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Abstract: Grassland ecosystems are essential components of the global ecosystem. They
may efficiently reduce CO2 concentrations in the atmosphere and play a vital role in
mitigating climate change. The objectives of this study were to reveal the spatial distribution
features of net primary production (NPP) and net ecosystem productivity (NEP) under
climate change in the Inner Mongolia grassland ecosystem, China, and to devise effective
management strategies for grassland ecosystems. Based on the multiscale geographically
weighted regression (MGWR) model, this study investigated the spatial variation features
of NPP and NEP along with their driving factors. The results showed the following: (1) The
annual average NPP in the Inner Mongolia grassland ecosystem was 234.22 gC · m−2 · a−1,
and the annual average NEP was 60.31 gC · m−2 · a−1 from 2011 to 2022. Both measures
showed a spatial pattern of high values in the northeast and low values in the southwest,
as well as a temporal pattern of high values in summer and low values in winter. (2) The
normalized difference vegetation index (NDVI) and solar radiation had promoting effects
on NPP, where NDVI had the largest significant positive correlation area. In addition,
precipitation and temperature on the influence of NPP were significantly negative with
a larger area. (3) The area with a significant positive correlation of NDVI, solar radiation,
and precipitation on NEP was larger than that with a significant negative correlation, while
the area with significant negative correlation of temperature was larger. This study used
the MGWR model to explore the relationship between NPP, NEP, and multiple factors. The
results showed regional variation in NPP and NEP under the combined effect of various
drivers. This contributes to a better understanding of carbon sinks under climate change in
the Inner Mongolia grassland ecosystem.

Keywords: grassland ecosystem; net primary production; net ecosystem productivity;
multiscale geographically weighted regression; climate change
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1. Introduction
Carbon dioxide (CO2) is one of the main factors contributing to the progressive

warming of the global climate [1]. China has set targets of attaining a “carbon emissions
peak” by 2030 and “carbon neutrality” by 2060 to reduce global warming and promote
sustainable growth. To achieve carbon neutrality, emissions must be reduced and carbon
sinks must be improved [2]. In general, an ecosystem is considered a carbon sink when it
absorbs more carbon than it emits; otherwise, it is a carbon source [3]. Grassland ecosystems
are essential components of the global ecosystem, since they may efficiently reduce CO2

concentrations in the atmosphere and play a vital role in mitigating climate change [4–6].
Inner Mongolia has the largest grassland vegetation carbon pool in China [7], making
it one of the most vulnerable regions to global climate change. Therefore, studying the
relationship between carbon sources/sinks and driving factors in the Inner Mongolian
grassland ecosystem is critical to understanding global climate change [8].

Net primary productivity (NPP) reflects the ability of vegetation to fix atmospheric
CO2 through photosynthesis and can thus be used to reflect the carbon cycle in an ecosystem.
NPP is also the primary factor determining ecosystem carbon sources/sinks, and thus
cannot be overlooked when aiming for “carbon neutrality” [3]. Net ecosystem productivity
(NEP) is the difference between photosynthesis and respiration in an ecosystem and is
also the difference between the amount of carbon absorbed by the NPP of plants and the
amount of carbon exhaled by soil heterotrophic respiration (Rh) [3,9,10]. Therefore, NEP
can indicate whether an ecosystem acts as a carbon source or sink, reflecting its carbon
sequestration capacity [3].

In ecology, net ecosystem exchange (NEE) is used to quantify the exchange of CO2

between terrestrial ecosystems and the atmosphere. It reflects whether the ecosystem
absorbs or releases CO2 within a certain period of time. NEP and NEE are numerically
similar but have opposite signs. Both are important indicators for describing the carbon
cycle in ecosystems. NEP is closely related to soil carbon accumulation and can more stably
reflect the long-term carbon sequestration capacity of the ecosystem [11].

Currently, there is much research on estimation methods for NPP and NEP [9,12,13].
The three main methods for estimating NPP are light energy utilization models, terrestrial
ecosystem process models [14], and climate productivity models [15]. The Carnegie Ames
Stanford approach (CASA) model, based on light energy utilization, is widely used by
scholars due to its simplicity and practicability for calculating NPP. It uses factors such
as NDVI, solar radiation, temperature, and precipitation to calculate NPP. This method is
suitable for regional NPP calculation and shows little difference between the estimated and
measured NPP [13]. Liang et al. used this model to calculate China’s NPP, while Yin et al.
used it to calculate the NPP of the Mongolian Plateau. Both studies proved that the model’s
simulated results closely resemble actual satellite data when used correctly [13,16]. Based
on this model, NEP is defined as the difference between NPP and Rh. Thus, only the
value of Rh must be determined to obtain the value of NEP [17]. Rh can be calculated by
establishing an empirical equation between the environmental factors and Rh [18]. This
formula has been widely applied in various regions of China since it was proposed by
Pei et al. in 2009 [18]. For example, K. Zhang et al. calculated the Rh in the Yellow River
Basin, and Zhang et al. calculated the Rh in arid Central Asia, demonstrating that the
formula performed well in each region [12,19].

To date, some findings have been obtained to characterize the spatiotemporal dis-
tribution of NPP and NEP, and to analyze the factors influencing them [8,20–26]. Some
studies have used correlation and regression analyses to investigate the influence of driving
factors on NPP and NEP. Dai et al. studied spatiotemporal features of carbon source/sink
and their relationship with climate factors in the Inner Mongolia grassland ecosystem [8].
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Li et al. and Xu et al. used correlation analysis to explore the response of NPP and NEP
to temperature, precipitation, and solar radiation [20,23]. Ge et al. used residual analysis
to study the influence of meteorological factors on NPP [22]. They discovered variations
in the impact of driving factors on NPP and NEP across different regions and types of
vegetation. From the above studies, it is evident that there is spatial variation in the effect
of each driving factor on NPP and NEP. Liu et al. and Zhang et al. used the geographically
weighted regression (GWR) model and the geographical and temporal weighted regres-
sion (GTWR) model, respectively, to investigate spatial heterogeneity and spatiotemporal
heterogeneity in the impacts of the driving factors on NPP and NEP [24,25]. However, the
heterogeneous relationships are based on uniform temporal and spatial scales. This ap-
proach of “averaging” the scales of all the explanatory variables may neglect the scale-effect
problem of the different explanatory variables. Since different explanatory variables have
varying spatial effects on the response variable, a separate bandwidth needs to be given
for each explanatory variable. This means that each explanatory variable requires its own
separate bandwidth.

To address this issue, Fotheringham et al. proposed a multiscale geographically
weighted regression (MGWR) model. This model determines a separate spatial bandwidth
for each explanatory variable, reflecting the scale effect of the impact of different explanatory
variables. Since then, the model has been implemented in various fields and has shown
improved results [1,27–31]. Xu et al. used the MGWR model to investigate the spatial
heterogeneity of the factors influencing carbon emission intensity in the China Yangtze
River Delta region, while Shen et al. and Lu et al. used it to address the problem of housing
prices, thus showing that the model’s application in different fields has achieved good
results [1,27,28].

Based on meteorological data, solar radiation data, and vegetation cover data from
satellite remote sensing, we first calculated the NPP and NEP in Inner Mongolia grassland
ecosystems with the CASA model and the soil microbial respiration model. Second, we
fitted the driving factors to the NPP and NEP through the MGWR model from 2011 to 2022
and analyzed how climate change, vegetation factors, and solar radiation have impacted
the spatial change characteristics of the NPP and NEP in the Inner Mongolia grassland
ecosystem. The study’s findings are crucial for scientific knowledge and for improving the
effective management of grassland ecosystems.

2. Materials and Methods
2.1. Study Area

Inner Mongolia (37
◦
24′–53

◦
23′N, 97

◦
12′–126

◦
04′E) is located in northern China

(Figure 1), with a total area of approximately 118.3 × 104 km2 and a straight east–west span
of nearly 2400 km. Within this area, 786,000 km2 is natural grassland, accounting for 66.4%
of the total area [32]. The majority of Inner Mongolia has a typical temperate continental
monsoon climate. The average annual temperature ranges from 3 to 6 ◦C, increasing from
northeast to southwest. The total annual solar radiation ranges from 0.5 to 0.7 MJ · cm−2,
also increasing from east to west, and the average annual precipitation ranges from 100 to
400 mm, decreasing from northeast to southwest [8,32,33].
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Figure 1. Location of study area.

2.2. Materials

MODIS NDVI came from the National Aeronautics and Space Administration (NASA)
MOD13A3 product via the Terra satellite platform “https://doi.org/10.5067/MODIS/
MOD13A3.006 accessed on 19 June 2024)”, with spatial and temporal resolutions of 1 km
and 1 month, respectively. To obtain the required data, the MODIS reprojection tool (MRT)
was used, and batch processing (such as mosaic and projection conversion) was performed.
Meteorological data (monthly average temperature and monthly total precipitation) and
solar radiation data came from the European Centre for Medium-Range Weather Forecasts
Reanalysis v5 (ECMWF ERA5) climate reanalysis dataset “https://cds.climate.copernicus.
eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview (accessed on 19
June 2024)”, and the surface downward solar radiation of ERA5 monthly data were used as
the solar radiation data from 2011 to 2022 [34]. Description of the data above is listed as
Table 1. Because the datasets had different spatial resolutions, a resampling technique was
used to change the spatial resolution of the MODIS NDVI data to 0.1◦ × 0.1◦. This step was
intended to ensure that the data were spatially aligned for subsequent analysis.

Table 1. Description of data used in this study.

Name Description Resolution

NDVI Developed from NASA MOD13A3
“https://doi.org/10.5067/MODIS/MOD13A3.006 (accessed on 19 June 2024)” 1 km

Temperature
Developed from ECMWF ERA5 “https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-single-levels-monthly-means?tab=overview
(accessed on 19 June 2024)”

0.1◦ × 0.1◦

Precipitation
Developed from ECMWF ERA5 “https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-single-levels-monthly-means?tab=overview
(accessed on 19 June 2024)”

0.1◦ × 0.1◦

Solar radiation
Developed from ECMWF ERA5 “https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-single-levels-monthly-means?tab=overview
(accessed on 19 June 2024)”

0.1◦ × 0.1◦

Abbreviations: NDVI = monthly normalized difference vegetation index, Temperature = monthly average
temperature, Precipitation = monthly total precipitation, Solar radiation = monthly total solar radiation.

https://doi.org/10.5067/MODIS/MOD13A3.006
https://doi.org/10.5067/MODIS/MOD13A3.006
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://doi.org/10.5067/MODIS/MOD13A3.006
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
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2.3. Research Methods
2.3.1. Estimation of NPP

The NPP based on the CASA model was calculated using the following formula [35]:

NPP(x, t) = APAR(x, t)× ε(x, t) (1)

where APAR(x, t) is the photosynthetically active radiation absorbed by pixel x at time
t
(

gC · m−2 · month−1
)

, ε(x, t) is the actual light energy utilization of pixel x at time

t
(

gC · MJ−1
)

, and the expressions for APAR(x, t) and ε(x, t) are calculated as follows:

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

where SOL(x, t) is the total solar radiation of pixel x at time t(MJ · m−2 · month−1) and
FPAR(x, t) is the proportion of incident photosynthetically active radiation absorbed by the
vegetation layer. 0.5 denotes the proportion of total solar radiation utilized by vegetation.

FPAR(x, t) = αFPARNDVI + (1 − α)FPARSR (3)

where α = 0.05, and the calculation formulae of FPARNDVI and FPARSR are as follows:

FPARNDVI =
NDVI(x, t)− NDVIi,min

NDVIi,max − NDVIi,min
× (FPARmax − FPARmin) + FPARmin (4)

FPARSR =
SR(x, t)− SRi,min

SRi,max − SRi,min
× (FPARmax − FPARmin) + FPARmin (5)

SR(x, t) =
1 + NDVI(x, t)
1 − NDVI(x, t)

(6)

where NDVI(x, t) represents the NDVI value of pixel x at time t, with NDVIi,min = 0.023
and NDVIi,max = 0.634. Among these, FPARmax= 0.95 and FPARmin= 0.001, respectively.
SR is the ratio vegetation index; SRi,min = 1.05 and SRi,max = 4.46.

ε(x, t) = Tε1(x, t)× Tε2(x, t)× Wε(x, t)× εmax (7)

where Tε1(x, t) reflects the reduction in NPP due to the limitation of photosynthesis by
intrinsic plant biochemistry at low and high temperatures. Tε2(x, t) indicates the trend
of decreasing light energy utilization by plants as the ambient temperature changes from
the optimal temperature to higher or lower temperatures. Wε(x, t) reflects the effect of
moisture on light energy utilization. εmax is the maximum light energy utilization under
ideal conditions, where εmax = 0.542

(
gC · MJ−1

)
.

Tε1(x, t) = 0.8 + 0.02 × Topt(x)− 0.0005 ×
[
Topt(x)

]2 (8)

where Topt(x) is the optimum temperature for plant growth, specifically the average
temperature (◦C) of the month, when the NDVI value of a certain region reaches its
maximum in a year. When the average temperature T(x, t) in a month is less than or equal
to −10 ◦C, the NDVI value will be 0.

Tε2(x, t) = 1.184/
{

1 + exp
[
0.2 ×

(
Topt(x)− 10 − T(x, t)

)]}
×1/

{
1 + exp

[
0.3 ×

(
−Topt(x)− 10 + T(x, t)

)]} (9)
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when the average temperature T(x, t) in a month is 10 ◦C higher or 13 ◦C lower than the
optimum temperature Topt(x), the value of Tε2(x, t) in a month is equal to half of the Tε2(x, t)
value when the monthly average temperature T(x, t) is the optimum temperature Topt(x).

Wε(x, t) = 0.5 + 0.5 × E(x, t)/Ep(x, t) (10)

E(x, t) is the actual regional evapotranspiration, and Ep(x, t) is the potential regional
evapotranspiration. E(x, t) and Ep(x, t) are calculated as follows [36]:

E(x, t) =
P × Rn ×

(
P2 + Rn

2 + P × Rn

)
(P + Rn)×

(
P2 + Rn

2
) (11)

Rn =
(
Ep(x, t)× P

)2 ×
[
0.369 + 0.598 ×

(
Ep(x, t)/P

)2
]

(12)

Ep(x, t) = BT × 58.93 (13)

BT =
1
12

12

∑
1

Ti (14)

where P is the precipitation pixel x at time t (mm), Rn is the net solar radiation of pixel
x at time t (MJ · m−2 · month−1

)
, BT is the biological temperature, and Ti is the monthly

average temperature of more than 0 ◦C.

2.3.2. Estimation of NEP

NEP, as a measure of the carbon sink, can be defined as the difference between NPP
and Rh without integrating the effects of human activities [18], as follows:

NEP(x, t) = NPP(x, t)− Rh(x, t) (15)

Rh(x, t) = 0.22 × (exp(0.0912T(x, t) + ln(0.3145P(x, t) + 1)× 30 × 46.5% (16)

where Rh(x, t) denotes the soil microbial respiration of pixel x at time t (gC · m−2), T(x, t)
is the average temperature of pixel x at time t(◦C), and P(x, t) is the total precipitation of
pixel x at time t(mm).

2.3.3. Multiscale Geographically Weighted Regression Method

Fotheringham et al. proposed the MGWR model in 2017. This allows the regression
model to have different spatial scales for the effect of each explanatory variable on the ex-
plained variables, providing more comprehensive information. The model can be expressed
as follows [31]:

yi =
p

∑
j=0

βbwj(ui, vi)xij + εi, i = 1, 2, . . . , n (17)

where bwj is the bandwidth corresponding to the jth covariate, xij is the observed value of
the jth covariate at regression point i, εi is the error term and has the assumption of zero
mean and homoskedasticity, and βbwj(ui, vi) is the parameter to be estimated, which can
be obtained by using the weighted least squares method:

β̂bwj(ui, vi) = [XTW(ui, vi)X]
−1

XTW(ui, vi)Y (18)

where X = [X0, X1, . . . , XP] is the design matrix consisting of the observations of the
covariates, X0 denotes the vector with all components 1, Y = (y1, y2, . . . , yn)

T represents
the observations of the dependent variable, and W(ui, vi) = diag(wi1, . . . , win)n×n(i =
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1, 2, . . . , n) is the weight matrix beyond the regression points, usually defined by a Gaussian
kernel function or a double square kernel (bi − square) function in the following form:

wij =

[1 − (
dij
bw
)

2
]
2

i f dij < bw,

0 otherwise.
(19)

where dij is the distance between regression point i and observation point j, and bw is the
bandwidth. The MGWR model uses the back-fitting algorithm to obtain the bandwidth of
each explanatory variable [31].

3. Results
3.1. Spatial Characteristics of NPP and NEP over the Inner Mongolia Grassland Ecosystem

The average NPP of the Inner Mongolia grassland ecosystem was 234.22 gC ·m−2 · a−1

from 2011 to 2022, with obvious regional characteristics, as shown in Figure 2a. The
study area showed a spatial pattern of higher NPP in the northeast and lower NPP in the
southwest. The highest NPP value was found in northeastern Inner Mongolia. The NPP in
central Inner Mongolia was at a moderate level, while the average NPPs in southwestern
Inner Mongolia were the lowest. As shown in Figure 2b, the spatial distribution of NEP
in the Inner Mongolia grassland ecosystem from 2011 to 2022 showed a spatial pattern of
being higher in northeastern Inner Mongolia and lower in southwestern Inner Mongolia.
The average NEP of grassland was approximately 60.31 gC · m−2 · a−1, indicating that the
Inner Mongolia grassland ecosystem was generally classified as a carbon sink (NEP > 0)
from 2011 to 2022.
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Figure 2. Distribution of NPP (a) and NEP (b) in the Inner Mongolia grassland ecosystem from 2011
to 2022.

The average area of carbon sources (NEP < 0) from 2011 to 2022 was approximately
322,400 km2, accounting for 41.02% of the total area of grassland, and the area of carbon
sinks was approximately 463,500 km2, accounting for 58.98% of the total area of grassland
(Figure 2b). The grassland carbon sink sectors of Inner Mongolia were located mainly in
Hulun Buir, Hinggan, and the eastern part of Xilingol, while the carbon source sectors
were located mainly in Alax, Bayannur, and the northern part of Ulanqab. Comparing the
carbon sink area with the NPP distribution map (Figure 2a), we concluded that the larger
the NPP, the more likely the region is to be a carbon sink area. Conversely, the smaller the
NPP, the more likely the region is to be a carbon source region.

There are obvious interannual differences in NPP and NEP in the northern part of
Xilingol and the western part of Hulun Buir, as shown in Figures 3 and 4. Moreover,
the NPP and NEP in these regions did not simply increase or decrease. Meanwhile, the
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remaining regions remained almost unchanged in each year. They retained the spatial
characteristics of the entire 12 years from 2011 to 2022.
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3.2. Temporal Characteristics of NPP and NEP in the Inner Mongolia Grassland Ecosystem

The monthly variations of NPP and NEP from 2011 to 2022 are shown in Figure 5.
The changes in both NPP and NEP increased and then decreased in the Inner Mongolia
grassland ecosystem, showing a single peak. NPP and NEP were highest in summer and
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lowest in winter. NPP had its lowest values of 4.66 gC · m−2 · month−1 in January. NPP
increased gradually from January to April, then quickly from April to July, peaking at NPP
46.54 gC · m−2 · month−1 in July. Then, from August to October, there was a quick decrease
to below-average level, followed by a gradual decline over the next two months. NEP
showed a slow upward trend from January to August, with only a slight downward trend
in April, reaching a maximum annual NEP of 11.09 gC · m−2 · month−1 in July. The NEP
began to fall sharply from August to November, reaching a low of −1.49 gC ·m−2 ·month−1

in October, after which it began to rise slowly again.
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3.3. Spatial Distribution of NPP and NEP Driving Factors in the Inner Mongolia
Grassland Ecosystem

The annual mean spatial distribution of each driving factor from 2011 to 2022 is shown
in Figure 6. In Figure 6a, the NDVI values varied between −0.06 and 0.58, with a mean
value of 0.20. The areas with larger NDVI values were located in northeastern Inner
Mongolia, gradually decreasing from east to west. In Figure 6b, the solar radiation ranged
from 3402.85 MJ ·m−2 to 6601.82 MJ ·m−2, with an 11-year average of 4704.78 MJ ·m−2. The
monthly total solar radiation levels were low in northeastern Inner Mongolia, gradually
increasing from east to west, and higher in the west. In Figure 6c, the monthly total
precipitation ranged from 13.87 mm to 667.03 mm, with an average value of 4732.43 mm.
The regions with the most precipitation were in eastern Inner Mongolia, and mostly
overlapped the areas with the highest NDVI values. The precipitation trend was also the
same as the NDVI, decreasing from east to west with less precipitation in the west. In
Figure 6d, the temperature ranged from −2.68 ◦C to 11.16 ◦C, with an 11-year average of
4.72 ◦C. The temperature was lower in eastern and northern Inner Mongolia, and the trend
was consistent with solar radiation, which progressively increased from east to west, with
the greatest temperature in western Inner Mongolia.
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Figure 6. Spatial distribution of the driving factor of NPP and NEP from 2011 to 2022, including
NDVI (a), Solar radiation (b), Precipitation (c) and Temperature (d).

The interannual differences in temperature were mainly manifested in the central
region of Inner Mongolia and the western part of Hulun Buir, and they seemed to have
an upward trend. Meanwhile, the remaining regions remained almost unchanged in each
year. The spatial characteristics of the entire 12 years from 2011 to 2022 have been retained,
as shown in Figure 7. Except for the extremely arid Alxa, all regions have obvious changes
in each year, as shown in Figure 8.
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3.4. Temporal Distribution of Temperature and Precipitation in the Inner Mongolia
Grassland Ecosystem

The monthly variations of temperature and precipitation from 2011 to 2022 are shown
in Figures 9 and 10. The maximum values of temperature and precipitation occur in July
(as do those of NPP and NEP), and the value corresponding to the month becomes smaller
as the distance from July increases, as does that of NPP.
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3.5. Analysis of Factors Influencing Spatial Variation in NPP

Fitting by the MGWR model for NPP, the R2 = 0.98 obtained by fitting the model
indicated that the fitting result of this model was good (Table 2), and additional analysis
could be carried out.

Table 2. NPP used MGWR bandwidth coefficients and model diagnostic information.

Variable Bandwidth Value t-val (95%)

NDVI 46 0.97 4.20
Solar radiation 157 0.09 3.86
Precipitation 706 0.01 3.33
Temperature 56 −0.07 4.09

R2 = 0.98 AICc = −44,996.39 ENP = 3504.77 RSS = 517.69
Explanation: Bandwidth is the number of surrounding points to be used for local estimation using the MGWR
model. AICc is a standard used to measure the goodness of fit of the statistical model. ENP is the effective number
of parameters.

Table 2 shows the statistical description of the individual estimated coefficients of the
MGWR model for the explanatory and explained factors in the study region. Figure 11
depicts the spatial distribution of the regression coefficients on NPP as influenced by the
factors at a significance level of 0.05. Figure 11a shows that the NDVI had a positive
effect on NPP, with a significant level of influence. The NDVI regression coefficient had a
mean of 0.97, meaning that for every unit increase in NDVI, the NPP average increased
by 0.97 gC · m−2. As shown in Figure 11b, there was an overall positive correlation
between solar radiation and NPP, primarily observed in the eastern region and part of the
western region of Inner Mongolia. The mean regression coefficient of solar radiation was
0.09, implying that for every unit increase in solar radiation, the NPP average increased
by 0.09 gC · m−2. The influence of precipitation on NPP was significantly negatively
correlated in most eastern regions of Inner Mongolia, negative in some central regions,
and insignificant in other regions. The mean regression coefficient of precipitation was
−0.01, which means that for every unit increase in precipitation, the NPP decreased by an
average of −0.01 gC · m−2. The effect of temperature on NPP was significantly negative
in most areas of eastern Inner Mongolia and significantly positive in southeastern and
parts of western Inner Mongolia. The mean value of the temperature regression coefficient
was −0.07 gC · m−2, which means that for every 1 unit increase in temperature, the NPP
decreased by an average of −0.07 gC · m−2
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3.6. Analysis of Factors Influencing Spatial Variation in NEP

Fitting by the MGWR model for NEP, the goodness of fit R2 = 0.98 obtained after
fitting the model indicated that the model had a good fitting effect (Table 3), and additional
research could continue.

Table 3. MGWR bandwidth coefficients used for NEP and model diagnostic information.

Variable Bandwidth Mean t-val (95%)

NDVI 46 0.95 4.20
Solar radiation 157 0.09 3.86
Precipitation 652 −0.08 3.36
Temperature 56 −0.19 4.09

R2 = 0.98 AICc = −46,525.612 ENP = 3517.42 RSS = 496.26

When Rh was calculated, the relationship between NPP and NEP was defined as a
basic linear relationship. Hence, the NEP had identical spatial coefficient profiles when
fitted with the MGWR model and similar final fits with the same driving variables.

Figure 12 shows the regression coefficients of NEP as impacted by the factors with the
MGWR model at a significance level of 0.05. The bandwidth of the NDVI took the same
value in the NEP model as in the NPP model (Table 3). It can be seen that the effect of NDVI
on NEP was also significantly positively correlated in the whole of Inner Mongolia, just as
it was for NPP. The bandwidth value of solar radiation in the NEP model was the same
as that of the NPP model, and the distribution of coefficient of the effect on NEP was also
similar to NPP. It was significantly positively correlated in northeast Inner Mongolia, and
the only difference occurred in western Inner Mongolia, where the effect of solar radiation
on NPP was not significant, and it was significantly negatively correlated with NEP. The
bandwidth value of precipitation was different in the NEP model than in the NPP model,
and the distribution plot of the regression coefficient values also differed significantly. The
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effect of precipitation on NEP was significantly negative in most regions of Inner Mongolia.
The bandwidth value of temperature was also not the same in the NEP model as in the
NPP model, and the distribution of regression coefficients was plotted in a larger region of
significant negative correlation compared to the NPP. The effect of temperature on NEP in
western Inner Mongolia showed a significant negative correlation.
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4. Discussion
4.1. Spatiotemporal Patterns of NPP, NEP, and Driving Factors in the Inner Mongolia
Grassland Ecosystem

The geographical distribution of NPP and NEP steadily decreased from east to west,
with high concentrations in the northeast and low concentrations in the southwest of the
Inner Mongolia grassland ecosystem, which was consistent with previous studies [8,33].
The major vegetation type in eastern Inner Mongolia was meadow grassland with high
NPP and NEP, while in western Inner Mongolia, the major vegetation cover was desert
grassland with low NPP and NEP [8]. NPP and NEP reached maximum values in summer
and minimum values in winter [9,13,37]. This was because NPP and NEP were larger in
the summer when the herbage entered the growing stage and smaller in the winter when it
entered the withering stage [37].

From the perspective of interannual data, the NPP and NEP in the northern part of
Xilingol and the western part of Hulun Buir were not as stable as those in other areas,
and the changes in the driving factors were not limited to these two areas. This seems to
indicate that the grassland ecosystems in these areas were insufficiently stable and were
greatly affected by the weather. From the perspective of the monthly variation in the data,
NPP and NEP had a positive correlation with temperature and precipitation. In July, they
were all at their peak, while in winter, they were at their lowest.
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4.2. Spatial Driving Factors of NPP and NEP

The effect of the NDVI on NPP exhibited a substantial positive connection, which was
the key influencing factor of NPP in the MGWR model analysis of NPP and NEP in this
study. This finding supports the conclusions of some other researchers, who reported that
when meteorological factors were selected as influences on NPP and NEP, precipitation was
the main factor causing changes in NPP and NEP [38], but when the NDVI was available
as a driving factor, the NDVI was usually the most dominant factor. Moreover, they stated
that climatic factors influenced NPP and NEP by influencing the NDVI [9,26,39]. The
higher the area of vegetation cover, the greater the NDVI value. Hence, maintaining and
growing vegetation cover is critical if NPP is to increase. Over the last 20 years, the NDVI
has increased dramatically in China, and it has been a crucial contributor to the expansion
of the Chinese terrestrial ecosystem carbon sink [37].

Overall, solar radiation and NPP and NEP showed positive correlations, with most of
the regions being significantly positively correlated, and only a few negatively correlated.
C. Zhang et al. noted the existence of a negative correlation, which could be because
stronger solar radiation increased water evaporation, which was not conducive to plant
growth, thus causing solar radiation and NPP and NEP to be negatively correlated [40].
It has also been noted that increased evapotranspiration resulting from stronger solar
radiation would inhibit vegetation growth by reducing soil moisture, leading to a decrease
in NEP [41,42].

Precipitation was positively connected with NPP and NEP in the east–central section
of Inner Mongolia and the western part of Hulun Buir. However, semiarid areas in eastern
Inner Mongolia and desert areas in western Inner Mongolia showed negative correlations.
This situation arose because of insufficient precipitation in these two regions; nevertheless,
higher solar radiation and temperatures also featured there. The lack of water supply in
the semiarid and arid zones inhibited the utilization of light and heat by plants, resulting
in restricted plant growth, which in turn inhibited NPP and NEP from increasing [21]. The
coefficient distribution plot for precipitation in NEP had a small positive area of influence,
consistent with findings from empirical studies by Noormets [43]. Because of the presence
of soil Rh, the results of Rh and NPP regarding soil drought treatments are different,
leading to some differences in the responses of NPP and NEP to precipitation and drought.
Furthermore, although there was abundant precipitation, there was a negative correlation
in some eastern regions. This could be attributed to changes in vegetation growth resulting
from the excessive precipitation. As a result, the changes in NPP and NEP were explained
by the NDVI, making precipitation a secondary factor that altered the correlation [44].

The overall effect of temperature on NPP and NEP was negative. Previous studies have
shown that higher temperatures are usually accompanied by higher evapotranspiration and
latent heat of evapotranspiration, resulting in insufficient water availability and inhibition
of plant physiological responses [45,46] leading to decreases in NPP and NEP.

Water is a significant limiting element for plant growth and photosynthesis in grass-
land ecosystems [47]. Nevertheless, the water evaporation rate increases when the tem-
perature rises, exposing plants to more water stress, which can limit NPP and NEP
growth [21,48]. Furthermore, in more arid situations, grass cover decreases, growth cycles
are shorter, and productivity is lower. The correlation between NPP and NEP and annual
climate change could be expressed indirectly through plant biomass and growing season
length [45]. This results in the degree of explanation of NPP and NEP by precipitation and
temperature being below the threshold of significance in specific areas currently, with the
correlation being either nonsignificant or shifting from positive to negative.

However, this study has some limitations. First, the spatial resolution of the original
meteorological data used was too large, resulting in certain spatial errors. In subsequent
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studies, it will be possible to use data with a smaller spatial resolution. Second, resampling
was used to unify spatial resolution, a process that introduces uncertainty. This was
due to the fact that it required spatial interpolation of the original data, which may have
resulted in inaccuracies or the loss of some locally relevant information. Third, the role
of using the spatial variable coefficient model to explain the driving factors may not be
as good as that of the spatiotemporal variable coefficient model. More applicable models
should be considered to explain the relationship between NPP, NEP, and the driving factors
on a monthly basis. Finally, the interpretations of NPP, NEP, and driving factors were
all described statistically, while NPP and NEP are ecological concepts related to human
activities [49], concentration [50], soil [51,52], etc. Each process should be explained from
a more ecological perspective. Further studies on NPP and NEP can be conducted in
combination with statistics and ecology.

5. Conclusions
The NPP and NEP in the Inner Mongolia grassland ecosystem from 2011 to 2022

were computed in this study, and the 11-year average value of NPP in the study region
was 234.22 gC · m−2 · a−1, while the value of NEP was 60.31 gC · m−2 · a−1. Overall, the
Inner Mongolian grassland ecosystem was a carbon sink, and the carbon sink sectors were
larger than the carbon source sectors, which were mostly in the desert grassland area of
western Alxa. The regional distributions of both NPP and NEP decreased from northeast
to southwest, indicating that they had spatial heterogeneity. From the perspective of time,
NPP and NEP peaked in the summer, and were at a minimum in winter. The monthly
average changes in temperature and precipitation reflect their close relationship with this
phenomenon. Unlike in other regions, the annual average of monthly NPP and NEP in the
northern part of Xilingol and the western part of Hulun Buir were unstable, exposing the
vulnerability of these areas.

In this study, the MGWR model was built from a scale perspective to study the rela-
tionships between NPP and NEP and their likely drivers in the Inner Mongolia grassland
ecosystem. The results showed that the effects of the NDVI and solar radiation on NPP
and NEP were positive, the effect of temperature on NPP and NEP was negative, and
precipitation had a positive effect on NPP and a negative effect on NEP. Precipitation was
the key climatic element, while the NDVI was the dominant factor influencing these four
variables. The results revealed the spatial heterogeneity of carbon sources/sinks in the
Inner Mongolia grassland ecosystem and the relationship between the driving factors.
This information is very important for policy formulation by the relevant management
departments of grassland ecosystems.
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