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Abstract: The Qinghai-Tibetan Plateau (QTP) is the highest plateau in the world. Under the back-
ground of global change, it is of unique significance to study the net primary productivity (NPP)
of vegetation on the QTP. Based on the Google Earth Engine (GEE) cloud computing platform, the
spatio-temporal variation characteristics of the NPP on the QTP from 2001 to 2017 were studied, and
the impacts of climate change, elevation and human activity on the NPP in the QTP were discussed.
The mean and trend of NPP over the QTP were “high in the southeast and low in the northwest”
during 2001-2017. The trend of NPP was mostly between 0 gC-m~2-yr~! and 20 gC-m2-yr~!
(regional proportion: 80.3%), and the coefficient of variation (CV) of NPP was mainly below 0.16
(regional proportion: 89.7%). Therefore, NPP was relatively stable in most regions of the QTP. Among
the correlation coefficients between NPP and temperature, precipitation and human activities, the
positive correlation accounted for 81.1%, 48.6% and 56.5% of the QTP area, respectively. Among
the two climatic factors, the influence of temperature on NPP was greater than that of precipitation.
The change of human activities and the high temperature at low altitude had positive effects on the
increase of NPP.

Keywords: Google Earth Engine; NPP of Qinghai-Tibetan Plateau; spatio-temporal evolution;
influence factors

1. Introduction

Vegetation net primary productivity (NPP) refers to the amount of organic matter
accumulated by green plants per unit area and per unit time, which is reflected in the
part of the organic carbon fixed by photosynthesis that is deducted from the respiration
consumption of the plants themselves [1-6]. NPP not only directly reflects the productivity
of vegetation communities under natural environmental conditions and represents the
quality status of terrestrial ecosystems, but also plays an important role in determining the
carbon source and confluence of ecosystems in regulating ecological processes, playing an
important role in global change and carbon balance [7-9]. The Qinghai-Tibet Plateau (QTP),
with a large area of forest, snow and ice resources, is the initiating and regulating region of
climate change in the Northern Hemisphere [10]. Therefore, it is necessary to study the
temporal and spatial evolution and influencing factors of vegetation NPP on the QTP.

NPP can represent the production capacity of plant communities under natural condi-
tions. Scientific evaluation of ecosystem response to climate change is of great significance
to the formulation of environmental policies [11,12]. Research on the relationship between
vegetation NPP and climatic factors have made great progress in the 20th century [13].
Raich et al. [14] used the Terrestrial Ecosystem Model (TEM) to estimate the NPP value of
vegetation in South America and found that water availability is the main factor affecting
the interannual change of NPP in South America, but there are differences in influencing
factors among different vegetation types. In recent years, with the continuous devel-
opment and maturity of the remote sensing and geographic information system, many
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scholars have used the improved Carnegie-Ames—Stanford approach (CASA) model to
study the spatial pattern characteristics and driving factors of NPP in the Heihe River
Basin, northwest arid region, Guangxi province and northeast China [15-18]. The Moderate
Resolution Imaging Spectroradiometer (MODIS) Net Primary Productivity (NPP) product
(MOD17A3), an annual NPP derived from the biome-biogeochemical cycles (BIOME-BGC)
remote-sensing process model, has also been widely used. Liu et al. [19] analyzed spatio-
temporal variation characteristics of NPP of vegetation in Shandong province from 2000 to
2015 using MOD17A3 data, and the research shows that NPP as a whole presented an in-
creasing trend, and human activities are the core factor to change NPP. Based on MOD17A3
data, Wang et al. [20] studied the spatio-temporal characteristics of NPP in China from
2000 to 2006. Furthermore, there are many studies on NPP in QTP. Piao et al. [21] used
remote-sensing data and the CASA model to simulate the temporal and spatial variation
characteristics of NPP on the QTP. Li et al. [22] simulated the NPP based on the CASA
model and quantitatively assessed the relative roles of climate change and human activities
in the desertification process of QTP. Guo et al. [23] found that in 2000-2015, the annual
average NPP in the QTP decreased from southeast to northwest, and the center of gravity
of NPP shifted significantly to the east in the arid region, where temperature and rainfall
were the dominant factors of vegetation NPP, while in the rainforest-monsoon ecological
zone in southeastern Tibet, slope aspect parameter was the dominant factor of vegetation
NPP. Yang et al. The study of Yang et al. [24] showed that the spatial distribution of NPP in
the main valley grassland on the southern slope of the Qilian Mountains increased from
northwest to southeast.

Google Earth Engine (GEE) is a remote-sensing big data cloud computing platform
with massive global earth science data. GEE has powerful computing power and efficiency,
which can greatly reduce the amount of offline data needed, and then provide support for
remote sensing data processing with long time series and large range. At present, the GEE
cloud platform is being used for a lot of scientific research work [25-29], including global
water and vegetation dynamic change detection, crop yield estimation, global forest change,
etc. Yin et al. [30] studied the effects of different impact factors on NPP of forest, as well as
the responses of forests with different NPP levels to climate change and short-term climate
fluctuations using the GEE platform, and understood the temporal and spatial dynamics
of NPP of global forest. Robinson et al. [31] developed two separate resolutions (30 m and
250 m) gross primary productivity (GPP) and NPP products for the conterminous United
States region through GEE. GEE has become a powerful research tool in geoscience and
related fields.

In recent decades, the analysis of the variation trend and characteristics of NPP
have focused on a large scale and long time series. In the research of driving factors of
NPP spatial change, the aforementioned studies have been based on factors including
temperature, precipitation, and so on. Herein, we propose a framework for analyzing
the temporal and spatial variation characteristics and influencing factors (temperature,
precipitation, human activity and topography) of NPP in the QTP, China, using GEE. This
aims to enrich the relevant research results of regional environmental change in the QTP,
and provide decision support and scientific basis for the rational use of land resources and
the protection of the ecological environment.

2. Materials and Methods
2.1. Study Area and Data
2.1.1. Study Area

With an average altitude of over 4000 m and a total area of about 2.5 x 10° square
kilometers, the QTP (26°00'12” ~ 39°46'50” N, 73°18'52” ~ 104°46'59” E) mainly includes
the whole Tibet and the sub-regions of Qinghai, Xinjiang, Gansu, Sichuan and Yunnan.
The mountains on the QTP vary greatly in size. The high-altitude areas above 4000 m
account for 60.9% of Qinghai province and 86.1% of Tibet Autonomous Region [32]. There
are Mount Everest (8848.86 m), the world’s highest peak and the Jinsha River (1503 m).
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The average elevation of the Himalayas is about 6000 m, while the average elevation of the
Yarlung Zangbo River Valley is 3000 m. Generally speaking, the terrain of the QTP is high
in the west and low in the east. In contrast to the undulation of the edge of the plateau,
there exists a region with low undulation inside the plateau. Vegetation distribution in
the QTP has obvious zonal differentiation due to the regional differences of hydrothermal
assemblage in slope and vertical directions. According to the differences of vegetation
types and their geographical distribution characteristics [33], it can be divided into four
vegetation types: desert, grassland, high-cold vegetation and broad-leaved forest (Figure 1).
As one of the most important forest areas in China, the QTP has various forest types, but
the forest coverage rate is low, and the distribution is uneven. The forest area is small,
but its forest volume and unit area volume are high, especially in Tibet, where the forest
volume reaches 2.27 billion cubic meters.
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Figure 1. Vegetation regionalization of the Qinghai-Tibet Plateau (QTP) (a), and the location of the study area (b).

2.1.2. Net Primary Productivity (NPP) Data

In this study, we used the GEE platform to get annual NPP data (MOD17A3HGFE.006)
with a pixel resolution of 500 m [34]. The NPP dataset (MOD17A3HGEF.006) was derived
from the sum of all 8-day net photosynthetic (PSN) products in a given year, where the
PSN value was the difference between gross primary productivity (GPP) and mainte-
nance respiration (MR). The function to get the NPP dataset in GEEis ee.ImageCollection
(“MODIS/006/MOD17A3HGE”).

2.1.3. Meteorological Data

Meteorological data were derived from the “grid data of temperature and precipi-
tation over the QTP and surrounding areas from 1998 to 2017” released by the National
Qinghai-Tibetan Plateau Scientific Data Center [35]. The dataset included the interannual
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temperature and precipitation data (the spatial resolution of this dataset is 1 km) of the
QTP from 1998 to 2017. According to the needs of this study, we used the nearest neighbor
interpolation method to resample the spatial resolution of the meteorological data (from
2001 to 2017) to 500 m, which ensured the spatial resolution of NPP and meteorological
data consistent.

2.1.4. Digital Elevation Model Data

The digital elevation model (DEM) data with 90m resolution was derived from the
Shuttle Radar Topography Mission (SRTM) data provided by the GEE platform (function:
ee.Image("CGIAR/SRTM90_V4”)). The spatial coordinate system of the data was WGS
1984 geographic coordinates [36]. We used vector data of the QTP and image.clip() function
to clip SRTM data to the extent of the study area. We downloaded these clipped data from
GEE to study the effect of elevation on NPP. In order to study the influence of elevation on
NPP, we divided the elevation of QTP into nine sections with an equal interval of 1000 m
and calculated the mean value of NPP within each elevation range.

2.1.5. Human Footprint Dataset

Human footprint data on the QTP were obtained from Chinese scientific data [37]. By
using six spatial data sources (population density, land use, grazing density, night light,
railway and road) to represent human activities, Duan et al. [37] completed the preparation
of six human footprint datasets with a spatial resolution of 1 km on the QTP in 1990, 1995,
2000, 2005, 2010 and 2015. For this study, we resampled the spatial resolution of this human
footprint dataset to 500 m by nearest neighbor interpolation.

2.2. Methods

Using interannual data of NPP based on GEE cloud computing platform (Section 2.1.2),
we analyzed the spatio-temporal variation characteristics of NPP on the QTP from 2001 to
2017 (Section 3.1) using functions of GEE as follows: dataset.mean().clipToCollection(shapefile),
dataset.reduce(ee.Reducer.linearFit()), dataset.reduce(ee.Reducer.stdDev()).divide(mean). The
influencing factors of NPP change were discussed (Sections 3.2 and 4) combining climate,
elevation and human activity data (Sections 2.1.3-2.1.5). Figure 2 shows the research route of
this paper.
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Figure 2. The workflow of the methods.
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2.2.1. Trend of NPP and Climate Data

In order to study the time series variation trend of the NPP/temperature/precipitation
on the QTP from 2001 to 2017, we adopted the unary linear regression method to analyze
the NPP/temperature/precipitation and used the least square method to solve the slope of
the regression line (0}y¢,4) [38]. The equation is as follows:

ny X =Yg X
. 2
nyiqi2— (T i)

where i represents the order of years. n represents the total number of years. X is the
sequential NPP/temperature/precipitation data. 6y, is the slope of the changing trend
of NPP/temperature/precipitation data. 8, greater than zero indicates an increasing
trend, while 6}, less than zero indicates a decreasing trend.

Moreover, we used the non-parametric Mann-Kendall (MK) test to single out signifi-
cant NPP, temperature and precipitation trends [39], and the significance level was set to
0.05. Therefore, the NPP, temperature and precipitation change trends can be classified as a
significant positive (negative) trend or no trend.

)

Gtrend =

2.2.2. Correlation between NPP and Climatic Factors

The correlation coefficient between NPP and temperature/precipitation data is calcu-
lated as follows [40]:

N =N(r
r = i=1 (xl — ;C)(yl y) — (2)

VEL (=2 E =)
where y; is the value of climatic factors in the iy, year, and ¥ represents the mean value of

climatic factors during 2001-2017. Furthermore, x; is the value of NPP in the iy, year, and ¥
represents the mean value of NPP during 2001-2017.

2.2.3. Stability Analysis

The coefficient of variation (CV) is a statistic to measure and evaluate the degree of
variation of each observed value [41]. The CV can display the different degrees of time
series NPP data. The smaller the CV is, the more stable the NPP is. In this study, the CV
was used to evaluate the stability of NPP data. The CV is calculated as follows:

\/ " (NPP; — NPP)
CV = el 3)

NPP

where 7 is the total number of years. In this study, n equals 17. NPP; is the NPP value in
the iy, year, and NPP is the average value from 2001 to 2017.

2.2.4. Cubic Spline Interpolation

Cubic spline interpolation is a process of obtaining a smooth curve based on data
points [42]. There were only four issues of human activity index data from 2001 to 2017:
2001, 2005, 2010 and 2015. Therefore, the human footprint data of 2000, 2005, 2010 and 2015
were used as nodes, and we used the interp1 function [43] in MATLAB to interpolate the
human footprint data pixel by pixel to obtain the year-by-year pixel data of the QTP region
from 2001 to 2017. Then, the correlation between human footprint data and NPP data is
calculated by the Equation (2) in Section 2.2.2, and the impact of human activities on NPP
is evaluated by the correlation coefficient.
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3. Results
3.1. Spatio-Temporal Variation of NPP
3.1.1. Temporal Analysis of NPP Change
The average NPP of each area is shown in Figure 3. The mean value of NPP, change
trend of NPP with significance test results as well as R? (Goodness of Fit in regres-

sion analysis), root mean squared error (RMSE) in each vegetation type division are
listed in Table 1.

T T T T T T T T T T T T T T T
—&— Total region Desert —»— Grassland High-cold vegetation Broad-leaved forest

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Figure 3. The average net primary productivity (NPP) in different vegetation regionalization from 2001 to 2017.

Table 1. NPP mean value and trend analysis results of each region.

Trend Root Mean
Region (@C-m-2.yr-1) Significance Goodness of Fit (R?) Squared Error Mean (gC-m—2)
g y (RMSE) (gC-m~2)
Total region 0.345 p=042 0.0441 7.8653 217.57
Desert 0.8127 p <0.05 0.4424 4.4698 74.17
Grassland 1.9177 p <0.05 0.4708 9.9612 221.16
High-cold 0.5788 p=0.07 0.2079 55342 112.85
vegetation
Broe}d'leaved ~0.633 p =050 0.0313 17.2538 44252
orest

The NPP of the region as a whole was similar to that of the grassland with a mean
difference of 3.59 gC-m~2. The NPP of the broad-leaved forest region was the highest with
an average of 442.52 gC-m~2, and the NPP of the desert region was the lowest with an
average of 74.17 gC-m~2. Except for the broad-leaved forest area, the change of NPP was a
negative trend: —0.633 gC-m~2-yr~!, the NPP of other areas was positive trend. The NPP
increased significantly in desert and grassland region, which were 0.8127 gC-m~2-yr~! and
1.9177 gC-m~2.yr !, respectively. Environmental protection and ecological improvement
projects, including afforestation, have resulted in a significant increase in NPP in desert
areas. The RMSE of the NPP trend in each region were below 17.2538 gC-m 2.

3.1.2. Spatial Analysis of NPP Change

The spatial distribution of the mean value of NPP from 2001 to 2017 in QTP is shown
in Figure 4. Figure 4 indicates the spatial distribution characteristics of NPP in QTP. The
NPP of vegetation in QTP presented obvious differences in space. The regional differences
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were manifested as “high southeast to low northwest”. This was consistent with the results
of a previous study by Guo et al. [23]. The average NPP value in the northwest region
was concentrated in 0 ~ 200 gC'm‘z, which was lower than the average level of the whole
QTP. The average NPP value in the southeast region was concentrated above 500 gC-m~2,
which was higher than the regional average. Table 2 illustrates the proportion of different
ranges of the mean of NPP in QTP from 2001 to 2017. The area with the average value
of 0 ~ 200 gC-m~2 accounted for the largest proportion (41.3%). The area with 0 gC-m 2
accounted for 34.9% of the whole QTP. The regions with NPP greater than 800 gC-m 2
were mainly concentrated in the eastern and southern parts of the broad-leaved forest
region, accounting for 2.8% of the area of QTP.
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Mean NPP (gC-m™2) »
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Figure 4. Spatial distribution of annual average of NPP over the QTP from 2001 to 2017.

Table 2. The proportion of different ranges of the NPP mean, trend and CV in QTP from 2001 to 2017.

Mean (gC-m—2)

Trend ((gC-m~—2)/yr)

Coefficient of Variation (CV)

Range Prol(as/:r)tlon Range Prol():/ll;tlon Range Pml(?:/ll;tlon
0 349 <—50 2.2 0 34.9
0~ 200 41.3 —50 ~ —-25 1.1 0~ 0.06 29
200 ~ 300 9.3 —25~0 8.9 0.06 ~ 0.08 8.7
300 ~ 400 6.4 0 39.9 0.08 ~0.1 12.7
400 ~ 500 2 0~10 29.5 0.1~0.12 13
500 ~ 800 3.3 10~ 20 10.9 0.12 ~0.14 10.5
800 ~ 1000 14 20 ~ 30 3.9 0.14 ~0.16 7
>1000 14 >30 3.6 >0.16 10.3

According to Equation (1) in Section 2.2.1, the trend of NPP on the QTP from 2001
to 2017 was obtained (Figure 5). In most areas of northwest QTP, the interannual rate of
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change was 0 gC-m~2-yr~!. In the eastern part of the QTP, the NPP showed an increasing
trend, while the interannual variation rate at the southern periphery of the broad-leaved
forest region was negative, and the NPP was decreasing. The NPP of desert, lake and snow
mountain were 0 gC-m~2-yr~! all the year round, so the interannual variation rate of NPP
in these areas were 0 gC-m~2-yr !, which accounted for 39.9% of the whole QTP. Among
the regions with changing trends, the regions with trends ranging from 0 gC-m~2.yr—!
to 10 gC-m~2.yr~! accounted for the largest proportion (29.5%). The proportion of the
regions with interannual variation rate less than —50 gC-m~2-yr~! was 2.2%, and that with
interannual variation rate greater than 30 gC-m~2-yr~! was 3.6%. Although the average
NPP in the southern part of the broad-leaved forest was larger than that of other regions,
it showed a decreasing trend. The average NPP in the southern of Qinghai Lake was
relatively small, but it showed a significant increasing trend. The area with increased
NPP accounted for almost half the area of the QTP (47.9%), while the area with the NPP
decreasing accounted for 12.2% of the QTP, and the areas with an increasing trend were
35.7% more than the areas with a decreasing trend.

380° E 90° E 100° E

1 1 1 =

Trend of NPP ((gC-m2)/yr))

-50 -25

40°

0 10 20 30

25°

0 500 1000
I KM

1
80° E 90° E 100° E

Figure 5. Spatial distribution of the trend of NPP over the QTP from 2001 to 2017.

The CV of NPP in QTP was obtained by Equation (3) in Section 2.2.3. The results are
shown in Figure 6. The NPP in the lake, snow and northwest desert areas were 0 gC-m 2
all year round, so the CV of NPP in the above areas were also 0. The CV values of Southern
QTP and the boundary between desert and non-desert areas were large, which showed
that NPP fluctuated greatly in those regions. In order to further quantitatively understand
the distribution of CV of NPP in the QTP, we calculated the proportions of different CV of
NPP (Table 2). In 34.9% of the area of the QTP (including desert, lake and snow), the CV of
NPP was 0. In the high-cold vegetation area, NPP changed greatly, and CV values were
mostly above 0.14. The CV of grassland area was smaller than that of other regions, most
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of which were lower than 0.08. The NPP of Huangnan Tibetan Autonomous Prefecture
and Gannan Tibetan Autonomous Prefecture was relatively stable, CV value was below
0.06. The downward trend of NPP in Linzhi city made the CV value greater than 0.16.

80° E 90° E

45°

40°

35°

30°

25°

CV of NPP

0

0.06 0.08 0.1 0.12 0.14 0.16

380° E

Figure 6. Spatial distribution of the coefficient of variation (CV) of NPP over the QTP from 2001 to 2017.

3.2. Analysis of Influencing Factors of NPP Change
3.2.1. Influence of Climate on NPP

Based on the meteorological data of the QTP in Section 2.1.3, the temperature and pre-
cipitation data of each vegetation regionalization from 2001 to 2017 was obtained through
statistical analysis, and the results are displayed in Figure 7. The interannual changes of
rainfall and temperature were active, and the years with high precipitation and temperature
values alternated with those with low values. The temperature and precipitation in the
broad-leaved forest region were larger than those in the other three regions. The desert
region received the least precipitation. The regions with lower temperature were desert,
grassland and high-cold vegetation.

The results of trend analysis with significance test results, R?, RMSE and mean value
of climate data on different regions are depicted in Tables 3 and 4. The temperature (mean
value: 7.4 °C) and precipitation (mean value: 731.6 mm) in the broad-leaved forest region
were larger, while the temperature (mean value: —0.76 °C) and precipitation (mean value:
123.91 mm) in the desert region were smaller. The precipitation in grassland and high-
cold vegetation regions increased significantly, which were 6.41 mm/yr and 3.69 mm/yr,
respectively. The temperature of each area (except grassland area) showed a significant
increasing trend. The trend of temperature variation in desert, high-cold vegetation and
broad-leaved forest were 0.0872 °C/yr, 0.0493 °C/yr and 0.0419 °C/yr, respectively. In
combination with Table 1, it could be found that low temperature and less rain in desert
areas were not conducive to the growth and development of vegetation, so the NPP value
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in this area was the lowest. Precipitation and suitable temperature made the vegetation in
the broad-leaved forest area flourish and the NPP value was relatively high.
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Figure 7. The interannual variation characteristics of (a) precipitation and (b) temperature in QTP during 2001-2017.

Table 3. Trend analysis and mean value of precipitation on each region.

Region Trend (mm/yr) Significance R? RMSE (mm) Mean (mm)
Total region 4.69 p =0.05 0.2311 41.93 418.75
Desert 4.29 p=0.07 0.201 41.94 12391
Grassland 6.41 p <0.05 0.3142 46.41 366.94
High-cold 3.69 p <0.05 0.2957 27.88 452,54
vegetation
Broad-
leaved 4.38 p=0.32 0.0649 81.38 731.6
forest

Table 4. Trend analysis and mean value of temperature on each region.

Region Trend (°Clyr) Significance R? RMSE (°C) Mean (°C)
Total region 0.0509 p <0.05 0.3022 0.379 1.07
Desert 0.0872 p <0.05 0.2509 0.7379 -0.76
Grassland 0.0254 p=0.19 0.1114 0.3509 -1.12
High-cold 0.0493 p <0.05 0.269 0.3981 ~1.23
vegetation
Broad-
leaved 0.0419 p <0.05 0.2556 0.3499 74
forest

The Pearson correlation analysis results of NPP and climate factors in each region are
displayed in Table 5. We described the strength of the correlation using the guide proposed
by Evans [44].
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Table 5. Correlation between NPP and climatic factors in each vegetation regionalization of QTP.

Temperature Precipitation
Correlation Sionificance Correlation Sienificance
Coefficient 8 Coefficient 8
Total region 0.578 * p <0.05 —0.314 p=0.22
Desert 0.164 p=0.53 0.19 p=0.46
Grassland 0.629 ** p <0.01 0.17 p=0.51
High-cold
vegetation 0.787 ** p <0.01 —-0.416 p=0.10
Broafgift‘“d 0.458 p=0.06 —0.543 * p<0.05

** means passing the significance test with a confidence level of 0.01, and * means passing the significance test
with a confidence level of 0.05.

In the QTP region as a whole, NPP was positively significantly correlated with air
temperature, with a correlation coefficient of 0.578 (passing the significance test with a
confidence level of 0.05). The correlation coefficient between NPP and precipitation was
—0.314, and its absolute value was less than 0.4, showing a weak negative correlation.
The correlation coefficient between temperature and NPP was positive in each region.
The correlation coefficient between temperature and NPP in grassland and high-cold
vegetation area showed a strong positive significant correlation, indicating that the increase
of temperature had a significant promoting effect on the increase of NPP. The correlation
coefficient between precipitation and NPP in the broad-leaved forest region showed a
moderate negative significant correlation. Excessive rainwater affected the normal aerobic
respiration of vegetation and was not conducive to the growth of plants, thus inhibiting
NPP. The correlation coefficients of temperature, precipitation and NPP in the desert area
showed a weak positive correlation. The correlation coefficient between temperature and
NPP in the broad-leaved forest region showed a moderate positive correlation, while the
correlation coefficient between precipitation and NPP in the high-cold vegetation region
showed a moderate negative correlation.

The correlation coefficient between annual average NPP value and annual average
temperature (Figure 8a) and annual average precipitation (Figure 8b) in the QTP region
from 2001 to 2017. In recent 17 years, the NPP based on pixels in the QTP was mainly
positively correlated with the mean annual temperature. Especially in the middle of the
high-cold vegetation region and grassland region of the QTP, there was a very strong
positive correlation. The area of strong positive correlation between NPP and precipita-
tion was relatively small, sporadically distributed in the southwest part of the QTP. The
correlation coefficient (between NPP and precipitation) of most areas was within 0.2, and
the correlation coefficient (between NPP and precipitation) of the central and southern
part of the QTP and the eastern part of the Qinghai Lake was negative. The response of
temperature to NPP was greater than that of precipitation in the central QTP and grassland.

The proportion of different value ranges of correlation coefficient (between NPP and
temperature, between NPP and precipitation) is indicated in Figure 9. The regions with
positive correlation between temperature and precipitation accounted for 81.1% and 48.6%
of the area of QTD, respectively. The effect of temperature on vegetation NPP was positive
in about four-fifths of the region of the QTP. The regions with strong positive correlation
between NPP and temperature and precipitation accounted for 14.2% and 0.4% of the
area of QTP respectively. The correlation coefficient between precipitation and NPP was
evenly distributed, and the proportion of positive correlation and negative correlation was
approximately equal. The distribution of correlation coefficient between temperature and
NPP was not balanced, and the proportion of positive correlation coefficient was greater
than that of negative correlation coefficient. The correlation coefficient between NPP and
air temperature showed that the proportion of moderate and strong positive correlation
was much higher than that between NPP and precipitation.
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3.2.2. Influence of Altitude on NPP

The change situation of NPP value with elevation increase was “decrease—slightly
increase—decrease again—slightly increase again” (Figure 10). NPP reached the maximum
value (265.13 gC-m~2) between 0 m and 1000 m, followed by 1000 ~ 2000 m (261.07 gC-m~?2)
and the minimum value was 23.16 gC-m~2 between 6000 m and 7000 m. The average value
of NPP was 215.57 gC-m~2 in the range of 0 ~ 4000 m, 159.07 gC-m~2 more than that in
the range of 4000 ~ 9000 m. The turning point occurred at 2000m (decreasing), 3000 m
(increasing), 4000 m (decreasing) and 7000 m (increasing), respectively. NPP decreased
gradually in the elevation segment of 3000 ~ 7000 m, and the NPP between 6000 m and
7000 m was 162.72 gC-m~2 lower than the NPP in the elevation segment of 3000 ~ 4000
m. However, NPP gradually increased in the elevation segment of 6000 ~ 9000 m, and the
NPP between 8000 m and 9000 m was 54.14 gC-m~2 higher than the NPP in the elevation
segment of 6000 ~ 7000 m. Overall, with the increase of height, NPP showed a downward
trend, with a change rate of —30.293 gC-m~2-km ! (R? = 0.7869; RMSE = 40.702 gC-m2).
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Figure 8. Correlation analysis of vegetation NPP with temperature (a) and precipitation (b) in QTP
during 2001-2017. NaN represents no change in NPP or climate data for the region from 2001 to 2017
(the denominator in the correlation coefficient equation (Equation (2) in Section 2.2.2) was zero).



Remote Sens. 2021, 13, 1566 13 of 21

30 T T T T T T T T

[_IcCorrelation coefficient: temperature and NPP —
[ ICorrelation coefficient: precipitation and NPP ]

[\~]
[$,]
1

[A%]
o
T
1

-
o
T

|

The proportion of correlation coefficient (%)
o o
T T
1

_ NN EnL

-1~-0.6 0.6~-04 0.4~-0.2 -0.2~0 0~0.2 0.2~0.4 0.4~0.6 0.6~1
Correlation coefficient

Figure 9. The proportion of different correlation coefficient ranges.

300

250

3]
(=]
(=]

150

100

Mean value of NPP (gC-m?2)

—
-
-
-
—

O >
NS I

N o N o N o o
< N\ )‘QQ N /@“ N N N

N N\
N\ N\
N » P X
Elevation (m)

Figure 10. The response of NPP change to elevation: average value of NPP in different elevation sections.

We calculated the average temperature and precipitation at different altitudes from
2001 to 2017 (Figure 11). The value of precipitation was mainly distributed between
275.82 mm and 712.89 mm, and its variation trend was similar to that of NPP in differ-
ent elevation sections. The temperature was mainly distributed between —23.15 °C and
22.15 °C, and the higher the altitude, the lower the temperature. In the elevation range of
1000 ~ 2000 m and 8000 ~ 9000 m, the precipitation was roughly the same, but the difference
of NPP value (183.77 gC-m~2) was caused by the difference of temperature. Therefore,
elevation affected the NPP by affecting the value of temperature and precipitation.
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Figure 11. Changes of precipitation and temperature at different elevations.

3.2.3. Response of NPP Changes to Human Activities

Due to the short vegetation growth season, the alpine and hypoxic geographic eco-
logical environment in the QTP made the ecosystem very fragile and vulnerable to the
disturbance and influence of human activities. In terms of vegetation growth, biomass and
self-recovery after destruction, the QTP was inferior to the ecosystem in the low-altitude
regions with a more suitable climate. The fragile ecosystem made this region vulnerable to
human interference.

As can be seen from the distribution of the correlation coefficient, the strong positive
correlation was mainly in the north and southeast, while the negative correlation was
mainly in the central and western areas of the QTP (Figure 12). In the northwest part of
QTP (south of the Kashgar region), there was a positive correlation. Among the correlation
coefficients between NPP and human activities, the areas with positive correlation ac-
counted for 13% more than the areas with negative correlation. The proportion of positive
correlation between NPP and human activities was more than that of negative correlation.
It was indicated that human activities had a great promoting effect on NPP.

We performed a significant test of the correlation coefficient in Figure 12 (confidence
level was set as 0.05). Figure 13 displays the spatial distribution results of the significant test
of correlation coefficients between NPP and human activities. Among them, the significant
region accounted for about 14.3%, which was mainly distributed around Qinghai Lake, the
southeastern part of the QTP, and Yushu, Naqu, Lhasa and other areas in the central part
of the QTP.
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4. Discussion

The QTP accounts for 25% of China’s total mainland and is composed of magnifi-
cent mountains. Its climate change is significantly different from other regions of China,
including the climate change characteristics of various types of terrain (subtropical and
tropical forests, alpine deserts) [45,46]. In recent years, the response of vegetation NPP to
climate change has been one of the research hotspots, and different scholars have expressed
different views [47-53]. Through spatio-temporal simulation analysis of China’s land NPP,
Tao et al. [47] showed that national vegetation NPP was greatly affected by the El Nifio
phenomenon. The research results of Yao et al. [48] showed that the vegetation NPP in
the source area of the Yangtze River changed from “cold and dry type” to “warm and wet
type” from 1959 to 2008, and the vegetation NPP also shows an obvious rising trend. The
research results of this paper showed that both NPP and temperature of the QTP increased
year by year. The results of some studies about the NPP responding to climate change also
confirmed the fact that the QTP temperature was warming [49,50], and the QTP NPP was
increasing in general [51-53].

In our research, NPP was positively correlated with air temperature, and negatively
correlated with precipitation (Figures 8 and 9). Since temperature and precipitation showed
a positive growth trend (Tables 3 and 4) from 2001 to 2017, and NPP also showed a growth
trend (Table 1) from 2001 to 2017, the impact of temperature on NPP was greater than
that of precipitation on NPP. Among the two factors of temperature and precipitation, the
temperature was the main factor affecting vegetation NPP. Our research was consistent
with the previous research results [51,52].

In addition, we also analyzed the changes in the intensity of human activities on
the QTP. Figure 14 shows the difference between 2015 and 2000 human footprint index
data. The human activity index in eastern and southern QTP showed an upward trend,
and the human activity index increased the most in roads and railways. The human
activity index in the centre of the desert region and northwest of high-cold vegetation
region showed a downward trend. The gradual accumulation of human beings (mainly
to the east and south) increased the area of natural areas disturbed by human beings and
gradually restored the ecology, which was also one of the main reasons for the increasing
trend of NPP.

In Table 1, the NPP in the desert region showed a significant increase trend, indicating
that people’s views on desert governance are gradually strengthened. In order to achieve
better environmental governance effects, the Chinese government had planted a large
number of diversifolious poplar in the desert area and achieved good results. Therefore,
the NPP in the desert area showed a significant trend.

Topographic factors were one of the important factors affecting the heterogeneity
pattern of the environment and vegetation, which generally controlled its precipitation,
temperature conditions (Figure 11) and soil conditions through different processes and
affected other environmental variables, and thus exerted an important influence on the
regional vegetation pattern [54,55]. The QTP is densely covered with mountains and rivers,
with steep and changeable terrain that is complex. Its average altitude is far higher than
that of the surrounding areas at the same latitude. Therefore, it is of great significance
to analyze the relationship between altitude and temperature, precipitation and their
influence on NPP. The overall NPP value of QTP was low when the elevation exceeded
4000 m (Figure 10), which was consistent with the overall NPP value of northwest QTP
in the spatial distribution (Figure 4). In the low elevation range, NPP value was relatively
high, which was consistent with the higher NPP value in the southeast part of the region.
Although NPP was closely related to climate and altitude, the interference of strong
human activities on NPP could not be ignored. The increasing point of NPP (Figure 10)
occurred at 3000 m and 7000 m, respectively. Combing with the elevation distribution
(Figure 15) and change of human footprint (Figure 14) on QTP, we found anomalies in
the NPP values near 3000 m and 7000 m (contrary to the tendency of NPP to decrease
with increasing altitude). In the area of 3000 ~ 4000 m, human activities were relatively
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intense. People have carried out a series of activities to promote ecological environment
protection and established the natural protected area system and ecological compensation
system [56]. A relatively complete ecological and environmental monitoring system has
been established. People’s ecological culture had gradually formed, and the awareness
of protecting the ecological environment has also been strengthened, which made the
NPP value in the area of 3000 ~ 4000 m higher. The area of 7000 ~ 8000 m (compared with
the area of 6000 ~ 7000 m, with roughly the same temperature but more precipitation,
according to Figure 11) had a higher sunlight intensity, and the vegetation received a higher
sunlight intensity and a longer sunshine duration at the top of the mountain, so the NPP at
7000 ~ 8000 m was larger than that at 6000 ~ 7000 m.
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Figure 14. Changes in the intensity of human activities.

The NPP data used in this paper are global data with a resolution of 500 m. Although
they can be applied to provincial scale, problems such as low resolution, incomplete
correction of atmospheric influence and mixed pixel will lead to errors in the analysis. In
future research, higher resolution, multi-source and multi-temporal remote-sensing image
data should be used to better reveal the vegetation changes in the study area. Furthermore,
climatic factors also include wind speed, surface and subsurface runoff, etc., and we will
explore the effects of other factors on vegetation NPP in the future.
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5. Conclusions

We proposed an analysis framework for NPP of QTP and its driving factors based on
a remote-sensing cloud computing platform. Based on the annual NPP data of QTP from
2001 to 2017, combined with the GEE cloud computing platform, the spatial and temporal
evolution characteristics of NPP were analyzed by using linear regression, coefficient
of variation, mathematical statistics. Pearson correlation coefficient was used to further
analyze the relationship between NPP change and two main climate factors (temperature
and precipitation). In addition, we also studied the impact of terrain and human activities
on the NPP.

The mean value of NPP over the QTP was “high in the southeast and low in the
northwest”. The average NPP in the broad-leaved forest area was the highest, which was
442.52 gC-m~2. The average NPP in the desert area was the lowest (74.17 gC-m~2). The
NPP of grassland and high-cold vegetation area showed a positive increasing trend, while
the NPP of the southwest part of the broad-leaved forest area showed a negative increasing
trend. The CV of NPP was mainly concentrated in small variation (<0.1), accounting for
59.2% of the QTP area, which indicated that the multi-year NPP of the QTP was relatively
stable in general. In terms of climate factors, the increase of temperature was the main
factor affecting the increase of NPP in the QTP. In the correlation coefficient between human
activity intensity and NPP, the positive (strong) correlation accounted for 56.5% (2.6%) of
the region as a whole of QTP. NPP around Qinghai Lake and in the central part of the
QTP was significantly correlated with human activities, and the trend of NPP in these
areas was positive. NPP showed a downward trend with the increase of altitude (trend:
—30.293 gC-m~2-km~!). Among them, human activities and difference of temperature and
precipitation caused by elevation were the main reasons for the increase of NPP at 3000 m
and 7000 m.
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