource and Environment Science and Data Center

(RESDC) NPP data.

topographic illumination in complex terrain dampen high
values and flatten slopes, while differences in disturbance
and turnover assumptions add bias. Grasslands are governed
by water limitation, so errors in precipitation forcings and
residual cloud/snow contamination mainly affect the low-
value range. Shrublands show the best agreement, likely
because disturbance is weaker and the simulated NPP and
NPP products’ response is closer to linear. In barren lands,
sparse vegetation also avoids NDVI saturation, preserving
a near-linear radiometric—productivity relationship that re-
duces slope dampening seen in dense forests. Moreover, the
extensive homogeneous patches in these areas ensure higher
land cover purity at 30 m resolution, weakening mixed-pixel
and misclassification effects. This advantage is further en-
hanced by the typically low cloudiness in arid regions, which
minimizes residual cloud and shadow errors. Together, these
conditions foster stronger consistency across datasets.
Obtaining observed soil conservation data is generally
challenging. Since the soil conservation service is derived
from soil erosion rates estimated by the RUSLE model, its
reliability can be indirectly assessed by validating simulated
soil erosion rates (Xiao et al., 2017). Therefore, this study
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used watershed soil erosion data to evaluate the model’s
accuracy (Liu et al., 2023). The watersheds include the
Yangtze, Yellow, Huai, and Hai River Basins. This study ob-
tained the soil erosion rates of these watersheds from 2000
to 2020 from the China Soil and Water Conservation Bul-
letin (http://www.mwr.gov.cn/sj/tjgb/zgstbcgb/, last access: 1
January 2025), and simulated erosion rates were extracted
using basin vectors provided by the Water Resources De-
partment. Based on these two datasets, this study performed
a correlation analysis, with the results shown in Fig. 3a. In
this study, we additionally cross-validated the simulated soil
conservation with two published datasets — the Science Data
Bank (SDB) soil conservation product for 2010 (Fig. 3b)
and the Resource and Environment Science and Data Cen-
ter (RESDC) soil conservation dataset (Fig. 3c).

At the basin scale, simulated erosion rates agree well with
observations from the China Soil and Water Conservation
Bulletin (Fig. 3a), indicating that the RUSLE-driven frame-
work captures the dominant spatial and interannual gradients
in water-driven erosion. Cross-comparison with two soil con-
servation products (SDB and RESDC; Fig. 3b and c) also
shows good consistency, but systematic spreads are expected
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Figure 3. Validation of the soil conservation in this study, (a) the simulations and measurement of annual soil erosion rates for six river
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for several reasons. Firstly, RUSLE represents annual hills-
lope sheet/rill erosion; however, it does not explicitly model
gully and bank erosion, landslides/debris flows, snowmelt
pulses, and wind erosion. Secondly, parameter/input uncer-
tainty also leads to verification bias. R factor (rainfall ero-
sivity) is derived from station/reanalysis fields that under-
resolve short-lived convective storms, K and LS factors de-
pend on soil maps and DEM, C factor comes from NDVI
maps and cloud/shadow residuals, and P factor (conserva-
tion practices) is often approximated by regional constants,
missing local terracing/contouring/residue cover. Thirdly,
scale/definition mismatches arise when 30 m maps are com-
pared with 1000 m products. The verification accuracy of soil
conservation and published products shows significant dif-
ferences in land cover classes (Fig. S3). The barren areas are
generally poorly managed, exhibit homogeneous and blocky
patterns, and are primarily influenced by the LS and K fac-
tors, leading to the highest consistency across datasets. For-
est areas, characterized by low and stable C-factor values,
are nevertheless affected by topographic and observational
artifacts such as terrain shadows and DEM smoothing. Ex-
treme events such as landslides and gully erosion also in-
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troduce outliers. Shrublands maintain a stable structure and
thus achieve relatively high estimation precision. In contrast,
grasslands are influenced by episodic rainfall events and
grazing disturbances, while residual cloud and snow cover
increase dispersion in the low-value range. Cropland exhibits
the greatest uncertainty, mainly due to the high spatiotempo-
ral heterogeneity of the P-factor and the effects of irrigation
and tillage practices.

This study utilized simulated sandstorm prevention data
and a remote sensing dataset for cross-validation, due to the
limited availability of monitoring data on sandstorm preven-
tion. Gkikas et al. (2022) quantified the dust optical depth
and characterized its monthly and interannual variability at
both global and regional scales for the period 2003-2017,
using a fine spatial resolution (0.1° x 0.1°). This study ran-
domly generated 2000 points on the map of China and ex-
tracted the values of the simulated sandstorm prevention data
and Gkikas’ datasets in 2010. This study then performed a
correlation analysis, with the results shown in Fig. 4a. The
simulated sandstorm prevention was also verified with two
published datasets, namely the SDB sandstorm prevention
data in 2010 (Fig. 4b) and the RESDC sandstorm prevention
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dataset (Fig. 4c), showing close consistency, thereby enhanc-
ing the credibility of the RWEQ model simulation results.
The validation results show that simulated sandstorm pre-
vention is negatively correlated with the dust optical depth
(DOD) (Fig. 4a) — greater sandstorm prevention implies
lower column dust — with residual spread driven by scope
and scale mismatches. DOD integrates regional transport,
vertical mixing, hygroscopic growth, and advection from re-
mote sources, whereas the RWEQ model quantifies local
emission control. Comparisons with other sandstorm pre-
vention datasets (SDB and RESDC) reveal a positive spatial
correlation (Fig. 4b and c), indicating a broadly consistent
regional distribution. However, systematic offsets in slopes
and intercepts are observed due to differences in drivers and
parameterizations, such as wind speed, soil erodibility, and
vegetation constraints. Land cover classes validation shows
strong agreement for forest, shrubland, grassland, and crop-
land, whereas barren areas perform less well (Fig. S4). The
differences stem from the surface roughness, the timeliness
of wind and soil-moisture forcing, and classification/scale
effects. Forests and shrublands supply stable roughness ele-
ments, so P conservation practices (shelterbelts/barriers) are
captured consistently across products. Grasslands and crop-
lands also agree well but exhibit slightly larger scatter at
low values due to phenology, irrigation/tillage, and moisture
pulses. In barren lands, absolute magnitudes are small and
highly sensitive to gust thresholds and fine-fraction compo-
sition.

Surface water resource data for each province were ob-
tained from the Water Resources Bulletin (http://www.mwr.
gov.cn/sj/tjgb/szygb/, last access: 1 January 2025) from 2000
to 2020, typically obtained through field monitoring and sta-
tistical methods conducted by the water conservancy depart-
ment. This study matched the water yield simulated by the
InVEST model with the actual water yield data from the bul-
letin. To ensure consistency, this study aligned the data based
on the same provinces and the same years. Due to missing
data for some provinces in the year 2000, this study matched
the data for 2010 and 2020 for analysis. This study per-
formed a correlation analysis on the matched datasets. The
coefficient of determination (R?) between the actual water
yield and the simulated water yield was calculated to as-
sess the consistency between the two datasets. The results
are shown in Fig. 5a. Further validation with the SDB 2010
water yield data in 2010 (Fig. 5b) and the RESDC water
yield dataset (Fig. 5c) revealed strong consistency with our
simulations, indicating that the InVEST model results are re-
liable. Figure 5a shows strong agreement at the provincial
scale, yet systematic differences remain because the In'VEST
model is structurally simplified and several definition/scale
mismatches exist. The model estimates water yield from pre-
cipitation, reference ET, and vegetation/soil parameters with-
out explicitly representing groundwater and surface water in-
teractions, flow routing and regulation, inter-basin transfers,
or human withdrawals/returns. By contrast, provincial Wa-
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ter Resources Bulletin statistics typically include baseflow
contributions and management effects and are aggregated by
administrative units, which do not perfectly match hydrolog-
ical boundaries — hence larger deviations in arid or heavily
regulated regions. Forcings and parameters add uncertainty
(biases in precipitation/ET downscaling, PAWC/root depth,
and K spatialization, the regional Z parameter), and annual
averaging can smooth snow/ice melt or extreme events, af-
fecting slopes and intercepts. Although the comparison be-
tween the simulated water yield and the SDB/RESDC dataset
shows a good positive correlation (Fig. 5b and c), the in-
tercept is positive and the slope is greater than 1, suggest-
ing that the water yield product has a higher baseline wa-
ter yield (which may include more base flow/human regula-
tion volume or adopt a more humid meteorological environ-
ment). At the same time, these datasets differ in their spatial
resolution, land cover, soil inputs, and parametric schemes,
while scale effects also intrinsically influence the compari-
son. Land cover classes validation shows the strongest agree-
ment for shrubland and barren, while forest and cropland
correlate well but exhibit steeper slopes and negative inter-
cepts, and grassland performs the weakest (Fig. S5). These
differences stem from the simplifications in InVEST and
scale mismatches (Budyko, 1974). Croplands are strongly
affected by irrigation, runoff regulation, and return flows,
raising baselines in published products. Forests reflect oro-
graphic precipitation biases, snow/ice melt, and baseflow,
making external estimates higher. Grasslands show larger
dispersion due to water-stress pulses, grazing effects, and
heterogeneous PAWC/K,. By contrast, shrubland and bar-
ren areas have simpler processes and weaker management,
resulting in closer precipitation and ET partitioning across
products.

4.2 Net primary productivity dynamics

The spatial distribution of net primary productivity (NPP)
showed significant regional differences, generally showing
an increasing trend along the rainfall-temperature gradi-
ent from northwest to southeast (Fig. 6). In 2020, high
NPP regions were mainly distributed in Yunnan, Sichuan,
Guangdong, Guangxi, and Heilongjiang, accounting for 9 %,
9.27 %, 3.80 %, 4.86 %, and 5.97 % of China, respectively
(Table S5). The total NPP increased by 0.45 Pg over the
20 years, with an increase of 11.31 % (Fig. S6). The NPP
of Yunnan, Inner Mongolia, Sichuan, Shanxi, Hebei, and
Shaanxi increased, accounting for 28.04 %, 8.69 %, 20.82 %,
15.89 %, 14.44 %, and 13.54 % of the NPP dynamics from
2000 to 2020, respectively (Table S6).

These results are similar to those of Ouyang et al. (2016),
who also found significant regional differences in NPP across
different areas of China, with an overall increasing trend.
This finding is consistent with other studies, such as Feng et
al. (2016), which indicated that NPP significantly increased
in the Loess Plateau region through vegetation restoration
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Figure 4. Validation of the sandstorm prevention in this study, (a) the simulated sandstorm prevention and dust optical depth of China in
2010, (b) the sandstorm prevention simulated in this study and Science Data Bank (SDB) soil conservation data in 2010, (c¢) the sandstorm
prevention simulated in this study and Resource and Environment Science and Data Center (RESDC) soil conservation data.

measures. This trend is further corroborated by Zhao and
Running (2010), who observed that NPP in China’s ecosys-
tems has increased in recent decades, especially in the south-
eastern regions with relatively high precipitation and temper-
ature.

4.3 Soil conservation dynamics

Soil conservation is primarily concentrated in the Sichuan
Basin, Loess Plateau, and surrounding mountainous and
hilly areas, eastern Great Khingan, and the Yunnan-Guizhou
Plateau (Fig. 7). In 2020, the province with the most soil
conservation quantity is Tibet (24.35 %), while the least is
Macao (0.00001%) (Table S5). Over the 20 years, total soil
conservation increased by 184 million tons, with an increase
rate of 13.67 % (Fig. S6). The regions where soil conser-
vation increased over the 20 years were Yunnan, Sichuan,
Gansu, and Tibet, with reductions of 50, 19, 27, and 42 mil-
lion tons, respectively (Table S6), accounting for 19.74 %,
7.502 %, 10.66 %, and 16.58 % of the soil conservation dy-
namics from 2000 to 2020 (Table S6). The decrease in soil
conservation is mainly in the three provinces (regions) of
Jilin, Hainan, and Guizhou, with increases of 20, 7, and 3
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million tons, respectively, accounting for 0.79 %, 2.76 %, and
1.18 % of the dynamic soil conservation from 2000 to 2020
(Table S6).

The results of this study are consistent with Ouyang et
al. (2016), who found that implementing ecological restora-
tion measures and vegetation reconstruction effectively con-
trolled soil erosion in regions such as the Loess Plateau, re-
sulting in high soil conservation values. Additionally, other
studies have shown that through vegetation restoration mea-
sures and proper land management, the soil conservation ca-
pacity in most regions of China has significantly improved
(Li et al., 2023b).

4.4 Sandstorm prevention dynamics

Sandstorm prevention is mainly distributed in arid and semi-
arid areas of China, with significant quantities found in the
western Alxa Plateau, Hexi Corridor, Junggar Basin, Tarim
Basin, and eastern Qaidam Basin (Fig. 8). Over the 20
years, the sandstorm prevention increased by 18.67 million
tons, with an increased rate of 78.94 % (Fig. S6). During
this period, the sandstorm prevention showed an increas-
ing trend. The provinces (regions) where sandstorm pre-
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Figure 5. Validation of the water yield in this study, (a) the simulations and measurements of water yield for 34 provinces in 2000 and 2020.
(b) the water yield simulated in this study and Science Data Bank (SDB) water yield data in 2010, (c) the water yield simulated in this study
and Resource and Environment Science and Data Center (RESDC) water yield data.

vention increased include Inner Mongolia, Ningxia, Xin-
jiang, Gansu, Tibet, Shaanxi, and Qinghai, with increases
of 1095.04, 110.46, 287.05, 211.69, 28.89, 73.02, and 60.96
million tons, respectively, accounting for 58.65 %, 5.92 %,
15.37 %, 11.34 %, 1.55 %, 3.91 %, and 3.26 % of the sand-
storm prevention dynamics from 2000 to 2020 (Table S6).

The results of this study align with Xu et al. (2017),
who observed that sandstorm prevention efforts are pre-
dominantly focused on the Northwestern region, including
Mongolia’s Ordos Plateau and Hunshandake. Some studies
have also found that through vegetation restoration projects
and ecosystem management measures, significant success
has been achieved in sandstorm prevention in China. These
measures have not only effectively reduced the frequency
and intensity of sandstorms but also promoted the restora-
tion and health of ecosystems. For instance, Ouyang et
al. (2016) demonstrated that ecological restoration projects
significantly improve soil retention and reduce sandstorms.
Similarly, the study by Feng et al. (2016) supports these find-
ings, emphasizing the crucial role of vegetation restoration in
the Loess Plateau.
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4.5 Water yield dynamics

The water yield sis higher in the southeast and lower in
the northwest and gradually decreasing from east to west
(Fig. 9). The provinces that have high water yields are Yun-
nan, Sichuan, Guangdong, Guangxi, Jiangxi, Hunan, Hubei,
and Heilongjiang, accounting for 6.90 %, 7.37 %, 5.56 %,
6.65 %, 5.46 %, 5.19 %, 6.51 %, and 5.28 % of the total
national water production (Table S5). Over the 20 years,
the water yield decreased by 60.64mmm~2, with a re-
duction rate of 13.53% (Fig. S6). The regions where wa-
ter yield decreased are Yunnan, Guangdong, Guangxi, and
Fujian provinces, with reductions of 9.33, 5.85, 6.03, and
2.06 mm m~2, respectively, accounting for 15.42 %, 9.67 %,
9.96 %, and 3.405 % of the dynamic water yield from 2000 to
2020. The increased provinces (regions) are Inner Mongolia,
Sichuan, Anhui, and Hubei provinces, with increases of 9.82,
477,737, and 11.24 mmm~2, respectively, accounting for
16.23 %, 7.88 %, 12.18 %, and 18.58 % of the dynamic water
yield from 2000 to 2020 (Table S6).

The results are in agreement with those of Yin et al.
(2020), who identified a trend of higher water yield in the
southeast and lower water yield in the northwest of China.

Earth Syst. Sci. Data, 18, 1519-1540, 2026
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Figure 6. Spatial and temporal distribution of net primary productivity (NPP) in China from 2000 to 2020. (a) 2000 NPP; (b) 2010 NPP;

(¢) 2020 NPP; (d) NPP dynamics from 2000 to 2020.

High values are concentrated in the Sichuan-Yunnan-Loess
Plateau ecological barrier and the southern mountainous
areas, while lower values are found in the northwestern
Qinghai-Tibet Plateau ecological barrier and the northern
sand control zone. The water yield shows a declining trend,
with reductions mainly in the southeastern Sichuan-Yunnan-
Loess Plateau and the central-southern mountainous areas.

5 Discussion

5.1 Ecosystem services dynamics

The provincial differences in ecosystem services are mainly
affected by area, terrain, climate, and land cover. Yun-
nan, Sichuan, Guangdong, Guangxi, and Heilongjiang have
good hydrothermal conditions and vegetation growth. Eco-
logical initiatives like the Natural Forest Protection Project
and Shelterbelt Project in the Upper-middle Reaches of the
Yangtze River have positively impacted net primary produc-
tivity (NPP). Meanwhile, negative human activities such as
deforestation have relatively low interference, resulting in

Earth Syst. Sci. Data, 18, 1519-1540, 2026

higher net primary productivity in these regions (Lu et al.,
2018). Beyond land cover change, interannual NPP gains
are also consistent with broader climate influences (warmer
springs, adequate precipitation, increased radiation) and a
background rise in atmospheric CO; that may enhance pho-
tosynthetic capacity (CO2 fertilization), especially where
water is not limiting (Li et al., 2021). Sichuan, Xinjiang, Ti-
bet, and Qinghai have more soil retention due to their ex-
tensive administrative areas. These provinces have rugged
terrain, and most of the land cover is barren, which easily
leads to soil erosion (Rao et al., 2023). Inner Mongolia, Xin-
jiang, Gansu, and Qinghai belong to arid or semi-arid cli-
mates, with relatively low precipitation and dry soil, mak-
ing them prone to wind erosion and sandstorms due to high
wind speeds and extensive barren (Piao et al., 2020). Yunnan,
Sichuan, Guangdong, Guangxi, Jiangxi, Hunan, Hubei, and
Heilongjiang have greater water yield due to abundant rain-
fall, complex terrain with various landforms such as moun-
tains, plateaus, and hills, which facilitates the formation and
accumulation of precipitation. Moreover, these regions are
mostly covered by rich vegetation, and the transpiration ef-

https://doi.org/10.5194/essd-18-1519-2026



Y. Liu et al.: A high-resolution ecosystem services dataset of China

70°E 75°E  80°E 85°E 90°E 95°E 100°E 105°E 110°E 115°E 120°E 125°E 130°E 135°E 140°E 145°E

1533

65°E 70°E 75°E B80°E 85°E 90°E 95°E 100°E 110°E 115° E 120°E 125°E 130°E 135°E 140°E 145°E

Legend
[ Province boundary
e National boundary
Soil conservation

(Mg ha'yr")

. 6350

20°N

15° N

85°E 90°E 95°E 100° E 105° E 110°E 1M5°E 120°E 125°E 130°E

27 soil Conservation

= | —
2l %
)

Legend

Province boundary

[ National boundary

(Mg ha'lyr”)
o 5819

N 2,000
o

80°E 85°E 90°E 95°E 100° E 105°E 110°E 15°E 120°E 125°E
65°E 70°E 75°E 80°E 85°E 90°E 95°E 100°E 105°E 110°E 115°E 120°E 125°E 130°E 135°E 140°E

130°E
145°E

70°E 75°E B80°E B85°E 90°E 95°E 100°E 105°E 110°E 115°E 120°E 125°E 130°E 135°E 140°E 145°E
s

©),
i

25° N

Legend
[ Province boundary
e National boundary
Soil conservation

(Mg ha’tyr?)

7910

20°N

45° N

45°N

40°N
40°N

35°N

30° N
° 35N

30°N

25°N
25°N

20° N

20°N

15° N
15°N

40°N 45°N

35°N

25°N

Legend
Province boundary
- National boundary
Trend
Decreased
[ ncreased
0 500 1,000 2000
m

15°N

80 95°E

100° E 105°E

1M5°E 120°E 125°E 130°E

80°E 85°E 90° E 95° 100° E 105°E 110°E 15°E 120°E 125°E 130°E

Figure 7. Spatial and temporal distribution of soil conservation in China from 2000 to 2020. (a) 2000 soil conservation; (b) 2010 soil
conservation; (¢) 2020 soil conservation; (d) Soil conservation dynamics from 2000 to 2020.

fect of vegetation promotes precipitation formation and cir-
culation (Yang et al., 2023). The interplay of climate and ur-
banization drives water yield dynamics. Climatically, yield is
primarily a function of net water supply (precipitation minus
PET), where warming-induced PET increases can negate the
benefits of higher precipitation (Zhou et al., 2015). In paral-
lel, urbanization alters the hydrological partitioning: imper-
vious surfaces generate more rapid runoff, but this comes
at the cost of reduced infiltration, ultimately diminishing
groundwater recharge and baseflow in river basins (Huang
et al., 2024).

In recent decades, China has implemented ambitious eco-
logical projects, such as the Natural Forest Protection Project
(NFPP), the Grain for Green Program (GFGP), the Three-
north Shelter Forest Project (TSFP), and the Project for Pre-
venting and Controlling Desertification (PPCD). The imple-
mentation of these projects has changed the land cover, effec-
tively increasing vegetation coverage and improving ecosys-
tem stability (Cai et al., 2022). Concurrently, warming tem-
peratures in recent years have also supported the vegetation
growth (Song et al., 2021), contributing to a general increase

https://doi.org/10.5194/essd-18-1519-2026

in net primary productivity (NPP). Our province-level sum-
maries indicate widespread positive NPP trends in regions
targeted by NFPP and GFGP, consistent with afforestation
effects and climate co-benefits. The enhanced NPP reflects
improved photosynthetic capacity driven by vegetation re-
covery, particularly in areas targeted by national restoration
projects. The expansion of forests, shrubs, and grasslands un-
der these ecological programs has strengthened vegetation
and root systems, improving soil stability and sand reten-
tion capacity. These improvements have led to notable in-
creases in soil conservation, particularly within watersheds
affected by reforestation and revegetation efforts (Wang et
al., 2016). The spatial patterns of increased soil conservation
are closely associated with the implementation areas of the
GFGP and NFPP. Simultaneously, the observed reduction in
desertified land and improvements in sandstorm prevention
capacity correspond well with the effects of the TSFP and
anti-desertification efforts (Li et al., 2023c). These spatial
patterns indicate that this high-resolution dataset can serve
as an effective tool for assessing the ecological outcomes of
national policy initiatives. Nevertheless, the increased veg-

Earth Syst. Sci. Data, 18, 1519-1540, 2026
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Figure 8. Spatial and temporal distribution of sandstorm prevention in China from 2000 to 2020. (a) 2000 sandstorm prevention; (b) 2010
sandstorm prevention; (¢) 2020 sandstorm prevention; (d) Sandstorm prevention dynamics from 2000 to 2020.

etation cover has also affected hydrological processes, par-
ticularly through increased evapotranspiration and reduced
surface runoff, which may result in declining water yield in
afforested regions (Zhao et al., 2021). This highlights the im-
portance of considering potential trade-offs between restora-
tion benefits and water resource availability, especially in
arid and semi-arid regions.

By revealing the relationship between changes in ecosys-
tem services and policy measures, this dataset provides a
scientific basis for multi-level governments and ecological
management agencies to achieve sustainable landscape gov-
ernance.

5.2 Data accuracy and validation

In the previous studies, the resolution of land cover data com-
monly used in ecosystem service assessment is mainly con-
centrated at 300, 500, or even 1000 m (Peng et al., 2023;
Zhao and Running, 2010; IPBES, 2019a). These data pro-
vide a holistic perspective for large-area analysis but are in-
sufficient in terms of details (Li et al., 2023d). For example,

Earth Syst. Sci. Data, 18, 1519-1540, 2026

at a resolution of 300 m, the accuracy of the identification
and boundaries of land feature types is limited, which leads
to the lack of detailed descriptions and accurate spatial dis-
tribution information in areas with complex terrain and di-
verse land cover types (Yang et al., 2017). In contrast, this
study used a dataset with a resolution of 30 m, which en-
abled us to capture more detailed geographic features and
land cover changes during the assessment process, thereby
providing richer and more detailed assessment results (Chen
et al., 2015). The 30 m resolution data allow us to more accu-
rately identify and quantify different land feature types, such
as buildings, farmland, forests, wetlands, etc., and to more
accurately delineate their spatial distribution and boundaries
(Kuang et al., 2021). Compared with the low resolution, this
dataset shows significant advantages in land cover classifi-
cation accuracy and the completeness of spatial information.
This refined data resolution enhances our understanding and
management of ecological services in complex ecosystems,
providing more targeted and operational data support for re-
gional planning and environmental management decisions.

https://doi.org/10.5194/essd-18-1519-2026
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Figure 9. Spatial and temporal distribution of water yield in China from 2000 to 2020. (a) 2000 water yield; (b) 2010 water yield; (c) 2020

water yield; (d) Water yield dynamics from 2000 to 2020.

To ensure the reliability and accuracy of the data, this
study used cross-validation, field observations, and statisti-
cal data to verify the accuracy and credibility of the 30 m
resolution ecosystem service dataset in terms of spatial dis-
tribution and quantity estimation. After detailed verification
and analysis, this dataset showed higher accuracy and relia-
bility (Figs. 2, 3, 4 and 5). These verification work verified
the application potentials of the dataset in ecosystem service
assessment and provided a reliable data basis for subsequent
related research and practical applications. In addition, this
dataset has been used in studies such as exploring the effec-
tiveness evaluation of protected areas (Liu et al., 2023) and
the impact of urban urbanization on the dynamics of urban
vegetation in China (Zhang et al., 2023). Through the dual
verification of verification and application, this dataset has
been fully verified and tested in practice, showing its relia-
bility and practicality in various complex environments and
application scenarios.

https://doi.org/10.5194/essd-18-1519-2026

5.3 Limitations and Uncertainties

This study utilized remote sensing datasets and meteorologi-
cal station data to develop long-term datasets of NDVI, veg-
etation coverage, evapotranspiration, potential evapotranspi-
ration, and snow cover in China. These datasets effectively
removed the missing or low-quality pixels in the original im-
ages, overcame the challenge of reconstructing data under
cloud cover with limited information, and improved the pre-
cision of the monthly data. Although we used high-precision
data to assess ecosystem services, there are several uncertain-
ties and limitations. For example, we calibrated the Land-
sat 5 and 8 spectral response data and calculated monthly
and quarterly NDVI. However, there remains the possibility
that sensor-related bias has not been fully eliminated (Ander-
son et al., 2020). Residual remote-sensing artifacts may re-
main after preprocessing, including undetected clouds/cloud-
shadows and topographic illumination effects, mixed-pixel
issues in ecotones, and NDVI saturation over dense-canopy
regions (Lin and Roy, 2021). These factors may bias both
spatial contrasts and temporal trends despite our cross-sensor

Earth Syst. Sci. Data, 18, 1519-1540, 2026
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harmonization. Although this study extensively utilizes site
data to maximize available information and enhance spa-
tial and temporal continuity, the ground observation data
still face representativeness issues, and accuracy requires im-
provement in certain areas. Validating remote sensing prod-
ucts with site observation data is also subject to representa-
tiveness challenges, and uncertainties still exist in the accu-
racy verification process (Zhao et al., 2020).

The four ecosystem services were assessed using differ-
ent satellite sources of data. The ecosystem service maps are
presented at 30 m resolution, driven by the highest-resolution
data (Landsat NDVI, GlobeLand30, and DEM). Other essen-
tial input data (e.g., climate and soil properties) were origi-
nally at coarser resolutions. Although these data were resam-
pled to the 30 m resolution, this process inevitably introduces
uncertainty. The fine-resolution output effectively captures
spatial patterns defined by the land cover and NDVI, but the
precision of absolute values in highly heterogeneous areas
may be constrained by the inherent information content of
the original coarser datasets (Liu et al., 2023).

Despite of the high resolution and accuracy of the dataset,
our data set still have some limitations. First, some of the
ecosystem service modules (e.g., IN'VEST water yield) sim-
plify hydrological and geomorphic processes and typically
do not explicitly simulate groundwater recharge, surface-
groundwater interactions, or threshold/nonlinear responses
during extreme events (Redhead et al., 2016). Such sim-
plifications can reduce accuracy in arid basins, karst areas,
or groundwater-dependent systems. Data scarcity further in-
creases uncertainty in remote regions. In high-elevation and
desert areas (e.g., the Tibetan Plateau and arid Northwest),
meteorological and hydrological stations are sparse, quality-
controlled long time series are limited, and cloud/ice/snow
contamination of optical imagery is more frequent (Walther
et al., 2025).

Model-based assessments of ecosystem services in-
evitably involve multiple sources of uncertainty. These un-
certainties primarily arise from errors in input data (such
as climate variables, land cover types, and soil parameters),
which propagate through the modeling process and have a
cumulative effect on the results (Walther et al., 2025). Al-
though cross-validation with existing products and ground-
based observations demonstrates the overall robustness of
the dataset, this study did not conduct a systematic approach
to quantifying uncertainty. Future studies should incorporate
quantitative uncertainty analysis, such as sensitivity analysis
and error propagation analysis, to provide confidence inter-
vals for key ecosystem service estimates. These potential un-
certainties should be carefully considered when applying this
dataset to fine-scale ecological planning, ecosystem restora-
tion decision-making, and the design of payment for ecosys-
tem services (PES) schemes.

In stable climatic conditions, many ecosystem services ex-
hibit slow inter-annual variation. Thus, for numerous pol-
icy and management applications — such as evaluating long-
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term ecological restoration programs — a decadal assess-
ment is often sufficient (Ouyang et al., 2016). However, with
the increasing frequency of extreme climate events, which
can significantly alter ecosystem services dynamics year-to-
year, there is a growing scientific need for annual assess-
ments (Dee et al., 2025). Moreover, improving data avail-
ability, particularly the emergence of more detailed annual
land cover products, along with advancements in downscal-
ing techniques, will further support the generation of an-
nual ecosystem service datasets (Yang and Huang, 2021).
For users who may wish to interpolate or model annual data,
such as using our decadal data as benchmarks and integrat-
ing it with annually available coarser-resolution remote sens-
ing indices (e.g., MODIS NDVI) for trend analysis and inter-
polation. Future research can also focus on other ecosystem
services, including biodiversity and habitat quality, pollina-
tion, flood regulation, and water quality purification, thereby
supporting a more comprehensive assessment. In addition,
the biophysical layer can be combined with socio-economic
data (such as population density, accessibility and infrastruc-
ture, water intake, economic activities, and PES programs)
to achieve scenario analysis, trade-off assessment, and fair-
oriented decision-making.

5.4 Application potentials

This dataset is widely applicable to various research and ap-
plication scenarios, particularly in domains requiring high-
resolution analysis, such as urbanization monitoring, nature
reserve management, and policy implementation assessment.
It also provides robust data support for long-term ecosys-
tem change research. The potential users of this dataset in-
clude government decision-makers, land-use planning and
management agencies, environmental protection and natural
resource management institutions, and researchers. Govern-
ment policymakers can use this dataset to quantitatively as-
sess the effectiveness of ecological restoration policies (e.g.,
the Grain for Green Programs and the Natural Forest Pro-
tection program), optimize land-use planning, and establish
payment for ecosystem services (PES) schemes. Land-use
planning and management agencies can leverage this dataset
for urban expansion monitoring and land-use optimization,
contributing to the development of sustainable strategies. En-
vironmental protection organizations can utilize this dataset
to monitor biodiversity, habitat changes, and ecosystem func-
tions within nature reserves, providing scientific support for
conservation and restoration efforts. Researchers can em-
ploy this dataset as a high-precision foundation for studies
on ecosystem services, climate change, and land-use change,
improving the accuracy and reliability of model-based analy-
ses. Furthermore, this dataset demonstrates exceptional per-
formance in long-term dynamic change analysis, accurately
capturing and analyzing trends in ecosystem services across
different regions, thus offering critical data support and a
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decision-making foundation for ecosystem management, en-
vironmental protection, and sustainable development.

6 Data availability

This dataset is essential for various geoscience research, par-
ticularly in understanding ecosystem responses to climate
change, water resource management, environmental protec-
tion, and management. The dataset is openly available at
https://doi.org/10.57760/sciencedb.20797 (Liu et al., 2025).
All data are produced and generated in the ArcGIS10.3, with
the format being TIFF. They can be viewed and utilized in vi-
sualization geographic information systems or remote sens-
ing industry software that supports the aforementioned for-
mat.

7 Conclusion

Mapping high-resolution ecosystem services is essential
for understanding and managing ecosystems, particularly
in achieving carbon neutrality and sustainable development
goals. Existing ecosystem service datasets are often limited
by low spatial resolution, outdated datasets, and data incon-
sistencies, which constrain their applicability at regional and
local scales. In this study, we integrated the high-precision re-
mote sensing data and ground observations to produce high-
resolution maps of four key ecosystem services in China for
the years 2000, 2010, and 2020, including one provisioning
service — net primary productivity, and three regulating ser-
vices — soil conservation, sandstorm prevention, and water
yield. The mapping process employed robust ecological pro-
cess models and achieved a dataset with 30 m spatial reso-
lution. Through comparison and cross-validation with other
data sources, this dataset has been proven to have signifi-
cant advantages in accuracy and applicability. This dataset
offers the advantages of high spatial resolution and a long
time series, and is expected to provide data support for evalu-
ating the implementation effects of major ecological restora-
tion programs, such as the Grain for Green Program and the
Natural Forest Protection Program. In addition, this dataset
can also be used to guide land cover optimization, ecologi-
cal restoration strategy formulation, and the design and im-
plementation of incentive mechanisms based on ecosystem
services (such as the ecological compensation system).

Supplement. The supplement related to this article is available
online at https://doi.org/10.5194/essd-18-1519-2026-supplement.
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