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Abstract

Terrestrial gross primary production (GPP) represents the magnitude of CO2 uptake through
vegetation photosynthesis, and is a key variable for carbon cycles between the biosphere and
atmosphere. Light use efficiency (LUE) models have been widely used to estimate GPP for its
physiological mechanisms and availability of data acquisition and implementation, yet each
individual GPP model has exhibited large uncertainties due to input errors and model structure,
and further studies of systematic validation, comparison, and fusion of those models with eddy
covariance (EC) site data across diverse ecosystem types are still needed in order to further
improve GPP estimation. We here compared and fused five GPP models (VPM, EC-LUE, GOL-
PEM, CHJ, and C-Fix) across eight ecosystems based on FLUXNET?2015 dataset using the
ensemble methods of Bayesian Model Averaging (BMA), Support Vector Machine (SVM), and
Random Forest (RF) separately. Our results showed that for individual models, EC-LUE gave a
better performance to capture interannual variability of GPP than other models, followed by
VPM and GLO-PEM, while CHJ and C-Fix were more limited in their estimation performance.
We found RF and SVM were superior to BMA on merging individual models at various plant
functional types (PFTs) and at the scale of individual sites. On the basis of individual models, the
fusion methods of BMA, SVM, and RF were examined by a five-fold cross validation for each
ecosystem type, and each method successfully improved the average accuracy of estimation by
8%, 18%, and 19%, respectively.

Plain Language Summary

Plants uptake carbon dioxide through photosynthetic process from atmosphere, and the amount
of carbon fixed is called terrestrial gross primary production (GPP) which is a key factor in
global carbon cycle. People have developed many process-based models to simulate GPP at
regional or global scale, and Light use efficiency (LUE) GPP models have been widely used for
they are easy to implement and the input data could be conveniently accessed. How to improve
the capacity of GPP model to get more precise estimation remains a change for a long time. In
this study, for the purpose of improving single model capacity, we ran five popular individual
GPP models (VPM, EC-LUE, GOL-PEM, CHJ, and C-Fix) across eight plant types based on
site-measured and remote sensed data, and then fuse them together using three machine learning
methods: Bayesian Model Averaging (BMA), Support Vector Machine (SVM), and Random
Forest (RF). We found that EC-LUE performed best to simulate GPP as an individual model. RF
was the best fusion method to improve estimation of GPP, followed by SVM and BMA, with the
increased average accuracy of estimation by 8%, 18%, and 19%.

1 Introduction

The net land carbon balance is determined primarily by the CO uptake through
vegetation photosynthesis (Gross Primary Production, GPP) and CO: release via autotrophic
respiration, litter and soil organic matter decomposition (Crisp et al., 2022; Nemani et al., 2003).
Quantification of the magnitude of terrestrial carbon uptake, and how it varies spatially and
temporally at global and local scales, is of the utmost importance to improve our understanding
of the carbon cycle in the context of an increased atmospheric CO2 and changing climate
(Canadell et al., 2000; Nemani et al., 2003; Yi et al., 2010). In the past decades, numerous
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models including physically-based methods and empirical methods (Pei et al., 2022; Running et
al., 2000; Sims et al., 2006, 2008; Wei et al., 2017; Wu et al., 2010; Xiao, 2004; Yuan et al.,
2007) have been developed and widely used to estimate global and local GPP and their seasonal
variations. However, among these models, there exists tremendous inconsistency in the
magnitude and spatial/temporal distribution of GPP (Keenan et al., 2012; Raczka et al., 2013).

The light use efficiency (LUE) models, in which carbon fixation is a function of the
photosynthetically active radiation absorbed by green vegetation (APAR) and the efficiency of
carbon uptake using absorbed light energy, are among the most widely used models to estimate
GPP for its physiological logic and convenience of data acquisition and implementation
(Monteith, 1972; Running et al., 2000; Running et al., 2004; Wei et al., 2017). The actual light
use efficiency may be reduced below the theoretical potential value by environmental factors
such as temperature or water stress (Landsberg & Waring, 1997). The LUE model takes the
general form as:

GPP = g, X fPAR x PAR 1)
gg =& X f(T,W,...... ) (2)

where PAR is the incident photosynthetically active radiation (MJ m~2) per day or month, fPAR
is the fraction of PAR absorbed by the vegetation canopy (APAR), &, is the potential LUE
(gCm~2day~*MJ~1) without environment stress, f (T, W, ... ... ) is a scalar varying from 0 to 1
that represents the reduction of potential LUE due to environmental conditions.

g X f(T,W,..... ) denotes the actual LUE ¢, under the environmental factors such as
temperature, water, and others.

Several LUE models such as vegetation photosynthesis model (VPM) (Xiao, 2004; Xiao
et al., 2004, 2005), GLObal Production Efficiency Model (GLO-PEM) (Prince & Goward, 1995;
Cao et al., 2004), Eddy Covariance-Light Use Efficiency (EC-LUE) (Yuan et al., 2007), and the
Moderate Resolution Imaging Spectroradiometer (MODIS) product termed as MOD17 (Running
et al., 2000, 2004), have been designed and developed based on different forms of LUE in
equation (2). The models differ in the expression of environmental factors such as water content
of canopy, vapor pressure deficit (VPD), and temperature, and the strategies (multiplicative or
minimum method) to integrate these environmental factors. The multiple choices of data source
and calculation of fPAR using different vegetation index also led to different performance of
LUE models. Models such as VPM, GLO-PEM, and MODIS use the multiplicative method,
while the EC-LUE model take the most limiting stress factors as a reductive method based on
Liebig’s law. Although the water content of atmosphere and soil are key environmental
constraints in vegetation photosynthesis process and are crucial for estimating global or regional
patterns of GPP, the water stress factors have been quantified differently in these models with
varying performances (Yuan et al., 2014; Zhang et al., 2015). The LUE models were being
applied and improved by parameter calibration and optimization by many studies for a long time
since the models were proposed (Cao et al., 2004; Raczka et al., 2013; Yuan et al., 2014; Zhao et
al., 2005), however, little is known about the effects of further structural improvement of the
LUE models on GPP estimation. Most previous studies focused on only one of the LUE models
and calibrated the input parameters based on specific plant functional types (PFTs) at flux sites
(Wu, et al., 2010; Xiao et al., 2004), as a result, the advantages from different LUE models are
not fully examined.
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Multi-model fusion approaches have been successfully used in the area of geoscience
research such as land surface parameters estimation (Duan & Phillips, 2010; Yang et al., 2016;
Yao et al., 2014), and previous studies have showed that even a linear combination of single
models, for instance, a simple model averaging method (SMA) or Bayesian model averaging
(BMA) method, can improve the accuracy of estimation (Chen et al., 2015; Wu et al., 2012). Wu
et al. (2012) utilized the BMA method to combine eight land surface long-wave radiation
algorithms and obtained the best results (Wu et al., 2012). Generally, machine learning
techniques that involve a nonlinear combination of single models, such as Support Vector
Machine (SVM) and Random Forest (RF), perform better than those based on linear
combinations of a single model (e.g., SMA or BMA) for predicting biophysical parameters
(Duan & Phillips, 2010; Yang et al., 2016). Yao et al. (2017) found that the SVM method was
superior to other methods to improve global terrestrial evapotranspiration estimation by
integrating three process-based algorithms (Yao et al., 2017). However, previous machine
learning methods were mostly focused on simulating GPP through environmental factors instead
of merging process-based models (Wei et al., 2017; Wolanin et al., 2019), hence there is a lack
of multi-model fusion studies to combine the benefits of individual LUE model with different
advantages, and it is of clear value to merge them to improve GPP estimation at the site level.

In this study, we used data from two primary sources: eddy covariance observations and
MODIS products (reflectance and FPAR). With data from 56 global sites, we implemented five
widely used GPP models: VPM, GLO-PEM, EC-LUE, CHJ, and C-Fix. We then fused the
models predicting GPP in situ using three different ensemble methods: BMA, SVM, and RF
separately.

Our objectives were to:

1) 1)evaluate the performances of the single GPP models based on in situ observed or
derived data and remote sensing data from 2005-2010;

2) fuse the single models using BMA, SVM and RF methods based on a series of cross
validations; and

3) compare the accuracy of different fusion methods so as to identify the best way to
combine single GPP models.

We compared the individual and fused model results against site-derived GPP to
determine the accuracy of the GPP estimate. Considering MODIS GPP product is used world-
wide in many geoscience research projects, we compared the MODIS GPP product as a
reference against individual and fused model predictions, rather than merging it into the fusion
algorithms.

2 Data and Methods
2.1 Data

2.1.1 Eddy covariance data

The FLUXNET?2015 Dataset provides ecosystem-scale data on CO2, water, and energy
exchange between the biosphere and the atmosphere, and other meteorological and biological
measurements around the globe (Pastorello et al., 2020). The in-situ observations and derived
GPP at 56 EC flux sites (Table S2) during 2005 to 2010 were selected in this study considering
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that the sites should involve 1) a wide climate range, 2) continuous observation for several years,
and 3) diversity of plant functional types (PFTs). All the EC sites’ data were downloaded from
FLUXNET 2015 website (https://fluxnet.org/data/fluxnet2015-dataset/), and these sites included
Cropland (CRO, 9 sites), Deciduous Broadleaf Forest (DBF, 9 sites), Evergreen Broadleaf Forest
(EBF, 3 sites), Evergreen Needleleaf Forest (ENF, 18 sites), Mixed Forest (MF, 3 sites),

Grassland (GRA, 9 sites), Open Shrublands (OSH, 2 sites), and Woody Savannas (WSA, 3 sites).

A standardized data processing flow was applied to ensure data quality control, gap-filling of
meteorological and flux measurements, partitioning of CO2 fluxes into respiration and
photosynthesis (GPP) components, and the calculation of a correction factor for energy fluxes
estimating the deviation from energy balance closure. FLUXNET2015 GPP products were used
to validated the estimation of individual models and fusion models. The daily products of
synchronously observed meteorological data (e.g., Vapor Pressure saturation Deficit, Air
temperature, Latent heat, Sensible heat, and Shortwave radiation) were utilized in this study, and
missing data were removed according to the quality control (QC) flag. For all individual models,
photosynthetically active radiation (PAR) was calculated from shortwave radiation (SR) as
0.45*SR (Zhao et al., 2006). Air temperature was utilized as input parameter for temperature
constraint function. EC site-measured VPD was used to calculate water stress factor for GLO-
PEM. The latent and sensible heat flux products of EC sites were used to compute the effective
indicator of soil or vegetation moisture conditions for EC-LUE model. Site-measured CO2 mole
fraction was taken as the inputs of C-Fix and CHJ. The eddy covariance data used in this study
were listed in Table 1. The detailed input parameters of the five individual models are described
in Section 2.2.

Daytime method derived GPP at daily scale was used in this study to validate simulations
of individual and fused models. Daytime fluxes method uses daytime and nighttime data to
parameterize a model based on a light-response curve and vapor pressure deficit for GPP, and
partition CO> flux from net ecosystem exchange (NEE) into estimates of GPP and Ecosystem
Respiration (RECO) (Lasslop et al., 2010; Pastorello et al., 2020). NEE can be described by a
rectangular hyperbola model:

_ OBRg

NEE = @ + Y (31)
where a is the canopy light utilization efficiency, 8 is the maximum CO; uptake rate at light
saturation, y is the ecosystem respiration and R, is the global radiation (Lasslop et al., 2010).
Compared to estimates based on the conventional nighttime approach, the daytime method’s
ability to reproduce the asymmetric diurnal cycle was improved by including the vapor pressure
deficit (VPD) dependency (Lasslop et al., 2010). The contribution of VPD can be described as:

g - Boexp(—k(VPD —VPDy)), VPD > VPD, (3.2)
Bo, VPD < VPD, '

where k parameter is estimated for each of 4-day data window to quantify the response of the
maximum carbon uptake to VPD and VPD, is set to be 10 hPa. Further details of daytime
algorithm can be found in Lasslop (2010).

2.1.2 MODIS data

MODIS (Moderate Resolution Imaging Spectroradiometer) is a key instrument aboard
the Terra and Aqua satellites with 36 spectral bands to improve the understanding of global
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dynamics and processes occurring on the land, in the oceans, and in the lower atmosphere. In this
study, the MODIS 8-day surface reflectance product (MODO09A1, 500 m) was used to calculate
land surface water index (LSWI) for the VPM model, and the Fraction of Photosynthetically
Active Radiation (FPAR) product (MOD15A2H, 500m) was used to drive all five individual
models mentioned above as fPAR in equation (1). The Gross Primary Productivity product
(MOD17A2H, 500m) was compared with the results of the individual and fused GPP models.
All these data were downloaded from Oak Ridge National Laboratory’s Distributed Active
Archive Center (ORNL DAAC, https://modis.ornl.gov/). Based on the site names of each flux
tower, we extracted MODIS products for the 56 flux net sites in this study using the Fixed Sites
Subsets Tool provided by ORNL DAAC, and data points with poor quality or missing data were
excluded using the quality control (QC) flags. The daily reflectance, FPAR and GPP values were
temporally interpolated from the 8-day averages using linear interpolation.

2.2 Description of the GPP models

The eddy covariance and MODIS input data were used in the five different models
described below to determine the GPP at the 56 different global sites. This supported our first
objective to individually compare the performance of popular GPP models with FLUXNET2015
daytime GPP products.

2.2.1VPM

Our first GPP model was the vegetation photosynthesis model (VPM). Leaf and forest
canopies are composed of photosynthetically active vegetation (PAV, mostly chloroplast-bearing
leaves) and non-photosynthetic vegetation (NPV, mostly senescent foliage, branches and stems)
in the VPM and only the PAR absorbed by PAV is used for photosynthesis (Xiao et al., 2004,
2005). The actual light use efficiency ¢ is estimated as:

&g =& X f(T) X f(W) X f(P) (4)

where f(T) is estimated at each time step, using the equation developed for the Terrestrial
Ecosystem Model (TEM) (Raich et al., 1991; Xiao et al., 2004).

— (T=Tmin) X (T—Tmax)
f(T) - [(T_Tmin)x(T_Tmax)]_(T_Topt)z (5)

Where Trin, Tinax @and Ty, are minimum, maximum and optimal temperature for photosynthetic

activities, respectively. The effect of water f (W) on plant photosynthesis uses satellite-derived
land surface water index (LSW1I) related to leaf and canopy water content (Xiao et al., 2002):

fw) = (6)

Where LSW I, 1S the maximum LSWI within the plant growing season for individual
pixels. At canopy scale, f(P), which is dependent upon the longevity of leaves (deciduous
versus evergreen), is included to account for the effect of leaf age on photosynthesis:

_1+L25W1 (During bud burst to leaf full expansion)

1 (After leaf full expansion)

The VPM model has been applied to estimate GPP for different ecosystem and performed
quite well at site and regional scale (Cui et al., 2017; Xiao et al., 2004, 2005; Zhang et al., 2016;

1+LSWI
1+LSWinax

fP) = { ()
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https://modis.ornl.gov/

Zhou et al., 2017). In this study, the maximum of LSW1 during the vegetation growing season
within the available multi-year period data was taken as LSW1,,,,, and for the evergreen forest
the f(P) equaled 1. LSW1I is defined as:
LSWI = Pnir—Pswir (8)
PnirtPswir

where p,; and pg, ;- are the reflectance of NIR (0.78-0.89um) and SWIR (1.58-1.75um)
spectral bands from remote sensing image (Xiao et al., 2004).

2.2.2 EC-LUE model

The second model in our study, the Eddy Covariance Light Use Efficiency model (EC-
LUE), assumes that a universal invariant potential LUE (g, = 2.14 gCm~2M]~1APAR) exists
across all the sites and biomes, which follows Liebig’s law and is only affected by the most
limiting factor at any given time, and the & is reduced by non-optimal temperature or water

stress (Yuan et al., 2007):

& = €0 X min(f(T), f(W)) ©)
f(W) = EF = —— (10)

where f(T) is the same as Equation (5), LE is EC-measured latent heat flux, and H is sensible
heat flux. EF is an effective indicator of soil or vegetation moisture conditions, which could be
related to the Bowen Ratio (Lewis, 1995), and has been used to represent moisture conditions of
ecosystems in many studies (Kurc & Small, 2004a; Suleiman & Crago, 2004). EC-LUE model
has been successfully used to estimate GPP at site, regional, and global scale as the official GPP
algorithm of The Global Land Surface Satellite (GLASS) Product (Li et al., 2013; Liang et al.,
2013; Yuan et al., 2010).

2.2.3 GLO-PEM

Model number three in our study, the GLObal Production Efficiency Model (GLO-PEM)
proposed by Prince and Goward (1995), calculates the C3 and C4 plant photosynthesis
separately. The lower air temperature f(T) which is the same as Equation (5), reduces stomatal
conductance caused by high atmospheric water vapor pressure deficit f(VPD), and the effect of
soil moisture f(SW) will affect actual LUE (Cao et al., 2004; Prince & Goward, 1995):

gg = £ X F(T) X £(8,) X £(89) (11)
1-0.055, 0<68,<15

f(8q) = {0.25 ’ SZ > 15 (12)

g =Qw(T) —q (13)

f(89) = 1 — exp(0.081(6y — 83.03)) (14)

where &, is the specific humidity deficit, Qw(T) is the saturated specific humidity at the air
temperature, g is the specific humidity of the air, and &, is the soil moisture deficit in the top 1.0
m of soil. The GLO-PEM model has been applied to estimate GPP or NPP globally and
regionally using Advanced Very High Resolution Radiometer (AVHRR) or later remote sensing
data in many studies (Cao et al., 2004; Goetz et al., 2000; Wang et al., 2014). Because of the lack
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of soil moisture deficit data at EC flux sites, here we adopted the water stress factor of the
Carnegie-Ames-Stanford approach (CASA) (Potter et al., 1993) for GLO-PEM:

F(W) = 0.5+ 0.5 (15)

PET

where EET is estimated evapotranspiration which comes from the EC sites’ derived data, and
PET is the potential evapotranspiration calculated from Priestley-Taylor method (Priestley &
Taylor, 1972).

2.2.4 CHJ model
In our study’s fourth model, the Cox-Huntingford-Jones (CHJ) theoretical model (Cox et
al., 2006; Cox et al., 2000), GPP is parametrized by:
Ca
GPP = GPPray | ——| f; (16)

CatCos

where the constant GPB,,,, is the asymptotical value of GPP as C, — oo without any
environmental stress, C, is atmospheric CO> concentration, Cy 5 is the ‘half-saturation’ constant
(taken as 500ppm), and f7 is the air temperature scaling factor. GPB,,,, can be regarded as the
maximum plant gross primary production that could be obtained with the potential LUE (g,) at
appropriate environmental conditions, and we used the maximum value of the EC sites’ GPP in
growing seasons across the whole study period as GPP,,,, in this research. CHJ model takes the
CO: fertilization effect and temperature stress as reduction factors of the optimized GPP without
environmental stresses, and could be applied to estimate GPP at larger scale. We adopted the
VVPM model temperature and water stress factor (Equations 5 and 6) into CHJ model to calculate
the estimated GPP.

2.2.5 C-Fix model

The fifth and final model, the Carbon-Fixation Model (C-Fix), uses the temperature
dependency factor and CO2 fertilization effect to estimate carbon flux (Veroustraete et al., 1996,
2002) and calculate GPP:

&g =& X f(T) X f(COz) (17)
The temperature dependency factor is described as:
R
f(T) = AST-AHg p (18)
1+e( RgT )

where C; is a constant, T is air temperature, AH, p and AH, p are activation and deactivation
energy respectively, R, is the gas constant, and AS is Entropy of the denaturation equilibrium of
COs». CO fertilization is defined as the increase in carbon assimilation due to CO- levels above
the atmospheric background level or reference level:

£(CO,) = [c0,1-122] Km(”%)ﬂcozref (19)
27— [coz]ref—% Km(1+%)+[coz]

where T is CO2/O; specificity ratio, [CO,] and [CO,]"¢ are CO2 and referenced CO>
concentration respectively, [0,] is Oz concentration, K,, is the affinity constant for CO; of

This article is protected by copyright. All rights reserved.

858017 SUOWILWIOD BA 210 3ol jdde aup Aq peusenob ae sajolfe YO ‘SN JO Se|nl 1oy Afeid8UIIUO 4B UO (SUORIPUOD-PU-SLLBIWI0D A8 1M AReq Ul |UO//Sd1Y) SUORIPUOD pUe swia | 3y} 88S *[£202/€0/02] U0 AkiqiTaulluo A8|IM 1o A MeN jo 8Be|0D A1D ey Ad 2ZT2009r2202/620T 0T/I0p/wod A8 |mAreiq pul|uo'sandnBe//sdny woly pepeojumoq ‘el ‘19686912



Rubisco, and K, is the inhibition constant for O>. We obtained the validated parameters of the C-
Fix model mentioned above from previous literature (Veroustraete et al., 2002).

2.3 Three machine learning fusion algorithms

To complete our second objective, those five GPP models were then fused and optimized
using the following three machine learning fusion algorithms.

2.3.1 Bayesian model averaging (BMA) method

The BMA method considers a predicted variable y, the corresponding evidentiary target
data yr, and an ensemble of K model simulations {f;, f5 --- fx } of variable y. The probabilistic
prediction of y based on the multi-model ensemble, given target data y;, can be expressed as
(Duan & Phillips, 2010; Raftery et al., 2005):

pWlfu fo f) = oo pOlfi) - p(flyr) (20)

where p(y|fi) is the probabilistic prediction given by model k alone, and p(fi|yr) is the
likelihood that this simulation is the best. Taking p(fi|yr) as a fractional statistical weight
wi (2 wy = 1), and (18) can be written as

plfufo fx) = Z(k)p(J’|fk) *Wg (21)

Thus, the prediction is a weighted sum of the predictions of y provided by the individual
models, and can be calculated using the maximum likelihood function with the expectation
maximization (EM) algorithm (Raftery et al., 2005). In this study, the individual model
predictions act as the {fi, f> :** fx}, and EC-derived GPP is the target data y;. R package MBA
was used to conduct averaging over five different GPP models here to merge them.

2.3.2 Support vector machine (SVM)

SVM, our study’s second fusion algorithm, is good at classifying multi-dimensional data
as an optimal boundary classification method based on VC (Vapnik-Chervonenkis) dimension
theory and structural risk minimization criteria, and can be used to resolve the original nonlinear
problem in a new feature space (Suykens, 2001; Vapnik, 1994). Giving a training set of instance-
label pairs (x;,y;),i = 1,2,---l where x; is a n-dimensional vector, x; € R™ and y; € {—1, +1},
to obtain the functional dependency f(x) = (w - x) + b, the SVM require the following
optimization problem to be solved:

. !
min EWTW + CZfi
i=1

subjectto y;(wTep(x) +b) =1—-¢;, & >0 (22)

where w is the weights vector, b is the bias, C is the penalty parameter of the error term, ¢ (x)
maps the training x; into a higher dimensional space, ¢; is the error term. Furthermore,
K(x;, %) = ¢ (x)T¢(x;) is called the kernel function, and we took the radial basis function

(RBF) in this study for it is the most widely used kernel and performs better in previous studies
(Khalil et al., 2006; Yao et al., 2017). The RBF kernel can be expressed as:

K(xi,xj) =exp (—y”xi - xj||2), y>0 (23)
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where y is the kernel parameter. Further details about the SVM algorithm can be found in
previous literatures (Cortes & Vapnik, 1995; Vapnik, 1995). The R package e1071 offers an
interface to implement the SVM algorithm, and we took individual GPP models’ outputs x; as
the inputs of SVM, which would map the training x; into a higher dimensional space
automatically and generate the fused GPP.

2.3.3 Random Forest (RF)

Our study’s third and final fusion method, RF, is a classifier consisting of a collection of
tree-structured classifiers {h(x, ©,), k = 1,2--- } where h(x, ©;) is a classifier, © is the kth
independent identically distributed random vector, and x is an input vector (Breiman, 2001).
Random Forest is a robust machine learning algorithm that can be used for a variety of tasks
including regression and classification. It is an ensemble method, and contains a large number of
small decision trees representing a distinct instance of the classification of data input into the
random forest. RF algorithm was proposed by Breiman in 2001 and was widely applied in the
fields of geographical science research because the algorithm is extremely robust, easy to get
started with, good at heterogeneous data types, and has very few hyperparameters (Amini et al.,
2022; Gyamerah, 2020; Meng, 2021). R package randomForest (Liaw & Wiener, 2002) gave the
interface to bring individual model GPP into the process of putting the input vector down each of
the trees in the forest, and ultimately output the merged value.

2.4 Parameterization of the GPP models

In this study, the maximum light use efficiency (&,) needs to be estimated for individual
plant functional types. Since C4 plants have no photorespiration and less saturation effect
compared to C3 plants, the differences between C3/C4 plants in utilizing solar energies should
also be considered (Prince & Goward, 1995; Zhang et al., 2017). Similarly, the minimum,
maximum, and optimal temperature of photosynthetic activities vary among different vegetation
types. We adopted a look-up table (Table 2) to determine maximum LUE according to plant
functional types and C3/C4 plants based on previous literature (Wu, et al., 2010; Xiao et al.,
2005; Yuan et al., 2007; Zhang et al., 2017). The C4 vegetation percentage map from
International Satellite Land-Surface Climatology Project, Initiative 11 (ISLSCP I1) data were used
to approximately express the C3/C4 plants’ area ratio for each EC flux site, and the
corresponding LUE could be obtained based on the area-weighted averages (Zhang et al., 2017).
Although the spatial resolution of ISLSCP Il data is coarser than flux site footprints, it is the best
C4 vegetation distribution map that covers the global EC flux sites at present. Thus, we made the
parameters set, which are essential inputs for running individual LUE models in this study.

2.5 Statistical analysis and cross validation

Our third and most important objective was to test how the individual and fused models
perform compared with FLUXNET2015 GPP products. Since this study focused on the
comparison and fusion of GPP models to reach better estimations instead of optimizing
individual model parameters, we used a generic-parameters set for all the models across eight
PTFs. As the global standard remote sensing product, MODIS GPP was taken as the reference
value to be compared with other modeled and ensembled GPP.

Three statistical metrics were used to evaluate the performance of the individual GPP
models and also the fusion methods in this study: the square of the correlation coefficients (R?);
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root mean square error (RMSE); and relative predictive error (RPE). The RMSE and RPE are
computed as:

RMSE = [Ha0r (24)

RPE = % x 100% (25)

where 9; and y; represent modeled GPP and derived GPP at EC sites, respectively. 9 and ¥ are
average of modeled values and observed values, and n indicates the sample size. Higher R?,
lower RMSE, and lower absolute value of RPE are the indicators of better model performance.

We evaluated the performance of the three fusion algorithms using a five-fold cross
validation method, in which the dataset was randomly divided into five groups with equal
number of samples. We independently validated GPP estimations of the fusion models by using
each of the five groups after training models with the remaining four groups, computed the three
metrics mentioned above, and then summarized the mean value of RZ2, RMSE, and RPE for
individual GPP models, BMA, SVM, and RF fusion methods. To further evaluate the
performance of the fusion methods, we used the site-observed and modeled data to test two
categories of GPP variability based on PFTs and EC sites respectively.

2.6 Akaike’s Information Criteria (AIC) and Bayesian Information Criteria (BIC)

To further explore the fused performance of BMA, SVM, and RF, the AIC and BIC,
which are two terms that address evaluation and selection from optional models, were used here
to evaluate the three fusion methods. The AIC is a way of selecting a model from a set of models
based on information theory and defined as (Akaike, 1974):

AIC = =21n(L) + 2k (26)

where L is the maximum likelihood function and k is the number of free parameters in the
model. A lower AIC means the model has better capacity of prediction. The BIC is another
indicator to select a model (Schwarz, 1978), but it considers the sample size n, and is defined as:

BIC = —=21In(L) + kin(n) (27)

The model with lower BIC should be selected, thus, the lowest AIC and BIC values
indicate the best performance of different fusion methods in this study.

3 Results

3.1 Comparison of the individual and fusion methods based on PFTs

Table.S1 (in Supplementary materials) and Fig.1 show the estimated accuracies of the
five individual models, MODIS GPP product, and three fusion methods across eight PFTs using
R?, RMSE, and RPE compared with FLUXNET2015 daytime GPP products. For the five
individual models, EC-LUE, GLO-PEM, and VPM explained most GPP variations across all
vegetation types, characterized by the average R? of 0.68, 0.60, and 0.57, while C-Fix and CHJ
explained no more than half of the variations with the average R? of 0.50 and 0.43. MODIS GPP
RZ was 0.59 and similar to GLO-PEM and VPM, less than EC-LUE, which showed EC-LUE,
GLO-PEM, and VPM performed as well as or even better than MODIS GPP among eight
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ecosystem types. For the three fusion methods, all of them clearly improved the ability of
explaining GPP variations with average R? of 0.73, 0.81, and 0.80 from BMA, RF, and SVM. As
for average RMSE and RPE, EC-LUE was the best performer in individual models (2.43 gC m
day?, 0.02), followed by MODIS GPP (2.57 gC m* day?, -0.11) and VPM (2.68 gC m™ day?, -
0.04), and then GLO-PEM (2.60 gC m™ day*, 0.09) and C-Fix (4.96 gC m day*,0.82). CHJ
ranked last (5.72 gC m? day!, 1.19). RF reduced the RMSE to 1.60 gC m day* and RPE to
almost zero as the best performing fused model with the average R? of 0.81. SVM improved the
estimation accuracy with similar R? of 0.80 but higher average RMSE and more deviated RPE.
BMA also significantly improved the accuracy of GPP estimation but not as well as RF and
SVM. Apart from the MODIS GPP product and VPM estimation, all of the other individual
models overestimated GPP compared with site observations, while the three fusion methods
narrowed the bias between estimation and observation.

Fig.2 and Fig.S1 in supplementary materials showed that the individual model
performances greatly varied across different plant cover types. For the individual models across
mixed forest (MF) in Fig.2, R? of EC-LUE was the highest (0.71), while R? of CHJ and C-Fix
were the lowest (0.57 and 0.61), but MODIS held the lowest RMSE (2.28 gC m day™), and
VPM had the lowest RPE (almost 0). The statistical metrics indicated that EC-LUE, MODIS,
VVPM, and GLO-PEM were top performers for estimating GPP, followed by C-Fix, while CHJ
exhibited the poorest accuracy of the models. CHJ greatly overestimated GPP compared with
site-derived GPP with highest RPE (1.11) and highest RMSE (5.18 gC m day*). BMA raised
the accuracy of estimation explaining 77% variance of site-derived GPP with the relative
prediction error close to 0, while SVM and RF further improved the accuracy by raising R? to
0.82 and 0.83, and reducing RMSE to 1.62 and 1.59 gC m™ day* respectively. Meanwhile, RF
decreased the RPE to almost zero.

For other forest PFTs (ENF, EBF, DBF) in Fig. S1, considering the accuracy metrics,
EC-LUE performed best on land cover type of ENF and EBF compared with other individual
models, while VPM was the best one in DBF. The fusion methods of BMA, SVM, and RF
clearly improved the estimation accuracy with higher R?, and lower RMSE and RPE.

The predicted GPP of CHJ model could hardly explain the variance of observed GPP on
OSH cover type, and the lowest R? (0.02) indicated its weak modeling capacity. EC-LUE
explained nearly half of the variance in OSH (0.43), but still took higher RMSE (1.35 gC m
day?) than MODIS GPP (1.14 gC m day?). As for Cropland (CRO), EC-LUE performed the
best reflected by R? (0.75), RMSE (3.06 gC m™ day?), and RPE (-0.09), while GLO-PEM
conducted the second-best performance, followed by VPM, MODIS, and C-Fix. CHJ still ranked
last. In Grassland (GRA) and Woody Savannas (WSA), the individual models ordered into three
classes: EC-LUE took the first class; VPM, GLO-PEM, and MODIS were in the second rank,
and C-Fix and CHJ were on the bottom. For all PFTs, BMA, SVM, and especially RF improved
the GPP estimation to a great extent.

Fig.3 showed the increased R? percentage achieved by the fusion algorithms compared to
the average and maximum values of five individual models, and decreased RMSE percentage
compared to the average and minimum value of those individual models. For example, RF
increased R? by 19% and 45% compared to maximum value of EC-LUE and average of five
single models respectively. Panel (b) of Fig .3 indicated that the fusion methods also
significantly reduced the RMSE compared to the minimum and mean value from individual
models (RF, for instance, by 34% and 57%).
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Fig.4 showed the probability of density curves of predicted GPP errors in VPM, EC-
LUE, GLO-PEM, CHJ, C-Fix, MODIS, BMA, SVM, and RF algorithms compared with in situ
measurements. For single models, EC-LUE, VPM, and GLO-PEM all had curve peaks centered
on zero, but GLO-PEM and C-Fix had slightly thicker tails on the right side, which indicates
overestimation compared to site measurements. EC-LUE and VPM had balanced biases on both
sides, which means a good error distribution. MODIS GPP had lower peaks centered on zero
compared with EC-LUE, and took a thick left side curve suggesting occasional underestimation.
CHJ, with a prominent ascendant probability density at right side and a barely visible peak,
overestimates GPP within a large range and was the poorest performing model. BMA has a wide
shoulder instead of a zero-centered peak, which made it the worst one among three fusion
methods. The error distributions of the SVM- and RF-fused GPP estimation were more closely
centered on zero and especially the RF method decreased the substantial positive and negative
biases with a highest peak. Therefore, the histograms indicated that the RF and SVM fusion
strategy can explain most of the GPP variance and conduct best performance.

The AIC and BIC values were calculated from five individual and three fusion methods
across the whole dataset based on equation (26), (27), and Table S3. Fig.5 showed clearly that
fusion methods gave the lower AIC and BIC values compared to individual models. GLO-PEM,
VPM and EC-LUE performed better than C-Fix and CHJ, while RF performed better than BMA
and SVM. This is consistent with previous conclusions. AIC and BIC values of RF method are
lower than those of SVM and BMA, and significantly lower than those of five individual models,
therefore, RF represents the best GPP estimation at the 56 sites globally in this study compared
with other two fusion methods and five individual models.

3.2 Comparison of the individual and fusion models based on sites

We ran the five individual models at the 56 eddy covariance flux sites independently and
ensembled them using BMA, RF, and SVM method, together with MODIS GPP product to
further validate the improvement of the three fusion methods. At each site, the five-fold
validation was applied to compute R2, RMSE, and RPE for each model, reaching similar model-
ranked performances as presented in section 3.1 and in Table S2.

Eight representative sites in different land cover types were picked out to demonstrate the
seasonal variation using the best-performing model (EC-LUE), the best fusion method (RF), and
site-derived GPP. Fig.6 showed the difference between RF estimation and site-derived GPP was
significantly less than that between EC-LUE and site-derived GPP, which indicated the multi-
model fused method, RF, could capture more information in the seasonal variation of carbon
uptake from the atmosphere compared to the best individual model, EC-LUE.

We also counted the numbers of sites for every model whose R? was greater than the
average R? of all nine models (five individual models, MODIS GPP product, and three fusion
models), and whose RMSE were less than the average RMSE of all models in this study. Fig.7
demonstrated that RF and SVM had higher R? than the average R? of all models at 91% of sites,
and lower RMSE at 96% of sites, which indicated that at site level the fusion method of RF and
SVM still performed more reliably than individual models.
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4 Discussion

4.1 Performance of the individual models

The five individual models and the MODIS GPP product showed substantial differences
in modeling daily GPP variations across eight ecosystem types at 56 EC flux sites (Table S1,
Table S2). Among these models, EC-LUE gave the best performance considering three metrics
of R?, RMSE, and RPE over most PFTs and EC sites (Fig.1, Fig.4). First, the parameters of water
stress scalar function, latent heat (LE), and sensible heat (H) were directly derived from the
measurement of energy and CO; exchange at site scale in EC-LUE, while the water stress factor
of other models came from remote sensing data or even no water stress function (C-Fix), and the
spatial and temporal matching of input parameters assured the successful estimation provided by
EC-LUE. Second, LE and H may be better at representing the water content and exchange
between the vegetation canopy and the atmosphere for the evaporative fraction, EF, related to the
surface soil water content closely, which was the major water stress on plant growth (Kurc &
Small, 2004b; Zhang et al., 2015), so the EC-LUE model captured the most critical information
in the photosynthesis carbon fixation processes.

VPM performed best on the Deciduous Broadleaf Forest, and quite well on Wood
Savannas and other forest types because it considered the effects of leaf phenology (leaf age) on
photosynthesis at the canopy level (Xiao et al., 2004, 2005). The leaf chlorophyll content and life
expectancy of leaves play an important role in the light harvesting reaction during plant
photosynthesis and net ecosystem exchange of carbon, especially in a deciduous forest (Croft et
al., 2015; Xiao et al., 2004). The included leaf phenology scalar brings VPM extra capacity to
capture the seasonal patterns of the photosynthetic process. Previous studies suggested NIR and
SWIR bands are sensitive to moisture, and the water index (LSWI) derived from the combination
of NIR and SWIR bands have the potential for retrieving leaf and canopy water content using
remote sensing data (Ceccato et al., 2002; Xiao, 2004). The reasonable expression of water stress
and plant phenology, and the easy availability of remote sensing data make VPM a popular and
outstanding one in the family of LUE models.

It is well known that plant stomata would close to protect leaves from desiccation at
conditions of drier air. GLO-PEM takes not only soil moisture but also air water stress (VPD)
into account, which enhanced its GPP simulating ability. In this study GLO-PEM also conducted
a good GPP modeling capacity over all PFTs except Open Shrublands, and it has been applied to
estimate global or regional GPP using remote sensing data in many studies (Cao et al., 2004;
Goetz et al., 2000).

C-Fix took CO:; fertilization effect into the process of GPP estimation, but ignored the
moisture contribution to vegetation photosynthesis, which may lead to worse model performance
especially on OSH and EBF. C-Fix was developed to estimate Europe net biomass based on EC
site observation and remote sensing data, and maybe not an appropriate method applied in other
areas (Veroustraete et al., 1996, 2002). CHJ model ranked at the last in this study, and it
performed well only on forest types except EBF. Since CHJ was proposed to simulate the global
carbon sink-to-source transitions from land carbon cycle (Cox et al., 2006), it may be not suitable
to estimate GPP at site scale.
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4.2 Performance of the fusion models

We fused individual models through BMA, SVM, and RF methods, which all
significantly improved the daily GPP estimation accuracy to certain degrees across eight
ecosystem types at 56 EC flux sites (Fig. 1 to Fig. 4, and Fig. S1). The dynamic information of
five GPP model processes was partially preserved in the fusion models, and we found that
compared to the individual model with best performance, BMA, SVM, and RF successfully
improved the estimation accuracy by 8%, 18%, and 19%, respectively. The light use efficiency
model was proposed on two fundamental assumptions (Landsberg & Waring, 1997; Running et
al., 2004): (1) ecosystem GPP is directly related to the absorbed photosynthetically active
radiation (APAR) through LUE, which is defined as the amount of carbon fixed per unit of
APAR; and (2) the actual LUE may be lower than the potential value because of the
environmental stress such as water shortage and lower or higher temperature. Based on this
theory, the input parameters of LUE-based GPP models derived from site measurements or
remote sensing reflected the seasonal variation of plant cover information, so the individual
models used in this study captured the seasonal cycle of those biomes, which contributed to the
improvement of GPP estimation by fusion methods. Fig. 6 showed the capacity of capturing
seasonal variations using RF, the best fusion method, at eight representative sites, and the
obvious improvement over EC-LUE, the best individual model, compared to site-derived GPP.
Notably, as Fig. 6 and Fig. S1 showed, in contrast to other vegetation types the Evergreen
Broadleaf Forest (EBF) has almost no apparent seasonal variation, therefore, the performance of
individual models was abated severely (EC-LUE, R?=0.68, RMSE=2.91 gC m day,
RPE=0.08), but the three fusion methods, especially SVM and RF, still greatly increased R?
(both being 0.80) and decreased RMSE (1.68 and1.65 gC m day™) and RPE (both being almost
zero). The subtle changes in the seasonal leaf phenology, and various environment factors jointly
increased the uncertainty of modeling plant photosynthesis in evergreen forests (Xiao et al.,
2005; Yuan et al., 2014). This conclusion was consistent with previous modeling studies that
LUE-based models performed the best for deciduous broadleaf sites, but not well for evergreen
sites (Raczka et al., 2013; Yuan et al., 2014).

4.3 Uncertainty in individual models and fusion methods

None of the individual models achieved the best GPP prediction compared to site-derived
GPP across all biomes, or at all 56 EC sites. On average, EC-LUE performed slightly better than
VPM, GLO-PEM, and MODIS GPP product, while C-Fix and CHJ ranked bottom of all
individual models. The reasons for uncertainty in GPP individual and fusion models could be
attributed to factors such as errors from site observations, remote sensing data, and the structure
of individual LUE models in this study.

The FLUXNET?2015 GPP products we used to calibrate models were not directly
measured but derived from direct measured NEE data. The uncertainties associated with derived-
GPP data have been systematically analyzed and estimated in Pastorello et al. (2020). Here, we
illustrated major type/nature of uncertainty sources associated with measurements and data
processing methods, while further details can be found in Pastorello et al. (2020). Major
uncertainties of derived-GPP are associated with gap-filling of data series and partitioning NEE
into GPP and ecosystem respiration. Data gaps are caused mainly by instrumental failure, bad
weather condition, and low turbulent data associated with advection issues (Aubinet et al., 2012;
Goulden et al., 1996; Yi et al., 2005, 2008). The turbulence strength can be measured by a
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friction velocity (USTAR). A USTAR threshold is applied to each site, below which NEE data
are treated as bad data and filled with predicted NEE by regression relationship of nighttime
NEE with temperature above the USTAR threshold. FLUXNET?2015 used three partitioning
methods to derive GPP from NEE: nighttime fluxes method, daytime fluxes method, and
sundown reference respiration (Pastorello et al., 2020). We used the derived-GPP by the daytime
method because this daytime method does not treat GPP just as a difference between daytime
NEE and respiration predicted by a respiration-temperature relationship obtained from nighttime
data. It also includes adjustment of water stress’s effect on the light-response curve. Daytime
ecosystem respiration might not be the same as nighttime ecosystem respiration (Yi et al., 2004).

For the FLUXNET2015 dataset, although the contributed data by regional flux nets
underwent a uniform data quality control process, the energy budget is still not closed at most
tower sites due to complexities in the wind patterns, footprint variability, and landscape-level
heterogeneity which may lead to an error of approximately 5-20% (Foken, 2008; Pastorello et
al., 2020; Stoy et al., 2013). These errors that come from eddy covariance measurements may
reduce the accuracy of individual models and further bring into the fusion methods. Some errors
in the MODIS products such as FPAR and GPP employed in this study have been revealed in
recent literature, and those errors also contributed to the uncertainty of accuracy in GPP
prediction (Running et al., 2000; Serbin et al., 2013; Zhao et al., 2005). The spatial resolution of
MODIS products was no less 500 meters, which was greater than the footprint of flux site
measurements that have a spatial resolution of several or tens of meters. The coarse MODIS
products may capture more noise signals at corresponding sites which are at a sub-grid scale due
to spatial heterogeneity, especially when these sites were located in complex terrain, so the
spatial scale mismatch between remote sensing and in situ observed or derived data will
introduce extra errors in GPP modeling.

The structure of individual models, especially the water stress function, was the most
important source of variations among these models, and caused vastly different performance in
GPP simulations (Raczka et al., 2013; Yuan et al., 2014; Zhang et al., 2015). Defining the effects
of water availability on photosynthesis remains a longstanding challenge, and many water stress
functions have been proposed, including as a function of VPD, soil moisture, and the ratio of
actual evapotranspiration to net shortwave radiation (Cao et al., 2004; Running et al., 2000; Yuan
et al., 2007). There were still controversies on which water stress factors were optimal, for
example, VPD was considered as a key piece of information in the water stress expression in
many studies (Zhang et al., 2015; Zhao et al., 2005), but Yuan’s study indicated that VPD was
not a good indicator of the spatial heterogeneity of soil moisture conditions and it is not likely to
be linearly related to soil water availability (Yuan et al., 2007).

The EF used in EC-LUE was a good indicator of soil or vegetation moisture conditions
because decreasing amounts of energy partitioned into latent heat flux suggests a stronger
moisture limitation, but the calculation of EF needs an ET model to simulate evapotranspiration,
which may introduce more errors into GPP models (Yuan et al., 2007, 2014). The satellite-
derived water index (LSWI) used in VPM that can reflect the soil and vegetation moisture was
easy to obtain from remote sensing data and practical to implement, but cannot reflect the air
water condition because of the weak effects of atmospheric water vapor on NIR and SWIR bands
(Xiao et al., 2004; Zhang et al., 2015). Previous studies have indicated that increased fraction of
diffuse radiation during cloudy days enhanced plant photosynthesis, which lead to an increase of
the blue or red light ratio, and diffuse radiation penetrated to lower depths of the canopy more
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efficiently than direct radiation (Alton et al., 2007; Gu et al., 2002; Matsuda et al., 2004), but
none of the five individual models, or MODIS GPP algorithm, imported the diffuse radiation
effect on photosynthesis.

The strategies to integrate temperature and water stress (multiplicative method such as
VPM or minimum method such as EC-LUE) also affect the performance of simulating GPP
(Zhang et al., 2015). Collectively, the errors from EC sites and remote sensing data, and the
structure of individual LUE-based GPP models including definition of environmental stress
functions and the strategies to integrate environmental stress, will cause the uncertainties in the
individual models and further bring these uncertainties into fusion methods as input parameters.

4.4 The performances of individual and fusion models validated by FLUXNET2015
daytime and nighttime GPP products

The FLUXNET?2015 Dataset provides GPP products based on daytime partitioning
method (DT) which uses daytime and nighttime data to parameterize a model based on a light-
response curve for GPP (Lasslop et al., 2010) and nighttime partitioning method (NT) which
uses nighttime data to parameterize a respiration-temperature model to estimate ecosystem
respiration (Reichstein et al., 2005).

The daytime method is described in Section 2 and FLUXNET2015 DT GPP products are
used to validate the performance of individual and fused GPP models in this study. The complex
interactions among physiological processes cannot be fully described by the light-response curve
approach, so there are still some limitations in DT method (Lasslop et al., 2010). Higher
assimilation rates have been observed with increasing fraction of diffuse radiation, but the
diffuse effect is not reflected in DT method. Circadian rhythms of stomatal conductance, the
component temperature from different parts of the ecosystem, and the quality of the NEE
measurements may also introduce uncertainties in GPP estimates derived with DT method. The
nighttime algorithm takes a short-term temperature response of ecosystem respiration into
consideration. However, the noisiness of the eddy covariance data sabotages the reliability of the
short-term relationship between respiration and temperature, and other factors such as rewetting
events causing short-term dynamics of soil moisture, would also bring confounding effects in NT
method (Reichstein et al., 2005).

Despite the uncertainties in partitioning CO> fluxes from NEE into estimates of its two
main components, FULXNET2015 DT and NT GPP products are still among the most widely
used datasets for its reliability and consistency to validate estimates of GPP models, especially
those of remote-sensing-based models. To further explore the impact of different partitioning
algorithms on the performance of individual and fusion models, we ran the individual and fusion
GPP models and evaluated them by FULXNET2015 DT product, NT product and the average of
DT and NT products (DTNT) at 56 flux sites respectively.

Fig. 8 showed the performance (R? distribution) of the five individual models, MODIS
GPP product, and three fusion methods at 56 flux sites. For the five individual models, the
performances evaluated by NT and DTNT were consistent with those by DT: EC-LUE, VPM
and GLO-PEM performed better than C-Fix and CHJ. For the three fused models, the R?
distribution evaluated by DT were all narrowly concentrated around higher values than those of
individual models, with RF having the highest R?, and then SVM, followed by BMA (shown in
Panel (a) of Fig.8). The same pattern repeated when evaluated by NT and DTNT GPP products
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(shown in Panel (a) and (b) of Fig.8). Compared to individual models, three fusion methods
visibly improved the performance of GPP estimates validated by NT and DTNT as using DT
GPP products, which showed that the fusion methods could enhance the performance of GPP
estimation. We also calculated RMSE and its distribution using DT, NT and DTNT products
respectively, shown in Fig. S2 of supplementary materials, which had derived the similar
conclusions. The performance evaluations using FLUXNET2015 DT, NT and DTNT GPP
products indicated that fusion models consistently provide a better performance in simulating
ecosystem GPP than single models.

5 Conclusions

We ran five individual models (VPM, EC-LUE, GLO-PEM, CHJ, C-Fix) using eddy
covariance flux data from 56 sites in FLUXNET 2015 dataset and remote sensing data (MODIS
reflectance and FPAR products) as input parameters, and fused them together by the methods of
BMA, SVM, and RF to simulate GPP across diverse ecosystem types. For individual models,
EC-LUE showed the highest correlations between modeled GPP and GPP derived from eddy
covariance observations at the daily scale, and showed a better performance to capture
interannual variability of GPP than other models, followed by VPM and GLO-PEM, while CHJ
and C-Fix showed some limitations on the estimation accuracy. The fusion method of BMA,
SVM, and RF were examined by a five-fold cross validation for each PFT, and successfully
improved the estimation accuracy by 8%, 18%, and 19%, respectively. RF fusion method
captured more magnitudes of site GPP measurements than SVM, BMA, and individual models.
This study suggests that although the errors from different data sources and the differences
between individual LUE-based GPP model structures may lead to great uncertainty in modeling
GPP, machine learning methods such as RF could be an effective option to improve GPP
estimation when the ability of an individual model is limited under current site conditions.

Data availability Statement

MODIS data were obtained from https://modis.ornl.gov/. ISLSCP Il data were obtained
from https://doi.org/10.3334/ORNLDAAC/932. FLUXNET2015 dataset was obtained from
https://fluxnet.org/data/fluxnet2015-dataset/. The codes for GPP modeling and fusing are
available at https://doi.org/10.5281/zenodo.7589870. The detailed information of 56 sites were
listed in Table 3.
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Figure 1. The square of the correlation coefficients (R?), root mean square error (RMSE, gC m
day?), and relative predictive error (RPE) of individual models, MODIS GPP, and fusion models
in estimating GPP across the eight ecosystem types.
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Figure 2. The scatter plots of the square of the correlation coefficients (R?), root mean square
error (RMSE, gC m day™), and relative predictive error (RPE) across Mixed Forest (MF) cover
type between daily site-derived GPP (gC m day™) at flux sites and the estimates from five
individual models, MODIS GPP product, and three fusion methods.
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Figure 3. (a)The square of the correlation coefficients (R?) increased percentage by BMA, RF,
and SVM among the average, maximum R? of VPM, EC-LUE, GLO-PEM, C-Fix, and CHJ; (b)
The root mean square error (RMSE) decreased percentage by BMA, RF, and SVM among the
average, minimum RMSE of VPM, EC-LUE, GLO-PEM, C-Fix, and CHJ. The “R? avg” and
the “R2 max” represents the average and maximum of R, respectively. The “RMSE _avg” and
the “RMSE_min” represents the average and minimum of RMSE, respectively.
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Figure 4. The probability density of predictive bias from six individual models and three fusion
methods across eight ecosystem types from 56 EC flux sites.
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Figure 5. The AIC (a) and BIC (b) values from five individual and three fusion methods across
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Figure 6. Examples of daily site-derived GPP (black dots), estimated GPP from the best
individual model (EC-LUE, blue line) and the best fusion method (RF, orange line) for eight
ecosystem types (corresponding to eight presentative EC sites): Cropland (CRO), Deciduous
Broadleaf Forest (DBF), Evergreen Broadleaf Forest (EBF), Evergreen Needleleaf Forest (ENF),
Mixed Forest (MF), Grassland (GRA), Open Shrublands (OSH), and Woody Savannas (WSA).
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Figure 7. Percentage of sites where (a) individual model R? greater than average R? of all
models and (b) individual model RMSE less than average RMSE of all models.

1.00-
. sz, stafida iy
o 075 § #4# [ —s 3 - }4 ] Ei:'_}‘_,
£ 0.50- e —— [___l 0
I
(@ < 0.25- e -
0.00- t ; » ; : : | ;
CHJ GLO_PEM VPM EC_LUE MODIS BMA SVM RF
100' . 1 1
bx 33 L il e
075 _uly o ¢y B e e s = e
4 - [_-l: | B i 08 s e
£ 0.50- = 4—' - : e * .
(b) £ .
0.00- 5 ; i ” . ; . ; ;
CHJ C_Fix GLO_PEM VPM EC_LUE MODIS BMA SVM RF
1.00- -
. 5 el . 71“_‘__
i i PN PO B —=ls L A e
0.75- i ._.L'.,ﬁ 1 £ T [ =inepes——1 i
W o S e B I S e L T I
e e i £ e i 1
£ 0.50- " !_.__J I !
E . 4 % 4
() 5
~ 0.25-
0.00- : ¥ i ] . ' ; j .
CHJ C_Fix GLO_PEM VPM EC_LUE MODIS BMA SVM RF
Model

Figure 8. The performance (R? distribution) of the five individual models, MODIS GPP product,
and three fusion models validated by FULXNET2015 daytime GPP product (DT), nighttime
GPP product (NT) and the average of daytime and nighttime GPP product (DTNT) at 56 flux
sites.
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Table 1. The input parameters of individual GPP models

inputs Description Units CHJ C-Fix %E& VPM EC-LUE
Converted from Shortwave
PAR Radiation (SR) using PAR = W m2 * * * * *
0.45*SR
T Air temperature deg C * * * * *
VPD Vapor Pressu.re' saturation hPa -
Deficit
LE Latent heat fux W m™ * *
H Sensible heat fux W m™ *
CO2 CO2 mole fraction pmolCO2 mol * *
Number of input parameters from EC and Satellite 11 15 11 9 9

Table 2. The maximum LUE, minimum, maximum and optimal temperature parameters look-up
table for each plant functional type (PFT)

PFT £0(9C/m2/d/MJ) Tmin(°C) Tmax(°C) Topt(°C)
CRO 1.931(C3) 2.8966(C4) -1 48 30
DBF 1.931 -1 40 20
EBF 1.931 -2 48 28
ENF 1.931 -1 40 20
GRA 1.931(C3) 2.8966(C4) 0 48 27
MF 1.931 -1 48 19
OSH 1.931 1 48 31
WSA 1.931 -1 48 24
Table 3. The information of 56 sites in this study.

SITE_ID LAT LON PFT__ SITE_DOI REFERENCE

AT-Neu 47.12 11.32 GRA 10.18140/FLX/1440121 (Wohlfahrt et al., 2008)

AU-How -12.49 131.15 WSA  10.18140/FLX/1440125 (Beringer et al., 2011)

AU-Tum -35.66 148.15 EBF  10.18140/FLX/1440126 (Leuning et al., 2005)

BE-Bra 51.31 4.52 MF 10.18140/FLX/1440128 (Carrara et al., 2004)

BE-Lon 50.55 4.75 CRO  10.18140/FLX/1440129 (Moureaux et al., 2006)

BE-Vie 50.30 6.00 MF 10.18140/FLX/1440130 (Aubinet et al., 2001)

CA-Gro 48.22 -82.16 MF 10.18140/FLX/1440034 (Barr et al., 2013)

CA-Oas 53.63 -106.20 DBF  10.18140/FLX/1440043 (Barr et al., 2004)

CA-Obs 53.99 -105.12 ENF  10.18140/FLX/1440044 (Barr et al., 2013)

CA-Qfo 49.69 -74.34 ENF  10.18140/FLX/1440045 (Baldocchi & Penuelas, 2019)

CA-TP1 42.66 -80.56 ENF  10.18140/FLX/1440050 (Arain & Restrepo-Coupe, 2005)

CA-TP3 42.71 -80.35 ENF  10.18140/FLX/1440052 (Arain & Restrepo-Coupe, 2005)

CA-TP4 42.71 -80.36 ENF  10.18140/FLX/1440053 (Arain & Restrepo-Coupe, 2005)

CH-Cha 47.21 8.41 GRA 10.18140/FLX/1440131 (Merbold et al., 2014)

CH-Dav 46.82 9.86 ENF  10.18140/FLX/1440132 (Zielis et al., 2014)

CH-Fru 47.12 8.54 GRA 10.18140/FLX/1440133 (Imer et al., 2013)

CZ-BK1 49.50 18.54 ENF  10.18140/FLX/1440143 (Acosta et al., 2013)

DE-Geb 51.10 10.91 CRO  10.18140/FLX/1440146 (Anthoni et al., 2004)

This article is protected by copyright

. All rights reserved.

858017 SUOWILWIOD BA 210 3ol jdde aup Aq peusenob ae sajolfe YO ‘SN JO Se|nl 1oy Afeid8UIIUO 4B UO (SUORIPUOD-PU-SLLBIWI0D A8 1M AReq Ul |UO//Sd1Y) SUORIPUOD pUe swia | 3y} 88S *[£202/€0/02] U0 AkiqiTaulluo A8|IM 1o A MeN jo 8Be|0D A1D ey Ad 2ZT2009r2202/620T 0T/I0p/wod A8 |mAreiq pul|uo'sandnBe//sdny woly pepeojumoq ‘el ‘19686912



DE-Gri 50.95 1351 GRA 10.18140/FLX/1440147 (Prescher et al., 2010)
DE-Hai 51.08 10.45 DBF  10.18140/FLX/1440148 (Knohl et al., 2003)
DE-Kli 50.89 13.52 CRO 10.18140/FLX/1440149 (Prescher et al., 2010)
DE-Tha 50.96 13.57 ENF  10.18140/FLX/1440152 (Prescher et al., 2010)
DK-Sor 55.49 11.64 DBF  10.18140/FLX/1440155 (Pilegaard et al., 2011)
ES-LJu 36.93 -2.75 OSH  10.18140/FLX/1440157 (Serrano-Ortiz et al., 2009)
FI-Hyy 61.85 24.29 ENF  10.18140/FLX/1440158 (Sunietal., n.d.)

FI-Sod 67.36 26.64 ENF  10.18140/FLX/1440160 (Thum et al., 2007)
FR-Fon 48.48 2.78 DBF  10.18140/FLX/1440161 (Bazot et al., 2013)
FR-Gri 48.84 1.95 CRO 10.18140/FLX/1440162 (Loubet et al., 2011)
FR-Pue 43.74 3.60 EBF  10.18140/FLX/1440164 (Rambal et al., 2004)
GF-Guy 5.28 -52.92 EBF  10.18140/FLX/1440165 (Bonal et al., 2008)
IT-BCi 40.52 14.96 CRO  10.18140/FLX/1440166 (Vitale et al., 2016)
IT-Col 41.85 13.59 DBF  10.18140/FLX/1440167 (Valentini et al., 2000)
IT-Lav 45.96 11.28 ENF  10.18140/FLX/1440169 (Marcolla et al., 2003)
IT-MBo 46.01 11.05 GRA 10.18140/FLX/1440170 (Barbara Marcolla et al., 2011)
IT-Ren 46.59 11.43 ENF  10.18140/FLX/1440173 (Montagnani et al., 2009)
IT-SRo 43.73 10.28 ENF  10.18140/FLX/1440176 (Chiesi et al., 2005)
NL-Hor 52.24 5.07 GRA  10.18140/FLX/1440177 (Jacobs et al., 2007)
NL-Loo 52.17 5.74 ENF  10.18140/FLX/1440178 (Moors, 2012)

RU-Cok 70.83 147.49 OSH  10.18140/FLX/1440182 (van der Molen et al., 2007)
RU-Fyo 56.46 32.92 ENF  10.18140/FLX/1440183 (Kurbatova et al., 2008)
US-ARM 36.61 -97.49 CRO  10.18140/FLX/1440066 (Biraud et al., 2022)
US-GLE 41.37 -106.24 ENF  10.18140/FLX/1440069 (Frank & Massman, 2022)
US-Hal 42.54 -72.17 DBF  10.18140/FLX/1440071 (Munger, 2022)

US-IB2 41.84 -88.24 GRA  10.18140/FLX/1440072 (Matamala, 2019)
US-Me2 44.45 -121.56 ENF  10.18140/FLX/1440079 (Law, 2022)

US-MMS 39.32 -86.41 DBF  10.18140/FLX/1440083 (Novick & Phillips, 2022)
US-Nel 41.17 -96.48 CRO  10.18140/FLX/1440084 (Suyker, 2022c)

US-Ne2 41.16 -96.47 CRO  10.18140/FLX/1440085 (Suyker, 2022a)

US-Ne3 41.18 -96.44 CRO  10.18140/FLX/1440086 (Suyker, 2022b)

US-NR1 40.03 -105.55 ENF  10.18140/FLX/1440087 (Blanken et al., 2022)
US-Oho 41.55 -83.84 DBF  10.18140/FLX/1440088 (Chen et al., 2021)
US-SRM 31.82 -110.87 WSA 10.18140/FLX/1440090 (Scott, 2022a)

US-Ton 38.43 -120.97 WSA 10.18140/FLX/1440092 (Maet al., 2022a)
US-UumMB 45.56 -84.71 DBF  10.18140/FLX/1440093 (Gough et al., 2022)
US-Var 38.41 -120.95 GRA  10.18140/FLX/1440094 (Ma et al., 2022b)
US-Wkg 31.74 -109.94  GRA  10.18140/FLX/1440096 (Scott, 2022b)
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