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A B S T R A C T   

Vegetation response to climate change can be characterized as long-term trends, but with periodic oscillations. 
Revealing vegetation response trends, with oscillations, is essential for formulating climate change mitigation 
and adaptation planning, as well as adopting ecological protection and restoration measures. Here, the long-term 
trend and periodic oscillations in vegetation changes were explored through a measure of gross primary pro
duction (GPP), an indicator of vegetation photosynthesis, using data of both high spatial resolution (1 km2) and a 
long-term of nearly 4 decades, from 1980 to 2018. The GPP data were estimated for China’s terrestrial ecosystem 
and validated against the eddy covariance-based observations of 70 site-year in China and compared to other 
GPP data products. The results showed the estimated GPP can explain 76% of spatial–temporal variance with the 
same data accuracy as other products, but with the advantage of both high spatial resolution and long time 
periods that other products do not have. From the estimated GPP data, Chinese terrestrial vegetation growth was 
found to have a periodic oscillation of close to 2.79 years and a long-term increasing trend of 59.8 Mt C m− 2 per 
ten years over 92% of all vegetated land in China from 1980 to 2018. Moreover, it was found that vegetation 
growth accelerated significantly in the two recent decades over the previous two decades. The growth rate was 
83.5 Mt C a− 1 from 2000 to 2018, which was 2.31 times faster than the rate from 1980 to 2000. The underlying 
mechanism of the vegetation responses was analyzed by ridge regression, a method to decrease the effects of 
multicollinearity. Long-term variability and trends in vegetation could be attributed to a warming minimum air 
temperature when examined with precipitation, maximum air temperature, and solar shortwave radiation. 
Though more influences, such as those from freezing and thawing and human activities, should be explored in 
the future, this study offers insight that warming, with increasing daily minimum temperatures, is likely to be a 
vital contributor to ecosystem changes, and will be essential knowledge for mitigation of effects and adaptation 
to future climate.   

1. Introduction 

It is essential to recognize and understand the response of vegetation 
to climate change in the past at multiple time scales for predicting 
changes in vegetation under future climate scenarios (Cramer et al., 
2001; Fang et al., 2001; Li et al., 2018; Yuan et al., 2010). Changes in 
vegetation can be used to detect variability in bioclimatic processes at 
different temporal scales (Jing et al., 2021; Yin et al., 2017; Zhu et al., 
2022). Gross Primary Productivity (GPP) is the total amount of organic 
during photosynthesis and can serve as the fundamental indicator of 
maintenance of terrestrial ecosystem services and sustainable 

development of human socio-economic systems (Anav et al., 2015; Beer 
et al., 2010; Damm et al., 2015). Influences on GPP are very important to 
understanding future vegetation variability and underlying mechanisms 
in the field of terrestrial ecosystem ecology and global change research, 
especially under the uncertainties associated with global climate 
change. (Gang et al., 2017; Xin et al., 2020). 

Interannual changes in GPP have mostly been studied in relation to 
long-term trends, variability and extreme events of climate scenarios 
(Jiao et al., 2018; Lehouerou, 1984; Stephen et al., 2008; Zhu et al., 
2021). Increasingly, long-term trends for GPP are believed to be influ
enced mainly by a warming climate (Chen et al., 2021; Nima et al., 
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2020). Some studies have found a negative effect of climate changes on 
GPP, with increased atmospheric vapor pressure deficit resulting in 
decreasing GPP (Ballantyne et al., 2017; Li, 2021; Nima et al., 2020; 
Yuan et al., 2019). The interannual variability of GPP and its underlying 
mechanisms have been uncertain to a great extent, with periodic oscil
lation of the interannual changes receiving little attention. 

The Ensemble Empirical Mode Decomposition (EEMD) algorithm is 
an adaptive and noise-assisted time series analysis method widely used 
in signal processing, research on climate change and hydrologic pro
cesses. EEMD is an improvement over the Empirical Mode Decomposi
tion (EMD) algorithm, which is a signal time–frequency processing 
method based on the Hilbert-Huang transformation (Huang et al., 1998; 
Wu and Huang, 2009). EEMD is considered more suited for multiple 
time scale analyses of nonlinear and non-stationary processes (Hawinkel 
et al., 2015; Li et al., 2018; Wen et al., 2017; Wu and Huang, 2009). 
EEMD was intended for long-term climate change analyses that mostly 
exhibit a nonlinear, non-stationary and complex process, with various 
time scales or periodic oscillations (Chen et al., 2017b; Franzke, 2014; 
Wei et al., 2018), and are spatially and temporally heterogeneous (de 
Jong et al., 2012; Huang et al., 2018; Ji et al., 2014; Myers-Smith et al., 
2020; Pan et al., 2018). This method has been applied in many 
ecological assessments (Hawinkel et al., 2015; Liu et al., 2019; Liu et al., 
2017a; Pan et al., 2018; Wei et al., 2018; Wen et al., 2017; Ye et al., 
2019; Yin et al., 2017). Recently, based on EEMD analysis, interannual 
trends of the Normalized Difference Vegetation Index (NDVI) were 
quantified and the impacts on trends in climatic and environmental 
factors were analyzed (Ye et al., 2019). The spatial heterogeneity of 
vegetation dynamics in Southwest China has been revealed for different 
time scales (Liu et al., 2018). However, studies to estimate the length of 
periodic oscillations and the long-term trends in GPP have not been 
reported. 

We know that the global annual average temperature increased 
1.53 ◦C from the period 1885–1900 to the period 2006–2015 (Bereiter 
et al., 2015; Bongaarts, 2018; Chenguang et al., 2021). We also know 
that China is mainly dominated by the Eastern Asia monsoon climate 
and has experienced an increasing annual average temperature of 
0.5–0.8 ◦C over the past 100 years (Ding et al., 2006; Qin et al., 2005). 
Between 1982 and 1999, climate change is believed to have prompted 
an increasing pace of growth of vegetation in terrestrial ecosystems 
globally by 6% (Nemani et al., 2003; Running et al., 2004). Multiple 
time scale analyses of the relationship between various climatic factors 
and vegetation dynamics in China, however, are lacking. 

Therefore, this study used the EEMD and ridge regression methods to 
analyze the trends and impact factors of GPP in four climatic regions and 
at a national scale. The purpose was to: (1) explore long-term trends and 
the possible periodic oscillations in gross primary production time se
ries; (2) analyze and diagnose the responses of the periodic oscillations 
to climate change; and (3) as the final objective, to understand vegeta
tion changes in China and their underlying response mechanisms to 
climate change in the Eastern Asia monsoon climate. 

2. Data and methods 

2.1. GLOPEM-CEVSA model 

The remote sensing-based ecosystem process model, GLOPEM- 
CEVSA, as shown in Figure S1, is based upon coupling of the Global 
Productivity Model (GLO-PEM) and the Vegetation, Atmosphere and 
Soil Carbon Exchange Model (CEVSA). This coupled model is based 
upon the concept of ecosystem simulation crossing multiple scales and 
the new generation of ecosystem models suggested by Cao et al. (2004). 
This coupled model has been tested at ecosystem flux observation sites 
(Wang et al., 2014; Wang et al., 2011a) and applied in ecological as
sessments and many other applications (Ouyang et al., 2021; Qian et al., 
2022; Wang et al., 2022a). The model simulates the carbon cycle pro
cesses such as carbon turnover, carbon sequestration and carbon 

allocation, with the simulation results at the regional scale proved to be 
relatively accurate in comparison to other models (Sun et al., 2017). The 
model simulates photosynthetically active radiation (APAR) absorbed 
by vegetation using several data sources as input data, with details 
shown in Table 1, to output the GPP that visually represents changes in 
vegetation greenness (darker green represents higher productivity). The 
details on development of this model can be found in Wang et al. 
(2011a). 

2.2. Data and processing 

2.2.1. Meteorological data 
An interpolated meteorological dataset was used as the model input, 

with a spatial resolution of 1 km and a temporal resolution of 8 days for 
the period from 1980 to 2018 in China (Wang and Ye, 2021). Interpo
lation software (ANUSPLIN) based on a smooth thin-plate spline algo
rithm (Hutchinson, 1995), developed by the Australian National 
University, was used in this study. The data were spatially interpolated 
based upon observations from 836 stations in China and 345 stations in 
surrounding countries, in which the effects of latitude, longitude and 
altitude on each climate variable were considered. The Digital Elevation 
Model (DEM) data used from the 90 m spatial resolution SRTM (Shuttle 
Radar Topography Mission) data (Farr et al., 2007) were resampled to 1 
km spatial resolution as an interpolation co-variable. Thus, the errors in 
spatial interpolation that may be generated over the boundary area of 
the study region can be reduced. The interpolated data can explain 94% 
and 67% of spatial and seasonal variability in the weekly mean tem
perature and cumulative precipitation observations from ChinaFLUX 
and AsiaFLUX, which was considered being better than the corre
sponding data from other products (Wang et al., 2017a). 

2.2.2. FPAR data 
An 8-day 1 km Fraction of absorbed Photosynthetically Active Ra

diation (FPAR) dataset (FPARANN) from 1980 to 2018 (Zhang et al., In 
review) was used in this study. The FPARANN was derived from Global 
Inventory Modeling and Mapping Studies (GIMMS) Normalized Differ
ence Vegetation Index, NDVI3g (Pinzon and Tucker, 2014) and the latest 
FPAR Collection-6 product, MCD15A2H C006, of Moderate Resolution 
Imaging Spectroradiometer (MODIS) (Myneni, 2015). The NDVI3g has 
data with a spatial resolution of 1/12◦ and a time step of half a month, 
but only covers the periods from 1981 to 2015. The MCD15A2H pro
vides 500 m spatial resolution data products every 8-days from 2003 to 
the present. The two datasets were fused through a Back Propagation 
Artificial Neural Network (BP-ANN) algorithm and the FPARANN was 
generated for China’s terrestrial ecosystems for the period 1981 to 2018. 
The FPARANN data provided a measure comparable to the flux towers- 
based GPP observations in term of seasonal changes and had more 
consistent results on trend, mean values and spatial variability than 
those derived from the MCD15A2H for the overlay period from 2003 to 
2015 (Zhang et al., In review). 

2.2.3. Vegetation, soil data and climatic regions 
The vegetation classification data were derived from the Chinese 

national land cover database (ChinaCover2010) produced by the Insti
tute of Remote Sensing and Digital Earth, Chinese Academy of Sciences 
(Zhang et al., 2014). The ChinaCover2010 with a spatial resolution of 
250 m uses the IPCC classification scheme for terrestrial vegetation but 
reclassifies to the following 12 types: evergreen needle-leaf forest (ENF), 
evergreen broad-leaf forest (EBF), deciduous broad-leaf forest (DBF), 
deciduous needle-leaf forest (DNF), mixed forest (MF), savannas (SAV), 
woodland savannas (WSV), closed shrubland (CSH), open shrubland 
(OSH), grassland (GRS), cropland (CRP), and desert (DES). The vege
tation data were resampled to a spatial resolution of 1 km, used as the 
model auxiliary data. 

Soil texture data were used from a gridded Global Soil Dataset and 
were compiled through standardized data structure and data processing 
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procedures from the Soil Map of the World and various regional and 
national soil databases (Shangguan et al., 2014). In this study, the data 
were resampled at a spatial resolution of 1 km from an original 30 rad 
seconds (about 900 m) using the method of nearest neighbor to match 
the meteorological data as input data for the model, including some soil 
information, such as soil particle-size distribution, organic carbon, and 
nutrients, and quality control information. 

Climatic regions were defined by a climatic map of China (Editorial 
Committee, 2015). We classified the country into four climatic regions 
(i.e. temperate continental, temperate monsoonal, high-cold Tibetan 
Plateau and subtropical–tropical monsoonal) to investigate responses of 
the terrestrial GPP to climate changes in different climatic regions. 

2.2.4. Validation data 
The modeled GPPs were validated by comparing with the GPP ob

servations from eddy covariance-based flux towers. The daily GPP ob
servations are provided by ChinaFLUX, including four forest sites (CBS, 
QYZ, DHS, and XSBN), one shrubland (HBshrub), one wetland (HBwet), 
two grassland (NMG and DXGR), and one cropland site (YC)(Zhang 
et al., 2019a). The data were obtained by the continuous CO2 flux 
measurement provided by individual researchers at each site and the 
quality of all data was controlled through the ChinaFLUX flux data 
processing system (Fu et al., 2006; Guan et al., 2006; Li et al., 2008; Liu 
et al., 2012; Wen et al., 2006; Yu et al., 2014; Yu et al., 2006). The 
weekly GPP estimates for the sites were extracted based on the latitude 
and longitude coordinates of the sites (Table 2). 

The GPP estimates in this study were also evaluated by comparing 
with two other GPP datasets from the GOSIF and MODIS product 
(MYD17A2H). The GOSIF is from the global Orbiting Carbon 
Observatory-2 (OCO-2)-based Solar-induced chlorophyll fluorescence 
(SIF) data and has a spatial resolution of 0.05 latitude and longitude 
degrees and temporal resolution of 8-days over the period 2000–2020 
(Li and Xiao, 2019; Lu et al., 2018; Qiu et al., 2020; Rossini et al., 2015; 
Wood et al., 2017). The MYD17A2H is based on the concept of radiation- 
use efficiency with a resolution of 500 m and a cumulative period of 

every 8-days from 2002 to 2017, and is widely applied to monitor 
vegetation growth (Qiu et al., 2020; Running et al., 1999; Running and 
Zhao, 2019; Turner et al., 2006; Zhao and Running, 2010). 

2.3. Analysis methods 

2.3.1. EEMD 
The EEMD is an analysis method used to explore the intrinsic feature 

scale of the data by decomposing a time series based on the Hilbert- 
Huang transformation (Huang et al., 1998; Wu and Huang, 2009), 
naturally decomposing the signal into a series of signals with different 
characteristic intrinsic mode function (IMF) components and a trend 
component (Residual). Each IMF component with different signal fre
quencies represents the periodic characteristics of the original time se
ries on a different time scale, while the residue reflects the long-term 
trend of the original sequence (Xiang et al., 2021; Zhang et al., 2020). In 
this study, it was accomplished through use of Matlab script (https://bl 
og.csdn.net/imasupergril/article/details/96137828) and mainly 
included the following steps (Chen et al., 2020; Liu et al., 2018): First, a 
certain number, np, of Gaussian white noise, ϕj(t), is added to the 
original time series, D(t), at time, t, to obtain a new time series with the 
noisy pseudo-signals, Dj(t). Here, the number np was set as 100 as in 
previous studies (Jiao et al., 2020). It is generally recommended that the 
amplitude of the Gaussian white noise series be set to between 0.2 and 
0.3 times the standard deviation of the original data (Chen et al., 2020). 
In this study, the standard deviation was set to be 0.2 (Chen et al., 2020; 
Liu et al., 2018). 

Dj(t) = D(t)+φj(t)j = 1, 2, 3,⋯.np (1) 

Second, the original time series, Dj(t), was decomposed into the 
Intrinsic Mode Function (IMF) components, IMFi(t), and a trend 
component (residual), Rn, through the EMD method (Chen et al., 2017a; 
Huang et al., 1998). 

Table 1 
The input data for the GLOPEM-CEVSA model.  

Input data Periods Temporal and 
Spatial resolution 

Data sources and processing References 

Meteorological data 1980–2018 8-day, 1 km Interpolated based upon observations from 1181 stations; (Wang and Ye, 
2021) 

Fraction of absorbed 
Photosynthetically Active Radiation 
(FPAR) data 

1980–2018 8-day, 1 km Fused by Global Inventory Modeling and Mapping Studies (GIMMS) 
Normalized Difference Vegetation Index, NDVI3g and he latest FPAR 
Collection-6 product, MCD15A2H C006; 

(Zhang et al., In 
review) 

Vegetation classification data 2010 250 m The Chinese national land cover database; Resampled to a spatial resolution 
of 1 km; 

(Zhang et al., 
2014) 

Soil texture data 2014 30 rad seconds The Global Soil Dataset; Resampled to a spatial resolution of 1 km and 
selected out area of China; 

(Shangguan 
et al., 2014) 

Digital Elevation Model (DEM) data – 90 m Resampled to 1 km spatial resolution; (Farr et al., 
2007) 

Validation data 2003–2010/ 
2004–2010 

Daily scale; Sites 
scale 

The Chinese Terrestrial Ecosystem Flux Research Network (ChinaFLUX); 
Interpolated to a temporal resolution of 8 days; 

(Zhang et al., 
2019a)  

Table 2 
The ChinaFLUX sites and their descriptions, on which the GPP observations of 70 site-year data were applied to validate the corresponding estimation from the 
GLOPEM-CEVSA.  

Site name Latitude(◦) Longitude(◦) Altitude(m) Vegetation type Date year Temporal scale 

CBS  128.096  42.402 738 The temperate mixed forest 2003–2010 Daily scale 
QYZ  115.063  26.747 100 The evergreen mixed forest 2003–2010 Daily scale 
DHS  112.536  23.173 300 The evergreen needle-leaf forest 2003–2010 Daily scale 
XSBN  101.266  21.950 750 The tropical rain forest 2003–2010 Daily scale 
Hbshrub  101.331  37.665 3358 The alpine shrub-meadow 2003–2010 Daily scale 
Hbwet  101.327  37.609 3357 The alpine swamp 2003–2010 Daily scale 
NMG  116.675  43.545 1200 The temperate steppe 2004–2010 Daily scale 
DXGR  91.066  30.497 4333 The alpine steppe-meadow 2004–2010 Daily scale 
YC  116.640  36.958 28 The cropland 2003–2010 Daily scale  
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Dj(t) =
∑np

i=1
IMFI(t)+Rn(t) (2) 

Third, the first two steps were repeated by adding a new white noise 
of the same amplitude at each time, t, and then iterated np times. 

Fourth, the ith IMF and final residual term are averaged: 

IMFi(t) =
1
np

∑np

j=1
IMFij(t)andRn =

1
np

∑np

j=1
Rnj(t) (3) 

The periodic oscillation (Ti) of each IMF was calculated (Chen et al., 
2017a; Liu et al., 2017a): 

Ti =
N
Pi

(4) 

where N is the length of the IMF component and Pi is the number of 
peaks for the i-th IMF component. 

The statistical significance of each IMF was estimated according to 
the distribution of energy (Ei) and the mean period (Ti) of the IMF 
relative to that of pure white noise. The significant level was set at 95% 
confidence level in this study. 

lnEi + lnTi = 0andEi =
1
N

∑N

t=1
[IMFi(t)]2 (5) 

The relative importance of the IMF components and residual term 
were assessed by the variance contribution percent (VC, %) as follows. 

VCi =
Var(IMFi)

∑n
i=1Var(IMFi) + Var(Rn)

• 100% (6)  

VCr =
Var(Rn)

∑n
i=1Var(IMFi) + Var(Rn)

• 100% (7) 

where Var (IMFi) is the variance of the i-th IMFi and Var(Rn) is the 
variance contribution of the residual term. The variance contribution 
quantifies the relative contribution of the components in the variance in 
the original time series. A larger value indicates a stronger fluctuation 
from the corresponding more important component (Chen et al., 2020; 
Jiao et al., 2020). 

Contrasting the linear trend with ordinary least squares (OLS), the 
nonlinear accumulated trend can be estimated according to EEMD. The 
accumulated trend was estimated by the incremental value of the re
sidual term at a given time t compared with the value at the initial time 
t0. 

Tacc,t = Rn,t − Rn,t0 (8)  

Rt = Tacc,t − Tacc,t− 1 (9)  

Teemd =
1
N

∑N

t=1
Rt (10) 

where Rn,t and Rn,t0 denotes the EEMD residual at time t and t0, 
respectively. Rt is the change rate of the accumulative trend at time t. 
The total trend, Teemd, of the residual term was quantified by the aver
aged Rt over the whole time period (Chen et al., 2020; Ji et al., 2014; Pan 
et al., 2018; Xue et al., 2019). 

2.3.2. Ridge regression analysis 
The ridge regression analysis (RRA) was applied to explore impacts 

of climate change on the vegetation growth measured through GPP in 
this study. The GPP or its residual component from EEMD analysis was 
designated the dependent variable and the climate factors, including the 
annual mean daily minimum (Tmin) and maximum (Tmax) tempera
ture, annual total precipitation (Pre) and annual total solar shortwave 
radiation (SWRad), were independent variables. The RRA is considered 
to be an effective method to decrease multicollineartiy among inde
pendent variables and overcome the problem of overfitting (Hoerl and 

Kennard, 2012; Soner et al., 2019) and is more reasonable and scientific 
than the methods of Ordinary Least Squares-based regression analysis 
(Noora, 2020; O et al., 2021; Soner et al., 2019). 

Generally, the OLS-based linear regression is formulated as follows: 

Y = β • X + ε (11) 

Here, Y is a vector representing n-dimensional observations, X is the 
corresponding n × p observation matrix containing p independent var
iables, β is a p × 1-dimensional coefficient vector, and ε is an n × 1- 
dimensional random vector. The β is estimated generally by OLS as the 
following: 

βΛ = (X′*X)− 1⋅X′⋅Y (12) 

According to Gauss–Markov theory, β̂ is the best linearly unbiased 
estimate, and when there is a highly linearly unbiased estimate between 
the independent variables, although the least squares estimates are 
theoretically well characterized, the coefficients of the least squares 
method can be estimated but very unstable and lead to unreliable results 
(Jiao et al., 2017; Soner et al., 2019). Considering the effect of multi
collinearity of the model on the estimation, ridge regression was 
considered to improve the OLS method, which is generally expressed as 
follows: 

βΛ
RR = (X′*X + k⋅I)− 1⋅X′ (13) 

where k is the ridge parameter, usually k ≥ 0. When k = 0, the ridge 
estimate is an OLS estimate and I is the unit matrix, where one set of 
ridge parameters is added to the diagonal of the X matrix to reduce the 
degree of pathology of the original least estimate and make the inversion 
relatively stable. In this study, ridge regression was applied with GPP as 
the dependent variable and temperature, precipitation and solar radia
tion as the independent variables. All variables are linearly detrended 
prior to ridge regression and the regression coefficients are used to 
quantify the influence of the independent variables on the dependent 
variable. 

3. Result 

3.1. Model validation 

The modelled GPP was validated against the eddy covariance based 
GPP observations of 70 site-year in China and the linear regression re
sults showed that the 8-day GPP model significantly correlated with the 
corresponding observations (Fig. 1). The multiple correlation coefficient 
(R2) was 0.76 for all sites and varied from 0.55 (the temperate grassland 
at NMG) to 0.93 (the deciduous forest at CBS), which meant the GPP 
modelled has good performance to capture the seasonal changes in the 
observed GPP time series. 

The GPP in this study was also evaluated by comparing it with two 
other GPP datasets obtained from the GOSIF and MODIS product 
(MYD17A2H) (Figure S2). In terms of R2, the GPP in this study showed 
better performance than that of the MYD17A2H and was almost of the 
same capability as the GOSIF. The MYD17A2H can explain 67% of 
seasonal changes for all sites (the result varied from 18% to 83%), while 
GOSIF can explain 77% for all sites and varied from 35% (tropic forest) 
to 92% (temperate forest). The validation and evaluation illustrated that 
the GPP in this study showed the same data accuracy as other products, 
but with the advantage of both high spatial resolution and long time 
periods that other products do not have. 

3.2. Changes in gross primary productivity for terrestrial ecosystems 

3.2.1. Spatial patterns of GPP 
The spatial pattern of the mean annual GPP decreased from southeast 

to northwest for the spatial heterogeneity of vegetation. The GPP 
average was 1131 gC m− 2a− 1 and varied from 500 to 3500 gC m− 2a− 1 
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with a confidence level of 95% from 1980 to 2018 over the terrestrial 
ecosystems of China (Fig. 2). Specifically, the GPP is more than 3500 gC 
m− 2a− 1 over forested areas in the southern China area; while the GPP is 
higher than 2000 gC m− 2a− 1 over areas where agriculture is the main 
vegetation type in central China. The grasslands and deserts have a 
lower GPP of<500 gC m− 2a− 1 over the Qinghai-Tibetan Plateau and the 
northwest of China. Compared to the average GPP for the first near 20 
years of the period, the vegetation productivity increased in the most 
recent 20 year period for the whole country, especially in the south of 
China, with significantly more greening of vegetation (Fig. 2c). 

3.2.2. Interannual trends in GPP 
The interannual variability of vegetation measured by GPP could be 

decomposed to five time components in China for the period 1980 to 
2018 based on the EEMD method (Fig. 3). As Table 3 shows, its residual 

component was significantly correlated to the original GPP time series 
(Spearman correlation coefficient, r = 0.81 and significant level, p <
0.01) and had the greatest variance contribution (77.10%). Among the 
four components of the GPP time series, the first component (IMF1) has 
the largest variance contribution at 11.25%. 

For the four climate regions of China, the variance contributions of 
the residual components were still the greatest, which varied from 
57.49% in the temperate monsoonal climate region to 84.59% in the 
subtropical–tropical monsoonal climate region. These results mean that 
the residual component plays a dominant role in the interannual vari
ability of vegetation over the whole terrestrial ecosystem of China for 
the study period of 1980 to 2018. 

The GPP showed an increasing trend quantified by its residual 
component from EEMD decomposition (Equation (9) and by the original 
GPP data-based OLS regression (Equation (11) on the pixel scale over 

Fig. 1. The gross primary production (GPP) estimated by the GLOPEM-CEVSA models was validated against the eddy covariance observations of 70 site-year in 
China. These sites are Changbaishan temperate mixed forest (CBS, a), Dinghushan evergreen mixed forest (DHS, b), Qianyanzhou evergreen needleleaf forest (QYZ, 
c), Yucheng cropland (YC, d), Dangxiong alpine steppe-meadow (DXGR, e), Inner Mongolia temperate steppe (NMG, f), Haibei alpine shrub-meadow (HBshrub, g), 
and Haibei alpine swamp (HBwet, h). The goodness of fit was measured through linear regression and coefficient of determination (R2). 

Fig. 2. The gross primary production (GPP), averaged, for the terrestrial ecosystems in China in the periods from (a) 1980 to 2018, (b) the difference in the average 
of GPP between 1980 and 2000 and 1980 to2018 and (c) the difference in the average of GPP between 2000 and 2018 and 1980 to2018. 
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the terrestrial ecosystems in China for the period 1980 to 2018 (Fig. 4). 
The GPP increased by a rate ranging from 57.4 Mt C m− 2a− 1 (OLS) to 
59.8 Mt C m− 2a− 1 (EEMD) and the area with a significant (p < 0.05) 
increasing trend accounts for 92% of the whole terrestrial ecosystem of 
China. The high-cold Tibetan Plateau climate region has the slowest 
increasing rate in GPP among the four major climate regions and ac
counts for 7.5% of the GPP increment in China (Fig. 5). The sub
tropical–tropical monsoonal climate region has the largest GPP growth 
rate, 8.4 times (EEMD) and 7.7 times (OLS) the rate of change of the 
high-cold Tibetan Plateau climate region, contributing 61.3% (EEMD) 
and 62.7% (OLS) for 7.5% of the GPP increment in China. There is little 
difference between the EEMD and OLS-based GPP trends in the 
temperate monsoonal climate region, with the same incremental 
contribution to the GPP change in China (18%). The incremental 
contribution was concentrated in the northeastern and western parts of 
climate regions. The difference between non-linear and linear GPP 

trends is greatest in the temperate continental climate region, where the 
non-linear rate of change is 6.1 Mt C m− 2a− 1 faster than the linear, and 
its contribution to GPP change in China can reach 12.9% and 10.5%, 
respectively. Overall, there is spatial heterogeneity in the GPP of 
terrestrial ecosystems in China, but it has always maintained a long-term 
stable upward trend in change. 

Compared to the previous 20 years period (1980 to 2000), a signif
icant upward trend of the GPP was found in the most recent 20 years 
from 2000 to 2018 (Fig. 5). In 2000 to 2018, the upward trends were 
83.5 Mt C a− 1 and 103.5 Mt C a− 1 respectively based on the EEMD and 
OLS methods in China, which were 231% and 340% of the previous 20 
year period trends, that is, 36.1 Mt C a− 1 and 30.4 Mt C a− 1. 

Vegetation growth acceleration with spatial heterogeneity varied 
across climatic regions. Compared to other climatic regions of China, the 
high-cold Tibetan Plateau climate region had the lowest contribution to 
the whole country’s GPP trend, that is, only 1/20th of the non-linear 

Fig. 3. The interannual variability of vegetation measured by GPP could be decomposed to five components through Ensemble Empirical Mode Decomposition 
(EEMD) for the entire country and the four climatic regions in China from 1980 to 2018 (R1 - High-cold Tibetan Plateau climate region; R2 - Subtropical-tropical 
monsoonal climate region; R3 - temperate monsoonal climate region; R4 - temperate continental climate region; R5 - Entire country). 

Table 3 
The results of Ensemble Empirical Mode Decomposition (EEMD) analysis for the gross primary production for the entire country and the four climatic regions in China 
in the period from 1980 to 2018.    

IMF1 IMF2 IMF3 IMF4 Residual 

Entire country Quasi-period  2.79  5.57  9.75  19.5  
Variance contribution (%)  11.25  4.67  2.84  4.15  77.10 
Spearman  0.4623**  0.0808  0.0089  − 0.1927  0.8093** 

High-cold Tibetan Plateau Quasi-period  3.00  6.50  13.00  39.00  
Variance contribution (%)  10.17  3.74  4.32  4.03  77.75 
Spearman  0.3719*  0.1670  − 0.0628  0.6164**  0.8721** 

Subtropical-tropical monsoonal Quasi-period  2.79  6.50  13.00  19.50  
Variance contribution (%)  5.81  3.57  6.01  0.02  84.59 
Spearman  0.3897*  0.1065  − 0.2917  − 0.2947  0.8504** 

Temperate monsoonal Quasi-period  3.25  7.80  19.50  19.50  
Variance contribution (%)  15.01  7.98  18.82  0.70  57.49 
Spearman  0.3512*  0.1308  0.3381*  0.3937**  0.8012** 

Temperate continental Quasi-period  3.90  6.50  19.50  39.00  
Variance contribution (%)  13.57  1.34  11.34  1.37  72.38 
Spearman  0.3868*  0.1856  − 0.1931  − 0.2966  0.6915** 

Note: * significant level, p ≤ 0.05, and ** p ≤ 0.01. 
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change and 6.1% of the linear change in the most recent 20 years and the 
contribution decreased 4.5% from that in the previous 20 years. The 
subtropical–tropical monsoonal climate region contributed to the major 
upward trending in GPP with a contribution of 61.5% (EEMD) and 
66.7% (OLS) in the most recent 20 years, which is 1.7 and 1.4 times 
more than the corresponding values before 2000. The temperate 
monsoonal climate region contributed 25.5% and 20.8% of the non- 
linear and linear change of the GPP in 1980–2000, decreasing by 
more than 4% for 2000–2018. The temperate continental climate region 
showed an increase in the contribution to the nonlinear and linear trends 
of GPP by 15.4% and 8.4% after 2000, respectively. Compared to the 
previous 20 years, the trend of GPP increased in the range of 2.33–52.58 
Mt C m− 2a− 1 (EEMD) and 1.31–38.08 Mt C m− 2a− 1 (OLS) across the four 
climate regions in the most recent 20 years, with a substantial increase 
of contribution for the subtropical–tropical monsoonal climate region. 

3.2.3. Periodic oscillation in GPP 
Vegetation growth was found to have a periodic oscillation, 

measured by the EEMD method, for the GPP time series (Fig. 3 and 
Table 3). The first component (IMF1) of GPP was significantly correla
tive with the original time series (r = 0.47, p < 0.01) and oscillated in a 
2.79-years cycle over the whole terrestrial ecosystem of China. Mean
while, the dominant component and its periodic years varied across 
climatic regions. The high-cold Tibetan Plateau climate region showed 

almost the same as the whole country, while the third component (IMF3) 
was dominant in the interannual variability of GPP and had a periodic 
oscillation of about 13 years in the subtropical–tropical monsoonal 
climate region. In the temperate monsoonal and temperate continental 
climate regions, the preponderant influence of the contribution can be 
attributed to the first and third fluctuating components (IMF1 and IMF3) 
with a periodic oscillation of about 3.25-years and 19.5-years, 3.9-years 
and 19.5-years, respectively. These results demonstrated that the short- 
term (approximately 3 years) and long-term (approximately 20 years) 
oscillation control the inter-annual and -decadal variability of the 
vegetation growth measured by the GPP over Chinese terrestrial 
ecosystems. 

3.3. Climate change and its impacts on GPP 

3.3.1. Periodic oscillation in climate change 
The interannual variability of precipitation was best characterized as 

periodic oscillation with an increasing trend not evident in the research 
region (Table S1 and Figure S3). The first component (IMF1) played the 
major contribution with a variance contribution of more than 53% with 
a periodic oscillation of 2.6 to 3.25-years in the interannual variability of 
precipitation over most regions except Subtropical-tropical monsoonal 
climate region in China. As an exception, in the subtropical–tropical 
monsoonal climate region, the first, third and fourth components had 
almost the same variance contribution of between 22.42 and 28.13 and 
is characterized as periodic oscillation from the short-term of 3.25-year 
to the long-term of 19.50-year in its precipitation variability. Therefore, 
the precipitation periodically oscillated by a short-term cycle of about 3- 
years over most of China. 

The air temperature, on the contrary, interannually varied with a 
long-term warming trend, but its periodic oscillation was not evident 
and varied depending on the region of China. The residual component 
contributed the most to explaining variance with over 60% in the 
interannual variability of the annual mean daily minimum, maximum 
and mean temperatures (Table S2-4), which means the long-term trends 
dominated the interannual variability of air temperature. 

Both a long-term trend and periodic oscillation were found in the 
interannual variability of solar radiation over the whole country 
(Figure S3 and Table S5). The solar radiation was dominated by its re
sidual component with the highest variance contribution of 63%, along 
with the first component having the second highest contribution of 27% 
on the national scale. The first component, however, played a major 
contribution and had about a 3-years quasi-periodic oscillation over the 
subtropical–tropical monsoonal climate region, the temperate 
monsoonal and the temperate continental climate regions, except the 
high-cold Tibetan Plateau climate region where there was a long-term 
increasing trend with the greatest variance contribution (50.61%). 

Fig. 4. The inter-annual trends in the GPP time series of Chinese terrestrial ecosystems in the three periods from 1980 to 2018 (a), the first (b) and recent (c) near 20 
years of the period. (the colored area is statistically significant at p ≤ 0.05). 

Fig. 5. Comparison of the trends for the EEMD-based nonlinear and OLS-based 
linear models of GPP for the four climatic regions in China. (R1 - High-cold 
Tibetan Plateau climate region; R2 - Subtropical-tropical monsoonal climate 
region; R3 - temperate monsoonal climate region; R4 - temperate continental 
climate region). 
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3.3.2. Impacts of climate change on vegetation growth 
The variability in GPP and its EEMD-based residual component can 

be well explained by climate change in China. Climate change can 
explain variability of 55% and 84% in the GPP and its residual compo
nent on the national scale according to the multiple correlation coeffi
cient (R2) of the ridge regression analysis (Table 4). Among the four 
climate regions, the vegetation growth measured by GPP was more 
impacted by climate change with the higher R2 of 0.78 and 0.63 in the 
high-cold Tibetan Plateau climate region and Subtropical-tropical 
monsoonal region. Meanwhile, the R2 was 0.45 and 0.48 in temperate 
monsoonal and continental regions, respectively, which was lower than 
the previous two regions. For the residual component of GPP, the dif
ference was almost the same among the regions, however, it should be 
noted that the R2 was higher than that for the GPP itself, which means 
the long-term trend measured by the residual components were more 
impacted by climate change than the GPP itself. 

The interannual variability of the vegetation growth measured by 
GPP was dominantly impacted by the Tmin among the considered cli
matic variables, according to the ridge regression analysis (Table 4). By 
comparing the regression coefficients, the impacts of climate change 
could be quantified by the inter-annual variability and long-term trend 
of GPP. As shown in Table 4, the variability in GPP was positively 
impacted by a warming climate with the regression coefficients of 0.19 
~ 0.24 for the Tmin and Tmax, while they were − 0.06 and − 0.11 for the 
Pre and SWRad, respectively, owing to their insignificant (Slope = -0.18, 
R2 = 0.003) and significant (Slope = -1.88, R2 = 0.53) decreasing trends. 
Furthermore, the regression coefficients of Tmin were 15.79% and 
14.29% higher than those of Tmax, which means Tmin exerted an 
overwhelming effect on the variability and long-term trend of the GPP in 
this study. 

The change of Tmin has the greatest influence on both interannual 
variability and long-term trends in GPP in each climate region, except 
the temperate continental climate region. In the temperate continental 
climate region, the change in precipitation had maximum effect on the 
inter-annual variability of GPP with a regression coefficient of 0.21, but 
it’s still Tmin playing an overwhelming role on the long-term trend of 
GPP with a coefficient of 0.24. The effects of Tmin were 26.09%, 8.70%, 

31.25% and 54.55% higher than that of Tmax on the long-term trends of 
the GPP in the four climate regions of the high-cold Tibetan Plateau 
climate region, the subtropical–tropical monsoonal climate region, the 
temperate monsoonal climate region and the temperate continental 
climate region, respectively (Figs. 6-7). 

4. Discussion 

4.1. Uncertainty in the model 

The modelled GPP was evaluated and compared against the eddy 
covariance-based observations in this study and the results showed the 
modeled GPP was better than the MODIS-based GPP (MYD17A2H) and 
comparable with GOSIF-based GPP (GOSIF) estimates (Fig. 1 and 
Figure S2). The sources of uncertainty for modeled results are mainly 
from the model structure, model parameters and input data (Li et al., 
2016; Li et al., 2022; Yan et al., 2019). The study estimated GPP based 
on GLOPEM-CEVSA at the spatial resolution of 1 km2 from 1980 to 
2018, using interpolated meteorological data with great accuracy and 
the FPAR data with a long time series of about 40 years fused for two 
datasets with different time series (Wang and Ye, 2021; Zhang et al., In 
review). The average annual vegetation productivity measured by GPP 
in China was 8.02 Pg C a− 1, which was within the range of modelled 
results from previous studies (Table 5). Compared with other models, 
this result proves more accurate for fine spatial resolution and long time 
series. 

On the other side, uncertainties exist in flux tower data due to eddy- 
covariance-based data observations and processes, and the scale 
mismatch between remote sensing-based GPP and eddy covariance- 
based observations (Hagen et al., 2006). However, these on-the- 
ground-based observations are only data to evaluate the modelled 
data, which are representative for typical regional climate and 
ecosystem. 

The exploration of reducing uncertainty in model simulations always 
is a challenge to improve the accuracy of GPP assessments for terrestrial 
ecosystems. The SIF has been found to be more correlative with plant 
photosynthesis and the SIF-based GPP was considered to be more ac
curate (Feng et al., 2019; Liu et al., 2017b; Qiu et al., 2020). Therefore, 
the SIF-based data assimilation and parameterization should be further 
developed to further improve the accuracy of GPP estimation. Mean
while, more eddy covariance-based GPP observations are necessary and 
essential as the benchmark for model assimilation and parameterization. 

4.2. Periodic oscillation in GPP interannual variability 

Vegetation growth is affected by cyclical climate changes. The 
variability of vegetation growth measured by GPP had a periodic 
oscillation of about 2.79 years and varied across the different climate 
regions, which is likely driven by the East Asia monsoon climate (Li, 
2021; Li et al., 2015). The EEMD analysis was conducted on the new East 
Asian Monsoon Index (EAMI) and the four fluctuating components 
(IMF1-4) showed the oscillating periods of 2.6, 5.57, 13 and 19.5 years 
with variance contributions of 70.85%, 21.83%, 1.36% and 0.28%, 
respectively (Figure S4). Therefore, the East Asian monsoon oscillates by 
a quasi-period of about 3 years, which was within that previously re
ported by Zhou et al (2008)of a 3–7 year cycle. 

The East Asian monsoon significantly influences summer precipita
tion in eastern China, thereby directly affecting vegetation productivity 
(He et al., 2019; Yu et al., 2014; Zhang et al., 2019b; Zhang, 2020). As 
the Qinghai-Tibetan Plateau climate region is inland in western China, 
the fluctuation variability in vegetation was mainly dominated by short 
3-year periods with less influence from the East Asian monsoon. In the 
other three eastern climatic regions located in eastern China, however, 
the periodic oscillations of the GPP time series influenced by the 
monsoon precipitation showed a short cycle of 3 years and a significant 
long cycle of 13 or 20 years. The East Asian monsoon oscillations would 

Table 4 
Ridge regression analysis was applied to gross primary production (GPP) and the 
its residual component to explore the impacts from climate change for the entire 
country and the four climatic regions in China for the period from 1980 to 2018. 
The climate change factors considered here were the annual total precipitation 
(Pre), annual mean daily maximum temperature (Tmax), annual mean daily 
minimum temperature (Tmin) and annual total shortwave solar radiation 
(SWRad).  

Data Climatic region Standardized regression coefficients R2 

BPre BTmax BTmin BSWRad 

Original GPP Entire country  − 0.06  0.19  0.22  − 0.11  0.55 
High-cold 
Tibetan Plateau  

0.06  0.23  0.29  − 0.01  0.78 

Subtropical- 
tropical 
monsoonal  

− 0.07  0.23  0.25  − 0.01  0.63 

Temperate 
monsoonal  

0.02  0.16  0.21  − 0.12  0.45 

Temperate 
continental  

0.21  0.11  0.17  − 0.08  0.48 

EEMD-based 
residual of 
GPP 

Entire country  − 0.06  0.21  0.24  − 0.21  0.84 
High-cold 
Tibetan Plateau  

0.03  0.21  0.28  − 0.10  0.75 

Subtropical- 
tropical 
monsoonal  

− 0.06  0.23  0.27  − 0.08  0.72 

Temperate 
monsoonal  

− 0.02  0.15  0.19  − 0.19  0.52 

Temperate 
continental  

0.02  0.17  0.24  − 0.06  0.50  
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result in a quasi-oscillation in vegetation change by influencing climate 
change. 

Vegetation oscillations are merely a result of periodic environmental 
variability, or rather they are driven by endogenous factors (Tzuk et al., 
2019). The oscillations are a manifestation or aggregate of a complex 
relationship between human activity and cyclical climate change, 
probably linked to the El Niño-Southern Oscillation against the back
ground of long-term climatic change (Barbosa et al., 2020; Xu et al., 
2019). Increasing our knowledge about how vegetation responds to 
climate variability is of high importance for managing ecosystems in a 
future of global climate change. 

4.3. Impacts of climate change on GPP 

Vegetation responses to climate change are very complex and greatly 
vary in space and time (Ahlstrom et al., 2015; Nemani et al., 2003). This 
study found that GPP increased with a long-term significant upward 
trend with great spatial heterogeneity over the terrestrial ecosystems of 
China. Climate change, especially changes in daily minimum air tem
perature, exerts an overwhelming effect on the inter-annual variability 
and long-term trend of GPP. The correlation between temperature and 
vegetation growth was found to be high in China (Cao et al., 2022; Chuai 
et al., 2020; Deng et al., 2022; Liu et al., 2022). Climate warming pro
longs the growing season, which greatly contributes to the greenness 
and productivity of vegetation (Keenan and Riley, 2018). The minimum 

Fig. 6. Impact of climate factors on GPP in terrestrial ecosystems in China from 1980 to 2018 and the previous and most recent 20 years.  

Fig. 7. The ridge regression analysis-based regression coefficient for the gross primary production (GPP) and its residual component with the climate variables for 
the entire country and the four climatic regions in China during the period from 1980 to 2018 and the most recent 20 years. (R1 - High-cold Tibetan Plateau climate 
region; R2 - Subtropical-tropical monsoonal climate region; R3 - temperate monsoonal climate region; R4 - temperate continental climate region; R5 - Entire country). 
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Table 5 
Estimations of GPP in different terrestrial ecosystem models over China.  

Model and 
method name 

Study period Spatial 
resolution 

Average 
annual gross 
primary 
productivity/ 
(Pg C a− 1) 

References 

LUE (Light use 
efficiency 
model) 

1990 8 km 12.26 (Chen 
et al., 
2001) 

TL-LUE (Two-leaf 
light use 
efficiency 
model) 

2003–2017 500 m, 1 
km, 500 m 

6.60, 7.46, 
6.39 

(Hou et al., 
2020) 

TL-LUE, MTE 
(Model tree 
ensemble) 

2007–2011 0.5◦ 7.17, 7.47 (Zan et al., 
2018) 

TL-LUE 1981–2012 0.0727◦ 7.64 (Zhou 
et al., 
2020) 

EC-LUE (Eddy 
Covariance- 
Light Use 
Efficiency) 

2000–2009 10 km 6.04 
(5.63–6.39) 

(Li et al., 
2013) 

EC-LUE 2000–2003 0.5◦×0.6◦ 5.38 (Yuan 
et al., 
2010) 

EC-LUE 2008–2009 1 km 5.55 (Cai et al., 
2014) 

CASA (Carnegie- 
Ames-Stanford 
approach) 

1982–1999 0.1◦ 2.66–3.16 (Piao et al., 
2005) 

CASA 1989–1993 8 km 6.24 (Zhu et al., 
2007) 

CEVSA (Carbon 
Exchange 
between 
Vegetation, Soil 
and 
Atmosphere) 

1981–1998 0.5◦ 6.18 (Tao et al., 
2003) 

GEOPRO (Geo- 
Process model 
based eco- 
system 
photosynthesis 
theory), 
CEVSA, 
GLOPEM 
(Global 
Production 
Efficiency 
Model), 
GEOLUE, CASA 

2000, 
1980–2000, 
1981–2000, 
2000–2004, 
1982–2003 

4 km, 10 
km, 8 km, 
8 km, 8 
km 

4.84, 
6.26–7.36, 
5.52–6.62, 
5.68, 
5.14–5.92 

(Gao and 
Liu, 2008) 

CEVSA-RS 2000–2017 0.1◦ 7.21, 6.83 (Wang 
et al., 
2021) 

MOD17 2000–2010 1 km 5.09 (Running 
et al., 
2004) 

MOD17 2000–2014 1 km 5.53 (Zhao 
et al., 
2004) 

BEPS (Boreal 
Ecosystem 
Productivity 
Simulator) 

2001 1 km 4.42 (Feng et al., 
2007) 

BEPS 2000–2010 500 m 5.26–5.68 (Liu, 2013) 
Vegetation 

Photosynthesis 
Model- 
Evaporative 
Fraction 

2003–2009 5 km 5.48 (Qiu, 2015) 

VPM (Vegetation 
Photosynthesis 
Model) 

2000–2016 500 m 6.74 (Ma et al., 
2019) 

VPM 2006–2008 0.5◦ 5.00 (Piao et al., 
2014)  

Table 5 (continued ) 

Model and 
method name 

Study period Spatial 
resolution 

Average 
annual gross 
primary 
productivity/ 
(Pg C a− 1) 

References 

MTE, 
Geographical 
assessment 
schemes 

2001–2011, 
2001–2010 

0.5◦ , 10 
km 

6.06, 7.78 (Wang 
et al., 
2015a) 

MTE 1982–2015 0.1◦ 6.62 (Yao et al., 
2018) 

MTE 1982–2010 0.5◦ 6.35 (Jung 
et al., 
2011) 

TBMs(Terrestrial 
Biosphere 
Model), MTE 

1981–2010 0.5◦ 7.4, 7 (Jia et al., 
2020) 

MTE, MODIS17, 
CLM4-CN 
(Community 
Land Model 
version 4 with 
Carbon 
Nitrogen 
interactions) 

2000–2004 0.5◦ 6.9, 5.9, 13.7 (Wang 
et al., 
2015b) 

MODIS, TEC 
(Terrestrial 
Ecosystem 
Carbon flux 
model), BESS 
(Breathing 
Earth System 
Simulator) 

2000–2015 5 km, 
0.5◦ , 0.5◦

5.97, 
7.03,6.42 

(Wang 
et al., 
2021; Yan 
et al., 
2019) 

Multiple 
regression 

2001–2010 1 km 7.51 (Zhu et al., 
2014) 

SVR (Support 
Vector 
Regression) 

2000–2015 0.25◦ 7.81 (Ichii et al., 
2017) 

DLM (Dynamic 
land model), 
FLUXCOM GPP 
(Eddy- 
covariance 
measurements) 

1980–2013 0.5◦ 5.56, 6.53 (Du et al., 
2020) 

CABLE (CSIRO 
Atmosphere 
and Biosphere 
Land 
Exchange), 
CLM4, LPJ 
(Lund- 
Potsdam-Jena 
Dynamic 
Global 
Vegetation 
Model), 
ORCHIDEE 
(Organizing 
Carbon and 
Hydrology In 
Dynamic 
EcosystEms), 
VEGAS 
(Vegetation 
Global 
Atmosphere 
Soil) 

1982–2010 0.5◦ 7.97 
(6.14–9.76) 

(Li et al., 
2016) 

GOSIF-GPP 
(Global OCO-2- 
based solar- 
induced 
chlorophyll 
fluorescence 
dataset), DTEC- 
GPP (Diffuse- 
fraction-based 
two-leaf light 

2001–2018 5 km 7.23, 6.93 (Zhang 
et al., 
2021) 

(continued on next page) 
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daily temperature has an overwhelming effect on growth and develop
ment processes, such as the end of the vegetation dormancy period, the 
growth of shoots and the unfolding of leaves (Horvath et al., 2003; 
Körner, 2015). On the one hand, the excessively low night-time tem
perature harms the cellular structure of plants and slows down or delays 
the developmental processes of vegetation (Shen et al., 2016; Vitasse 
et al., 2014). On the other hand, it also affects the water uptake of 
vegetation roots through soil freezing, limiting the supply of soil water 
to vegetation during the period of thawing in spring and delaying the 
time of the thaw (Wan et al., 2012; Wang et al., 2022b; Yang et al., 
2013). 

Warming substantially promotes vegetation growth by alleviating 
temperature constraints, lengthening growing season, and enhancing 
photosynthesis (Bi et al., 2013; Lucht et al., 2002; Myneni et al., 1997; 
Wang et al., 2017b). Warming daily minimum temperature slows the 
risk of frost to vegetation and accelerates the melting of snow and ice in 
the high-cold Tibetan Plateau climate region, resulting in sufficient soil 
moisture for vegetation after a dry winter and early spring (Cao et al., 
2022; Keenan and Riley, 2018; Liu et al., 2022; Shen et al., 2016; Wang 
et al., 2022b). A warming, humid climate effectively enhances the 
photosynthesis of vegetation and prolongs the growing season, pro
moting the growth of vegetation in the temperate monsoonal climate 
region (Cao et al., 2022; Jiao et al., 2019; Keenan and Riley, 2018; Sun 
et al., 2021). But the positive effect of warming on vegetation growth 
has weakened in recent years (Piao et al., 2017; Piao et al., 2014). 
Warmer summers could decrease plant productivity in extra-tropics 
(Angert et al., 2005). 

Increases in precipitation can effectively mitigate the decline in plant 
transpiration and photosynthesis caused by drought stress in water- 
deficient regions, enhancing soil moisture and promoting vegetation 
growth (Saatchi et al., 2013; Zhou et al., 2014). The growth of vegeta
tion is sensitive to precipitation in the temperate continental climate 
region, as shown in Table 4, which is consistent with previous results, 
that precipitation is the main factor for vegetation growth in arid and 
semi-arid regions of northern China (Cao et al., 2022; Chuai et al., 2020; 
Shi et al., 2021; Zhao et al., 2022). In water-limited ecosystems, changes 
in precipitation dominates inter-annual trends in vegetation and even 
result in desertification (D’Odorico et al., 2013; Zhou and Jia, 2016). In 
some local places of semi-arid regions of Northern China, desertification 
is still serious due to drought (Kang et al., 2018; Wang et al., 2011b). 

The air temperature as an important climate factor dominates the 
trend of GPP in China. Warming accounted for at least 42% of the 
increasing trend in GPP in this study, while an insignificantly decreasing 
trend of precipitation had a weakly negative correlation with vegetation 
productivity, contributing no more than 0.5% to productivity. Conse
quently, the influence of temperature on vegetation productivity was 
much higher than the influence of precipitation. Meanwhile, a threshold 
exists for the contribution of precipitation (Felton et al., 2021; Wang 
et al., 2023), especially in forest vegetation types in the relatively humid 
climate of southern China (Xu et al., 2020). It is essential for relatively 
moist vegetation to receive a moderate amount of precipitation (Brandt 
et al., 2018). The negative correlation between precipitation and vege
tation productivity in the subtropical–tropical monsoonal climate re
gion, as shown in Table 4, may be explained by the occurrence of such 
conditions as flooding because of an excessive amount of precipitation in 
summer, aggravating the anaerobic environment in the roots, reducing 

soil nutrients and restraining vegetation growth (Fu et al., 2016; Schuur 
et al., 2001; Yang et al., 2015). 

The contribution of solar radiation changes to the increasing trend of 
GPP is relatively weak. The annual total shortwave solar radiation across 
the entire country and climate regions in this study showed a significant 
decreasing trend and a negative correlation with vegetation growth, 
accounting for only about 10% of the vegetation productivity trend in 
China. Generally, increasing solar radiation can effectively promote 
vegetation growth in tropical forests by improving plant photosynthesis 
and enhancing the rate of dry matter fixation by vegetation (Nemani 
et al., 2003). The overwhelmingly dominant contribution of tempera
ture change to the trends of vegetation productivity in this study was 
much greater than the effect of solar radiation. In addition, the syner
gistic effects of temperature, precipitation and solar radiation on vege
tation productivity are complex and may be interactivity or extinction, 
while also exhibiting significant geographical differences (Xu et al., 
2020), which also explains the differences in the correlation between 
climatic factors and vegetation growth among the different climatic 
regions in this study. Given the complex processes in the climate system 
itself and the interaction between biosphere and atmosphere (Feng 
et al., 2019; Li, 2021; Li et al., 2015), further simulation and analysis are 
essential to understand responses of terrestrial ecosystems to climate 
change in future studies. 

5. Conclusion 

Gross Primary Productivity (GPP), as a quantified photosynthesis 
indicator, is widely applied in ecosystem research. In this study, the GPP 
was estimated at 1 km2 spatial resolution for the terrestrial ecosystems 
of China for nearly 40 years from 1980 to 2018. The interannual vari
ability in the GPP time series was decomposed through Ensemble 
Empirical Modal Decomposition (EEMD) and its underlying mechanism 
was quantified in terms of climate change. The variability of GPP over 
the nearly 40 years was driven by a long-term increasing trend accom
panying a periodic oscillation of nearly 3 years. And its increasing rate in 
the last 20 years is more than twice of that in the previous 20 years, and 
warming evidenced by increased daily minimum temperatures may be a 
vital contributor to ecosystem changes. This study offers new insight by 
decomposing vegetation measurement time series to diagnose intrinsic 
mechanisms in ecosystem response to climate change. These results can 
improve our understanding and prediction in ecosystems and produc
tivity changes and are essential for policy-making to mitigate and adapt 
to climate change. 
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Table 5 (continued ) 

Model and 
method name 

Study period Spatial 
resolution 

Average 
annual gross 
primary 
productivity/ 
(Pg C a− 1) 

References 

use efficiency 
model) 

GLOPEM-CEVSA 1980–2018 1 km 8.02 The study  
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