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Abstract

The Kherlen River Basin is a typical basin in the eastern Mongolian Plateau and is domi-
nated by grassland. This study estimated the grassland yield in the Kherlen River Basin
using the Carnegie–Ames–Stanford approach (CASA) model, combined with Theil–Sen
median trend analysis and the Geodetector, to explore its spatiotemporal changes and
driving factors. This integrated framework links temporal trend detection with spatial
interaction analysis to better reveal ecological responses to climatic and anthropogenic
influences. The results showed the following: (1) The root mean square error (RMSE)
between the estimated grassland yield and the laboratory measurements was 37.88 g/m2,
with an estimation accuracy (EA) of 73.52%. (2) From 2000 to 2024, the grassland yield
increased significantly at a rate of 1.98 g/(m2·a) (p < 0.05), with the fastest growth in the
middle reaches. (3) Spatially, 79.78% of the basin exhibited significant increases, mainly in
the central and western regions. The proportion of significant increase was highest in the
upper reaches (40.36%), followed by the middle (32.89%) and lower reaches (6.53%). (4) Due
to limited temporal resolution of socioeconomic data, the driving factor analysis covered
the period 2000–2020, during which the overall grassland yield was primarily influenced
by the interaction between precipitation and elevation (q = 0.6371). Specifically, the upper,
middle, and lower reaches were mainly influenced by the interactions between temperature
and precipitation (q = 0.6772), precipitation and elevation (q = 0.6377), and temperature
and elevation (q = 0.4255), respectively. The study indicates that grassland yield in the
Kherlen River Basin exhibited an overall increasing trend during 2000–2024, with climatic
factors (precipitation and temperature) and the geographic factor (elevation) identified as
the dominant drivers. The influence of human activities was not significant, although this
result may be affected by uncertainties associated with data resolution limitations. Future
work should incorporate higher-resolution remote sensing and socioeconomic datasets to
better assess the impacts of human activities.
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1. Introduction
Grassland ecosystems represent the dominant component of terrestrial ecosystems

and play a crucial role in the material cycles and energy flow in the atmosphere, hydro-
sphere, and biosphere [1–3]. Owing to the joint effects of environmental change and human
intervention, grassland, as the essential material foundation supporting pastoral livestock
production, has continuously decreased in extent and degraded in quality [4–6]. The
continuous degradation of grassland productivity and the ongoing expansion of desertifi-
cation have become major constraints on grassland ecosystem stability and the sustainable
development of regional society and economy [7,8]. Consequently, assessing grassland
ecosystem productivity and analyzing its influencing factors are essential for providing a
scientific basis for grassland ecosystem conservation and restoration.

Grassland yield (GY) represents the biomass accumulated per unit grassland area over
a specified time period and is widely used as a key metric for assessing grassland productiv-
ity and grazing capacity. The main approaches to estimating grassland yield include field
sampling and remote sensing-based modeling using vegetation indices [9,10]. Although
field quadrat sampling provides accurate measurements of grassland yield, this approach
is labor-intensive, time-consuming, and unsuitable for large-scale, long-term monitoring.
In contrast, remote sensing technology has been widely applied due to its advantages
of broad spatial coverage, long temporal records, and rapid data acquisition. There are
three main approaches for estimating grassland yield using remote sensing technology: the
empirical method, the physical model method, and the net primary productivity (NPP)
conversion method [11]. The empirical method estimates grassland yield by establishing
linear or nonlinear relationships between vegetation indices and field-sampled data [12].
Although this method is simple to apply, its reliance on ground sampling data and lack of
consideration for environmental variables result in poor transferability across regions [13].
The physical model method estimates grassland yield based on mathematical formulations
and physical principles. At present, the most commonly used physical model for grassland
yield estimation is the radiative transfer model [14]. This model does not require field
sampling data and is entirely grounded in physical mechanisms, offering strong parameter
interpretability. However, its complex structure and high sensitivity to input parameter
accuracy impose certain limitations on its practical application [15]. The NPP conversion
method is primarily represented by the Carnegie–Ames–Stanford Approach (CASA) model.
By integrating regional environmental characteristics with vegetation-specific light use
efficiency parameters, the CASA model enables accurate large-scale estimation of grassland
biomass [16]. Some scholars have utilized Moderate Resolution Imaging Spectroradiome-
ter (MODIS) Normalized Difference Vegetation Index (NDVI) data in conjunction with
the CASA model to simulate vegetation productivity across the Mongolian Plateau from
2000 to 2019, and to quantify the effects of various driving factors on its spatial distribution
and temporal variations [17]. Other researchers used GIMMS (Geophysical Institute Multi-
Sensor Spectral Reflectance Database) NDVI data to estimate vegetation productivity in
Mongolia for the period 1982–2011 by applying the CASA model and further examined its
temporal evolution and climatic responses [18]. In addition, a study employed a modified
CASA model to retrieve the net primary productivity of grasslands in Zhenglan Banner,
Inner Mongolia, and to estimate the corresponding grassland yield [19]. Another study,
based on surface reflectance data, developed aboveground biomass and carrying capacity
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models grounded in the CASA framework, and evaluated the grassland carrying capacity
of Mongolia during the winter–spring period [20]. Therefore, the CASA model offers
clear advantages for large-scale grassland yield estimation in regions where field sampling
is limited and has consequently been widely adopted in related studies. Regarding the
driving factors of grassland yield variation, current research has primarily focused on the
impacts of climate change, while comparatively fewer studies have addressed the effects
of human activities [21]. Previous studies have separated the effects of human activities
on vegetation change using the residual analysis method; however, the simplicity of this
approach imposes certain limitations on its accuracy and prevents it from capturing the
interactions between natural and anthropogenic factors [22]. The Geodetector model is a
statistical framework designed to quantify spatial heterogeneity in geographic phenomena
and to identify the factors that drive such patterns. It is primarily applied to explore
the spatial distribution patterns of geographical elements, identify influencing factors
and their interactions, and is characterized by advantages such as nonlinearity and inter-
pretability [23]. Some researchers have used the Geodetector model to analyze the effects
of natural and human factors on the Normalized Difference Vegetation Index (NDVI) in
the Kherlen River Basin and have concluded that temperature and precipitation are the
dominant factors influencing the variation in the NDVI in the basin [24]. Other scholars
have employed residual analysis and the Geodetector model to investigate the driving
factors behind vegetation changes and their spatial distribution in the inland river basins
of the Hexi Corridor [25]. Therefore, for the Kherlen River Basin, a typical transboundary
basin characterized by limited available sample data, the CASA model represents the most
suitable approach for estimating grassland yield at regional spatiotemporal scales. To
comprehensively investigate how the interactions among climatic, anthropogenic, and
topographic factors drive regional grassland productivity, this study employed the Geode-
tector model as the analytical framework for identifying driving forces. This integrated
CASA-Geodetector framework enables a holistic analysis of spatiotemporal dynamics and
driving factors across river reaches.

As a typical basin in the eastern Mongolian Plateau, the Kherlen River Basin holds sig-
nificant importance within the transboundary pastoral system of Mongolia and China [26].
Existing studies on grassland yield in the Kherlen River Basin are primarily focused on
comparative analyses of grassland dynamics and their driving factors between the two
countries. For example, using a grassland dynamics model and correlation analysis, some
scholars have revealed that grassland changes in the basin during 1980–2020 were jointly
influenced by natural and anthropogenic factors, with a decrease observed in Mongolia and
an increase in China [27]. However, little research has focused on grassland yield across
different reaches of the Kherlen River Basin. In this study, grassland yield from 2000 to
2024 was estimated based on MODIS NDVI data combined with the CASA model. In
addition, we employed the Theil–Sen median trend method together with the Geodetector
model to characterize the spatiotemporal dynamics of grassland yield and to identify its
dominant drivers, thereby offering robust scientific support for ecological restoration and
sustainable grassland management in the Kherlen River Basin.

2. Materials and Methods
2.1. Study Area

The Kherlen River rises on the southern flank of Mongolia’s Khentii Mountains, flows
west to east across Mongolia and China, and eventually pours into Hulun Lake in Inner
Mongolia, China (Figure 1). The Kherlen River Basin (107.5◦ E–117.5◦ E, 46.5◦ N–49.5◦ N)
lies at an elevation ranging from 531 to 2511 m, with a west–high, east–low topography
dominated by low mountains and hills. Grassland is the predominant vegetation type.
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The area experiences a temperate continental climate, with long-term mean annual tem-
peratures ranging from 0 ◦C to 3.2 ◦C and annual precipitation varying between 156.2 mm
and 270.6 mm. The Kherlen River has a total length of 1264 km and drains an area of
23.86 × 104 km2. Based on topographic features, the basin is divided into upper, middle,
and lower reaches. The upper reaches cover 12.70 × 104 km2 (53.23% of the basin area),
with mountainous terrain on both sides and elevations mostly above 1000 m; the middle
reaches cover 7.99 × 104 km2 (33.48% of the basin area), with elevations mainly between
700 m and 1000 m; and the lower reaches cover 3.17 × 104 km2 (13.29% of the basin area),
where elevations are generally below 700 m. The China–Mongolia border is located within
the lower reach, where the Chinese section extends 206.44 km with a drainage area of
2.97 × 104 km2.

Figure 1. Sub-basin delineation and distribution of sampling sites in the study area.

2.2. Data and Processing

The datasets used in this study included (Table 1) the following: (1) Digital ele-
vation model (DEM) data, represented by the 30 m resolution ASTER GDEM V3, ob-
tained from the Geospatial Data Cloud platform (https://www.gscloud.cn). Based on
the DEM data, the watershed boundary and river network of the Kherlen River Basin
were derived using the hydrological analysis module in ArcGIS 10.8.1(Figure 1). (2) Re-
mote sensing data, consisting of 250 m resolution 16-day MOD13Q1 NDVI products
from 2000 to 2024, downloaded from the National Aeronautics and Space Administra-
tion (NASA) (https://lpdaac.usgs.gov/) in HDF-EOS format. The data were converted
using MATLAB R2024b, and monthly values were calculated by averaging. (3) Meteoro-
logical data, including monthly mean temperature, cumulative precipitation, and total
solar radiation at 0.1◦ spatial resolution from 2000 to 2024, obtained from the Copernicus
Climate Data Store (https://www.copernicus.eu/en) in NetCDF format. The datasets
were decompressed with MATLAB to obtain monthly values, and annual temperature
and precipitation were derived using mean value and cumulative synthesis methods,
respectively, to analyze the driving factors of grassland yield dynamics. (4) Land-use
data, represented by the annual MCD12Q1 land cover product with a spatial resolution
of 500 m from 2000 to 2024, downloaded from the National Aeronautics and Space Ad-
ministration (NASA) (https://lpdaac.usgs.gov/) in HDF-EOS format. The data were
converted to annual values using MATLAB. (5) Livestock data, obtained from the statistical
yearbooks of China and Mongolia (http://tj.nmg.gov.cn/ and http://www.1212.mn/).
Spatial interpolation of annual livestock numbers during 2000–2020 was conducted us-

https://www.gscloud.cn
https://lpdaac.usgs.gov/
https://www.copernicus.eu/en
https://lpdaac.usgs.gov/
http://tj.nmg.gov.cn/
http://www.1212.mn/
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ing the inverse distance weighting (IDW) method, generating raster data with a spatial
resolution of 250 m. (6) Human population (People) data, consisting of annual popula-
tion datasets with a spatial resolution of 1 km from 2000 to 2020, downloaded from the
LandScan platform (https://www.ornl.gov/). (7) Gross domestic product (GDP) data,
represented by annual GDP datasets with a spatial resolution of 9 km from 2000 to 2020,
obtained from https://www.nature.com/articles/s41597-025-04487-x#Sec12 (accessed on
15 June 2025) [28].

Table 1. Description of datasets.

Data Data Period Time Scale Spatial Scale Data Source

DEM — — 30 m https://www.gscloud.cn
NDVI 2000–2024 16d 250 m https://lpdaac.usgs.gov/

Meteorological data
(temperature, precipitation,

total solar radiation)
2000–2024 monthly 0.1◦ https://www.copernicus.eu/en

Land-use 2000–2024 yearly 500 m https://lpdaac.usgs.gov/

Livestock 2000–2020 — — http://tj.nmg.gov.cn/ and
http://www.1212.mn/

Human population
(People) 2000–2020 yearly 1 km https://www.ornl.gov/

Gross domestic product (GDP) 2000–2020 yearly 9 km
https://www.nature.com/articles/s4
1597-025-04487-x#Sec12 (accessed on

15 June 2025) [28]
Slope — — 30 m Extracted by DEM

The above datasets were projected and resampled to a spatial resolution of 250 m to
match the NDVI data using ArcGIS. Specifically, the land-use data were resampled using the
nearest-neighbor method, while the DEM, meteorological, population, and GDP data were
resampled using bilinear interpolation. The datasets were then clipped to the boundary
of the Kherlen River Basin. As a result, we obtained monthly 250 m resolution datasets of
MODIS NDVI, mean temperature, precipitation, and total solar radiation for 2000–2024;
annual 250 m resolution land-use data for 2000–2024; and annual 250 m resolution datasets
of mean temperature, precipitation, livestock numbers, population, GDP, and DEM data
for 2000–2020. In addition, slope data were derived from the DEM.

2.3. Methods
2.3.1. CASA Model

The CASA model is a typical light use efficiency model that simulates vegetation net
primary production (NPP) at a monthly scale based on the absorbed photosynthetically
active radiation and the light use efficiency [29]. In this study, an improved CASA model
was employed to estimate grassland NPP in the Kherlen River Basin, with the calculation
formula expressed as follows [30]:

NPP(x, t) = APAR(x, t)× ε(x, t) (1)

where NPP (x, t) denotes the net primary production at pixel x in month t; APAR (x, t)
represents the absorbed photosynthetically active radiation (MJ/m2) at pixel x in month t;
and ε (x, t) indicates the actual light use efficiency (gC/MJ) at pixel x in month t.

The absorbed photosynthetically active radiation (APAR) is governed by incoming
solar radiation together with land cover properties, and its computation is expressed
as follows:

APAR(x, t) = SOL(x, t)× FPAR(x, t)× 0.5 (2)

https://www.ornl.gov/
https://www.nature.com/articles/s41597-025-04487-x#Sec12
https://www.gscloud.cn
https://lpdaac.usgs.gov/
https://www.copernicus.eu/en
https://lpdaac.usgs.gov/
http://tj.nmg.gov.cn/
http://www.1212.mn/
https://www.ornl.gov/
https://www.nature.com/articles/s41597-025-04487-x#Sec12
https://www.nature.com/articles/s41597-025-04487-x#Sec12
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where SOL (x, t) is the total solar radiation (MJ/m2) at pixel x in month t; FPAR (x, t) is the
fraction of incident photosynthetically active radiation (PAR) absorbed by the land cover;
and the constant 0.5 represents the proportion of incident PAR available to the land cover
relative to the total solar radiation.

The fraction of absorbed photosynthetically active radiation (FPAR) shows a strong
linear association with vegetation indices such as NDVI and the simple ratio (SR). By
integrating these two approaches, FPAR was estimated using the following equation:

FPARNDVI(x, t) =
(NDVI(x, t)− NDVIi,min)

(NDVIi,max − NDVIi,min)
× (FPARmax − FPARmin) + FPARmin (3)

FPARSR(x, t) =

(
1 +NDVI(x,t)
1 −NDVI(x,t) − SRi,min

)
(SRi,max − SRi,min)

× (FPARmax − FPARmin) + FPARmin (4)

FPAR(x, t) = aFPARNDVI(x, t) + (1 − a)FPARSR(x, t) (5)

where FPARNDVI (x, t) represents the NDVI-derived estimate of absorbed photosyntheti-
cally active radiation for pixel x during month t; NDVI (x, t) is the NDVI value at pixel x in
month t; NDVIi,max and NDVIi,min represent the maximum and minimum NDVI values of
land-use type i, respectively (Table 2); FPARmax and FPARmin are constants independent of
land-use type, set to 0.950 and 0.001, respectively; FPARSR (x, t) represents the SR-based
estimation of absorbed photosynthetically active radiation for pixel x in month t; SRi,max

and SRi,min are the 95th and 5th percentiles of SR for land-use type i, respectively (Table 2);
FPAR (x, t) is the fraction of absorbed photosynthetically active radiation at pixel x in month
t; and a is an adjustment coefficient between the two methods, with a fixed value of 0.5.

Table 2. Maximum and minimum values of NDVI and SR for different land-use types in the Kherlen
River Basin [30,31].

Land-Use Category NDVImax NDVImin SRmax SRmin

Evergreen needleleaf forest 0.647 0.023 4.67 1.05
Deciduous coniferous forest 0.738 0.023 6.63 1.05

Deciduous broadleaf woodland 0.747 0.023 6.91 1.05
Mixed forest 0.676 0.023 5.17 1.05
Sparse forest 0.636 0.023 4.49 1.05

Shrubland 0.636 0.023 4.49 1.05
Grassland 0.634 0.023 4.46 1.05
Wetland 0.634 0.023 4.46 1.05

Cropland 0.634 0.023 4.46 1.05
Urban area 0.634 0.023 4.46 1.05
Gravel land 0.634 0.023 4.46 1.05
Water body 0.634 0.023 4.46 1.05

The light use efficiency (ε) is primarily determined by temperature and moisture, and
its calculation is expressed as follows:

ε(x, t) = Tε1(x, t)× Tε2(x, t)× Wε(x, t)× εmax (6)

Tε1(x, t) = 0.80 + 0.02 × Topt(x)− 0.0005 ×
[
Topt(x)

]2 (7)

Tε2(x, t) =
1.1814

1 + exp0.2 ×[Topt(x)−10 −T(x,t)]
× 1

1 + exp0.3 ×[−Topt(x)−10 +T(x,t)]
(8)

In the equation, Tε1 (x, t) and Tε2 (x, t) represent the low-temperature and high-temperature
stress effects on light use efficiency, respectively; Wε (x, t) denotes the moisture stress effect
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on light use efficiency; εmax is the maximum light use efficiency under optimal conditions,
with different constants assigned to different land-use types; Topt (x) refers to the mean
temperature in the month when the NDVI of a given region reaches its annual maximum;
and T (x, t) is the mean temperature of pixel x in month t.

The εmax values differ across land-use categories. In this study, the εmax parameters for
the Kherlen River Basin were derived from simulations conducted with the BIOME-BGC
ecological–physiological process model. Specifically, εmax was set as follows: 1.008 gC/MJ
for evergreen needleleaf forest, 1.103 gC/MJ for deciduous coniferous forest, 1.044 gC/MJ
for deciduous broadleaf woodland, 1.116 gC/MJ for mixed forest, 0.768 gC/MJ for sparse
forest, 0.888 gC/MJ for shrubland, 0.608 gC/MJ for grassland, 0.604 gC/MJ for cropland,
and 0.389 gC/MJ for urban area, water body, gravel land, and wetland [30].

The moisture stress coefficient Wε (x, t) reflects the influence of available water condi-
tions on light use efficiency, and its calculation is given as follows:

Wε(x, t) = 0.5 + 0.5 × E(x, t)
Ep(x, t)

(9)

E(x, t) =
P(x, t)× Rn(x, t)×

[
P(x, t)2 + Rn(x, t)2 + P(x, t)× Rn(x, t)

]
[P(x, t) + Rn(x, t)]×

[
P(x, t)2 + Rn(x, t)2

] (10)

Ep(x, t) =
E(x, t) + Ep0(x, t)

2
(11)

In the equation, E (x, t) denotes the actual evapotranspiration of pixel x in month t; Ep (x, t)
represents the potential evapotranspiration of pixel x in month t; P (x, t) is the cumulative
precipitation of pixel x in month t; Rn (x, t) indicates the net solar radiation of pixel x in
month t; and Ep0 (x, t) refers to the local potential evapotranspiration, calculated using the
method from the vegetation–climate relationship model proposed by Thornthwaite [32].

2.3.2. Grassland Yield Estimation Model

The grassland yield per unit area is derived from vegetation NPP, and its calculation
is expressed as follows:

Yn =
NPP

t(1 + r)
(12)

In the equation, Yn represents the grassland yield per unit area (g/m2). The coefficient r
represents the biomass ratio between the belowground and aboveground components of
grassland vegetation. As no relevant measurements are currently available for the study
area, this study adopted parameter values reported for ecologically similar regions with
comparable grassland types and further refined the ratio accordingly. The r values for
different grassland types were set as follows: the values were 5.26 for temperate meadow
steppe, 4.25 for temperate steppe, and 7.89 for both temperate desert steppe and temperate
desert [33]. The parameter t, which converts biomass into productivity, was treated as a
constant with a value of 0.45 [34].

2.3.3. Accuracy Validation

Based on field quadrat data, the estimation results of grassland yield were validated
using two indicators, root mean square error (RMSE) and estimation accuracy (EA). The
calculation formulas are as follows:

RMSE =

√
∑i=n

i=1
(
Yi − Y′

i
)2

N
× 100% (13)
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EA =

(
1 − RMSE

Y′

)
× 100% (14)

In the equation, Yi and Yi
′ denote the measured and estimated values of grassland yield,

respectively; Y′ represents the mean of the measured grassland yield; and N is the total
number of observed samples of grassland yield.

2.3.4. Trend Analysis

The Theil–Sen median trend method was employed to analyze the variation trends
of grassland yield in the Kherlen River Basin during 2000–2024. This method has the
advantage that the data are not required to follow a normal distribution, and it can reduce
the interference of outliers, thereby effectively minimizing the influence of measurement
errors or anomalous data [35]. The computation is expressed as follows:

β = Median
[

xi − xj

i − j

]
1 ≤ i ≤ j ≤ n (15)

In the formula, β denotes the trend slope, representing the variation trend of grassland yield
during the study period; Median refers to the median function; n denotes the time-series
span, which in this study is 25; i and j are temporal indices indicating different years within
the study period; and xi and xj represent the grassland yield values corresponding to
year i and year j, respectively. A positive β (>0) indicates an increasing trend in grassland
yield during the study period, whereas a negative β (<0) reflects a declining tendency.
The statistical significance of the identified trend was subsequently assessed using the
Mann–Kendall test, and the corresponding calculation formula is presented below:

Z =


S√

Var(S)
(S > 0)

0 (S = 0)
S+1√
Var(S)

(S < 0)

 (16)

When the absolute value of Z exceeds 1.96, the trend is considered statistically significant at
the 95% confidence level. In this study, four types of variation trends were identified: signif-
icant increase, non-significant increase, significant decrease, and non-significant decrease.

2.3.5. Geodetector Model

The Geodetector is a statistical tool designed to analyze the spatial heterogeneity of
geographical phenomena and to reveal the interactions among variables. It encompasses
four core functions: factor detector, interaction detector, ecological detector, and risk
detector [36]. In this study, owing to the limited temporal resolution of the socioeconomic
data, we harmonized all datasets to a uniform time span of 2000–2020 to quantify the
driving effects of various factors on grassland productivity in the Kherlen River Basin. A
grid with 100 rows and 100 columns was generated based on the spatial extent of the study
region, and the pixel values were extracted into the grid. A total of 3956 valid samples were
obtained within the study area, and after removing invalid values, 3422 effective sampling
points were retained for analysis. To minimize the total variance within each class, and
following common practices in similar studies, the natural breaks (Jenks) classification
method was applied in this study to divide the driving factors into six categories [24,37].
Subsequently, the factor detector, interaction detector, and ecological detector modules
of the Geodetector were employed to identify the dominant driving factors influencing
variations in grassland yield and to quantify their explanatory power. Among them, factor
detectors are primarily aimed at quantifying the explanatory power of each independent
variable on the spatial heterogeneity of the dependent variable, expressed by the q statistic.
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A larger q value reflects a greater ability of the independent variable to account for variations
in the dependent variable [38].

q = 1 − ∑L
h=1 Nhσh

2

Nσ2 (17)

In the formula, q represents the explanatory power of the driving factor, with values ranging
from [0, 1]; a larger q indicates a stronger influence of the factor. L denotes the number
of categories of the variable; N and Nh represent the total sample size of the study area
and the sample size of category h, respectively; and σh

2 and σ2 refer to the variance within
category h and the variance of the entire study area, respectively.

The interaction detector is used to analyze the interactive effects between different
factors, that is, to evaluate whether the interaction between any two factors (e.g., X1 and
X2) weakens or strengthens their influence on the dependent variable Y, or whether they
act independently in affecting Y [39] (Table 3).

Table 3. Types of interactions in the Geodetector.

Criteria for Judgment Interaction Types

q(X1 ∩ X2) < Min[q(X1), q(X2)] Nonlinear weakening
q(X1 ∩ X2) > Max[q(X1), q(X2)] Bi-factor enhancement

q(X1 ∩ X2) = q(X1) + q(X2) Independence
Min[q(X1), q(X2)] < q(X1 ∩ X2) < Max[q(X1), q(X2)] Uni-factor nonlinear weakening

q(X1 ∩ X2) > q(X1) + q(X2) Nonlinear enhancement

The core of the ecological detector lies in comparing whether there is a significant
difference in the effects of two factors (e.g., X1 and X2) on the spatial distribution pattern of
the dependent variable Y, with the significance of the difference tested using the F statistic:

F =
NX1(NX2 − 1)SSWX1

NX2(NX1 − 1)SSWX2
(18)

In the formula, NX1 and NX2 denote the sample sizes of factors X1 and X2, respectively;
SSWX1 and SSWX2 represent the sum of within-stratum variances formed by X1 and X2,
respectively. The null hypothesis is as follows:

H0 : SSWX1 = SSWX2 (19)

If the null hypothesis is rejected, it indicates that factors X1 and X2 exert significantly
different effects on the spatial distribution of the dependent variable Y.

3. Results
3.1. Validation of Grassland Yield Estimation Results

Based on the measurement of aboveground biomass from 25 grassland plots
(0.5 m × 0.5 m) collected in the field in 2024, the grassland yield derived from the model
was validated using the RMSE and EA. The validation results showed that the RMSE was
37.88 g/m2 and the EA was 73.52% (Figure 2). Previous studies on grassland yield esti-
mation in Mongolia, which employed sparse sampling points along the China–Mongolia
railway (Mongolian section), reported estimation accuracies ranging from 69% to 80% [40].
The estimation accuracy obtained in this study fell within the range of those earlier studies,
which indicated that the results were suitable for subsequent applications.



Water 2025, 17, 3397 10 of 21

 

Figure 2. Validation of model-estimated grassland yield against field-measured values in the Kherlen
River Basin.

3.2. Temporal Change Characteristics of Grassland Yield

From 2000 to 2024, grassland yield in the Kherlen River Basin ranged from
62.26 g/m2 to 157.15 g/m2, with a mean of 105.53 g/m2. The highest yield occurred
in 2024 (157.15 g/m2), exceeding the mean by 51.62 g/m2, while the lowest yield was
observed in 2007 (62.26 g/m2), 43.27 g/m2 below the mean. Overall, the basin exhibited a
significant linear increasing trend in grassland yield, with a growth rate of 1.98 g/(m2·a)
(p < 0.05) (Figure 3a). Distinct spatial differences in grassland yield were observed among
the upper, middle, and lower reaches of the basin. In the upper reaches, grassland yield
ranged from 57.92 to 164.40 g/m2, with a mean of 103.99 g/m2. The maximum yield
was recorded in 2024 (164.40 g/m2), 60.41 g/m2 above the mean, while the minimum
occurred in 2007 (57.92 g/m2), 46.06 g/m2 below the mean. The upper reaches exhibited
a significant linear increasing trend at a rate of 1.93 g/(m2·a) (p < 0.05), slightly lower
than the basin-wide rate (Figure 3b). In the middle reaches, the yield varied between
62.80 and 160.14 g/m2, with a mean of 113.28 g/m2. The maximum yield occurred in
2024 (160.14 g/m2), 46.86 g/m2 higher than the mean, while the minimum was observed
in 2004 (62.80 g/m2), 50.49 g/m2 lower than the mean. The middle reaches showed a
significant linear increase at a rate of 2.22 g/(m2·a) (p < 0.05), which was higher than the
basin-wide trend (Figure 3c). In contrast, the lower reaches showed yields ranging from
49.12 to 134.14 g/m2, with a mean of 88.23 g/m2. The highest yield was observed in
2013 (134.14 g/m2), 45.91 g/m2 above the mean, and its peak value occurred in a different
year compared with other regions, which may be partly attributed to direct factors such as
precipitation and grazing intensity, while the lowest yield occurred in 2004 (49.12 g/m2),
39.11 g/m2 below the mean. The lower reaches exhibited a significant linear increase at
a rate of 1.43 g/(m2·a) (p < 0.05), which was substantially lower than the basin-wide rate
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(Figure 3d). Therefore, grassland yield in the Kherlen River Basin exhibited a significant
linear increase from 2000 to 2024, with the rate of increase in the middle reaches exceeding
that of the upper and lower reaches.

   

Figure 3. Interannual changes in grassland yield (GY) in the Kherlen River Basin from 2000 to 2024.
(a) Kherlen River Basin; (b) Upper reaches; (c) Middle reaches; (d) Lower reaches.

3.3. Spatial Changes in Grassland Yield

Between 2000 and 2024, grassland yield in the Kherlen River Basin primarily exhibited
an increasing trend (Figure 4a), accounting for 99.82% of the basin’s area. Among these,
areas with a significant increase accounted for 79.78% and were mainly distributed in the
central and western parts of the basin, while areas with a significant decrease accounted
for only 0.03% and were scattered along riverbanks. The spatial distribution of grassland
yield changes varied across the upper, middle, and lower reaches of the basin. In the upper
reaches, grassland yield was mainly characterized by an increasing trend, representing
51.85% of the total basin area. Areas with a significant increase accounted for 40.36% and
were primarily concentrated in the northern sector of the upper reaches. Areas with a
significant decrease constituted only 0.01% of the total basin area and were sporadically
located within the mountainous regions of Töv Province and along rivers in Ulaanbaatar
and Hentiy Province, Mongolia. In the middle reaches, grassland yield also showed a
predominantly increasing trend, covering 36.39% of the total basin area. Regions with a
significant increase accounted for 32.89% and were mainly located in the northern and
eastern parts of the middle reaches. Areas with a significant decrease represented only
0.01% of the total basin area and were sporadically distributed along rivers in Sühbaatar
Province and Dornod Province, Mongolia. Similarly, in the lower reaches, grassland
yield was dominated by an increasing trend, accounting for 11.58% of the total basin area.
Regions with a significant increase accounted for 6.53% and were primarily concentrated in
the southwestern part of the lower reaches. Areas with a significant decrease represented
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only 0.01% of the total basin area and were mainly distributed along the southwestern
shoreline of Hulun Lake (Figure 4b). Therefore, the grassland yield in the Kherlen River
Basin exhibited a significant overall increasing trend during 2000–2024, with the proportion
of areas showing a significant increase in grassland yield being higher in the upper reaches
(40.36%) than in the middle (32.89%) and lower reaches (6.53%). The overall increase in
grassland yield may be associated with a period of warmer and wetter climate conditions,
while the spatial heterogeneity among regions could be attributed, on the one hand, to
the regional effects of climate change and, on the other hand, to factors such as grazing
activities, industrial production, and ecological policies.

Figure 4. Spatial distribution of grassland yield (GY) change rates and change trends in the overall
Kherlen River Basin and its upper, middle, and lower reaches from 2000 to 2024. (a) Rates of GY
change from 2000 to 2024; (b) Trend of GY change from 2000 to 2024.

3.4. Driving Factors of Grassland Yield
3.4.1. Single-Factor Impact Analysis of Grassland Yield

Based on the natural and anthropogenic characteristics of the Kherlen River Basin, this
study selected seven factors—annual mean temperature, precipitation, livestock numbers,
number of people, GDP, DEM-derived elevation, and slope—to investigate the driving
forces of grassland yield variation. The ranking of the influence intensity (q values) of these
factors on grassland yield change was as follows: precipitation (0.5610) > temperature
(0.2802) > DEM (0.2034) > livestock (0.2021) > slope (0.1052) > GDP (0.0694) > people
(0.0020). Among them, the population factor did not pass the significance test (Table 4). The
results indicated that, at the single-factor level, climatic factors were the dominant drivers
of grassland yield change in the Kherlen River Basin during 2000–2020, while the overall
impact of human activities on grassland yield change was relatively minor (Figure 5a).
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Table 4. The p-value validation of single-factor detector of grassland yield in the overall Kherlen
River Basin and its upper, middle, and lower reaches.

Basin Extent Factor Name Original
q-Value

Original
p-Value p-Bonferroni p-Holm p-Benjamini–

Hochberg

Overall
Kherlen River

Basin

Temperature 0.4950 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Precipitation 0.6494 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

DEM 0.3591 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Slope 0.2436 0.00 0.00 (

√
) 0.00(

√
) 0.00 (

√
)

Livestock 0.1781 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
People 0.0012 0.89 1.00 (×) 0.89 (×) 0.89 (×)
GDP 0.0538 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

Upper reaches
of the Kherlen

River

Temperature 0.6552 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Precipitation 0.7342 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

DEM 0.4381 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Slope 0.2625 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

Livestock 0.1241 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
People 0.0013 1.00 1.00 (×) 1.00 (×) 1.00 (×)
GDP 0.0094 0.04 0.28 (×) 0.08 (×) 0.05 (

√
)

Middle
reaches of the
Kherlen River

Temperature 0.3556 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Precipitation 0.3368 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

DEM 0.4121 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Slope 0.1273 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

Livestock 0.3545 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
People 0.0061 1.00 1.00 (×) 1.00 (×) 1.00 (×)
GDP 0.0079 1.00 1.00 (×) 1.00 (×) 1.00 (×)

Lower reaches
of the Kherlen

River

Temperature 0.3223 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Precipitation 0.1876 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

DEM 0.1905 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
Slope 0.0608 0.00 0.00 (

√
) 0.00 (

√
) 0.00 (

√
)

Livestock 0.2242 0.00 0.00 (
√

) 0.00 (
√

) 0.00 (
√

)
People 0.0049 1.00 1.00 (×) 1.00 (×) 1.00 (×)
GDP 0.0151 0.99 1.00 (×) 1.00 (×) 1.00 (×)

Note: In the table,
√

denotes statistical significance, whereas × denotes non-significance.

Single-factor driving analysis of different sub-basins revealed that, in the upper reaches
of the Kherlen River Basin, precipitation and temperature exerted the strongest effects on
grassland yield variation, with q values of 0.6290 and 0.4776, respectively, followed by DEM
(q = 0.1878) and livestock (q = 0.1669). Anthropogenic factors had relatively minor impacts
on grassland yield change in the upper reaches. Among them, people did not pass the
significance tests corrected by the Bonferroni, Holm, and Benjamini–Hochberg (BH-FDR)
methods, while GDP did not pass the Bonferroni and Holm corrections. Therefore, at the
single-factor level, climatic factors were the dominant drivers of grassland yield change
in the upper reaches (Figure 5b). In the middle reaches, DEM had the strongest effect
(q = 0.5350), followed by precipitation (q = 0.5310), temperature (q = 0.4922), and livestock
(q = 0.4845). In contrast, slope, GDP, and people exerted weaker influences, with both
people and GDP failing to pass the significance tests corrected by the Bonferroni, Holm,
and Benjamini–Hochberg methods. Consequently, DEM, climatic factors, and livestock
were recognized as the primary factors influencing changes in grassland yield in the
middle reaches (Figure 5c). In the lower reaches, temperature was the most influential
factor (q = 0.3191), followed by DEM (q = 0.2036). Livestock (q = 0.1933) and precipitation
(q = 0.1700) exhibited comparable impacts, while slope, GDP, and people had relatively
minor effects. Notably, both people and GDP also failed to pass the significance tests
corrected by the Bonferroni, Holm, and Benjamini–Hochberg methods. Therefore, at the
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single-factor level, the key drivers of grassland yield change in the lower reaches were
climatic factors, DEM, and livestock (Figure 5d). In summary, climatic factors (precipitation
and temperature) and the geographic variable (elevation) constitute the primary drivers of
grassland yield variation in the Kherlen River Basin. Livestock numbers also passed the
significance tests, indicating that grassland productivity in these areas is, to some extent,
influenced by human activities.

  

  

Figure 5. Results of single-factor detector analysis of grassland yield in the overall Kherlen River
Basin and its upper, middle, and lower reaches. (a) Kherlen River Basin; (b) Upper reaches; (c) Middle
reaches; (d) Lower reaches.

3.4.2. Interaction Analysis of Factors Influencing Grassland Yield

The results of interaction detector revealed that the interactions among factors influ-
encing grassland yield variation in the Kherlen River Basin exhibited both bivariate and
nonlinear enhancement effects, with the majority of interactions characterized as bivariate
enhancement. Among them, the interaction between precipitation and DEM exerted the
strongest effect on grassland yield variation (q = 0.6371), followed by the interaction be-
tween precipitation and livestock (q = 0.6136). In addition, the interactions of temperature
with precipitation, precipitation with slope, precipitation with GDP, and precipitation
with people also showed greater explanatory power than single-factor effects (Figure 6a).
Therefore, the variation in grassland yield in the Kherlen River Basin was mainly driven by
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factor interactions, highlighting the necessity of analyzing interactions among factors in
the upper, middle, and lower reaches of the basin.

  

  
Figure 6. Interaction detector results of grassland yield in the overall Kherlen River Basin and its
upper, middle, and lower reaches. (a) Kherlen River Basin; (b) Upper reaches; (c) Middle reaches;
(d) Lower reaches.

In the upper reaches of the Kherlen River Basin, most factor interactions also exhibited
bivariate enhancement. Among these, the interaction between temperature and precipita-
tion had the greatest effect on grassland yield variation (q = 0.6772). The interactions of
precipitation with livestock, DEM, slope, GDP, and people also showed stronger explana-
tory power than single factors, with q values of 0.6690, 0.6655, 0.6377, 0.6349, and 0.6298,
respectively (Figure 6b). In the middle reaches of the basin, most factor interactions were
likewise characterized by bivariate enhancement. The interaction between precipitation
and DEM exerted the strongest influence on grassland yield variation (q = 0.6377), followed
by the interactions of temperature with livestock and DEM, with q values of 0.6240 and
0.6109, respectively. In addition, the interactions of temperature with precipitation, pre-
cipitation with slope, livestock, people, GDP, DEM with slope, livestock, GDP, slope with
livestock also showed greater effects than single factors (Figure 6c). In the lower reaches,
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most factor interactions similarly displayed bivariate enhancement, with the interaction
between temperature and DEM having the strongest effect (q = 0.4255). This was followed
by the interactions of temperature with livestock (q = 0.4047) and precipitation (q = 0.4024).
Moreover, the interactions of DEM with livestock, precipitation with DEM, and temperature
with slope, people, and GDP also showed stronger explanatory power than single factors
(Figure 6d).

3.4.3. Ecological Detector Analysis of Factors Influencing Grassland Yield

The ecological detector was employed to analyze the statistical significance of the
combined effects of two influencing factors on the spatial distribution of grassland yield.
The ecological detector results for all factor pairs in the Kherlen River Basin were significant,
indicating reliability at the 95% confidence level. This suggested that the effects of different
factor pairs on the spatial distribution of grassland yield differed significantly (Figure 7a).

   

   

Figure 7. Ecological detector results of grassland yield in the overall Kherlen River Basin and its upper,
middle, and lower reaches. (a) Kherlen River Basin; (b) Upper reaches; (c) Middle reaches; (d) Lower
reaches. Y denotes significant differences in the effects of factor pairs on the spatial distribution of
grassland yield, whereas N denotes non-significant differences.
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At the 95% confidence level, in the upper reaches of the Kherlen River Basin, tempera-
ture, precipitation, DEM, slope, livestock, and other factors exhibited significant differences
in their effects on the spatial distribution of grassland yield, whereas people and GDP
showed no significant difference (Figure 7b). In the middle reaches, no significant differ-
ences were observed between temperature and precipitation, temperature and livestock,
precipitation and livestock, or people and GDP in their effects on grassland yield distri-
bution (Figure 7c). In the lower reaches, temperature, slope, livestock, and other factors
showed significant differences in their effects, while precipitation and DEM, as well as peo-
ple and GDP, did not exhibit significant differences (Figure 7d). Overall, in the Kherlen River
Basin, the effects of interactions among natural factors on the spatiotemporal distribution
of grassland yield were stronger than those between natural and anthropogenic factors.

4. Discussion
As part of the China–Russia–Mongolia Economic Corridor, the Kherlen River Basin

provides high biodiversity value to Mongolia and neighboring countries and plays an
important role in maintaining local ecosystem balance. Comprehensive and coordinated
management of the transboundary river basin is essential for preserving the natural re-
silience of local ecosystems and adapting to rapidly changing climatic conditions. This
study revealed the spatiotemporal variation characteristics of grassland yield in the Kherlen
River Basin during 2000–2024. In terms of temporal variation, the multi-year mean grass-
land yield in the basin remained at approximately 106.23 g/m2, showing a significant linear
increasing trend. This outcome aligns well with earlier evidence regarding the temporal
variation in grassland yield across the Mongolian Plateau from 2000 to 2020 [9]. The inter-
annual variations in grassland yield and climatic factors (temperature and precipitation) in
the Kherlen River Basin were compared and analyzed (Figure 8), revealing that grassland
yield exhibited a strong correspondence with precipitation dynamics. Precipitation in the
basin reached its lowest levels in 2004 and 2007, which likely contributed to the minimum
grassland yield observed in 2007 for the basin as a whole and for the upper reaches, and
in 2004 for the middle and lower reaches. Unlike the other subregions, the lower reaches
experienced the highest grassland yield in 2013. This anomaly was likely driven by excep-
tionally high precipitation in that year, which reached 356 mm—the maximum recorded
during 2000–2024—and was markedly higher than the 288.38 mm observed in 2024. This
also indicates that precipitation is the primary factor influencing grassland ecosystems
in arid and semiarid regions [41,42]. Regarding spatial variation, grassland yield in the
Kherlen River Basin generally increased during 2000–2024, with the area of significant
increase in the upper reaches exceeding that in the middle and lower reaches, which is
consistent with the findings of other scholars [43].

The grassland yield in the Kherlen River Basin was generally more sensitive to varia-
tions in natural factors than to anthropogenic factors, as indicated by higher q-values for
the former. Among these, temperature and precipitation were identified as the primary
drivers of grassland yield variation, which is largely consistent with recent studies [17,43].
Regarding the effects of individual factors, precipitation exerted the strongest influence on
grassland yield variation across the entire basin. Specifically, the dominant single factors
affecting grassland yield variation in the upper, middle, and lower reaches were precipi-
tation, DEM, and temperature, respectively. Moreover, the analyses of the upper, middle,
and lower reaches indicate that the spatial association between livestock numbers and
grassland yield is stronger in the middle and lower reaches than in the upper reaches. This
may be attributed to the higher elevation, more rugged terrain, and lower grazing intensity
in the upper reaches. However, due to factors such as the resolution of the socioeconomic
data, the influence of livestock numbers on grassland yield was not effectively reflected in
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the subsequent interaction analyses across the different river segments. In terms of factor
interactions, the interaction between precipitation and DEM had the greatest impact on
grassland yield variation in the Kherlen River Basin. At the sub-basin scale, the interactions
between temperature and precipitation, precipitation and elevation, and temperature and
elevation were the most influential in the upper, middle, and lower reaches, respectively.
Among these, elevation regulates the effectiveness of temperature and precipitation by in-
fluencing the vertical differentiation of hydrothermal conditions, thereby playing a critical
role in shaping the spatial distribution pattern of grassland yield through its interaction
with climatic factors [44]. This finding indicates that the grassland yield in the Kherlen
River Basin is more sensitive to the vertical climatic gradient than to the horizontal gradient.

   

   

Figure 8. Comparison of interannual variations in precipitation and grassland yield in the Kherlen
River Basin from 2000 to 2024. (a) Kherlen River Basin; (b) Upper reaches; (c) Middle reaches;
(d) Lower reaches.

Therefore, in the upper reaches, where grassland yield is highly sensitive to climatic
fluctuations, management efforts should focus on climate adaptation and ecological restora-
tion. In the middle reaches, where grassland yield exhibits the fastest growth, emphasis
should be placed on optimizing land-use structure and enhancing soil and water conser-
vation. In the lower reaches, where productivity is strongly dependent on precipitation,
priority should be given to water resource regulation and drought adaptation management.

This study comprehensively analyzed the driving mechanisms of grassland yield
variation in the Kherlen River Basin by integrating both natural and anthropogenic factors.
However, the relatively coarse spatial resolution of socioeconomic data may have limited
the accuracy of assessing human-induced impacts, thereby introducing a certain degree
of uncertainty into the analysis. Moreover, although the Geodetector model offers several
advantages—such as computational simplicity, no requirement for distributional assump-
tions, and the ability to identify factor interactions—it primarily focuses on spatial differenti-
ation and has limited capacity to characterize temporal dynamics. Therefore, future studies
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could incorporate higher-resolution datasets and integrate time-series analysis with spatial
differentiation approaches to achieve more detailed and comprehensive assessments.

5. Conclusions
(1) The RMSE between the model-estimated grassland yield of the Kherlen River Basin

in 2024 and the measured aboveground biomass from field quadrats in the same year was
37.88 g/m2, with an EA of 73.52%, indicating that the model was suitable for analyzing the
spatiotemporal variation in grassland yield within the basin.

(2) From 2000 to 2024, the grassland yield in the Kherlen River Basin exhibited a
significant linear increasing trend, with an overall growth rate of 1.98 g/(m2·a) (p < 0.05).
Specifically, the growth rates in the upper, middle, and lower reaches were 1.93 g/(m2·a)
(p < 0.05), 2.22 g/(m2·a) (p < 0.05), and 1.43 g/(m2·a) (p < 0.05), respectively.

(3) From 2000 to 2024, grassland yield in the Kherlen River Basin was dominated by an
increasing trend, with areas exhibiting a significant increase accounting for 79.78% of the
total basin area, primarily distributed in the central and western regions. In contrast, areas
showing a significant decrease accounted for only 0.03% of the basin area, sporadically
distributed along the riverbanks. A comparison across the upper, middle, and lower reaches
revealed that all sub-basins were predominantly characterized by significant increasing
trends. Specifically, regions with significantly increasing grassland yield in the upper,
middle, and lower reaches accounted for 40.36%, 32.89%, and 6.53% of the total basin area,
respectively, mainly concentrated in the northern part of the upper reaches, the northern
and eastern parts of the middle reaches, and the southwestern part of the lower reaches.

(4) From 2000 to 2020, single-factor analysis showed that precipitation was the domi-
nant factor influencing grassland yield change in the Kherlen River Basin, while the primary
factors in the upper, middle, and lower reaches were precipitation, DEM, and temperature,
respectively. In the interaction analysis, the interaction between precipitation and DEM
emerged as the strongest driver of grassland yield change at the basin scale, whereas the
most influential interaction factors were temperature and precipitation in the upper reaches,
precipitation and DEM in the middle reaches, and temperature and DEM in the lower
reaches. The ecological detector results indicated that significant spatial differences existed
in the effects of most factors on the spatial distribution of grassland yield change across the
overall basin as well as within the upper, middle, and lower reaches.
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