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A B S T R A C T   

Terrestrial ecosystems are the largest sink for carbon, and their ecosystem gross primary productivity (GPP) 
regulates variations in atmospheric carbon dioxide (CO2) concentrations. Current process-based ecosystem 
models used for estimating GPP are subject to large uncertainties due to poorly constrained parameter values. In 
this study, we implemented a global sensitivity analysis (GSA) on parameters in the Boreal Ecosystem Produc
tivity Simulator (BEPS) considering the parameters’ second-order impacts. We also applied the generalized 
likelihood estimation (GLUE) method, which is flexible for a multi-parameter calibration, to optimize the GPP 
simulation by BEPS for 10 sites covering 7 plant functional types (PFT) over China. Our optimized results 
significantly reduced the uncertainty of the simulated GPP over all the sites by 17 % to 82 % and showed that the 
GPP is sensitive to not only the photosynthesis-related parameters but also the parameters related to the soil 
water uptake as well as to the energy balance. The optimized GPP across South China showed that the mix forest, 
shrub, and grass have a higher GPP and are more controlled by the soil water availability. This study showed that 
the GLUE method together with the GSA scheme could constrain the ecosystem model well when simulating GPP 
across multiple ecosystems and provide a reasonable estimate of the spatial and temporal distribution of the 
ecosystem GPP over China. We call for more observations from more sites, as well as data on plant traits, to be 
collected in China in order to better constrain ecosystem carbon cycle modeling and understand its response to 
climate change.   

1. Introduction 

The terrestrial ecosystem gross primary productivity (GPP), quanti
fying the amount of carbon (C) assimilated by plants from the atmo
sphere, is the largest C flux within the C cycle (Beer et al., 2010), and 
regulates variations of atmosphere carbon dioxide (CO2) concentrations 
over the past several decades (Forkel et al., 2016; Wenzel et al., 2016). 
Climate change and anthropogenic activities have induced profound 
impacts on the terrestrial ecosystem carbon cycles by enhancing 
photosynthesis with the elevated atmospheric CO2 concentrations on 

one hand (Wang et al., 2020) and by impeding plant growth with more 
frequent droughts and disturbances on the other hand (Bastos et al., 
2020; Gampe et al., 2021; Orth et al., 2020; Wang et al., 2020, 2019). 
Therefore, accurate estimates of GPP can improve our understanding of 
terrestrial C dynamics (Huang et al., 2021; Running et al., 2004; Xiao 
et al., 2014b) and their responses to current and future climate change 
(Li et al., 2018). 

Over the past decades, process-based ecosystem models have been 
developed and commonly used to understand mechanisms that regulate 
terrestrial C fluxes at local, regional, continental, and global scales 
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(Huntzinger et al., 2017; Piao et al., 2013; Sitch et al., 2015). The 
modeled GPP has been found to have large uncertainties, mainly due to 
uncertainties in model parameters, inputs, and structures (Beck, 1987; 
Zheng et al., 2018). Among those uncertainties, the uncertainties from 
model parameters often contribute most to the overall uncertainties of 
the results when climate forcing and plant functional types have been 
applied (Kaminski et al., 2013; Verbeeck et al., 2006; Xiao et al., 2014a). 
The GPP simulated by ecosystem models shows large uncertainties, 
mostly because sensitive parameters are assigned empirical values 
directly and have not been further calibrated (Knorr and Kattge, 2005; 
Luo et al., 2009; MacBean et al., 2022; Piao et al., 2013; Zhu and 
Zhuang, 2014). Thus, it is necessary to carefully take into account the 
parameter uncertainties in modeling ecosystem GPP. One effective tool 
to reduce the parameter uncertainties of process-based ecosystem 
models is parameter sensitivity analysis (PSA) and model calibration 
(Bastrikov et al., 2018; Prihodko et al., 2008; Senapati et al., 2016; 
Verbeeck et al., 2006; Yang et al., 2022; Zhang et al., 2019; Zhu and 
Zhuang, 2014). The PSA method is capable of identifying sensitive pa
rameters to concentrate efforts on calibrating the sensitive parameters. 
Many PSA methods have been developed (Beven and Binley, 1992; 
Castaings et al., 2012; Czitrom, 1999; Metropolis and Ulam, 1949; 
Morris, 1991; Norton, 2015; Pianosi et al., 2015; Sobol, 1993; Tarantola 
et al., 2006), and can be divided into local PSA methods and global PSA 
methods Local PSA methods are efficient, quick and easy to use but only 
appropriate if the parameter uncertainties are small or the model is 
linear. With the increasingly complex of model structure and the rela
tionship between model parameters, global PSA method demonstrates 
its ability to assess the output uncertainties across the entire parameter 
space and determine the interaction effects of the parameters on the 
output. Global PSA methods may be divided into three types: screening, 
regression-based and variance-based. The screening method is capable 
of providing parameter rankings, whereas the variance-based method is 
able to quantify the amount of variance that each parameter contributes 
to the unconditional variance of the model output (Li et al., 2009). 
However, the well-known shortcoming of global SA algorithm is heavy 
computational burden. Lu et al. (2013) proposed a two-step global PSA 
approach (hereafter called TS-GSA) that combined a screening global 
PSA method called Morris and a variance-based global PSA method 
called random-sampling, high-dimensional model representation 
(RS-HDMR). TS-GSA can be used efficiently to identify sensitive pa
rameters as well as their interactions in ecosystem models with fewer 
simulations for different sets of model parameters and can be readily 
applied to any model with complex structure. It has been used by some 
process-based models to detect the sensitive parameters (Dan
tec-Nédélec et al., 2017; Jabloun et al., 2018; Li et al., 2020; Liu et al., 
2022; Lu et al., 2013; Wu et al., 2019a). 

For the parameter optimization, several methods have also been 
proposed, such as the data assimilation algorithms (Elbern et al., 2000; 
Hatfield et al., 2021; Kaminski et al., 2013; Rayner et al., 2005; Scholze 
et al., 2016, 2019; Wu et al., 2020a, 2019b), machine learning algo
rithms and the optimization approaches using the Monte Carlo sampling 
algorithm (Metropolis and Ulam, 1949; Verbeeck et al., 2006; Wu et al., 
2020b, 2019c, 2021, 2011, 2012). Variational algorithm which is a data 
assimilation algorithm needs to generate the adjoint code, the compu
tational cost often exceeds the original model runs and the development 
of the model needs the re-calculation of the adjoint code, which is not 
convenient for model applications to different situations as well as for 
transferring of the algorithm to different models (Altaf et al., 2013). 
Machine learning methods have become popular in simplifying the pa
rameterizations of process-based models in recent years (Dagon et al., 
2020; Koppa et al., 2022; Ma et al., 2022; Sawada, 2020), but its 
black-box nature hinders the interpretability, which is an important 
requirement if the influence of individual covariates needs to be real
istically represented to improve process understanding (Koppa et al., 
2022). With the fast development of computational capacity, the Monte 
Carlo-based approach is commonly used in parameter calibration. For 

the Monte Carlo sampling-based optimization method, it is easy to be 
adopted in an ecosystem model with a large number of parameters. This 
method allows for the assessment of nonlinear interactions between 
parameters with a large amount of samplings and flexible definitions of 
the prior parameter distributions (Beven and Freer, 2001; Franks et al., 
1997; O’Neill et al., 1982; Prihodko et al., 2008). 

The generalized likelihood uncertainty estimation (GLUE) is a widely 
used Monte Carlo sampling-based optimization and uncertainty analysis 
method. GLUE is based on a large number of Monte Carlo simulations 
with uniform distributions and then selects the acceptable parameter 
sets with equal modeling performance based on the criteria applied to 
the model outputs with respect to their performance (Beven, 2009). The 
core assumption of the GLUE is “equifinality”, which indicates that 
different parameter sets can produce equally good results (Beven, 2006; 
Beven and Binley, 1992). Thus, the GLUE does not provide a single best 
fit against measurements, instead, it uses an ensemble of accepted model 
simulations to represent equally good results based on a criteria defined 
in informal likelihood measures (e.g. coefficient of determination, R2, 
and root mean square error, RMSE) (Beven, 2006; Stedinger et al., 
2008). This approach has been extensively used to calibrate 
process-based ecosystem models such as the CoupModel (Jansson, 2012; 
Houska et al., 2014; Khoshkhoo et al., 2015; Metzger et al., 2016; Sen
apati et al., 2016; Wang et al., 2022a; Wu et al., 2019a). It has been 
proven to efficiently deal with parameter uncertainties in highly 
nonlinear ecosystem models (Prihodko et al., 2008; Stedinger et al., 
2008). 

In this study, we implemented TS-GSA and GLUE to conduct 
parameter sensitivity analysis and optimization for the Boreal 
Ecosystem Productivity Simulator (BEPS) model using GPP observations 
from 10 sites in China. Few previous studies have used model-data 
fusion approaches to optimize parameters in BEPS for multiple sites. 
Most of these studies only focused on certain parameters related to the 
photosynthesis process such as the maximum carboxylation rate of 
Rubisco at the top of the canopy at 25 ◦C (Vcmax25) (Chen et al., 2017; He 
et al., 2017; Ju et al., 2006; Wang et al., 2021a). The sensitivity of pa
rameters in BEPS related to different processes and their variations in 
different ecosystems remain unclear. Our objectives were to: (1) inves
tigate the sensitivity of parameters in BEPS for simulating GPP across 
various ecosystems in China; (2) optimize the selected sensitive pa
rameters separately for different ecosystems; and (3) evaluate the 
response of optimized model to climate change in China. 

2. Materials and methods 

2.1. BEPS model 

BEPS model contains 8 plant functional types (PFTs), namely, ever
green needleleaf forests (ENF), deciduous needleleaf forests (DNF), de
ciduous broadleaf forests (DBF), evergreen broadleaf forests (EBF), 
mixed forests (Mix), shrub, grass, and crop. BEPS simulates diurnal 
variations in GPP using hourly meteorological data (i.e., air tempera
ture, relative humidity, wind speed, precipitation, and solar radiation), 
soil texture, C pools, and vegetation parameters, including clumping 
index, land cover type, and daily LAI as model inputs (Fig. 1). BEPS 
simulates the dynamics of carbon pools beyond GPP. It stratifies the soil 
carbon stock into nine pools (surface structural litter, surface metabolic 
litter, soil structural litter, soil metabolic litter, coarse woody litter, 
surface microbe, soil microbe, slow, and passive carbon pools). These 
nine carbon pools are used to calculate heterotrophic respiration (HR) 
and autotrophic respiration (AR), which is used to estimate net 
ecosystem productivity (NEP). Since there is no turnover rate of the 
carbon pools in the initial stage of the simulation at the different sites, a 
spin-up was performed (Chen et al., 2019a, 2019b) to give an initial 
state to each pool and to avoid the impact on the uncertainty of the 
carbon balance when optimizing the GPP. Therefore, we started the 
simulation at the balanced C pools. The details on implementation of a 
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model spin-up can be found in Chen et al. (2019b). The BEPS model 
stratifies the canopy into the overstory and understory, accounting for 
the sunlit and shaded leaves respectively. GPP is calculated accordingly 
using a two-leaf (sunlit and shaded leaves) Farquhar’s biochemical 
model (Farquhar et al., 1980) accounting for the canopy-level of carbon 
assimilation (Chen et al., 1999): 

GPP = GPsunlitLAIsunlit + GPPshadedLAIshaded (1)  

where GPPsunlit and GPPshaded are the GPP of sunlit and shaded leaves, 
respectively; LAIsunlit and LAIshaded are the leaf area indices of sunlit and 
shaded leaves. Beside, BEPS simulates fluxes of plant and soil C, water 
and energy balance at each time-step. Autotrophic respiration is sepa
rated into growth respiration and maintenance respiration components. 
Growth respiration is calculated as 20 % of GPP while maintenance 
respiration is temperature dependent. Details of the model can be found 
in Ju et al. (2006) and Chen et al. (2007). 

Fig. 1. The structure of the Boreal Ecosystem Productivity Simulator (BEPS) model. The yellow arrows represent the energy processes, blue arrows represent the 
water cycle processes, the black with purple arrows represent the carbon and nitrogen processes, black arrows are related to the carbon process. ssd: carbon and 
nitrogen stock in surface structural detritus; smd: carbon and nitrogen in surface metabolic detritus; sm: carbon and nitrogen in surface microbe; s: carbon and 
nitrogen in slow; p: carbon and nitrogen in passive; m: carbon and nitrogen in soil microbe; fmd: carbon and nitrogen stock in fine metabolic detritus. fsd: carbon and 
nitrogen stock in fine structural detritus. cd: carbon and nitrogen stock in the woody litter. 

Fig. 2. The distribution of plant functional types and the locations of the 10 eddy covariance flux sites across China.  
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2.2. Data 

2.2.1. Eddy covariance flux and meteorological measurements 
We collected hourly meteorological and GPP data from 10 eddy 

covariance flux sites (Fig. 2). The metrological data were used to drive 
the model and the GPP data were used to calibrate and validate the 
model (Table 1). Data from 8 of the sites (spanning from 2003 to 2010) 
were collected from ChinaFlux (http://chinaflux.org/), and the 
remaining two (spanning from 2008 to 2010) were collected from the 
National Tibetan Plateau Third Pole Environment Data Center (Li et al., 
2013). These sites are distributed in different climate zones and humid 
areas, defined using data from Resource and Environment Science and 
Data center (https://www.resdc.cn/). These 10 sites represent 7 PFTs 
that are typical in China, i.e. grass (3 sites), crop (1 site), shrub (1 site), 
evergreen broad-leaved forest (EBF, 2 sites), evergreen coniferous forest 
(ENF, 1 site), mixed forest (MF, 1 site), wetland (1 site). We used the 1/3 
of observations for model validation and 2/3 for model calibration. 

2.2.2. Leaf area index input data 
We used the GLOBMAP LAI version3.0 data from 2003 to 2019 with 

8-day temporal and ~0.07◦ LAI spatial resolution (Liu et al., 2012). 
Beside, the 8-day and 0.05◦ GLASS LAI from 2003 to 2010 and the 
MODIS LAI product from 2003 to 2010 (MOD15A2H) with an 8-day 
temporal resolution and a 500-m spatial resolution were also used to 
drive BEPS model. We converted the 8-day LAI into daily LAI to drive the 
BEPS model by assuming that the LAI between two LAI observations 
keep unchanged. LAI for the 10 sites was then extracted from this 
product at their original resolution. GLOBMAP LAI was also used for the 
regional simulation, we aggregated the GLOBMAP LAI (2010–2019) 
from 0.07∘ × 0.07∘ to 1∘ × 1∘ 

2.2.3. GPP datasets 
Four global GPP datasets were used in comparison with the GPP 

simulated by BEPS over China. The GPP datasets used were: (1) Monthly 
GPP at 0.5∘ × 0.5∘ from the Vegetation Photosynthesis Model (VPM) 
(Zhang et al., 2017). (2) Monthly GPP at 0.05∘ × 0.05∘ derived from the 
satellite-based near-infrared reflectance (NIRv) (Wang et al., 2021b). (3) 
The annual Light Response Function (LRF) GPP dataset at 0.05∘ × 0.05∘ 

resolution was obtained with an ecosystem-level physiological approach 
(Tagesson et al., 2021). (4) An 8-day GPP dataset with 0.05∘ × 0.05∘ 

resolution based on a revised light use efficiency model (EC-LUE) 
(Zheng et al., 2020). All 8-day (MODIS and EC-LUE) GPP datasets were 
aggregated to the monthly data sets. We kept the original spatial reso
lution of the GPP datasets in deriving the regional GPP over China as 
well as over specific parts of China. 

2.2.4. Climate data for the regional simulation 
The climate data used to drive the regional BEPS simulation were 

derived from ECMWF Reanalysis Atmospheric 5th Generation (ERA5) 
(Hersbach et al., 2020). The input variables included hourly air tem
perature, solar radiation, relative humidity, wind speed, and 

precipitation from 2010 to 2019 at 1∘ × 1∘ resolution. 

2.2.5. Crop management data 
Corn is the main grain crop type of the Yingke (YK) site (Li et al., 

2009; Wu et al., 2019a). In 2008, it was hole seeded on April 20 and 
harvested on September 22. There were five irrigation events 
throughout the growth period (May to September), and in total irriga
tion added 885 mm (Wang et al., 2013). For convenience we added the 
daily irrigation to the precipitation of the same day in BEPS to consider 
irrigation practice. 

2.2.6. SPEI 
The standardized precipitation evapotranspiration index (SPEI) can 

be used for determining the onset, duration, and magnitude of drought 
conditions. Values of SPEI less than − 0.5 correspond to mild drought, 
less than − 1 to moderate drought, less than − 1.5 to severe drought, and 
less than − 2 to extreme drought. Here, we used the 0.5∘ × 0.5∘ SPEI3 
spanning from 2010 to 2018 (https://spei.csic.es/) to study the sensi
tivity of GPP simulations to drought. 

2.2.7. LT_SIF 
The 0.05∘ × 0.05∘ long-term consistent global solar-induced chloro

phyll fluorescence (LT_SIF) data (Wang et al., 2022b) was also used in 
this study. This SIF dataset spans the period from July 1995 to December 
2018, here we used the data from 2010 to 2018. We re-gridded the 
LT_SIF into 0.5∘ × 0.5∘ to calculate the correlation with SPEI. 

2.3. Parameter sensitivity analysis and optimization 

In this study, TS-GSA method and GLUE optimization approach were 
implemented into BEPS (Fig. 3), as summarized below: 

(1) Parameters selection. We selected parameters that were poten
tially relevant to energy and water balance, as well as autotrophic 
and heterotrophic respiration based on the mechanistic under
standing of the BEPS model. In total, 21 parameters were selected 
for the sensitivity analysis based on prior knowledge (Table 2) 
(Bonan et al., 1993; Chen et al., 2007, 1999; He et al., 2014; Ju 
et al., 2006, 2010). 

(2) Parameter sensitivity analysis: Morris & RS-HDMR. We con
ducted global parameter sensitivity using the TS-GSA proposed 
by Lu et al. (2013). Using the selected parameters from step (1), 
the Morris method (Morris, 1991) was first used to rank the 
potentially sensitive parameters. Furthermore, we used the 
RS-HDMR method (Ziehn and Tomlin, 2008) to quantify the in
teractions between parameters and re-rank parameter sensitiv
ities before deriving the sensitive parameters for calibration.  

(3) Parameter calibration. We used the GLUE approach to calibrate 
the sensitive parameters from step (2) by randomly sampling the 
parameter values within their respective prior ranges for 10,000 
times with uniform distribution to realize the model space. We 

Table 1 
Information of 10 flux sites used in this study. The annual total precipitation (P) and annual mean temperature (T) are given based on the available observations. PFT 
stands for plant functional type. MF is mixed forest, EBF is evergreen broadleaf forest, and ENF is evergreen needleleaf forest.  

Site Name Lat (◦N) Lon (◦E) P (mm) T ( ◦C) PFT Calibration years Validation years 

Arou (AR) 38.05 100.45 349.45 − 0.1 Grass 2008~2009 2010 
Changbaishan (CB) 42.40 128.10 234.33 3.65 MF 2003~2008 2009~2010 
Dangxiong (DX) 30.50 91.07 220.85 2.72 Grass 2004~2008 2009~2010 
Dinghushan (DHS) 23.17 112.53 729.09 20.12 EBF 2003~2008 2009~2010 
Haibei Shrub (HBS) 37.67 101.33 236.33 − 1.26 Shrub 2003~2008 2009~2010 
Haibei Wetland (HBW) 37.61 101.33 236.33 − 1.26 Wetland 2003~2008 2009~2010 
Neimenggu (NMG) 43.33 116.40 80.06 1.38 Grass 2004~2008 2009~2010 
Qianyanzhou (QYZ) 26.74 115.06 583.70 17.74 ENF 2003~2008 2009~2010 
Xishuangbanna (BN) 21.93 101.27 737.1 19.40 EBF 2003~2008 2009~2010 
Yingke (YK) 38.85 100.42 31.71 7.40 Crop 2008~2009 2010  
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then separately took the best 100 sets of parameters (acceptance 
ratio of 1 %) with the lowest RMSE as the optimized parameter 
sets called posterior parameters.  

(4) Model validation. The outputs of GPP simulated by the 100 
optimized parameter sets selected with the best 100 RMSEs were 

then compared with the observed GPP to evaluate the goodness of 
parameter optimization in the validation years. 

2.3.1. Parameter selection 
The 21 model parameters selected to four processes in the BEPS 

model were related (Table S1): photosynthesis (Vcmax25, mH2O, Nleaf , bH2O, 
mVcmax,N , bCO2 ), energy and water balance (b, Ksat , fleaf , rdecay, srmin, ho,hu 

droot , Avo, Ano, Asat, Adry, rdra), heterotrophic respiration (dlitter) and 
autotrophic respiration (Q10). Thirteen of the parameters (Vcmax25, mH2O, 
Nleaf , mVcmax,N , b, Ksat, rdecay, srmin, ho,hu droot, Avo, Ano,) have PFT-specific 
values, and the remaining eight (bH2O, bCO2 , fleaf , Asat, Adry, rdra, Q10, dlitter) 
have common values for all PFTs. All selected parameters were given a 
prior range based on the default value of the model. Since the 21 pa
rameters selected above are all empirical values in the BEPS model, a 
prior ranges of the parameters were initially used as the default values 
for each parameter minus and plus the corresponding values multiplied 
by 25 %. The ranges of rdecay, Ksat and droot have been changed after 
constant experimentation and consideration of the meaning of the pa
rameters. rdecay calculates the proportion of roots distributed in the soil 
with a determined prior range of minus or plus 10 % of the default 
parameter value and the maximum is 1. Ksat is the saturated hydraulic 
conductivity of the soil with a range of minus or plus 75 % of the default 
parameter value. droot is the root depth with the minimum range defined 
as the default value minus the corresponding value multiplied by 25 %, 
and maximum range is the default value plus the corresponding value 
multiplied by 50 %. 

2.3.2. TS-GSA method 
Morris is a derivative-based method to implement a global parameter 

sensitivity analysis (Morris, 1991). When ranking all selected model 
parameters by their elementary effects on the model output, the higher a 
parameter is ranked, the more sensitive the model output is to that 
specific parameter. Thus, we can identify important parameters for 
calibration. 

As the Morris method cannot distinguish the interactions between 
parameters, we therefore needed to apply the RS-HDMR method to 
identify the interactions between parameters for those parameters 
selected in the Morris step. The RS-HDMR method can calculate the first- 
order sensitivity to measure the effect of parameter on the model output, 
and the second-order sensitivity to measure the contribution of the 
interaction effect of parameters. Therefore, the RS-HDMR method not 
only verifies the parameter-screening results by the Morris method but 
also provides additional information about the interactions among pa
rameters. Details of RS-HDMR method can be found in Lu et al. (2013), 
and the software package to implement this method is freely available in 
Ziehn and Tomlin (2009). 

Fig. 3. Flowchart of the methodology for the parameter sensitivity analysis and 
model calibration of the BEPS model in this study. 

Table 2 
Prior and posterior (bold font) values of selected sensitivity parameters. The posterior ranges were the minimum and maximum of the 100 parameter sets.  

Parameters Vcmax25 mH2O Nleaf mVcmax,N bH2O rdecay fleaf 

Grass 30.00 ± 7.50 
32.58 (22.76~37.48) 

4.00 ± 1.00 
4.35 (3.03~5) 

2.70 ± 0.67 
2.94 (2.03~3.37) 

0.57 ± 0.14 
0.63 (0.43~0.71) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.95 ± 0.10 
0.92 (0.86~0.99) 

0.50 ± 0.13 
0.49 (0.38~0.62) 

crop 36.00 ± 9.00 
42.56 (37.17~44.97) 

4.00 ± 1.00 
4.53 (3.22~5.00) 

2.38 ± 0.67 
2.74 (2.25~2.96) 

0.31 ± 0.08 
0.36 (0.30~0.39) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.95 ± 0.10 
0.92 (0.86~0.99) 

0.50 ± 0.13 
0.54 (0.39~0.62) 

Shrub 34.71 ± 7.29 
41.12 (33.19~43.38) 

8.00 ± 2.00 
8.85 (6.60~9.99) 

2.70 ± 0.67 
3.16 (2.49~3.37) 

0.57 ± 0.14 
0.67 (0.57~0.71) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.95 ± 0.10 
0.90 (0.86~0.99) 

0.50 ± 0.13 
0.56 (0.39~0.62) 

Wetland 89.45 ± 22.36 
72.90 (67.09~88.15) 

8.00 ± 2.00 
7.23 (6~9.97) 

2.70 ± 0.67 
2.24 (2.02~2.84) 

0.60 ± 0.15 
0.49 (0.45~0.61) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.95 ± 0.10 
0.93 (0.86~0.99) 

0.50 ± 0.13 
0.43 (0.38~0.57) 

EBF 39.10 ± 9.78 
38.01 (29.45~48.87) 

8.00 ± 2.00 
7.96 (6.02~9.89) 

2.97 ± 0.74 
2.87 (2.24~3.70) 

0.48 ± 0.12 
0.46 (0.36~0.60) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.97 ± 0.10 
0.94 (0.87~1.03) 

0.50 ± 0.13 
0.49(0.38~0.62) 

ENF 32.50 ± 8.13 
36.98 (30.75~40.48) 

8.00 ± 2.00 
8.14 (6.01~9.94) 

4.45 ± 1.11 
4.94 (3.99~5.54) 

0.33 ± 0.08 
0.37 (0.30~0.41) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.95 ± 0.10 
0.93 (0.85~0.99) 

0.50 ± 0.13 
0.41 (0.38~0.46) 

MF 33.00 ± 8.25 
35.94 (27.59~41.02) 

8.00 ± 2.00 
8.53 (6.24~9.98) 

3.50 ± 0.88 
3.89 (3.12~4.37) 

0.47 ± 0.12 
0.51 (0.40~0.59) 

0.02 ± 0.01 
0.02 (0.01~0.02) 

0.96 ± 0.10 
0.93 (0.86~0.99) 

0.5 ± 0.13 
0.59 (0.51~0.62)  
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2.3.3. Parameter calibration 
The GLUE method involves a large number of model runs, each of 

which is driven by randomly selected input parameter values drawn 
from uniform prior distributions across the range of each parameter. In 
this study, we first assumed that all parameters conform to the uniform 
distribution, then randomly sampled 10,000 times from input distribu
tions for every sensitive parameter selected from TS-GSA method. After 
transforming back to their actual values, run the BEPS model. The per
formance of each run is thereafter taken as behavioral or non-behavioral 
based upon the comparison of simulated versus observed data. Model 
runs that meet specified acceptability criteria are received as behavioral 
runs, otherwise are rejected as non-behavioral and removed them from 
further analysis. A total of 10,000 simulations were performed based on 
the Monte Carlo sampling from the parameters which were selected 
from TS-GSA. These 10,000 simulations with the present BEPS setup 
represents a balance between computational limitation and maximizing 
coverage of the parameter space. Out of these runs, 100 behavioral runs 
were selected using evaluation criteria (root mean square error, RMSE) 
by comparing the model outputs with measured data for ten sites. 

The extent to which parameters were constrained by the observa
tions can be identified by comparing the difference between the cu
mulative distribution of frequency (CDF) of prior and posterior 
parameters. We assumed that the prior distribution is uniform, so the 
CDF of the 10,000 sets of prior parameters is a regular diagonal shape, 
while the CDF of the 100 sets of posterior parameters will have a cor
responding shape according to the corresponding parameter combina
tion. When the CDF of posterior parameters differ substantially from 
their prior uniform distributions, their range ratios (i.e. posterior 
parameter range divided by prior parameter range) will become smaller. 
Parameters with range ratios lower than 0.6 were selected as very well 
constrained (Zhang et al., 2019). 

2.3.4. Model validation 
The 100 sets of parameters derived from the calibration period using 

the GLUE method were used to run the BEPS model to obtain the 
ensemble daily GPP simulations of validation years. The observed daily 
GPP from the validation years of each site was used to evaluate the 
reliability and extrapolation of the posterior parameters identified in 
calibration. With the constrained parameters, we took the mean of each 
posterior parameter ensemble as the optimal value and ran the model to 
obtain the regional GPP simulations. The other global GPP datasets 
collected in this study were used to compare with the regional prior and 
posterior GPP distributions. We calculated the GPP of China from 2010 
to 2016 using the prior and posterior parameters forced by GLOBMAP 
LAI product and compared with referenced GPP products. 

3. Results 

3.1. Parameter sensitivity over plant functional types 

We found that GPP is most sensitive to four parameters, i.e. rdecay—a 
parameter related to soil water availability (SWA),Vcmax25, mVcmax,N , 
Nleaf —parameters related to photosynthesis. The latter three parameters 
basically had the same relative importance for all sites (Fig. 4a). The 
ranking of photosynthesis and SWA relevant parameters generally 
differed between PFTs. For the crop site (YK), the averaged relative 
importance of the photosynthesis relevant parameters is 0.23, while for 
the SWA relevant parameters it is 0.08. We found that at the ENF site 
(QYZ), photosynthesis and SWA relevant parameters have the similar 
relative importance to the YK site. While for the shrub (HBS), wetland 
(HBW) and MF (CB) sites, the sensitivity of SWA relevant parameters is a 
little higher than the photosynthesis relevant parameters. 

We also noticed the differences in the relative importance of pa
rameters over grassland ecosystems. For alpine grassland (i.e. AR and 
DX), photosynthesis relevant parameters are more important (0.21) than 
the SWA relevant parameters (0.11). While for the semi-arid grassland 
NMG site the GPP shows more sensitive to the SWA relevant parameters, 
with the relative importance of rdecay in NMG of 0.35, followed by the 
mean relative importance value of 0.14 from the photosynthesis rele
vant parameters. For the two EBF sites (BN and DHS), the sensitivity of 
the parameters also shows to be different. The tropical rainforest from 
the BN site is most sensitive to soil hydrology, with the relative impor
tance of the SWA relevant parameters (0.30) larger than the mean 
relative importance of the photosynthesis relevant parameters (0.16). 
Conversely, for the subtropical monsoon DHS site, photosynthesis rele
vant parameters are shown to be more sensitive, with the mean relative 
importance of 0.20 and the SWA relevant parameters have the relative 
importance of 0.15. 

The sensitivity index calculated from the RS-HDMR (Fig. 4b) is 
generally consistent with the Morris sensitivity results (Fig. 4a). For the 
crop site YK, the three parameters i.e. Vcmax25, Nleaf , mVcmax,N account for 
89.27 % of the total normalized parameter sensitivity. While for the 
other sites, the most sensitive parameters are rdecay, Vcmax25, Nleaf , and 
mVcmax,N , and they contribute to more than 80 % of the parameter sensi
tivity. The first-order effects of all remaining parameters together and 
the total second-order effects of parameters are relatively small but show 
not negligible in their contribution to the GPP simulation. 

3.2. Posterior parameter distributions 

The posterior distribution of the sensitive parameters shows that 

Fig. 4. The sensitivity of parameters. a, Results of Morris sensitivity analysis. The relative contribution of normalized elementary effects of different most important 
parameters that β value lager than 0.85 across 10 sites (colored). “others” represent the remaining unimportant parameters (gray). b, Results of RS-HDMR analysis. 
First-order GPP sensitivity indices of most important parameters for all sites (colored). “others” represent the interactions (second-order effects) among parame
ters (gray). 
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they are constrained well with the GLUE approach (Fig. 5), and the 
posterior ranges of parameters differ among sites (Table 2). Overall, the 
posterior range ratio (the ratio of posterior parameter range to the prior 
parameter range) of the sensitive parameters varied from 0.14 to 0.99. 

We noticed that the sensitive parameters Vcmax25, Nleaf , and mVcmax,N from 
all 10 sites are efficiently constrained at most sites, but they depict 
different posterior ranges in different climate zones. For example, the 
parameter range ratios for Vcmax25, Nleaf , and mVcmax,N at the alpine 

Fig. 5. The cumulative distribution functions (CDF) of posterior parameters after calibration. Lightered gray color denotes the prior CDF distributions, colored 
denote the posterior CDF distributions. Boxplot denotes the posterior mean, 1st and 3rd quantiles, and the error bar denotes the minimum and maximum values, 
scatter denotes the outlier. The red Rratio was the parameters with range ratios lower than 0.6. 
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grassland AR site are 0.51, 0.63, and 0.62 respectively, and their pos
terior CDF distributions are all centered on the right-hand side of the 
prior range. Accordingly, the semi-arid grass site NMG depict similar 
posterior range ratios for the three parameters (0.47, 0.60, and 0.54) to 
the AR site. While for the alpine grass site DX these three parameters 
show much larger posterior range ratios (0.94, 0.87 and 0.91). 

For the two evergreen broadleaf forest sites BN and DHS, we noticed 
quite different posterior range ratios for the parameters Vcmax25, Nleaf , 
and mVcmax,N . The DHS site exhibits a better constraint than BN with range 
ratios of 0.74, 0.65, and 0.82 for Vcmax25, Nleaf , and mVcmax,N , respectively. 
While at BN, their posterior range ratios are 0.96, 0.93, and 0.94, 
respectively. The evergreen needleleaf forest site QYZ and the mix forest 
site CB are shown efficiently constrained, with range ratios of 0.60, 0.69, 
0.67 for the three parameters Vcmax25, Nleaf , and mVcmax,N at QYZ and of 
0.81, 0.72, 0.79 for them at CB. For the two Haibei sites located in the 
alpine climate, they are constrained relatively well with posterior range 
ratios of 0.59, 0.65, and 0.50 for Vcmax25, Nleaf , and mVcmax,N , respectively 
at HBS; and posterior range ratios of 0.47, 0.60, and 0.53 at HBW. The 
crop site YK exhibits good constraints with posterior range ratios of 0.43, 
0.60, and 0.51 for Vcmax25, Nleaf , and mVcmax,N , respectively. 

The parameter rdecay, describing the relative soil water availability for 
plants, is weakly constrained at all PFTs, with the posterior range ratio 
value larger than 0.9. While the f leaf shows a good constraint in all forest 
EBF (BN, DHS), MF (CB), and ENF (QYZ) (range ratios: 0.53, 0.39, 0.46, 
and 0.35). For the EBF, the posterior CDF distribution is clustered on the 
right-hand side of prior range in the BN site, but focused on the left-hand 
side in the DHS site. With the range ratio greater than 0.6, the constraint 
on the parameter f leaf in the forest sites outperforms the other PFTs. The 
semi-arid grass site NMG is shown more tightly constrained than other 
sites for the two parameters mH2O, bH2O, with the posterior range ratios 
of 0.67 and 0.77. 

3.3. Validation of the optimized model 

As shown in Fig. 6a, using the optimized 100 parameter sets 
improved the accuracy between the modeled and observed GPP (mean 
R2 increases by 0.01 to 0.07, mean RMSE reduces by 0.04 to 1.7 gC m− 2 

d− 1 as well as significantly lowered the uncertainty of the simulated GPP 
(standard deviation of RMSE reduces by 0.04 to 0.92 gC m− 2 d− 1, 

standard deviation of R2 reduces by ~0.01–0.09, see Table S2), during 
both the calibration and validation periods. The posterior parameters 
maintain the consistent performance in simulating GPP over the cali
bration (R2: 0.35 to 0.92; RMSE: 0.39 to 2.54 gC m− 2 d− 1) and validation 
periods (R2: 0.34 to 0.93 and RMSE: 0.40 to 1.78 gC m− 2 d− 1). In gen
eral, the prior model tends to underestimate GPP at AR (grass), BN 
(evergreen broadleaf forest), CB (mix forest), HBS (shrub), QYZ (ever
green needleleaf forest), and YK (crop) sites and overestimate GPP at 
DHS (evergreen broadleaf forest) and HBW (wetland) sites (Fig. 6b). 
With the GLUE approach, the underestimation or overestimation of GPP 
has been efficiently corrected with optimized parameters with the RMSE 
reduced by 13.74 gC m− 2 month− 1 to 34.5 gC m− 2 month− 1). 

Due to the lacking of observation based relationship between GPP 
and SPEI, we use the relationship between SIF and SPEI to prove the 
optimization results. From Fig. S1, the distribution of correlation be
tween posterior GPP and SPEI was similar to SIF and SPEI, which in
dicates the validity of our optimized results. The correlation between 
posterior GPP and the drought index SPEI is positive in most parts of 
China, especially in the northeast, east and southwest (Fig. 7a). Beside, 
the difference between the correlations of posterior and prior to SPEI 
(Δr) was positive in northern and northwestern China, which are arid 
and semi-arid regions of China (Fig. 7b). In central Inner Mongolia, 
central and western Tibet and northwestern Xinjiang we achieved Δr of 
0.05, indicating improved responses to drought with the posterior pa
rameters. For forest (ENF, EBF and Mix) and shrub, the Δr was less than 
0, while the mean Δr was larger for grasslands. We further studied the Δr 
of grass (Fig. 7c), and its distribution (Fig. 7d). We found that for areas 
with the higher proportion of grass, the higher the Δr, indicating the 
improved grass response to drought by the posterior simulations. 

4. Discussion 

4.1. Parameter uncertainty 

We noticed that five of the selected sensitive parameters are related 
to photosynthesis. Vcmax25 is the leaf maximum Rubisco capacity at the 
top of the canopy at 25 ◦C. Nleaf is the leaf nitrogen content at the top of 
the canopy. mVcmax,N is defined as the ratio of measured Rubisco capacity 
to leaf N. In BEPS, these are used to calculate the maximum photosyn
thetic carboxylation rate for sunlit and shaded leaves in the calculation 

Fig. 6. The daily and monthly results of parameter calibration. a, The bar plot of R2 and RMSE in calibration and validation periods respectively with daily GPP. b, 
Comparisons between prior, posterior GPP and observations with monthly GPP. 
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of net photosynthesis. These three parameters were identified as the 
most important parameters related to carbon uptake of vegetation (Ju 
et al., 2010; Mo et al., 2008; Zhou et al., 2013; Zhu et al., 2009). 
Therefore, their variations can cause larger changes in GPP. The mH2O 
and bH2O are the slope and intercept of the Ball-Berry equation (BWB 
model) respectively. The leaf stomatal conductance is estimated from 
the photosynthesis rate assuming that they have a linear relationship 
(Ball et al., 1987). The parameter rdecay is related to soil water avail
ability (SWA). It is used to calculate the fraction of roots in the soil for 
each soil layer associated with the soil water availability and root water 
uptake (Ju et al., 2006). It is used to directly calculate the soil water 
stress factor and adjust the stomatal conductance. Since the soil water 
stress was found to vary rapidly in response to soil water dynamics in the 
root zone (Vicente-Serrano et al., 2013), rdecay affects the calculation of 
photosynthesis rate by influencing the stomatal conductance of vege
tation. fleaf controls the radiation incident on leaves. 

For grass sites (AR, DX, NMG), photosynthesis parameters were more 
sensitive than other parameters at sites on alpine grassland in Qinghai- 
Tibetan Plateau (AR and DX), while rdecay is the most sensitive parameter 
when simulating semi-arid grassland (NMG). Alpine grassland in 
Qinghai-Tibetan Plateau (AR and DX) has low temperature, and tem
perature is the main limiting factor (Seddon et al., 2016). The semi-arid 
grassland site (NMG), which is located at Inner Mongolia in China, was 
shown with the decreasing trend in precipitation and indicated with a 
drier climate, so GPP is more sensitive to soil water. Our results are 
consistent with (Liu et al., 2018a) that the moisture being the major 
limiting factor in Inner Mongolia while grasslands in Tibetan Plateau are 
much more limited by thermal conditions. We noticed that the three 
sites in tropical and subtropical regions (BN, DHS, and QYZ) show 
sensitive parameters from different processes. In BN, a tropical rain
forest site where there was a forest clearance between 1976 and 2003 
(Qiu, 2010), the trees are very young and the growth requires much 
water. Beside, previous studies indicated that tropical rainforests 

respond to climate variability intensely (Seddon et al., 2016), therefore, 
occasional droughts may bring water stress to the local ecosystems and 
suppress GPP increase. This can explain why the SWA parameter rdecay is 
more sensitive than the photosynthesis parameters at this site, but GPP 
simulation from the DHS and QYZ sites are more sensitive to photo
synthesis parameters. GPP in the YK site with Crop is also most sensitive 
to photosynthesis parameters, and the main reason is probably that corn 
is the main grain crop type in YK, and C4 plants have less photorespi
ration, higher photosynthesis efficiency, and relatively higher sensitivity 
to Vcmax25 (He et al., 2021; Massad et al., 2007). For the Haibei shrub 
(HBS) and wetland (HBW) sites on the northeastern Tibetan Plateau in 
China, they have strong solar radiation with long, cold winters and 
short, cool summers, and are underlain by high-altitude permafrost. 
Beside, the roots of vegetation at HBS (shrub) and HBW (wetland) 
mainly exist on the top soil (0–20 cm). Due to the permafrost degrada
tion caused by rapid climate warming, they may have lower water tables 
(Cheng and Wu, 2007), and these changes in the soil hydrological 
conditions may further affect root water uptake and make them more 
sensitive to moisture conditions. 

Previous studies on the BEPS model’s parameters mainly focused on 
Vcmax25 (Chen et al., 2017; He et al., 2017; Ju et al., 2006; Wang et al., 
2021a), a parameter related to photosynthesis, and largely ignored the 
effects of other processes on GPP. The GPP is not only affected by the 
photosynthesis processes, but also by the energy balance, water, tem
perature, and nutrients. Because the tight coupling of water, energy, and 
carbon (Maxwell and Condon, 2016; Migliavacca et al., 2021; Seddon 
et al., 2016), it is therefore important to take into account the parame
ters both related to photosynthesis like Vcmax25 as well as related to water 
and energy when simulating GPP. Our study has shown that it is vital to 
comprehend the coupling mechanism of water-energy-carbon in the 
BEPS model before choosing an appropriate range of parameters for 
various PFTs. 

Most process-based models use an empirical function was used to 

Fig. 7. Model performance in representing the vegetation response to drought during 2010 to 2018. (a) The distribution of correlation between posterior GPP and 
drought (SPEI<− 1) (r). (b) The distribution of the difference (Δr) between the correlation of posterior gross primary productivity (GPP) with SPEI and the correlation 
of prior gross primary productivity (GPP) with SPEI. The insets in panel b shows the box plot of Δr in ENF, EBF, Mix, Shrub and Grass. (c) The spatial patterns of Δr 
for grass. (d) The proportion distribution of grass types in China. The response sensitivity summarized by latitude is shown in the right of panel d. 
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represent the impact of plant water limitation on photosynthesis. This 
empirical representation can introduce significant uncertainty in simu
lating terrestrial carbon cycle. Trugman et al. (2018) point that soil 
moisture-limited productivity across models represented a large and 
uncertain component of the simulated carbon cycle, comparable to 3 %– 
286 % of current global productivity. Approximately 40–80 % of the 
inter-model variability was due to the functional form of the limitation 
equation alone. In BEPS model, rdecay was used to calculate a soil water 
stress factor (fw), which is used to modify the slope of original BWB 
model linearly to include the important influence of soil water on sto
matal conductance. fw cannot capture widely documented differences in 
vulnerability to soil moisture stress across PFTs and rarely tested based 
on soil moisture (Xu et al., 2016). This soil moisture related parameter 
uncertainty can cause huge uncertainty of BEPS model simulations. In 
this study, GPP showed high sensitivity to soil moisture-related pa
rameters but did not show good performance in constraining with ob
servations of GPP, suggesting that the parameter needs to be further 
constrained using observations of moisture-related processes such as 
evapotranspiration. 

4.2. GPP simulation uncertainties across and within different PFTs 

The correlations between the posterior parameters and the perfor
mance metrics (RMSE and R2) of the GPP show that the posterior 
parameter uncertainties have an effect on the model’s performance 
(Fig. 8a and b). These two metrics represent model performance from 
different aspects, i.e. R2 for dynamics and RMSE for mean of error be
tween model and measurements. If a parameter shows correlation 

coefficient to model performance metrics with absolute value larger 
than 0.2, it is assumed influential to the model performance. We noticed 
that the energy related parameter f leaf and the leaf stomatal conductance 
related parameter mH2O have significant impacts on the model perfor
mance at most PFTs, indicating that the energy and stomatal processes 
are quite uncertain in the modeling of water-energy-carbon coupling 
and the leaf energy balance and leaf stomatal conductance need to be 
carefully calibrated when a good GPP simulation is to be achieved. The 
soil water availability for plants related parameter rdecay and photosyn
thesis related parameter Vcmax25, Nleaf , and bH2O show strong but diverse 
impacts on GPP. These three parameters show stronger correlations with 
the model output’s R2 at more sites compared with RMSE, indicating 
that they are primarily impacting the simulated dynamics of GPP. 

The uncertainties in simulating GPP can also originate from the input 
data uncertainties because the satellite-derived LAI can also have large 
uncertainties due to the different input surface reflectance, retrieval 
algorithms, and the treatment of vegetation types (Fang et al., 2012; Liu 
et al., 2018b; Xie et al., 2019). Our results show that there are some 
systematic discrepancies between posterior simulations and measure
ments at AR (alpine grass), NMG (semi-arid grass). Beside, we found that 
the GPP exhibits an underestimation during the winter at the QYZ (ENF) 
site. Those discrepancies seen at those sites may be the result of the 
GLOBMAP LAI product’s poor performance over some regions 
(Richardson et al., 2012). To evaluate the input data uncertainty from 
LAI, we also used the MODIS and GLASS LAI for parameter calibration 
and discovered that the MODIS-derived GPP performs better than the 
GLOBMAP at the AR (alpine grass, posterior R2: 0.96, posterior RMSE: 
23.50 gC m− 2 month− 1) and NMG (semi-arid grass, posterior R2: 0.56, 
posterior RMSE: 26.83 gC m− 2 month− 1) sites (Fig. S2). Furthermore, 
the GLASS-derived GPP corrects the severe underestimation by 
GLOBMAP-driven GPP in 2010 at NMG (semi-arid grass) site and the 
underestimation of winter at QYZ (ENF) site (Fig. S3). 

4.3. Comparisons of three LAI products 

We used three LAI products to drive the posterior simulations over 
the 10 sites and detected the uncertainties in the input data. Overall, 
GPP simulations forced with GLASS had higher accuracy than simula
tions forced with GLOBMAP and MODIS at forest sites, while MODIS had 
higher accuracy than GLASS and GLOBMAP at the Tibetan-Plateau and 
NMG sites (Fig. 9). Furthermore, the performance of the simulations 
differed substantially for these three types of LAI data at some sites. We 
found that the seasonality of the simulated GPP was the same as the LAI 
data, indicating that the LAI data controls the phenology of the BEPS 
model. For example, at the BN site, the LAI of MODIS had double peaks 
(Fig. S2), and the simulated GPP thereby also showed double growing 
seasons (RMSE=55.27 gC m− 2 month− 1). This did not match the single 
peaks of the GPP observations. However, for the LAI data of GLOBMAP 
and GLASS had single peak per year, and the simulated GPP was in good 
agreement with the observed GPP (GLOBMAP: RMSE=39.08 gC m− 2 

month− 1; GLASS: RMSE=32.87 gC m− 2 month− 1). For the three sites at 
Tibet-Plateau (AR, HBS, HBW) and NMG site), MODIS LAI showed better 
performance than GLOBMAP and GLASS, and the underestimation of 
GPP values at the peak of the growing season was substantially reduced. 
In general, we demonstrated that GLOBMAP was the most comprehen
sive LAI data performing relatively well at all sites. 

4.4. Caveats and implications for ecosystem modeling 

In this study, the use of in-situ data is shown capable in well con
straining both the photosynthesis parameters and the parameters related 
to water and energy across multiple PFTs. In the next work, in order to 
constrain the water, energy, and carbon fluxes it is recommended to add 
more sources of observations, such as net ecosystem exchange (NEE) and 
latent heat (LE), to the various PTFs. Senapati et al. (2016) used data 

Fig. 8. The correlations matrix between posterior parameters and performance 
indicators (RMSE and R2) of output GPP. Different color represents different 
parameter. The darker of the color, the stronger of the correlation. The fingers 
in the graph indicate the correlation coefficient, and correlation coefficients 
larger than 0.2 are highlighted in yellow. 
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from both soil profile observations and eddy covariance measurements 
to investigate the modeling uncertainty in a grassland area. They also 
noticed the influences of different observations on model performance in 
a multi-objective calibration. Metzger et al. (2016) used eddy covariance 
data and soil profile observations to study uncertainty and equifinality 
when modeling a peatland ecosystem; and addressed the importance of 
multiple observations in constraining model performance. For a com
plex model with strong interactions between different processes, data 
from soil water, energy and carbon were found all necessary, and they 
cannot be fully replaced by another (Metzger et al., 2016). 

We noticed that some parameter values varied across 10 sites 
covering 7 PFTs. This indicates that we need to assign parameter values 
to different ecosystems carefully. Due to the lack of long-term obser
vations from other ecosystems, we drew conclusions based on the 7 
plant types from different climate and soil conditions. Since previous 
studies of optimization typically focused on individual sites for a given 
PFT (Knorr and Kattge, 2005; Metzger et al., 2016; Wu et al., 2019a), 
which resulted in parameter values with excessive adjustment to fit a 
particular site (Kuppel et al., 2014), our study from 10 sites put our 
understanding of ecosystems forward and made it possible to diagnose 
the differences in modeling various ecosystems with different environ
mental conditions. We recommended that it is essential to use obser
vations from a large number of eddy covariance measurement sites to 
constrain multi-group of parameters to assess the variability of param
eter values within and across PFTs (Xiao et al., 2014a) and to get better 
and more reasonable simulations of GPP over whole China. 

5. Conclusions 

In this study, we incorporated the Two-Step Global Sensitivity 
Analysis (TS-GSA) method and the GLUE approach into the ecosystem 
model BEPS to analyze the sensitivity of GPP to parameter settings and 
optimize parameters. This implementation was shown efficient to 
identify the sensitive parameters within the full parameter range using a 
limited number of simulations. The conclusions are as follows:  

(1) We identified that the sensitive parameters in simulating GPP not 
only come from the photosynthesis process, but also come from 

the water and energy processes, and we found that different 
ecosystems exhibited unique sets of sensitive parameters.  

(2) We revealed that the parameter uncertainties in simulating GPP 
were generally well constrained with the GLUE approach, espe
cially the parameter uncertainties of fleaf at the forest sites (BN, 
CB, DHS, QYZ) and Vcmax25, Nleaf , and mVcmax,N at shrub HBS, 
wetland HBW, semi-arid grass NMG and crop YK. The sensitive 
parameters relevant to different model processes exhibited strong 
impacts on the model performance at most PFTs, suggesting that 
the multiple processes need to be carefully considered in order to 
achieve reasonable simulation results on GPP.  

(3) With the constrained parameter sets, we have successfully 
derived spatial and temporal distributions of the GPP over China 
with good agreements with other independent datasets. Our re
sults indicated the large GPP over the forest regions in South 
China. 

Generally, we can conclude that in modeling of GPP in different plant 
functional types, we need to identify parameter sensitivity and reduce 
parameter uncertainties using a systematic global parameter sensitivity 
analysis and calibration approach as provided in this study. Since the 
ecosystem has shown strong couplings between water, energy and car
bon cycles, the use of more sites for different PFTs and multiple obser
vations from different processes is necessary in the future. 
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