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Abstract
Accurate estimation of grassland Net Primary Productivity (NPP) is crucial
for understanding carbon cycling processes in grassland ecosystems and scientif-
ically assessing the response and adaptation mechanisms of grasslands to climate
change. Taking the grassland ecosystem of the Loess Plateau as the study ob-
ject, and based on 1788 grassland biomass data points and 19 environmental
factor datasets (including climate, vegetation, soil, and topographic factors),
this study simulated the spatiotemporal dynamics of grassland NPP on the
Loess Plateau from 2002 to 2020 using a random forest model, and estimated
the future evolution trend of grassland NPP on the Loess Plateau under four
future climate scenarios of Shared Socioeconomic Pathways (SSPs). The results
indicate: (1) The random forest model demonstrates good simulation accuracy
and can be used for estimating grassland NPP on the Loess Plateau; (2) Grass-
land NPP on the Loess Plateau exhibits an overall spatial distribution pattern
of“high in the southeast and low in the northwest,”with an annual mean value
of 276.55 g C・m-2, with the highest grassland NPP occurring in the Guanzhong
region of Shaanxi Province; (3) From 2002 to 2020, grassland NPP on the Loess
Plateau showed an overall increasing trend, with 55.01% of the region experienc-
ing increased grassland NPP, mainly concentrated in the Guanzhong region of
Shaanxi Province, western Gansu Province, and northern Shanxi Province; (4)
Against the background of climate warming and humidification, grassland NPP
on the Loess Plateau will show an increasing trend by the end of this century,
with the greatest increase under the SSP585 scenario and the smallest increase
under the SSP126 scenario. The use of the random forest model can effectively
simulate the spatiotemporal patterns and future evolution trends of grassland
NPP on the Loess Plateau, providing data support for the conservation and

chinarxiv.org/items/chinaxiv-202303.00112 Machine Translation

https://chinarxiv.org/items/chinaxiv-202303.00112
https://chinarxiv.org/items/chinaxiv-202303.00112


sustainable development of grassland ecosystems on the Loess Plateau.
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Abstract

Accurate estimation of grassland net primary productivity (NPP) is crucial for
understanding carbon cycling processes in grassland ecosystems and scientifi-
cally assessing their response and adaptation mechanisms to climate change.
Focusing on the grassland ecosystem of the Loess Plateau, this study simu-
lated the spatiotemporal dynamics of grassland NPP from 2002 to 2020 using a
random forest model based on 1,788 grassland biomass data points and 19 envi-
ronmental factors (including climate, vegetation, soil, and topographic factors).
Future trends of grassland NPP were estimated under four shared socioeconomic
pathway (SSP) climate scenarios for the years 2030s, 2050s, 2070s, and 2090s.
The results demonstrated that: (1) The random forest model exhibited good
simulation accuracy and can be used to estimate grassland NPP in the Loess
Plateau; (2) Grassland NPP showed a spatial pattern of“high in the southeast
and low in the northwest,”with a mean annual value of 276.55 g C・m−2. The
highest NPP values were observed in the Guanzhong region of Shaanxi Province;
(3) During 2002–2020, grassland NPP in the Loess Plateau showed an overall
increasing trend, with 55.01% of the region exhibiting significant increases, con-
centrated mainly in Guanzhong region, western Gansu, and northern Shanxi;
(4) Under a warming and wetting climate, grassland NPP will continue to in-
crease by the end of this century across all scenarios, with the greatest increase
under SSP585 and the smallest under SSP126. The random forest model can
effectively simulate the spatiotemporal patterns and future trends of grassland
NPP in the Loess Plateau, providing data support for grassland ecosystem con-
servation and sustainable development.

Keywords: grassland ecosystems; net primary productivity (NPP); random
forest; Shared Socioeconomic Pathway (SSPs); Loess Plateau
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Introduction
Grassland ecosystems constitute one of the primary components of terrestrial
ecosystems, covering approximately 40% of the global land area. They play vital
roles in maintaining ecosystem functions and supporting socioeconomic services,
including biodiversity conservation, soil and water retention, and greenhouse
gas mitigation. Net primary productivity (NPP) is a key indicator for mea-
suring ecosystem carbon sequestration capacity and directly reflects grassland
productivity while serving as a critical metric for evaluating carbon budgets
and regulating ecological processes in grassland ecosystems. Scientific assess-
ment of grassland NPP and its spatiotemporal dynamics is therefore essential
for grassland ecosystem management and resource conservation.

Traditional field sampling methods, while accurate, require substantial human,
material, and financial resources, limiting their application for large-scale NPP
estimation. The development of remote sensing technology and ecological mod-
els provides important alternative approaches. Remote sensing techniques es-
timate grassland NPP by leveraging relationships between remote sensing in-
dices and grassland biomass. Model simulation represents another common
method for large-scale NPP estimation, including process-based models such
as BIOME-BGC and empirical models like Miami. In recent years, machine
learning methods have been widely applied in vegetation productivity estima-
tion. For instance, studies have used model tree ensemble algorithms to simulate
global gross primary productivity and high-resolution total primary productiv-
ity. Random Forest (RF), an ensemble machine learning algorithm based on
decision trees, has been successfully applied to estimate NPP across various
grassland types globally, in western China, and on the Tibetan Plateau.

The Loess Plateau represents the world’s largest loess-covered region, char-
acterized by arid climate, severe soil erosion, and extremely fragile ecological
conditions. With the implementation of ecological restoration programs such as
the Grain-for-Green Project, vegetation changes and their environmental effects
have attracted considerable attention. Previous studies have investigated NPP
spatiotemporal dynamics and driving factors in the Loess Plateau. However, due
to complex terrain, significant discrepancies exist among different research re-
sults, and future NPP trends under global warming remain unclear. This study
addresses this gap by simulating spatiotemporal NPP dynamics from 2002 to
2020 using RF modeling based on climate, vegetation, soil, and topographic fac-
tors, and projecting future trends under four SSP scenarios to provide scientific
support for grassland ecosystem management and sustainable development.

1 Materials and Methods
1.1 Study Area

The Loess Plateau is located in the middle reaches of the Yellow River basin
in China, spanning 100°54�–114°33�E and 33°43�–41°16�N, with a total area of
63$×10^{4}$ km2. It extends across seven provinces including Shaanxi, Gansu,
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Ningxia, Shanxi, Qinghai, Henan, and Inner Mongolia, representing one of
China’s four major plateaus and the world’s largest loess-covered region. The
plateau encompasses arid, semi-arid, and semi-humid climate zones, with an-
nual precipitation ranging from 150–800 mm and elevation varying from 200–
3000 m, creating distinct regional differences. The dominant vegetation types
include forest, grassland, and shrubland, with grassland covering approximately
40% of the total area.

1.2 Data Acquisition and Processing

Grassland aboveground biomass data were obtained from literature, the
National Earth System Science Data Center, and the ORNL DAAC
(https://daac.ornl.gov/), comprising 1,788 samples. Belowground biomass
was estimated using root-to-shoot ratios, and grassland NPP was calculated
by multiplying biomass by conversion coefficients (g C・m−2) to serve as
training data. Nineteen feature parameters were selected across four categories:
soil physicochemical factors (S), topographic factors (T), meteorological
factors (A), and vegetation factors (B). Meteorological data (temperature
and precipitation) were sourced from the Loess Plateau Sub-center of the
National Earth System Science Data Center (http://loess.geodata.cn). Annual
mean temperature, growing season mean temperature (TEM4-10), annual
minimum temperature, annual precipitation (PRE), and growing season
precipitation (PRE4-10) were synthesized from monthly data. Topographic
data including elevation and slope were derived from the SRTM digital
elevation model (http://srtm.csi.cgiar.org/) and calculated using ArcGIS.
Soil physicochemical properties were obtained from the World Soil Database
(https://data.isric.org/). Vegetation data included solar-induced chlorophyll
fluorescence (SIF) from GOSIFv2 (https://globalecology.unh.edu), fraction of
absorbed photosynthetically active radiation (FAPAR), normalized difference
vegetation index (NDVI), and evapotranspiration (ET) from MODIS products
(https://modis.gsfc.nasa.gov). Future precipitation and temperature data
were obtained from WorldClim (https://www.worldclim.org/) under four SSP
scenarios (SSP126, SSP245, SSP370, SSP585) from five climate system models
(ACCESS-ESM1-5, CanESM5, CNRM-CM6-1, etc.) for the 2030s, 2050s, 2070s,
and 2090s. The Loess Plateau boundary and grassland distribution data were
sourced from the Chinese Academy of Sciences Resource and Environment Data
Center (https://www.resdc.cn). All environmental factor data were resampled
to 250–1000 m resolution and projected to D_{WGS}_{1984} using ArcGIS.
Other environmental factors remained unchanged for future predictions.

summarizes the environmental factors used in the random forest model.

1.3 Methods

1.3.1 Modeling Approach This study employed the Random Forest (RF)
algorithm, an ensemble method developed from Classification and Regression
Trees (CART). RF combines multiple decision trees and averages their results
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to reduce generalization error and improve prediction accuracy. The algorithm
is widely applicable for prediction problems, requires minimal parameter tuning,
and can handle high-dimensional feature spaces effectively. Model performance
was evaluated using the coefficient of determination (𝑅2) and root mean square
error (RMSE). All modeling, parameter optimization, predictions, and spatial
visualizations were conducted in R 4.0.5.

Theil-Sen median trend analysis, a robust non-parametric method, was used to
calculate temporal trends. The slope (Senslope) is calculated as the median
of all pairwise slopes between data points. A positive Senslope indicates an
increasing trend, while a negative value indicates a decreasing trend. The Mann-
Kendall test, another non-parametric statistical test, was used to assess trend
significance. At a confidence level of 𝛼 = 0.05, a p-value less than 0.05 indicates
a significant trend.

2 Results
2.1 Correlation Analysis Between NPP and Environmental Factors

Among vegetation factors, SIF showed the strongest correlation with NPP
(𝑟 = 0.91), followed by FAPAR (𝑟 = 0.89) and NDVI (𝑟 = 0.83). In mete-
orological factors, growing season precipitation (PRE4-10) exhibited the high-
est correlation (𝑟 = 0.71), while growing season temperature (TEM4-10) also
showed strong correlation (𝑟 = 0.68). Soil factors showed weak overall correla-
tions, with sand content in the 0–30 cm layer (SAND_S) showing the strongest
correlation (𝑟 = −0.27). In the random forest model factor importance analy-
sis [Figure 2: see original paper], vegetation factors (SIF, FAPAR, NDVI) and
meteorological factors (PRE4-10, TEM4-10) were the most influential for NPP
estimation.

2.2 Model Accuracy Assessment

The RF model demonstrated strong performance with training set 𝑅2 of 0.97
and RMSE of 27.34 g C・m−2. After 10-fold cross-validation, the test set 𝑅2

was 0.84 with RMSE of 59.73 g C・m−2 [Figure 3: see original paper], indicating
high prediction accuracy suitable for simulating grassland NPP in the Loess
Plateau.

2.3 Spatial Dynamics of Grassland NPP

Grassland NPP exhibited strong spatial heterogeneity, decreasing gradually
from south to north across the Loess Plateau [Figure 4: see original paper].
The mean annual NPP was 276.55 g C・m−2, with the lowest values (76.52 g
C・m−2) in northern Shaanxi, Ningxia, and areas near Lanzhou, Gansu. The
highest values (634.86 g C・m−2) occurred in southern regions, particularly the
Guanzhong Plain of Shaanxi. During 2002–2020, grassland NPP showed an
overall increasing trend [Figure 5: see original paper], with 55.01% of the re-
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gion experiencing increases. Specifically, 16.59% showed significant increases,
38.52% slight increases, 1.89% slight decreases, and 7.43% significant decreases,
primarily in northwestern areas.

2.4 Future Grassland NPP Under Different Climate Scenarios

By the end of this century, grassland NPP is projected to increase under all
four SSP scenarios [Figure 6: see original paper]. The smallest increase occurs
under SSP126 (1.20 g C・m−2), while the largest occurs under SSP585 (8.10 g
C・m−2). The increasing trends are 3.90, 4.00, and 4.00 g C・m−2 for SSP245,
SSP370, and SSP585 scenarios, respectively. Increased NPP is concentrated in
southern Loess Plateau, particularly under SSP585, while decreasing trends are
limited to western regions, with the largest declines under SSP126.

3 Discussion
3.1 Applicability of Random Forest for Estimating Grassland NPP

Compared with traditional NPP estimation models, RF offers superior capa-
bility in capturing non-linear complex relationships between NPP and environ-
mental factors while maintaining robust resistance to overfitting. The simulated
mean NPP of 276.55 g C・m−2 in this study is higher than some previous esti-
mates (e.g., 202.93 g C・m−2 from MOD17A3 data), likely due to differences in
grassland distribution datasets and the spatial distribution of training samples,
which were concentrated in western Loess Plateau. Nevertheless, the results
align closely with high-value regions from other studies, demonstrating RF’s
effectiveness for regional NPP simulation.

3.2 Dynamic Changes of Grassland NPP in the Loess Plateau

The increasing NPP trend during 2002–2020 corroborates previous findings. Pre-
cipitation is the primary limiting factor for vegetation growth in this arid region,
and the observed increase in rainfall has created favorable conditions for NPP
enhancement. The Grain-for-Green Program, implemented since 1999 through
measures such as enclosure and grazing prohibition, has significantly improved
grassland ecosystems, contributing to NPP increases. Projected future increases
in precipitation and minimum temperature under all SSP scenarios will sustain
NPP growth, particularly under the wettest SSP585 scenario.

3.3 Uncertainty Analysis of RF Estimation Results

Despite high model accuracy, several uncertainties remain. First, RF is a data-
driven approach sensitive to training data quantity and quality. The uneven
spatial distribution of field measurements, with more samples in northwestern
and southwestern regions, may affect simulation precision elsewhere. Second,
as a black-box model, RF lacks explicit control over internal mechanisms, re-
quiring extensive parameter tuning. Future work should incorporate more com-
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prehensive field data and integrate anthropogenic activity indicators to improve
estimation accuracy.

4 Conclusions
This study simulated spatiotemporal dynamics of grassland NPP in the Loess
Plateau using random forest modeling based on vegetation, climate, soil, and
topographic factors, yielding four key conclusions:

1) Grassland NPP averaged 276.55 g C・m−2 during 2002–2020, exhibiting
a“high in southeast, low in northwest”spatial pattern with an overall in-
creasing trend, driven by increased precipitation and ecological restoration
programs.

2) By the end of this century, grassland NPP will continue increasing under
warming and wetting conditions across all SSP scenarios, with the greatest
increase under SSP585.

3) The RF model effectively simulated grassland NPP spatiotemporal pat-
terns, though uncertainties remain due to data limitations and model
characteristics.

4) Future models should incorporate anthropogenic activity factors along-
side environmental variables to further improve estimation accuracy for
grassland vegetation productivity.
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