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Abstract: Net primary production (NPP) serves as a critical proxy for monitoring changes in the global
capacity for vegetation carbon sequestration. The assessment of the factors (i.e., human activities and
climate changes) influencing NPP is of great value for the study of terrestrial systems. To investigate
the influence of factors on grassland NPP, the ecologically vulnerable Qinghai–Tibet Plateau region
was considered an appropriate study area for the period from 2000 to 2020. We innovated the use
of the RICI index to quantitatively represent human activities and analyzed the effects of RICI and
climatic factors on grassland NPP using the geographical detector. In addition, the future NPP
was predicted through the integration of two modeling approaches: The Patch-Generating Land
Use Simulation (PLUS) model and the Carnegie–Ames–Stanford Approach (CASA) model. The
assessment revealed that the expanded grassland contributed 7.55 × 104 Gg C (Gg = 109 g) to the total
NPP, whereas the deterioration of grassland resulted in a decline of 1.06 × 105 Gg C. The climatic
factor was identified as the dominant factor in grassland restoration, representing 70.85% of the total
NPP, as well as the dominant factor in grassland degradation, representing 92.54% of the total NPP.
By subdividing the climate change and human activity factors into sub-factors and detecting them
with a geographical detector, the results show that climate change and anthropogenic factors have
significant ability to explain geographic variation in NPP to a considerable extent, and the effect on
NPP is greater when the factors interact. The q-values of the Relative Impact Contribution Index
(RICI) and the RICI of the land use change NPP are consistently greater than 0.6, with the RICI of
the human management practices NPP and the evapotranspiration remaining at approximately 0.5.
The analysis of the interaction between climate and human activity factors reveals an average impact
of greater than 0.8. By 2030, the NPP of the natural development scenario, economic development
scenario (ED), and ecological protection scenario (EP) show a decreasing trend due to climate change,
the dominant factor, causing them to decrease. Human activities play a role in the improvement.
The EP indicates a positive expansion in the growth rate of forests, water, and wetlands, while the
ED reveals rapid urbanization. It is notable that this is accompanied by a temporary suspension of
urban greening.

Keywords: net primary production (NPP); human activities; climatic change; grassland degradation;
Qinghai–Tibet Plateau

1. Introduction

Grassland is amongst the most pervasive vegetation types globally, occupying 20% of
the Earth’s land area [1]. The ecosystem provides a number of essential services, including
regulation of the climate, maintenance of soil and water, and the preservation of biodi-
versity [2]. Vegetation constitutes a critical component of the global terrestrial ecosystem,
facilitating the regulation of the global carbon cycle [3]. In a recent period of time, research
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on the topic of grassland vegetation has attracted considerable attention. Net primary
productivity (NPP) is defined as the net quantity of carbon regulated by vegetation over a
specified period. It is a useful proxy for characterizing vegetation dynamics and assessing
the resilience of vegetation to climate change (climate change refers to the change in climate
state over a long period of time; it is usually reflected by the statistical differences in climate
factors) [4]. NPP is a key determinant of plant growth, organic matter production, and
carbon cycling [5] and can be employed to evaluate the status of vegetation growth [6].

NPP can be quantified through direct measurement or through modeling approaches.
Nevertheless, these in situ methods are only capable of measuring discrete NPP data over a
restricted area, making them unsuitable for estimating NPP at scales exceeding the regional
level. With the advent of remote sensing techniques, the generation of high-quality global
NPP datasets based on satellite observations and mathematical algorithms has become a
viable and reliable approach [7]. The current state of the art in NPP algorithms is sufficiently
evolved to support the development of commercial products, thereby providing an excel-
lent data source for the investigation of the regulatory mechanisms of NPP. Nevertheless,
it remains challenging to quantify the predominant driving forces that shape grassland
ecosystems [8]. Previous investigations have employed the novel climate use efficiency
(NCUE) index for the purpose of monitoring grassland restoration and degradation [9]
and have constructed a human footprint index that enabled the quantification of the direct
and indirect impacts of human activities (human activities refer to a series of activities of
different scales and types that human beings have continuously carried out in order to
survive and develop and improve living standards, including reclamation, formulation of
management policies, etc.) [10], thereby reflecting the comprehensive status of human activ-
ities. Alternatively, some of the literature has employed the four-quadrant model of human
activities and ecosystem services as a framework for evaluating ecological quality [11]. The
literature such as this provides a conceptual framework for understanding the effects of
human activities and climatic changes on the eco-systemic environment. Nevertheless,
these studies merely quantify the impact of a single category of influencing factors on
the ecological environment and are therefore inadequate for capturing the joint impact of
climatic factors and human activity factors. In recent years, a substantial body of research
has distinguished between the effects of climatic changes and those of human activities. For
example, the chemical equations of photochemical reactions are utilized in the Carnegie–
Ames–Stanford Approach (CASA) model and Thornthwaite Memorial models to simulate
the spatiotemporal characteristics of NPP and its influencing factors [12]. Moreover, the
relationship between NPP and the Normalized Difference Vegetation Index (NDVI) is em-
ployed to ascertain the quantitative and spatial differentiation of NDVI affected by climatic
changes and human activities [8]. Notwithstanding the comprehensive evaluation of the
impact of climactic and anthropogenic factors on the ecological environment provided
by these studies, the specific consequences of such factors have yet to be quantified. The
grazing intensity index [13], night light [14], and urban expansion area [15] are currently
the most widely used indices for quantifying human factors. However, the aforementioned
studies are insufficient for a thorough assessment of the extent to which human activities
are affecting the environment. In order to comprehensively and quantitatively assess
the impact of human activities on the environment, Mao put forth the Relative Impact
Contribution Index (RICI) [16]. The geographical detector is commonly utilized for the
detection of influences exerted by various factors. This quantitative approach enables
the discernment of the impact of independent variables on dependent variables [17]. The
comprehensive detection of the RICI index and climate factors through the geographical
detector can illustrate the interaction between driving factors on vegetation NPP.

The Qinghai–Tibet Plateau is colloquially known to as the “world’s third pole”, with
an average elevation exceeding 4000 m. As the most elevated and extensive plateau on
Earth, the Qinghai–Tibet Plateau is distinguished by a unique terrestrial ecosystem. The
vegetation on this plateau is particularly vulnerable to climate change [18,19], and the
susceptible alpine ecosystem presents a challenge in reconciling the objectives of grassland
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conservation and economic advancement [20]. Previous investigations have revealed that
the grassland ecosystem is vulnerable to a multitude of factors, including climatic changes
and human activities [21,22]. The grass ecosystems in the Qinghai–Tibet Plateau have
been significantly degraded by human activities and climatic changes [23]. Since the 21st
century, the overall climate trend of the Qinghai–Tibet Plateau has become warmer and
wetter (Figure A1) [24], which may contribute to the growth of grassland [25]. However,
other studies indicate that the increase in precipitation may have an inhibitory effect on
the growth of grassland productivity [26]. In terms of human activities, some research
suggests that the primary drivers of grass degradation in the Qinghai–Tibet Plateau are
cultivation, animal husbandry, and urbanization [27]. In response to these developments,
the Chinese administration has initiated a series of environmental protection initiatives,
including the Natural Forest Protection Project, the Three North Shelterbelt Project, etc. [28].
Nevertheless, the impact of these protection policies and climate change on grassland
growth remains uncertain [29].

This study focused on the Qinghai–Tibet Plateau as a study area, employing the NPP
to investigate the interrelationships between grassland productivity, climatic changes, and
human activities [30]. The RICI index was calculated, and the interaction effects of driving
factors in the ecologically vulnerable area were assessed by a geographical detector. The
estimation of NPP under different future scenarios was accomplished by combining The
Patch-Generating Land Use Simulation (PLUS) model and the CASA model [31]. Presently,
approximately 30% of the grassland on the Qinghai–Tibet Plateau has been degraded
as a consequence of human activities and climate change [32]. Therefore, quantitative
investigation of the multiple causal factors of grassland NPP alteration and the resultant
effects is of considerable importance for the ecological restoration of the Qinghai–Tibet
Plateau [33]. The objective of this study was to investigate the following question: (1) to
evaluate the temporal and spatial changes in land use and NPP in the Qinghai–Tibet Plateau
over the past two decades, (2) to ascertain the impact of driving factors on grassland
growth, and (3) to quantitatively assess the interaction between climatic changes and
human activities factors on NPP.

2. Materials and Methods
2.1. Study Area

The Qinghai–Tibet Plateau is situated in the southwestern region of China, between
25◦59′N~39◦50′N and 73◦30′E~104◦40′E [34]. The region has a diverse topography and
complex environment [35]. The Qinghai–Tibet Plateau extends from the southern margin of
the Himalayas in the south to the northern margin of the Kunlun Mountains in the north, the
Pamir Plateau in the west, and the Hengduan Mountains in the east (Figure 1). The study
area was delineated using boundary vector data for the prefecture-level administrative
units located within the Qinghai–Tibet Plateau region. The Qinghai–Tibet Plateau is situated
at an altitude of over 4000 m above sea level [36], which gives it a unique plateau climate
and a typical monsoon system with low temperature, low humidity, little cloud cover,
and abundant sunshine [37]. The mean annually recorded temperature is 1.34 ◦C and
the mean value of the annual precipitation is 323.78 mm. Due to the uneven regional
distribution, the temperature at the edge of the plateau is higher than that in the interior.
The maximum rainfall area is up to 1000 mm, while the lowest area is only 20 mm. The
vegetation communities of the Qinghai–Tibet Plateau are complex and diverse [38]. Most
of the vegetation is natural grassland. Grasslands cover an area of about 1,530,000 square
kilometers, accounting for nearly 60 percent of the total area of the Qinghai–Tibetan Plateau
(https://www.gov.cn/) (accessed on 3 October 2023).

https://www.gov.cn/
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Figure 1. Study area and land use type in 2020.

2.2. Data and Processing
2.2.1. Land Cover Data

The annual China land cover dataset (CLCD) of 2000 and 2020 were obtained from a pa-
per on zenodo (https://zenodo.org/records/8176941) (accessed on 11 February 2023) [39]
as Land Use and Cover Change (LUCC) data. These data are based on Google Earth Engine
to construct temporal and spatial features, combined with a random forest classifier to
obtain classification results. The data coordinate system for CLCD is WGS-84, which has
an overall accuracy of 80% and defines a total of nine main categories [39].

2.2.2. Meteorological Data

Historical precipitation (https://data.tpdc.ac.cn/) (accessed on 20 February 2023),
temperature, and downward shortwave radiation (https://www.geodata.cn/main/) (ac-
cessed on 20 February 2023) were obtained from the National Earth System Science Data
Center and the National Tibetan Plateau Science Data Center, respectively. The precision of
the data regarding the spatial distribution of temperature and precipitation is 0.0083333◦.
The future temperature, precipitation (https://data.tpdc.ac.cn/) (accessed on 20 February
2023), and radiation (https://cds.climate.copernicus.eu/) (accessed on 20 February 2023)
data are based on the ssp245 medium emission scenario data of CMIP6. Similarly, the
resolution of temperature and precipitation data is 0.0083333◦ and the spatial precision of
the radiometric data is 1◦, which is generated in China through the Delta spatial down-
scaling program based on the global 0.5◦ climate dataset released by CRU and the global
high-resolution climate dataset released by WorldClim. The spatial precision of radiation
data (SR) is 0.05◦, which is based on the inversion of MODIS and AVHRR data, where
AVHRR data are estimated using an improved lookup table algorithm and MODIS data are
estimated using a hybrid algorithm. Vapor Pressure Deficit (VPD) data came from network
sharing, and the spatial resolution was 0.05 degrees.

https://zenodo.org/records/8176941
https://data.tpdc.ac.cn/
https://www.geodata.cn/main/
https://data.tpdc.ac.cn/
https://cds.climate.copernicus.eu/
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2.2.3. Other Data

Normalized Difference Vegetation Index (NDVI) (https://www.earthdata.nasa.gov/)
(accessed on 22 February 2023) data were obtained from NASA. The NDVI data come from
the MOD13A3 dataset regularly released by NASA, and the spatial precision of the data
is 1 km. Both Gross Domestic Product (GDP) and population (POP) data were collected
from the National Tibetan Plateau Science Data Center. The spatial resolution of GDP
and population data is 1 km. These two raster data were spatialized for GDP and the
population by integrating multiple factors and assigning weights, which facilitates data
sharing and spatial statistical analysis. The data come from the resource and environmental
science data registration and publication system, and the linear interpolation of time is
performed on the raw data to obtain year-by-year data, which is saved in the GeoTIFF file
format. The methodology and standards of the data in previous years are consistent, the
coverage is complete, and the collection and processing process is traceable and reliable,
(https://doi.org/10.12078/2017121102) (https://doi.org/10.12078/2017121101) (accessed
on 22 February 2023). The data pertaining to the road and rail networks were sourced from
Baji Data (https://www.bajidata.com/) (accessed on 22 February 2023). These data were in
the shape file (SHP) format, and the distance raster data were obtained using the Euclidean
distance tool in ArcMap 10.7.

2.3. Methods

In this paper, the RICI index is used as a factor to quantitatively evaluate human
activities, and the Geographical detector is used to detect the Single factor and interactive
factor effects of RICI with climate factors. Furthermore, it combines the PLUS model
and CASA model to predict the NPP under the three scenarios in 2030 for analysis. The
technical route is shown in Figure 2. We calculated PNPP to obtain HNPP; combined with
the LUCC transfer matrix to obtain MNPP and LNPP; and judged the dominant factor by
comparing the size of the absolute value of the slope of PNPP and HNPP. The RICI index,
MNPP-RICI, and LNPP-RICI can be calculated from ANPP, PNPP, MNPP, and LNPP and
the influence of the RICI index and climate factors on grassland NPP was then detected by
using the geographic detector. We obtained the LUCC for the three scenarios in 2030 from
the PLUS model and then imported the parameters into the CASA model to calculate the
NPP for the three scenarios in 2030.
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2.3.1. Calculation of NPP and Significance Evaluation

We calculated PNPP and combined with ANPP to obtain HNPP. The land use transfer
matrix for each year is calculated and combined with HNPP to obtain LNPP and MNPP
and the significance of each NPP is calculated to analyse the trend of NPP changes.

Collection of Actual NPP

The actual NPP (ANPP) was derived from the MOD17A3HGF dataset [40], which had
undergone various calibration changes, including modifications to the response-scan angle
(RVS) methodology that have an impact on the reflection bands of Aqua and Terra MODIS.
Additionally, optical crosstalk in the Terra MODIS infrared band has been rectified, and
amendments have been made to updates to the Terra MODIS forward lookup table (LUT)
for the period 2012–2017.

Estimation of Potential NPP

The Potential Natural Productivity (PNPP) index may be employed to elucidate the
influence of climatic changes on vegetation productivity in grassland ecosystems. PNPP
was calculated using the Thornth Waite Memorial model [41,42], which was constructed
upon the Miami model. This is expressed as follows:

E = 3000 + 25AAT+ 0.05AAT3 (1)

ET =
1.05ATP√

1 + (1 + 1.05ATP/E )2
(2)

PNPP = 3000[1 − e−0.0009695(ET−20)
]

(3)

where E is used to denote the annual average evapotranspiration (mm). AAT represents the
annually averaged temperature (◦C); ET denotes the annual actual total evapotranspiration
(mm); ATP signifies the annual total precipitation (mm).

LUCC Change and Corresponding NPP

Combining the LUCC for 2000 with the other years gives the land use transfer matrix
for each year, which is then combined with the ANPP data to obtain the area and NPP for
each transfer type.

Subdivision of Grassland NPP and Human Activities NPP

It is widely accepted that human activities and climatic changes are the main factors
affecting the change in grassland NPP, namely human activities NPP (HNPP) and PNPP,
which is the direct cause of the change in the ANPP. The ANPP of grassland for the years
2000 and 2020 is predominantly represented as follows:

NPP2000 = NPP2000 unchange + NPPout (4)

NPP2020 = NPP2020 unchange + NPPin (5)

where NPP2000 is the ANPP of grassland in 2000; NPP2020 specifies the ANPP of grass-
land in 2020; and “2000unchange” represents the grassland area that did not change in
2000 in the transfer from 2000 to 2020, which means that it is a grassland area in both
2000 and 2020. “2000unchange” and “2020unchange” represent the same regional extent.
NPP2000unchange and NPP2020unchange are obtained by mask extraction of the NPP in
the corresponding regions; “in” and “out” are relative to grassland, with “in” referring to
areas where other land-use types have converted to grassland; and “out” refers to areas
where grassland has been converted to other land-use types. Mask extraction of the ANPP
based on the extent of the “in” and “out” regions yields NPPin and NPPout.
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HNPP can be subdivided into NPP caused by land use change (LNPP) and NPP
caused by human management practices (MNPP). The area of grassland converted to
grassland (grassland unchanged) is the management measure in human activities, while
the area of mutual transfer between grassland and other land use types is the land use
change in human activities. By computing HNPP on the corresponding regions, MNPP
and LNPP can be obtained. The calculation of LNPP and MNPP can be derived from the
expression of ANPP and PNPP, as follows:

LNPP2020 = NPPin − NPPclimate−change (6)

LNPP2000 = NPPout − NPPclimate−change (7)

MNPP2020 = NPP2020 unchange − NPPclimate−unchange (8)

MNPP2000 = NPP2000 unchange − NPPclimate−unchange (9)

where NPPclimate-change is PNPP in the context of incremental grassland. NPP2020unchange
represents the NPP of 2020 constant grassland; the NPP2000unchange indicator refers to the
NPP of a steady grassland ecosystem in the year 2000; and the NPPclimate-unchange represents
the PNPP of the grassland area that has remained unaltered [41].

Dynamic Analysis of Grassland Ecosystems

This research focused diverse types of NPP for the purpose of evaluating grassland
productivity and its underlying drivers. To analyze the changes in grass NPP, we applied
the least squares regression. To ascertain the significance of the observed variation, we
employed an approach that involved calculating a slope and utilizing the associated F-test
to ascertain the confidence interval [41]. The following formula is to be employed:

slope =
n ×∑n

i=1 (i × NPPi) − ∑n
i=1 i∑n

i=1 NPPi

n × ∑n
i=1 i2 − (∑n

i=1 i) 2 (10)

F = (n − 2) × U
Q

(11)

U =∑n
i=1

(
ŷi −

-
y
)2

(12)

Q =∑n
i=1(yi − ŷi)

2 (13)

where i represents a number between 1 and 21, with 1 representing the year 2000 and 21
representing the year 2021. The variable n is set to 21, corresponding to the study period.
As indicated by NPPi, the value of NPP in year i can be determined. U represents the
summation of squares pertaining to regression, whereas Q represents the summation of
squares pertaining to error; yi refers the actual NPP in the i year. The regression value,
represented by the letter ŷi signifies the average NPP over the 21-year period, which is
indicated by the letter

-
y. The F-test is a statistical tool that can be used to ascertain the

significance of a modification in the NPP.

2.3.2. Assessment of the Dominant Factor

Using the ANPP, PNPP, and HNPP calculated in the previous sections, grassland
restoration and degradation were judged by the positive and negative relationship of
ANPP, and the dominant driver was judged by the relationship between the absolute
magnitude of the slopes of PNPP and HNPP.

The distinction between grass growth and degradation may be discerned through an
examination of the slope of ANPP (AS), as calculated by using Equation (10). The different
scenarios are shown in Table 1. The comparison of absolute slope values of PNPP (CS) and
HNPP (HS) can assess the impact of driving factors. When AS is greater than 0 and |CS| is
greater than |HS|, the climate factor is considered to be the main driver of the increase in
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AS. When AS is greater than 0 and |CS| is less than |HS|, human activities are considered
to be the main driver of the increase in AS. When AS is less than 0 and |CS| is greater than
|HS|, the climate factor is considered to be the main driver of the reduction in AS. When
AS is less than 0 and |CS| is less than |HS|, human activities represent the preponderant
causal factor of AS reduction [43].

Table 1. Scenarios to ascertain the influence of driving factors on the condition of grassland ecosys-
tems. (AS, CS, and HS represent the trend slope of change for ANPP, PNPP, and HNPP in each pixel).

Grassland Condition Method (Slope Comparison) Roles of Factors About Climate and Human Activities

Restoration (AS > 0)
|CS| > |HS| Climate-caused (CDR)
|CS| < |HS| Human activities-caused (HDR)

Degradation (AS < 0) |CS| > |HS| Climate-caused (CDD)
|CS| < |HS| Human activities-caused (HDD)

2.3.3. Detection of Single and Interacting Factors

The RICI index, ATP, AAT, radiation, ET, and VPD were probed using a Geographical
detector to obtain the single and interactive factor effects for each factor.

Relative Impact Contribution Index (RICI)

Extensive studies have been conducted based on PNPP and ANPP to quantitatively
determine how climatic changes and human activities affect vegetation NPP [44]. The RICI
has been established as a quantitative index for evaluating the effect of human activities on
grassland NPP. The calculation is as follows:

RICI =
PNPP − ANPP

PNPP
(14)

An RICI value greater than zero implies that human activities are having a deleterious
impact on NPP. Conversely, a negative RICI value indicates that human activities are bene-
ficial for the maintenance of grassland NPP. It can be seen that there is a direct correlation
between the magnitude of the RICI and the degree of impact that human activities have on
the alteration of grassland NPP [16].

Geographical Detector

The geographical detector represents a statistical method of detecting spatial het-
erogeneity and of elucidating the factors influencing this phenomenon. Through the
quantitative analysis of the total discrepancy between the different types of geographic
space, the Geographical Detector is capable of determining the extent to which the indepen-
dent variables exert influence on the dependent variables [45]. The present study makes
use of both the single-factor and the interaction detectors in order to ascertain the impact of
climate change factors and human activity factors in NPP. In single-factor detection and
interactive detection, the influence of factors is evaluated by the q value. Previous studies
have found that when the condition of p < 0.01 was satisfied, the p and q values of the
factors were considered to be statistically significant [46].

Single-factor detection primarily identifies the extent to which an independent variable
influences the spatial heterogeneity of a dependent variable. This is achieved by utilizing
the value of q to assess the influence degree of the independent variable, thereby facilitating
the detection of factors that impact the spatial heterogeneity of the dependent variable. The
first step is to detect the spatiotemporal variation in variable Y. The following step is to
ascertain the influence of factor X on this variability. The test result is represented by q
value [46], as follows:

q = 1 − SSW
SST

(15)
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SSW =∑L
h=1 Nhσh

2 (16)

SST = Nσ2 (17)

where q represents the influence of factors on NPP, that is, the strength of explanatory power.
h = 1, . . . L; and L refers to the stratification of either variable Y or factor X. Nh and N denote
the number of sampled units in the differentiated area and the entire area, respectively. The
variances of RSEI in differentiated areas and the entire area are represented by σh

2 and σ2,
respectively. SSW is used to describe the overall variance of differing layers, whereas SST
represents the region-specific summation of this variance. The value range of q is defined
as [0, 1]. The greater the proximity of q to the value of 1, the more pronounced the effect of
the influencing factor on the NPP [17].

The interaction detector is employed to identify the interaction of disparate influ-
encing factors on the dependent variable. Subsequent to the interaction detection of the
aforementioned influencing factors, there are typically five cases: nonlinear weakening,
single-factor nonlinear weakening, two-factor enhancement, nonlinear strengthening, and
mutual independence [47]. In this study, the mesh size of each fishing net was 0.1 de-
grees square.

2.3.4. NPP Prediction

The prediction of NPP comprises four principal steps. The initial step is to utilize the
PLUS model to forecast the LUCC under three distinct development scenarios. The second
step is to employ the CASA model to calculate the 2020 NPP for verification purposes.
The third stage of the process entails utilizing multiple linear regression to predict the
NDVI in 2030. The subsequent step is the utilization of the CASA model for the purpose of
forecasting future NPP.

Patch-Generating Land Use Simulation (PLUS) Model

The PLUS model is a cellular automaton (CA) model founded upon raster data, which
is capable of simulating LUCC alterations. The proposed model demonstrated superior
simulation accuracy and exhibited landscape pattern metrics that were more closely aligned
with the true landscape than those observed in other CA models under investigation [48].
This paper selects six driving factors from three aspects: ATP, AAT, GDP, POP, and distance
from highway and distance from railway. The first step is to employ a Markov model to
forecast prospective land use data for a natural development scenario (ND). Subsequently,
a conversion probability matrix is modified under two alternative scenarios, namely an
economic development scenario (ED) and an ecological protection scenario (EP). Finally,
the future land use data for the aforementioned scenarios are predicted. In this paper, the
Kappa statistic is employed to assess the precision of the simulation outcomes. The Kappa
statistic ranges from 0 to 1, with values exceeding 0.7 denoting a substantial degree of
consistency and accuracy in the simulation results [49,50]. The formula is presented below,
as follows:

Kappa =
P0 − P1

P2 − P1
(18)

where P0 represents the correct proportions of the simulation, P1 represents the correct
proportions of the model in the random case, and P2 represents the correct proportions
of the simulation in the ideal classification case [51]. Verification of the model revealed a
kappa statistic of 0.8928, indicating a high level of accuracy in the simulation. The model
demonstrated the capacity to accurately reflect the LUCC in the Qinghai–Tibet Plateau, a
capability that can inform future forecasts for the year 2030.
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Estimation and Verification of NPP

In this study, the CASA model is employed for estimating net primary production
(NPP), whereby NPP is determined by multiplying the absorbed photochemical active
radiation (APAR) in green vegetative matter by the light energy utilization efficiency (ε)
and NPP is determined by employing the following formula:

NPP(x, t) = ε(x, t) × APAR(x, t) (19)

ε(x, t) = Tε1(x, t) × Tε2(x, t) × Wε(x, t) × εmax (20)

APAR(x, t) = SOL(x, t) × FPAR(x, t) × 0.5 (21)

the variable x represents a pixel, while t represents time; ε(x, t) represents the quantity of
light energy absorbed by pixel x during the month indicated by the subscript, with the unit
of measurement is g C·MJ-1; and APAR(x, t) represents the radiation produced by pixel x
in month t when the pixel is engaged in photosynthetic activity. The unit of measurement
for this radiation is g C/(m2·month); Tε1(x, t) represents the limiting effect of vegetation
at low and high temperatures, while Tε2(x, t) denotes the ambient temperature to which
the vegetation is exposed; Wε(x, t) signifies the effect of humidity conditions on the use of
light energy; εmax is the maximum light energy utilization under ideal conditions; SOL(x, t)
represents the total solar radiation at pixel x in month t; FPAR(x, t) is the proportion of
incident photosynthetically active radiation absorbed by the vegetation layer; and the
constant 0.5 represents the fraction of solar radiation that can be used by vegetation as
effective solar radiation [52].

The estimated NPP and actual NPP were verified by taking uniform points. First, the
2020 NPP was estimated by the CASA model, then fishing nets were constructed, and the
estimated NPP and actual NPP were sampled according to different land use types, with a
total of 2357 data points.

The prediction method used in this paper requires fewer parameters for NPP predic-
tion. It allows for the prediction of NPP values using both past and future data and taking
into account landuse change, resulting in more accurate and reasonable predictions. Future
vegetation type data, which can be predicted by the PLUS model (a land-use prediction
model), are necessary to predict NPP using the CASA model. The PLUS model achieves
better simulation accuracy compared with the CA-Markov model and the FLUS model for
land use prediction [31].

3. Results and Discussion
3.1. LUCC Change and Corresponding NPP in the Qinghai–Tibet Plateau

The LUCC exerts an immediate impact on plant productivity as a consequence of
human activities [53,54]. As illustrated in Figures 3a and 4a, the conversion of bareland into
grassland (6.45%) is predominantly concentrated in the Qilian Mountains in the northeast,
the cross-zone between bareland and grassland in the southwest Qinghai–Tibet Plateau.
Similarly, the conversion of farmland to grassland (11.77%) is primarily concentrated in
the eastern Dingxi City, Lanzhou City, and the Qilian Mountains, as well as the western
Kashgar area. This transformation in land utilization has been made feasible as a conse-
quence of the introduction of ecological conservation policies, including the conservation
of natural forests [55,56]. The transformation of farmland into forest and grassland [57] and
the creation of protected areas designated for the preservation of natural habitats [58,59].
Whereas, the degradation of grassland on the Qinghai–Tibet Plateau is predominantly
concentrated in northern Tibet and northwestern Qinghai (Figure 3b). The alteration from
grassland to bareland, woodland, and farmland is clearly discernible [60–62]. The alter-
ation of grassland to bareland (3.87%) was primarily concentrated in the western Kunlun
Mountains. The transformation of grassland into farmland (0.92%) was primarily situated
in the eastern Minshan Mountains and the western Kashgar region (Figures 3b and 4a).
Furthermore, the conversion of grassland to forest land (0.7%) was predominantly concen-
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trated in eastern Longnan City and the southeastern Garze Tibetan Autonomous Prefecture
(Figures 3b and 4a). The loss of vegetation cover may be attributed to overgrazing [37]. The
findings indicated that grassland degradation was more pronounced than restoration on
the Qinghai–Tibet Plateau, exhibiting a downward trajectory. The application of ecological
conservation measures has been demonstrated to exert a significant beneficial effect on
the restoration and sustainable development of grassland and forest on the Qinghai–Tibet
Plateau to a certain extent [63]. However, the impact of these policies may be outweighed
by the combined effects of overgrazing, climatic changes, and unfavorable environmental
conditions [55].
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Figure 3. Geographical distribution characteristics of grassland and other LUCC on the Qinghai–Tibet
Plateau from 2000 to 2020. Figure (a) depicts the conversion of the Qinghai–Tibet Plateau from LUCC
to grassland. Figure (b) illustrates the transformation of grassland into other LUCC within the
same region.

The extent of grassland that has transformed into other land uses, as well as the area
of other land uses that have been transformed into grassland, was 6.99 × 104 km2 and
6.71 × 104 km2, respectively (Table A1). By the year 2020, the mean NPP loss was predom-
inantly attributed to the conversion of grassland to forest (456.36 C/(m2·yr)) and shrub
(418.05 g C/(m2·yr)). While the increase was mainly the transfer of forest (425.39 C/(m2·yr))
and shrub (379.04 C/(m2·yr)) to grassland (Figure 4b). The total NPP loss in grassland
was 1.06 × 105 Gg C. The predominant cause of this decline can be attributed to the
conversion of grassland to farmland and forest, which accounts for 3.58 × 104 Gg C and
4.11 × 104 Gg C (Figure 4c). The total NPP from the expansion of grassland in 2020 was
7.55 × 104 Gg C, of the total NPP derived from farmland was 4.13 × 104 Gg C, followed
by bareland, 1.96 × 104 Gg C (Table A1). It can be observed that the MNPP and PNPP are
3.46 × 104 Gg C and −1.89 × 104 Gg C, respectively (Figure A2), in comparison to the total
NPP estimated for unmanaged grassland in 2000. The total NPP increase attributed to
land use change was 5.49 × 103 Gg C, with an additional 7.57 × 103 Gg C transferred from
grassland (Figure A2). In general, the total NPP driven by human activities demonstrated
an upward trajectory during the period between 2000 and 2020 [64]. Conversely, the NPP
driven by climate change presented a declining trend. It has been demonstrated that human
activities can positively influence the expansion of grassland NPP and that human activity
can also play a role in mitigating grassland degradation by regulating climate [65].
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3.2. Spatial Distribution and Significance Analysis of Different NPP

The ANPP is greater than 200 g C/(m2·yr) in the southeast regions, while the northwest
regions are between 0~200 g C/(m2·yr) [66]. For PNPP, the southeast regions are greater than
450 g C/(m2·yr), while the northwest regions are between 0 and 450 g C/(m2·yr). The spatial
distribution of MNPP and LNPP is the opposite, the southeast is lower than −500 g C/(m2·yr),
and the northwest is higher than −500 g C/(m2·yr) (Figure 5a,b,d,e,g,h,j,k). It is noteworthy
that the PNPP is considerably larger than the ANPP (Figure 5a–e). PNPP is larger than
350 g C/(m2·yr) in most areas, while ANPP is smaller than this value in most areas. A
significant increase (0.01 < p ≤ 0.05) and an extremely significant increase (p ≤ 0.01) in ANPP
were observed to be predominantly localized in the northeast and central regions of the
Qinghai–Tibet Plateau, encompassing the northern Tibet Plateau and the Qilian Mountains
(Figure 5c). The increase in NPP may be attributed to an increase in humidity [66,67].
In contrast, the ANPP in the Nienqing Tanggula Mountains and the southwestern Tibet
Autonomous Region demonstrated a declining trend (Figure 5c), which is in accordance
with the results of a previous study [68]. The significant and extremely significant decreases
in ANPP were localized in the Lhasa and Nyingchi City areas (Figure 5c). These decreases
may be attributed to the low temperatures observed in these regions [69]. The significant
increase in PNPP was primarily concentrated in the eastern portion of the Qinghai–Tibet
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Plateau, whereas the significant decrease in PNPP was distributed across the southeastern
regions of Nyingchi City and Lhasa City (Figure 5f). The LNPP exhibited an upward
trajectory in the southeastern and western regions of the Qinghai–Tibet Plateau (Figure 5i).
The significance of MNPP is consistent with that of LNPP but opposite that of PNPP. There
was a notable increase in a few areas in the central and western regions (Figure 5l).
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Figure 5. The geographical distribution of ANPP, PNPP, LNPP, and MNPP in the Qinghai–Tibet
Plateau in 2000 (a,d,g,j) and 2020 (b,e,h,k) and the corresponding significance analysis during
21 years (c,f,i,l). Decreased cases are a slight decrease (SLD), significant decrease (SID), and extremely
significant decrease (ESD). Increased cases are a slight increase (SLI), significant increase (SII), and
extremely significant increase (ESI).
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3.3. The Impact of Driving Factors on the Change in NPP

The transformation of ecosystems influenced by a complex interplay of factors, the
dominant influence of which can be attributed to climatic changes and human activities [70].
The majority of grasslands on the Qinghai–Tibet Plateau exhibited indications of restoration
(Figure 6a). Restoration areas that are characterized by human activities are predominantly
located in the northern Tibetan Plateau of the Qinghai–Tibet Plateau, the Brahmaputra
River basin, and the Lancang River basin (Figure 6a). This is largely attributable to the
regulation and intervention in grazing capacity [71]. The climate-dominated restoration
areas are predominantly located in the vicinity of rivers and lakes in the eastern portion
of the Qinghai–Tibet Plateau (Figure 6a). The areas exhibiting signs of degradation are
primarily concentrated in the southeastern regions of the Qinghai–Tibet Plateau (Figure 6b).
The areas exhibiting degradation are predominantly situated in the southern areas of the
Tibetan Autonomous Region, as well as in the Bayan Kala Mountains (Figure 6b). These
areas have been degraded primarily as a result of human activities. This distribution may
be associated with the engineering of the Qinghai–Tibet Trans-Himalayan railway, as well
as the influx of local residents and tourists [72]. The climate-dominated degraded areas are
primarily situated in the southeastern region of the Qinghai–Tibet Plateau, encompassing
the southern Tibetan valley and the Nianqing Tanggula mountain range (Figure 6b). These
areas experience relatively high temperatures, which may impede vegetation growth [73].
Furthermore, the distribution of degraded grassland is markedly less extensive than that of
restored grassland [69].

It was determined that human activities and climatic changes were responsible for
43.11% and 56.89% of the recovery of grasslands in the Qinghai–Tibet Plateau, respectively,
with climate change considered the primary factor (Figure 6c). With respect to grassland
degradation in the Qinghai–Tibet Plateau, human activities and climatic changes were
identified as contributing 29.77% and 70.23%, respectively. Similarly, climatic changes
were identified as the predominant factor (Figure 6c). The extent of grassland degrada-
tion attributable to climatic changes is greater than that attributable to human activities
(Figure 6c). These findings are consistent with those of a previous study [74]. It is com-
monly acknowledged that the growth of vegetation is most significantly influenced by the
availability of water. Therefore, a shortage of water may be a principal factor in the process
of grassland degradation [75]. It was demonstrated that the regrowth of grassland resulted
in an enhancement in NPP, whereas a diminution in NPP as a consequence of grassland
degradation was observed [76]. From 2000 to 2020, the NPP reduction resulting from
grassland degradation in the Qinghai–Tibet Plateau was −627.35 Gg C. Climatic change
was identified as the dominant factor, accounting for 92.54% (Figure 6d). With respect to
the alteration in NPP resulting from grassland restoration, climate change persists as the
predominant factor, with an increase of 1127.14 Gg C, representing a proportion of 70.85%
(Figure 6d).
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Figure 6. The geographical distribution of grassland degradation in Qinghai–Tibet Plateau (a)
and restoration in Qinghai–Tibet Plateau (b) induced by climatic changes and human activities.
Contribution of driving factors to grassland health contribution (c). The analysis of grassland
NPP due to its contribution to the health of different driving factors (d). HDD, CDD, HDR, and
CDR represent human-dominated degradation, climate-dominated degradation, human-dominated
restoration, and climate-dominated restoration, respectively.

3.4. Detection and Analysis of Climate Change Factor and Human Activity Factor of NPP
3.4.1. Analysis of the RICI Index

The LNPP-RICI represents the RICI of the calculated NPP of land use transfer, while
the MNPP-RICI denotes the RICI of the calculated NPP of management measures. It can be
seen that the RICI in the northwestern region of the North Tibet Plateau showed negative
values (Figure 7a,b) and the growth of grassland NPP is caused by human activities to
a certain extent [71]. The RICI value in other areas is predominantly positive, indicating
that human activities have contributed to a decrease in grassland NPP (Figure 7a,b) [72].
The RICI value in the western part of the Tibet Autonomous Region, in the vicinity of
Xining City and Lhasa City, is predominantly situated between 0 and 0.4 (Figure 7a),
indicating a relatively minimal influence of human activities. It is evident that policy
management can exert a considerable influence on the Earth’s environment. Furthermore,
human activities have been demonstrated to facilitate grassland restoration [77]. In order
to safeguard the Qinghai–Tibet Plateau’s grassland resources, China has established some
comprehensive environmental protection policies, aiming to achieve a harmonious balance
between economic advancement and environmental stewardship [78]. In Xinjiang, Tibet,
Qinghai, and other pastoral regions, grassland restoration has been advanced through
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techniques such as fencing, replanting, and plowing [79]. The RICI of the northern Tibetan
Plateau, the south of the Gangdise Mountains, the Nianqing Tanggula Mountains, and
the Bayan kala Mountains are scattered between 0.6 and 1 (Figure 7a). It can be observed
that human activities exert a considerable influence on these regions, with the influence
of human activities being greater than that of climate conditions. The Northern Tibetan
Plateau has the widest distribution of lakes in China [80] and is one of the most important
grazing ecosystems in the world [81]. In pastoral areas, alterations in livestock distribution
resulting from shifts in pasture property rights may intensify the pressure on certain
pastures, leading to human activities such as overgrazing due to an imbalance in resource
systems. This, in turn, may have a detrimental impact on grassland ecosystems [82].
The majority of nomadic activities are concentrated in the foothills and intermountain
valleys [83,84], which is why the index is high in the vicinity of the Gangdises, Niench
Tanggula, and Bayan Kala mountains (Figure 7a). The LNPP-RICI spatial distribution is
generally consistent with the MNPP-RICI spatial distribution. Situated in the southern
region of the Qinghai–Tibet Plateau (Figure 7b), the expansion of urban areas has resulted
in a significant reduction in the extent of natural habitats, leading to a decline in grassland
NPP [85]. The Sanjiangyuan area, which is of great ecological fragility, will be significantly
impacted by human activities [86].
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3.4.2. Analysis of the Single-Factor Detector

The p-values of the selected factors are all equal to zero (Table 2), which indicates that
the variables exert a significant impact on the spatial heterogeneity of NPP. This result also
corroborates the assertion that temperature, precipitation, evapotranspiration, VPD, and
radiation are the most significant factors influencing grassland phenology, as documented
in the literature [87–91]. The q-values of ET, ATP, and RICI are particularly noteworthy
(Table 2). In alpine ecosystems such as the Qinghai–Tibet Plateau, vegetation NPP, is
significantly influenced by precipitation and ET changes [92,93]. Compared to MNPP-RICI
and LNPP-RICI displays a higher q value (Table 2), indicating that land use is a primary
means through which humans impact the ecosystem [94,95], while the climate factor is still
the dominant factor in the whole region.
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Table 2. q value and p value of each influencing factor.

Influence 2000 2010 2020
Factor p Value q Value p Value q Value p Value q Value

ET 0.000 0.696 0.000 0.670 0.000 0.674
ATP 0.000 0.676 0.000 0.669 0.000 0.683
RICI 0.000 0.714 0.000 0.670 0.000 0.626
VPD 0.000 0.250 0.000 0.426 0.000 0.321
AAT 0.000 0.623 0.000 0.604 0.000 0.630
SR 0.000 0.610 0.000 0.562 0.000 0.493

ET 0.000 0.569 0.000 0.480 0.000 0.564
ATP 0.000 0.568 0.000 0.479 0.000 0.543

LNPP-RICI 0.000 0.746 0.000 0.695 0.000 0.683
VPD 0.000 0.324 0.000 0.256 0.000 0.352
AAT 0.000 0.476 0.000 0.354 0.000 0.519
SR 0.000 0.515 0.000 0.401 0.000 0.555

ET 0.000 0.442 0.000 0.496 0.000 0.472
ATP 0.000 0.426 0.000 0.484 0.000 0.486

MNPP-RICI 0.000 0.519 0.000 0.549 0.000 0.456
VPD 0.000 0.085 0.000 0.235 0.000 0.069
AAT 0.000 0.246 0.000 0.222 0.000 0.315
SR 0.000 0.505 0.000 0.469 0.000 0.444

3.4.3. Analysis of the Interaction Detector

The interaction detection outcomes illustrate that the combined q-value of all influenc-
ing factors following interaction is greater than the individual q-values of each factor within
the interaction, indicating a two-factor enhancement (Figure 8). The q value of RICI’s inter-
action with ET and ATP is consistently the highest among the three modules. Furthermore,
in the MNPP-RICI module, both ET and MNPP-RICI, as well as ATP and MNPP-RICI,
demonstrate nonlinear enhancement (Figure 8). The impact of varying levels of grazing
on the spatial heterogeneity of the entire plateau grassland ecosystem was found to be
significant [71]. In the Qinghai–Tibet Plateau, precipitation exerts a profound influence on
vegetation growth [96]. The decisive factors of ET are precipitation and temperature [88],
which explains the significant interaction effect of ET and ATP with RICI and the nonlin-
ear enhancement in the MNPP-RICI module. In the LNPP-RICI module, ET, AAT, ATP,
and AAT demonstrate nonlinear enhancement (Figure 8). ET is notably correlated with
temperature, and an increase in temperature will exacerbate evapotranspiration [97,98].
Temperature and precipitation are due to the fact that the synchronization of rain and
heat will promote the accumulation of NPP [99]. In three modules, the influence of the
anthropogenic factors increased greatly after interacting with the climate factors, indicating
that human activities also affect grassland NPP by influencing climate [100].

3.5. NPP Prediction of Qinghai–Tibet Plateau Under Multiple Scenarios
3.5.1. Accuracy Verification of NPP Estimation

The average NPP simulated and actual values of 2307 verification points are
309.73 g C/(m2·yr) and 265.20 g C/(m2·yr), respectively (Figure 9). There is a statistically
significant positive linear relationship between the simulated value of NPP and the actual
value, with a correlation coefficient of 0.752 and an average relative error of 16.79% [52],
which indicates that the overall simulation effectiveness of the CASA is relatively good.
The data points are situated close to the 1:1 line.
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3.5.2. Prediction of NPP Under Three Development Scenarios in 2030

The prediction results show that the main LUCC is grassland and bareland, and the
area of impervious surface is very small (Figure 10a–c) [78]. The dataset reveals a distinc-
tive geographical pattern, with the north exhibiting relatively lower values, and the south,
conversely, demonstrating elevated values. Furthermore, the data indicate a decline in
values from east to west and an increase from west to east (Figure 10d–l). MNPP is more
pronounced in the southwestern area of the Northern Tibet Plateau, and the spatial distri-
bution of LNPP is analogous to that of MNPP (Figure 10g–l). The predicted actual values of
all land use categories are largely in accordance with the theoretical values (Figure 11). The
percentage of the Qinghai–Tibet Plateau that is urban is relatively low, yet it demonstrates
a notable increasing trend across all three scenarios (Figure 12a–c) [78]. Furthermore, the
quantity of land designated for impervious surfaces in the ED is markedly greater than that
in the other two scenarios (Figure 12b), which is 36.92%. This is largely due to the influence
of national strategies such as the “Western Development” initiative, which have contributed
to an accelerated pace of urbanization and population growth in the region [101]. In EP,
the growth rate of impervious surface land is the smallest, only 12.93%, while the growth
rates of forest, waters, and wetlands are different from the other two scenarios, showing
positive growth, increasing by 0.31%, 9.43%, and 20.39%, respectively (Figure 12c). This
may be associated with the introduction of a number of new legislative measures in China
in the past few years, focusing on the expansion of forest cultivation [102]. In comparison
with the other scenarios, the expansion of bare land was curbed to some extent, with a
larger reduction of −2.48% (Figure 12c), indicating that China’s environmental policies had
a positive effect [103]. Figure A1 illustrates a similar trend among NPP and temperature
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and precipitation, exhibiting a roughly proportional relationship. While NPP exhibits
an inverse relationship with radiation. Although the temperature in the CMIP6 ssp245
medium emission scenario is higher than in 2020, precipitation is much lower than in 2020,
and radiation data are much higher than in 2020. These phenomena lead to a decreasing
trend in climate-induced NPP in 2030. The results presented in Sections 3.3 and 3.4 indicate
that climate change is the primary driver of NPP on the Tibetan Plateau. Consequently,
as climate-induced NPP declines, overall NPP on the Tibetan Plateau will also decline.
The ecological conservation scenario demonstrates the greatest potential for growth in
forests, waters, and wetlands, with some restoration of grasslands and forests (Table 3).
Despite the increase in the area of forests and other vegetation, the overall NPP on the
Tibetan Plateau in 2030 is decreasing, ecological conservation only slows down the trend of
decreasing NPP. Human activities have a positive effect on ecosystem improvement. For
impervious surfaces, although the economic development scenario has the largest area, the
corresponding total annual NPP is smaller than that of the ND (Table 3). In parallel with
urban development, differentiated regulation and dynamic adjustment should be consid-
ered, and the degree of urban greening should be improved through the establishment of
national parks, nature reserves, and natural parks [104].
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Figure 11. Different land use areas were calculated theoretically and simulated in ND, ED, and EP
in 2030. The color box is the theoretical value and the color column is the actual value, (a) shows
the theoretical and simulated values of Farmland, Waters and Ice/snow under three scenarios;
(b) shows the theoretical and simulated values of Forest, Grassland and Bareland under three
scenarios; (c) shows the theoretical and simulated values of Shrub, Impervious surface and Wetland
under three scenarios.
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Figure 12. The alteration rates of each LUCC from 2020 to 2030 in ND, ED, and EP. (a) shows the
alteration rates of each LUCC under the natural development scenario; (b) shows the alteration rates
of each LUCC under the economic development scenario; (c) shows the alteration rates of each LUCC
under the ecological protection scenario.
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Table 3. NPP and growth rates by each land use type in 2030.

LUCC NPP (Gg C) ND Growth Rate ED Growth Rate EP Growth Rate

Farmland 13,305.2 −58.2% 13,240.0 −58.4% 12,013.8 −62.3%
Forest 157,466.8 4.3% 157,582.6 4.4% 159,362.7 5.6%
Shrub 1750.5 −42.0% 1751.1 −42.0% 1750.9 −42.0%

Grassland 146,941.6 −9.9% 146,933.7 −9.9% 146,950.6 −9.9%
Waters 1428.1 32.5% 1434.4 33.1% 1580.1 46.6%

Ice/snow 2047.5 404.7% 2039.6 402.7% 2044.4 403.9%
Bareland 14,513.4 190.0% 14,525.7 190.2% 14,279.3 185.3%

Impervious surface 425.7 −46.0% 399.8 −49.3% 399.2 −49.4%
Wetland 89.5 −13.0% 90.5 −12.1% 108.1 5.1%

4. Conclusions

The present study employed quantitative methodology to quantify the influence of
LUCC on grassland NPP and to investigate how climatic change and human activity
influence grassland dynamics and NPP in the Qinghai–Tibet Plateau from 2000 to 2020.
The grassland area of the Qinghai–Tibet Plateau exhibited a declining trend due to land
use conversion. The climatic change was the primary factor of either grassland recovery
or degradation. Among the climatic factors, ET is the principal determinant of the spatial
distribution of NPP. With regard to human activity factors, it was found that LNPP-RICI
exerts a greater influence than MNPP-RICI. The analysis of the interaction results indicated
that the interaction of climate and human activity factors enhanced their explanatory power
with regard to the geographical distribution of NPP through nonlinear effects. In the future,
the EP will facilitate further restoration of the vegetation on the Qinghai–Tibet Plateau and
promote the growth of vegetation NPP, although urbanization will continue to progress at
a slow rate. The rapid development of the city under the ED has an adverse effect on the
recovery of NPP. The challenge of balancing urban development and ecological protection
will be a pivotal issue. The results of this investigation may serve as a reference point
for the safeguarding of grassland ecosystems, taking into consideration the multifaceted
influences of human activities and climatic changes.
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Appendix A

Table A1. Statistics of grassland area and NPP associated with LUCC between 2000 and 2020 in the
Qinghai–Tibet Plateau.

Change Type Area (km2)
Mean NPP

(g C/(m2·yr)) Total NPP (Gg C)

Unchanged grassland Grassland to grassland 1,103,575.65 133.28 3,006,176.15

Turn out grassland

Grassland to farmland 10,781.20 274.89 35,796.78
Grassland to forest 8162.37 456.36 41,075.05

Grassland to bareland 45,382.40 26.37 16,933.87
Grassland to shrub 1306.29 418.05 8099.14
Grassland to waters 3465.61 64.97 3090.02

Grassland to ice/snow 568.37 46.50 460.97
Grassland to wetland 204.23 268.87 315.59

Grassland to impervious surface 324.65 151.21 469.77

Sum Turn out grassland 70,195.11 106,241.19

Turn in grassland

Farmland to grassland 8193.19 340.66 41,361.14
Forest to grassland 593.42 425.49 2383.98

Bareland to grassland 55,314.42 26.07 19,605.84
Shrub to grassland 1699.33 379.04 9228.72
Waters to grassland 769.23 107.23 897.32

Ice/snow to grassland 658.44 77.67 620.39
Wetland to grassland 162.80 315.94 1445.84

Impervious surface to grassland 1.93 33.31 0.72

Sum Turn in grassland 67,392.76 75,543.94
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1.93    33.31    0.72   

Sum  Turn in grassland  67,392.76      75,543.94   
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