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Several global gross primary production (GPP) and evapotranspiration (ET) remote sensing products exist,main-
ly provided bymachine-learning (e.g. MPI-BGC) and semi-empirical (e.g. MODIS) approaches. Process-based ap-
proaches have the advantage of representing the atmosphere-vegetation-soil system and associated fluxes as an
organic integration, but their sophistication results in a lack of high spatiotemporal resolution continuous prod-
ucts. Targeting this gap, we reported a new set of global 8-day composite 1-km resolution GPP and ET products
from 2000 to 2015, using a simplified process-based model, the Breathing Earth System Simulator (BESS). BESS
couples atmosphere and canopy radiative transfer, photosynthesis and evapotranspiration, and uses MODIS at-
mosphere and land data and other satellite data sources as inputs.We evaluated BESS products against FLUXNET
observations at site scale (total of 113 sites, 742 site years), and against MPI-BGC products at global scale. At site
scale, BESS 8-day products agreed with FLUXNET observationswith R2 = 0.67 and RMSE= 2.58 gCm−2 d−1 for
GPP, and R2= 0.62 and RMSE= 0.78mmd−1 for ET, respectively, and they captured amajority of seasonal var-
iability, about half of spatial variability, and a minority of interannual variability in FLUXNET observations. At
global scale, BESS mean annual sum GPP and ET maps agreed with MPI-BGC products with R2 = 0.93 and
RMSE= 229 gCm−2 y−1 for GPP, and R2 = 0.90 and RMSE= 118mm y−1 for ET, respectively. Over the period
of 2001–2011, BESS quantified the mean global GPP and ET as 122 ± 25 PgC y−1 and 65 × 103 ±
11 × 103 km3 y−1, respectively, with a significant ascending GPP trend by 0.27 PgC y−2 (p b 0.05), similar to
MPI-BGC products as well. Overall, BESS GPP and ET estimates were comparable with FLUXNET observations
and MPI-BGC products. The process-based BESS can serve as a set of independent GPP and ET products from of-
ficial MODIS GPP and ET products.

© 2016 Elsevier Inc. All rights reserved.
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1. Introduction

Machine-learning and semi-empirical approaches are two ways to
derive regional and global gross primary production (GPP) and evapo-
transpiration (ET) from remote sensing data. Machine-learning ap-
proaches upscale site-observed fluxes to a larger scale by establishing
statistical models, with satellite-derived parameters and other explana-
tory variables (Beer et al., 2010; Jung et al., 2010). Semi-empirical ap-
proaches utilize equations with a concise physiologically meaning that
are parameterized with several empirical constraint functions or vege-
tation indices (Wang et al., 2010; Yebra et al., 2015). For effectiveness
and efficiency, two global time-series GPP and ET products – derived
rchitecture and Rural Systems
public of Korea.
fromamachine-learning approach (theMaxPlanck Institute for Biogeo-
chemistry, MPI-BGC) (Jung et al., 2011) and a semi-empirical approach
(the MODerate-resolution Imaging Spectroradiometer, MODIS) (Mu et
al., 2011; Zhao et al., 2005) – have become widely used.

Integrating remote sensing data with process-based models pro-
vides another way to generate global GPP and ET datasets (Plummer,
2000; Sellers et al., 1995). Process-based models use a series of nonlin-
ear equations to represent the atmosphere-vegetation-soil system and
associated fluxes (Dai et al., 2003; Dickinson, 1983). Compared with
machine-learning and semi-empirical models, process-based models
are able to provide deeper insights into underlying inter-action mecha-
nisms and their synergetic responses to environmental change (Shao et
al., 2013a; Yang et al., 2011). Advances in remote sensing that occurred
in the 2000s have provided further relevant information regarding the
atmosphere and land surface, enabling the biogeoscience community
to verify (Ichii et al., 2013; Mao et al., 2012) and drive (Lawrence and
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Chase, 2007; Senay et al., 2013) process-based models, to optimize
them through assimilation (Fang et al., 2011; Hazarika et al., 2005), as
well as to refine and improve semi-empirical models (Sasai et al.,
2005; Zhang et al., 2012). However, process-based models are usually
associated with sophistication (Rodell et al., 2015). This feature results
in a lack of publically-available global and continuous high spatiotem-
poral resolution GPP and ET products, derived from a process-based sat-
ellite-driven approach.

The Breathing Earth System Simulator (BESS), is a concise process-
based model designed to continuously monitor and map carbon and
water fluxes with fine spatial (1–5 km) and temporal (8-daily compos-
ite) resolution at global scale (Ryu et al., 2011). It is highly simplified,
only coupling a 1-dimensional atmosphere radiative transfer module,
a two-leaf canopy radiative transfer module, and an integrated carbon
assimilation – stomatal conductance – energy balancemodule. Unique-
ly, it is designed to be most sensitive to the variables that can be quan-
tified reliably, taking full advantages of MODIS atmospheric and land
products. By using MODIS aerosol, cloud and atmospheric profile infor-
mation, BESS computes 5 km resolution radiation, temperature and hu-
midity data to drive land surface modules. In contrast, MODIS GPP and
ET products use 1.00° × 1.25° resolution meteorological forcing data
from the Data Assimilation Office (DAO) (Mu et al., 2011; Zhao et al.,
2005), and MPI-BGC GPP and ET products use 0.5 resolution tempera-
ture and precipitation data from Climate Research Unit (CRU), notwith-
standing that the coarse resolution could cause large uncertainties
(Sasai et al., 2005; Yuan et al., 2010). In addition, BESS quantifies the
flux contributions from sunlit/shaded canopy through the explicit com-
putation of direct/diffuse radiation in the atmosphere and canopy radi-
ative transfer. This has been proven to be of great importance (Chen et
al., 2016, 2012; Donohue et al., 2014), but is not the case for most global
GPP and ET satellite-derived datasets (Jung et al., 2011; Yebra et al.,
2013, 2015; Yuan et al., 2010).

Past evaluations of BESS were limited in their spatial or temporal
scales. At site level, Ryu et al. (2011) showed that BESS GPP and ET
agreed with site-observed fluxes (33 sites, 33 site years) over various
land cover types and climate zones. Whitley et al. (2016) compared
the GPP and ET estimates derived from six process-based models with
five Australian savanna flux towers datasets, and showed that BESS
well captured the seasonal trajectory of GPP and ET in that complex ter-
restrial biome. Keenan et al. (2012) investigated the capability of 16 ter-
restrial biosphere models and three remote sensing models for
capturing the interannual variability of GPP at 11 forested sites in
North America, demonstrating that BESS performed well in deciduous
broadleaf forests but poor in evergreen broadleaf forests. At regional
and global level, Song et al. (2014) showed that BESS ET is in line with
the water balance estimation, both monthly and annually, at a Korean
basin. Ryu et al. (2011) showed that BESS mean annual GPP and ET be-
tween 2001 and 2003 agreed well with machine-learning products
(Beer et al., 2010; Jung et al., 2010) over 24 climate zones. However,
these assessments were still in the initial stages. At site level, BESS accu-
racywas only quantified from a small set of sites, and a comparisonwith
other spatially and temporally consistent products was not conducted.
At global level, BESS performance was not systematically characterized
through an intensive map-to-map intercomparison, and more impor-
tantly, over a long time span. According to the definition given by the
Committee on Earth Observation Satellites (CEOS) Land Product Valida-
tion (LPV) subgroup (http://lpvs.gsfc.nasa.gov/), these efforts can only
be considered as Stage 1 validation in a four-stage hierarchy. Therefore,
a more comprehensive Stage 2 evaluation, involving a significant set of
locations and time periods and spatial and temporal consistency with
similar products, is required.

The objectives of this studywere threefold: (1) to present global GPP
and ET products in 1-km spatial resolution and 8-day composite from
2000 to 2015, (2) to evaluate the performance of BESS products by di-
rect comparison with 113 site observations in a newly-released
FLUXNET 2015 dataset, and (3) to characterize the spatiotemporal
patterns of BESS products by an intercomparisonwith two independent
products, MPI-BGC andMODIS.We provide a distinct global and contin-
uous high spatiotemporal resolution GPP and ET products, derived from
a process-based satellite-driven approach, instead of widely-applied
machine-learning and semi-empirical approaches. Moreover, we
move forward to the Stage 2 validation by conducting comprehensive
analysis at two spatial scales (site and global) and four temporal scales
(8-day, monthly, annual, and decadal).

2. Materials and methods

2.1. BESS GPP and ET products

We produced BESS 8-day composite 1-km resolution GPP and ET
products using multi-satellite remote sensing data from 2000 to 2015.
Fig. 1 showed the flowchart of the core algorithm. An atmospheric radi-
ative transfer model, Forest Light Environmental Simulator (FLiES)
(Kobayashi and Iwabuchi, 2008; Ryu et al., 2011), computed direct
and diffuse radiation in the photosynthetically active radiation (PAR)
and near infrared (NIR) spectral domains. A two-leaf and two-stream
canopy radiative transfer model (De Pury and Farquhar, 1997; Ryu et
al., 2011) computed the absorbed PAR and NIR radiation by sunlit and
shade canopy. A plant functional type (PFT) dependent look-up table
(LUT) quantified maximum leaf carboxylation capacity at 25 °C (Vmax

25C),
according to the TRY leaf trait database (Kattge et al., 2009, 2011)
(Table A1), and the leaf-level Vmax

25C were further upscaled to sunlit/
shade canopyVmax

25C (Ryu et al., 2011). Ambient and saturated vapor pres-
sure, air specific heat and clear-sky emissivity were calculated from
temperature, humidity and pressure data. Subsequently, a carbon-
water-coupled module which incorporated a two-leaf longwave radia-
tive transfer model (Wang et al., 2006), Farquhar's photosynthesis
model for C3 and C4 plants (Collatz et al., 1992; Farquhar et al., 1980),
a stomatal conductance equation (Ball, 1988), and the quadratic Pen-
man-Monteith and energy balance equations (Paw U and Gao, 1988;
Paw U, 1987), computed GPP and ET for sunlit and shade canopy as
well as soil evaporation through an iterative procedure. Five intermedi-
ate variables, sunlit leaf temperature, shade leaf temperature, soil
temperature, intercellular CO2 concentration, and aerodynamic resis-
tance, were solved in the iteration. The derived instantaneous esti-
mates of GPP and ET were finally temporally upscaled to 8-day
mean estimates using a simple cosine function (Ryu et al., 2012a).
Compared with the previous version (Ryu et al., 2011), the improved
algorithm treated intercellular CO2 concentration dynamically and
better accounted for sunlit/shade canopy longwave radiation balance
(Appendix A).

In total, BESS products used sevenMODIS atmosphere (Collection 6)
and land (Collection 5) products, four other satellite datasets, four re-
analysis datasets, and three ancillary datasets as input data. The global
1-km resolution land mask was first determined by synthesizing the
MCD12Q1 yearly land cover type product between 2001 and 2013
(Friedl et al., 2010), yielding a total land area of 133,666,330 km2, ex-
cluding Antarctica and inland water. The geographic coordinates for
each land grid pixel were calculated according to the MODIS sinusoidal
reprojection model used by all MODIS land products (Wolfe et al.,
1998).We subsequently used the nearest neighborhood resampling ap-
proach to reproject swaths of MOD04_L2 aerosol (Remer et al., 2005),
MOD06_L2 cloud (Platnick et al., 2003) and MOD07_L2 atmosphere
profile (Seemann et al., 2003) products to 5-km resolution sinusoidal
global land grids. The computed radiation components using these
MODIS atmosphere productswere further resampled to 1 kmresolution
by the nearest neighborhood resampling approach.MOD11A1 land sur-
face temperature (LST) product (Wan, 2008), gap-filled with surface
temperature embedded in MOD06_L2 product, was used as an initial
guess of sunlit/shade temperature and soil temperature. MCD15A2
leaf area index (LAI) product (Shabanov et al., 2005), the most sensitive
data for fluxes estimation (Ryu et al., 2011), was filtered using a simple
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Fig. 1. Algorithm flowchart of BESS products.
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time-series analysis approach to mitigate cloud contamination. Six
datasets from MCD43B3 albedo product (Román et al., 2009), were
used in atmosphere (black/white sky shortwave albedo) and canopy
(black/white sky visible/near infrared albedo) radiative transfer mod-
ules. The Orbiting Carbon Observatory-2 (OCO-2) Lite Version-7 XCO2
product in 2015 (oco2.gesdisc.eosdis.nasa.gov) and the National Ocean-
ic and Atmospheric Administration (NOAA) Annual Mean Global Car-
bon Dioxide Growth Rates data (www.esrl.noaa.gov/gmd/ccgg/trends/
) were merged to generate spatially-temporally varying ambient CO2

concentration maps. Global clumping index map derived from MODIS
(He et al., 2012), global forest canopy height product from the Geosci-
ence Laser Altimeter System aboard Ice, Cloud, and land Elevation Satel-
lite (ICESat/GLAS) (Simard et al., 2011), and Shuttle Radar Topography
Mission (STRM) global 30 arc-second elevation product (Jarvis et al.,
2008), were used for the separation of sunlit/shade canopy, calculation
of aerodynamic resistance, and the consideration of altitude effect on in-
coming radiation, respectively. We used air temperature and dew point
temperature derived from MOD07_L2 product, which were gap-filled
and harmonized using ERA Interim Reanalysis data (www.apps.
ecmwf.int/datasets/data/interim-full-daily). NCEP/NCAR Reanalysis
wind speed data (www.esrl.noaa.gov/psd/data/gridded/) were used in
the aerodynamic module. By using the global C3 and C4 distribution
map (Still, 2003), the carbon-water-coupled module was performed
for the C3 and C4 species separately in a pixel, and the sum of relative
proportion of C3 and C4 for the pixel determined the GPP and ET at
the pixel. Global climate classification map (Peel et al., 2006), along
with the synthesized land cover map, were used to build a PFT-depen-
dent LUT for Vmax

25C (Table A1). Compared to the previous version (Ryu
et al., 2011), the CO2 concentration, canopy height, and elevation data
were newly-incorporated, and the clumping index data were updated
withfiner resolution. In addition, reprojection algorithm, LAIfiltering al-
gorithm, and temperature filling algorithmwere improved, and the CO2

concentration maps were made and applied (Appendix A).

2.2. MPI-BGC GPP and ET products

MPI-BGC GPP and ET products were provided inmonthly composite
and in 0.5° resolution from 1982 to 2011 (Jung et al., 2011). The
products utilized a model tree ensemble to establish a statistical rela-
tionship between FLUXNET observed fluxes and 29 explanatory vari-
ables, which was mainly derived from a harmonized satellite-derived
fraction of absorbed photosynthetic active radiation (fPAR) product
and CRU temperature and precipitation datasets. As a proxy for
FLUXNET observations, it has been commonly considered as the bench-
mark or reference in global carbon andwater cycles studies (Anav et al.,
2015; Huang et al., 2015).

2.3. MODIS GPP and ET products

MOD17A2 GPP (Collection 5.5) and MOD16A2 ET (Version 1.05)
productswere separately provided in 8-day composite and 1 kmresolu-
tion from 2000 to 2014. MOD17A2 GPP product adopted a light use ef-
ficiency (LUE) model (Monteith, 1972; Running et al., 2004; Zhao et al.,
2005). It assumed GPP was proportionally related to APAR under ideal
conditions. The maximum LUE was based on a PFT-dependent look-up
table, fPARwas fromMOD15A2, and PARwas computed from the short-
wave radiation provided by DAO. Two simple linear scalars were incor-
porated to account for temperature and water stress, using DAO daily
minimum temperature and vapor pressure deficit, respectively.
MOD16A2 product adopted a linear form of the Penman-Monteith
equation to estimate ET (Mu et al., 2007, 2011). Canopy ET and soil
evaporation were computed separately, using MOD15A2 fPAR as a
proxy of the fraction of vegetation cover. Net radiation was computed
from the energy balance using DAO shortwave radiation, MCD43B3 al-
bedo, and DAO temperature for both air and surface. Surface conduc-
tance was assumed to be linearly related to LAI, and, like MOD17A2,
was corrected by temperature and water stress scalars.

2.4. FLUXNET GPP and ET observations

The FLUXNET2015Dataset included data collected at sites frommul-
tiple regional flux networks between 1991 and 2014 (www.fluxnet.
fluxdata.org/data/), with several improvements to the data quality con-
trol protocols and the data processing pipeline compared to its prede-
cessor LaThuile 2007 dataset. A total of 113 Tier-1 sites under fair-use
data policy were included in the FLUXNET2015 v1.1 dataset (Table
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http://www.esrl.noaa.gov/gmd/ccgg/trends/
http://www.apps.ecmwf.int/datasets/data/interim-full-daily
http://www.apps.ecmwf.int/datasets/data/interim-full-daily
http://www.esrl.noaa.gov/psd/data/gridded/
http://www.fluxnet.fluxdata.org/data/
http://www.fluxnet.fluxdata.org/data/
Image of Fig. 1


531C. Jiang, Y. Ryu / Remote Sensing of Environment 186 (2016) 528–547
A2). These sites covered awide range of PFTs across arctic to tropical cli-
mate zones over all continents except for the Antarctica (Fig. 2). We
usedGPPfluxdata fromnighttimepartitioning of net ecosystemCO2 ex-
change (NEE) and latent heat (LE)flux datawith energy balance closure
correction when available. Standard temporal aggregations were pro-
vided at daily, monthly and yearly time steps. Quality flags,
NEE_VUT_REF_QC and LE_F_MDS_QC, were associated with each tem-
poral aggregation, indicating percentage of measured and good quality
gap-filled data for each day/month/year for NEE and LE, respectively.

2.5. Evaluation of BESS products

At site level, evaluation of BESS GPP and ET products was conducted
in terms of overall accuracy, spatial variability, seasonal variability, and
interannual variability, by comparing with FLUXNET data. Only 1-km
resolution pixels containing the flux tower were used for comparison.
MODIS products having the same spatial and temporal resolution with
BESS were also involved in the comparison. MPI-BGC products, trained
from FLUXNET data and provided in coarse resolution (0.5°), were not
taken into consideration at site level.

For overall accuracy, BESS and MODIS 8-day mean GPP and ET were
directly compared to the FLUXNET data. At this point, daily FLUXNET
data with quality flag N 0.75were averaged to 8-daymean. Such criteria
led to 29,797 valid data over 113 sites (742 site years) and 22,531 valid
data over 75 sites (547 site years) involved in the comparison for GPP
and ET, respectively. Coefficient of determination (R2), root mean
squared error (RMSE) and bias were used to quantify overall accuracy
of BESS and MODIS 8-day mean GPP and ET products.

For spatial variability, BESS andMODISmean annual sumGPP andET
were compared to the FLUXNET data. At this point, yearly FLUXNET data
with quality flag N 0.75 were averaged to mean annual sum site by site,
and BESS and MODIS mean annual sum data were calculated over the
site-years corresponding to available FLUXNET data. Such criteria led
to 99 and 63 sites involved in the comparison for GPP and ET, respec-
tively. We defined spatial variability as the standard deviation of mean
annual sum data over the sites, and it was calculated PFT by PFT for
FLUXNET, BESS, and MODIS, respectively. We also calculated R2 be-
tween BESS/MODIS and FLUXNET for each PFT to quantify the propor-
tion of spatial variability in FLUXNET data explained by BESS and
MODIS. Another metric, normalized root mean squared error
(NRMSE) (Keenan et al., 2012), was further used to quantify mismatch
Fig. 2. Distribution of 113 sites in FL
betweenBESS/MODIS and FLUXNET. It was defined as RMSE normalized
by the magnitude of FLUXNET spatial variability:

NRMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 δi;FLUXNET−δi;satellite
� �2

n

s
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 δi;FLUXNET−δFLUXNET
� �2

n

s ð1Þ

where n refers to the number of sites within a PFT, δi is spatial anomaly
defined as the mean annual sum GPP or ET at the ith site subtracted by
the average value over the n sites, the subscripts FLUXNET and satellite
further indicated that the data were from FLUXNET and satellite (BESS
or MODIS), respectively, and symbol ̄ means average over n sites.

For seasonal variability, BESS andMODIS meanmonthly GPP and ET
were compared to FLUXNET data. At this point, monthly FLUXNET data
with quality flag N 0.75 were averaged over available years site by site,
and BESS and MODIS mean monthly data were calculated over site-
years corresponding to available FLUXNET data. Only sites having
mean monthly data over all 12 months were used. Such criteria led to
92 and 67 sites involved in the comparison for GPP and ET, respectively.
We defined seasonal variability as the standard deviation of mean
monthly data over 12months, and it was calculated site by site and sub-
sequently averaged PFT by PFT for FLUXNET, BESS, and MODIS, respec-
tively. We also calculated R2 between BESS/MODIS and FLUXNET for
each site to quantify the proportion of seasonal variability in FLUXNET
data explained by BESS and MODIS. We further calculated NRMSE site
by site with quantities in Eq (1) changed, where n = 12 refers to the
number of months, δi is seasonal anomaly defined as themeanmonthly
GPP or ET at the ith month subtracted by the average value over the n
months, and symbol ̄ means average over n months.

For interannual variability, BESS andMODIS annual sum GPP and ET
were compared to FLUXNET data. Only sites having at least three yearly
data with quality flag N 0.75 were used. Such criteria led to 60 and 47
sites involved in the comparison for GPP and ET, respectively. We de-
fined interannual variability as the standard deviation of annual sum
data over available years, and it was calculated site by site and subse-
quently averaged PFT by PFT for FLUXNET, BESS, andMODIS, respective-
ly. We also calculated R2 between BESS/MODIS and FLUXNET for each
site to quantify the proportion of interannual variability in FLUXNET
data explained by BESS and MODIS. We further calculated NRMSE site
UXNET2015 v1.1 Tier 1 dataset.

Image of Fig. 2
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by site with quantities in Eq (1) changed, where n ≥ 3 refers to the num-
ber of available years, δi is annual anomaly defined as the annual sum
GPP or ET at the ith year subtracted by the average value over the n
years, and symbol ̄ means average over n years.

At global level, to investigate the spatiotemporal consistency and
discrepancy between BESS and the other two products, i.e., MPI-BGC
and MODIS, evaluations were conducted in terms of global mean total
values, global annual anomalies, mean annual sum pattern, interannual
variability pattern, and trend pattern of GPP and ET. All intercomparison
were made between 2001 and 2011, overlapped time span of the three
products. The year 2000was excluded fromBESS because officialMODIS
atmosphere and land products were not available in the first two
months.

For global mean total values of GPP and ET, associated uncertainties
were also quantified for BESS and MODIS. We averaged mean annual
sum GPP and ET over all sites within each PFT, for FLUXNET, BESS, and
MODIS, respectively (Tables 2 and 3). Relative RMSE values of these
PFT-averaged mean annual sum GPP and ET between FLUXNET and
BESS orMODISwere computed and considered as relative uncertainties
for BESS and MODIS GPP and ET products. The corresponding absolute
uncertainties were obtained by multiplying the relative uncertainties
with global mean total values of GPP and ET.

For global annual anomalies of GPP and ET, we calculated them as
global annual total values subtracting by global mean total values be-
tween 2001 and 2011. We defined interannual variability as the stan-
dard deviation of annual sum data over this overlapped time span. A
Mann-Kendall test was used to examine the significance of trends. We
further calculated correlation coefficients of time series between the
three products to investigate their temporal consistency.

All map-to-map intercomparison were made in monthly-composite
and 0.5° resolution between 2001 and 2011, considering the spatiotem-
poral resolution and time span of the three products. At this point, both
BESS and MODIS data were aggregated by averaging 1-km resolution
data in each 0.5° grid. The land mask was constrained by the spatial in-
tersection of the three datasets to facilitate map-to-map analysis. To in-
vestigate their spatial consistency, we calculated correlation coefficients
of mean annual sum maps, interannual variability maps, and trend
maps between the three products.

3. Results

3.1. Direct evaluation against FLUXNET site observations

3.1.1. Overall accuracy
Overall, both BESS GPP and ET 8-day composite 1-km resolution

products agreed with FLUXNET observations (Table 1), with 67% of
GPP and 62% of ET variations explained by BESS. The average RMSE
values for BESS were 2.58 gC m−2 d−1 and 0.78 mm d−1 for GPP and
ET, respectively. In case of GPP, the largest RMSEwas found in croplands
Table 1
R2, RMSE, and bias of BESS andMODIS 8-day composite 1-km resolutionGPP and ETproducts ev
d−1 for GPP and ET, respectively. Bold style indicates a higher R2 or a lower RMSE. PFTs: evergre
forest (DBF), mixed forest (MF), close shrublands (CSH), open shrublands (OSH), woody savan
(CRO).

PFT BESS GPP MODIS GPP

R2 RMSE Bias R2 RMSE B

ENF 0.73 2.37 –1.28 0.74 2.12 −0.
EBF 0.25 2.97 −0.78 0.25 2.96 −0.
DBF 0.72 2.59 −0.09 0.68 2.97 −0.
MF 0.67 2.31 −0.83 0.65 2.30 −0.
CSH/OSH 0.77 1.37 0.68 0.68 1.56 0.
WSA/SAV 0.52 1.69 −0.43 0.49 1.79 −0.
GRA/WET 0.71 2.24 −0.45 0.64 2.59 −0.
CRO 0.74 3.86 −1.21 0.49 4.80 −1.
Overall 0.67 2.58 −0.68 0.59 2.86 −0.
(3.86 gC m−2 d−1), followed by evergreen broadleaved forest
(2.97 gC m−2 d−1), while the largest bias was found in evergreen
needleleaf forest (−1.28 gC m−2 d−1), followed by croplands
(−1.21 gC m−2 d−1). In case of ET, both evergreen broadleaved forest
and close shrublands/open shrublands showed relatively large RMSE
values (around 1.12 mm d−1), accompanied by large bias values
(0.40 mmd−1). MODIS had similar accuracy statistics, which explained
59% GPP variations and 52% ET variations. The average RMSE values for
MODISwere 2.86 gCm−2 d−1 and 0.86mmd−1 for GPP and ET, respec-
tively. Croplands showed the largest GPP RMSE (4.80 gC m−2 d−1) and
evergreen broadleaved forest showed the largest ET RMSE
(1.26 mm d−1). MODIS also exhibited slight underestimation in GPP
(−0.73 gC m−2 d−1), especially in croplands (−1.34 gC m−2 d−1)
and evergreen needleleaf forest (−0.91 gC m−2 d−1), and overestima-
tion in ET (0.14 mm d−1), especially in evergreen broadleaved forest
(0.87 mm d−1).

3.1.2. Spatial variability
The FLUXNET spatial variability were 668 gC m−2 y−1 (53%) and

224 mm y−1 (39%) for GPP and ET, over 99 and 63 sites, respectively
(Tables 2 and 3). BESS tended to slightly underestimate spatial variabil-
ity for both GPP and ET, in particular, by N15% in evergreen broadleaf
forest and grasslands/permanent wetlands. About 52% of spatial vari-
ability in FLUXNET GPP and ET were explained by BESS, and overall
NRMSE of BESS GPP and ETwere around 70%. These statistics were sim-
ilar to MODIS. In case of GPP, both BESS and MODIS had relatively large
NRMSE values in deciduous broadleaved forest, mixed forest, and crop-
lands. In case of ET, relatively large NRMSE values were found in decid-
uous broadleaved forest, mixed forest, and close shrublands/open
shrublands.

3.1.3. Seasonal variability
BESS had consistent seasonal trajectory with FLUXNET observations

for both GPP and ET (Tables 4 and 5). On average, BESS explained about
85% seasonal variations, with NRMSE about 50%. Relatively high R2

values (N0.80) were achieved in most of PFTs. The lowest R2 values of
BESS were yielded in evergreen broadleaf forest (0.64 for GPP and
0.60 for ET), corresponding to the lowest observed seasonal variability
(21% for GPP and 51% for ET). Relative low R2 values were also found
in woody savanna/savanna (0.76) for BESS GPP and in close
shrublands/open shrublands (0.64) for BESS ET. Similar to R2, NRMSE
values were higher (around 100%) in evergreen broadleaf forest for
both BESS GPP and ET. Except for evergreen broadleaf forest, all the
other PFTs exhibited NRMSE values smaller than 60% in case of GPP,
while a large NRMSE (135%) was observed in close shrublands/open
shrublands for ET.When compared toMODIS, BESS GPP and ET general-
ly showed higher R2 values and lower NRMSE values, yet they were not
significantly different as the 95% confidence interval overlapped each
aluated against FLUXNETobservations. Theunits of RMSE and bias are gCm−2 d−1 andmm
en needle leaved forest (ENF), evergreen broadleaved forest (EBF), deciduous broadleaved
nas (WSA), savannas (SAV), grasslands (GRA), permanent wetlands (WET), and croplands

BESS ET MODIS ET

ias R2 RMSE Bias R2 RMSE Bias

91 0.64 0.70 −0.09 0.58 0.74 0.11
23 0.43 1.12 0.40 0.58 1.26 0.87
71 0.77 0.84 0.39 0.67 0.91 0.50
72 0.83 0.66 0.39 0.70 0.97 0.67
82 0.32 1.13 0.40 0.33 0.66 0.00
54 0.54 0.75 0.20 0.48 0.80 −0.25
78 0.63 0.74 0.11 0.50 0.88 0.12
34 0.74 0.70 −0.18 0.58 0.88 −0.17
73 0.62 0.78 0.10 0.52 0.86 0.14



Table 2
Performance of BESS andMODIS GPP products in terms of spatial variability. Numbers in parenthesis are spatial variability normalized by PFT-averaged mean annual sumGPP. Bold style
indicates a higher R2 or a lower NRMSE (see Eq. (1)). PFT full names are referred to Table 1.

PFT Sites Mean annual sum (gC m−2 y−1) Spatial variability (gC m−2 y−1) R2 NRMSE

FLUXNET BESS MODIS FLUXNET BESS MODIS BESS MODIS BESS MODIS

ENF 20 1377 1050 1173 627 (45%) 373 (35%) 417 (35%) 0.80 0.80 53% 50%
EBF 9 1980 1907 2087 829 (41%) 291 (15%) 570 (27%) 0.63 0.37 75% 80%
DBF 14 1504 1442 1319 299 (19%) 520 (36%) 306 (23%) 0.05 0.09 180% 120%
MF 6 1639 1172 1296 425 (25%) 362 (30%) 267 (20%) 0.47 0.04 170% 128%
CSH/OSH 5 498 758 869 329 (66%) 490 (64%) 461 (53%) 0.99 0.86 50% 60%
WSA/SAV 10 797 624 638 431 (54%) 319 (51%) 245 (38%) 0.35 0.54 81% 69%
GRA/WET 25 1033 955 842 661 (64%) 468 (49%) 442 (52%) 0.70 0.70 56% 57%
CRO 10 1202 929 933 375 (31%) 139 (15%) 234 (25%) 0.32 0.02 84% 124%
Overall 99 1258 1097 1107 668 (53%) 524 (47%) 544 (49%) 0.52 0.57 69% 65%
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other. The only significant difference appeared in croplands for GPP,
where BESS yielded 16% lower NRMSE than MODIS.

3.1.4. Interannual variability
Both BESS andMODIS tended to underestimate interannual variabil-

ity of GPP and ET. FLUXNET showed GPP interannual variability of 15%
over 60 sites and ET interannual variability of 13% over 47 sites, while
BESS and MODIS only yielded 5–8%. BESS and MODIS GPP were only
able to explain around 35% of the interannual variability in site observa-
tions, and the proportion was even lower for ET whichwas only around
25%. The overall NRMSE values were above 100% for both BESS and
MODIS for both GPP and ET. With regard to PFT, BESS GPP and ET prod-
ucts showed the lowest NRMSE for woody savannas/savannas (78% for
GPP and 84% for ET) which had the largest observed interannual vari-
ability (26% for GPP and 23% for ET). Although very high NRMSE values
appeared in close shrublands/open shrublands for GPP (269%) and in
evergreen broadleaf forest for ET (203%), their 95% confidence interval
were even larger. Similar performance appeared for the other PFTs,
with mean NRMSE values ranging from 78% to 110%. There was no sig-
nificant difference between BESS and MODIS. In fact, BESS and MODIS
time series were more similar with each other, than compared to
FLUXNET. Examples were shown in Figs.3 and 4, in which only sites
with at least 10 years annual data were included. Atmost sites, BESS an-
nual anomalies of GPP and ET matched MODIS but both exhibited less
fluctuation than FLUXNET. In addition, seven and eight sites showed sig-
nificant (p b 0.05) trends for GPP and ET, respectively, but none of them
were detected by BESS or MODIS.

3.2. Global intercomparison with MPI-BGC and MODIS

3.2.1. Global total GPP and ET
The mean annual global total GPP and ET derived from BESS be-

tween 2001 and 2011 were 122 ± 25 PgC y−1 and 65 × 103 ±
11 × 103 km3 y−1, respectively. These values were almost the same as
that of MPI-BGC (120 PgC y−1 for GPP and 65 × 103 km3 y−1 for ET),
and higher than that of MODIS (110 ± 23 PgC y−1 for GPP and
Table 3
Performance of BESS and MODIS ET products in terms of spatial variability. Numbers in paren
indicates a higher R2 or a lower NRMSE (see Eq. (1)). PFT full names are referred to Table 1.

PFT Sites Mean annual sum (mm y−1) Spatial variabili

FLUXNET BESS MODIS FLUXNET

ENF 14 531 440 504 143 (26%)
EBF 2 919 884 1076 405 (44%)
DBF 9 675 604 596 133 (19%)
MF 3 444 464 588 27 (6%)
CSH/OSH 3 354 503 344 94 (26%)
WSA/SAV 7 473 466 297 142 (30%)
GRA/WET 15 567 487 506 286 (50%)
CRO 10 666 469 474 173 (25%)
Overall 63 575 501 505 224 (39%)
62 × 103 ± 13 × 103 km3 y−1 for ET), with uncertainty ranges over-
lapped with each other.

3.2.2. Global annual anomalies of GPP and ET
The annual anomalies in GPP and ET for BESS, MPI-BGC and MODIS

were shown in Fig. 5. For GPP (Fig. 5a), the interannual variability of
BESS (1.13 PgC y−1) tended to fall in between that of MPI-BGC
(1.69 PgC y−1) and MODIS (0.77 PgC y−1). The temporal pattern of
BESS was more similar to MPI-BGC (r = 0.65, p b 0.05) than to MODIS
(r=0.56, p b 0.1). Four valleyswere found in BESSGPP annual anomaly,
i.e., 2002, 2005, 2009 and 2012, consistent with either MPI-BGC or
MODIS. Both BESS and MPI-BGC displayed increasing GPP trends be-
tween 2001 and 2011, with slopes of 0.27 PgC y−2 (p b 0.05) and
0.35 PgC y−2 (p b 0.1), respectively. With regards to ET (Fig. 5b), the in-
terannual variability followed BESS (0.51 × 103 km3 y−1) b MPI-BGC
(0.63 × 103 km3 y−1) bMODIS (0.87 × 103 km3 y−1). There was no sig-
nificant correlation between BESS and MPI-BGC (p N 0.1), and between
BESS and MODIS (p N 0.1), but the three products illustrated similar
temporal patterns from 2007 to 2011. During the period of 2001–
2011, only MODIS displayed an increasing ET trend by
0.22 × 103 km3 y−2 (p b 0.01), whereas BESS and MPI-BGC did not
show significant trends. When extended to 2015, BESS GPP had a
slope of 0.26 PgC y−2 (p b 0.001) and BESS ET had a slope of
−0.06 × 103 km3 y−1 (p b 0.1).

3.2.3. Patterns of mean annual sum GPP and ET
In general, large BESS mean annual GPP and ET values appeared in

densely vegetated areas (Fig. 6). The equatorial regions where the ever-
green broadleaf forest dominates had the highest mean annual GPP and
ET values, up to 3500 gC m−2 y−1 and 1500 mm y−1, respectively. Five
peaks of GPP and ET values appeared on the southeast side of all conti-
nents between latitudes 25° and 40°: southeastern China, southeastern
United States, southeastern Brazil, southeastern Africa, and southeast-
ern Australia, corresponding to humid subtropical climate. Another
hotspot was identified in the boreal regions (60° N), which covered a
large area over Russia, Europe, and Canada. Dry regions in the center
thesis are spatial variability normalized by PFT-averaged mean annual sum ET. Bold style

ty (mm y−1) R2 NRMSE

BESS MODIS BESS MODIS BESS MODIS

122 (27%) 118 (23%) 0.47 0.35 74% 83%
231 (26%) 312 (28%) 1.00 1.00 42% 23%
141 (23%) 129 (21%) 0.11 0.02 119% 148%

12 (2%) 65 (11%) 0.31 0.67 83% 324%
279 (55%) 186 (54%) 1.00 0.82 195% 114%
161 (34%) 184 (61%) 0.83 0.84 46% 54%
141 (28%) 209 (41%) 0.73 0.44 63% 74%
105 (22%) 57 (12%) 0.60 0.18 65% 90%
168 (33%) 208 (41%) 0.51 0.41 70% 81%



Table 4
Performance of BESS andMODIS GPP products in terms of seasonal variability. Numbers in parenthesis are seasonal variability normalized bymean GPP over 12months. All variability, R2

andNRMSE values are average over siteswithin each PFT, and numbers after± symbol are 95% confidence interval. Bold style indicates a higher R2 or a lowerNRMSE (see Eq. (1)). PFT full
names are referred to Table 1.

PFT Sites Seasonal variability (gC m−2 mon−1) R2 NRMSE

FLUXNET BESS MODIS BESS MODIS BESS MODIS

ENF 18 80 (78%) 69 (82%) 75 (80%) 0.92 ± 0.05 0.89 ± 0.12 34% ± 5% 36% ± 11%
EBF 7 31 (21%) 46 (29%) 42 (24%) 0.64 ± 0.19 0.64 ± 0.09 113% ± 45% 121% ± 61%
DBF 13 121 (93%) 98 (81%) 79 (71%) 0.83 ± 0.15 0.82 ± 0.08 43% ± 14% 49% ± 8%
MF 5 89 (69%) 77 (77%) 73 (65%) 0.90 ± 0.16 0.85 ± 0.11 39% ± 21% 44% ± 13%
CSH/OSH 5 37 (116%) 48 (81%) 51 (74%) 0.88 ± 0.13 0.64 ± 0.35 58% ± 19% 81% ± 19%
WSA/SAV 10 43 (68%) 30 (53%) 25 (43%) 0.76 ± 0.12 0.51 ± 0.25 58% ± 12% 75% ± 22%
GRA/WET 24 76 (116%) 69 (87%) 56 (79%) 0.85 ± 0.09 0.78 ± 0.09 51% ± 13% 51% ± 10%
CRO 10 121 (117%) 74 (97%) 61 (81%) 0.89 ± 0.09 0.80 ± 0.08 46% ± 6% 62% ± 9%
Overall 92 80 (90%) 67 (77%) 60 (69%) 0.84 ± 0.04 0.77 ± 0.08 51% ± 6% 58% ± 9%
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of Eurasia and locations at the southwest side of all continents between
latitudes 25° and 40° had very lowGPP and ET values, as well as the Arc-
tic regions.
Table 5
Performance of BESS andMODIS ET products in terms of seasonal variability. Numbers in parent
NRMSE values are average over sites within each PFT, and numbers after ± symbol are 95% co
names are referred to Table 1.

PFT Sites Seasonal variability (mm mon−1)

FLUXNET BESS MODIS

ENF 13 30 (75%) 29 (87%) 28 (69%)
EBF 4 21 (51%) 27 (45%) 27 (33%)
DBF 8 43 (87%) 38 (76%) 31 (62%)
MF 4 28 (80%) 31 (78%) 28 (63%)
CSH/OSH 4 19 (68%) 23 (60%) 12 (47%)
WSA/SAV 8 27 (63%) 17 (40%) 17 (58%)
GRA/WET 15 30 (71%) 28 (71%) 24 (55%)
CRO 11 39 (73%) 28 (75%) 23 (58%)
Overall 67 31 (72%) 28 (70%) 24 (58%)

Fig. 3.Comparison of annual anomalyGPP of BESS (red lines),MODIS (green lines), and FLUXNE
in the FLUXNET2015 dataset multiplied by two corresponding to a 95% confidence interval (Ke
Overall, BESS mean annual GPP and ET agreed well with MPI-BGC,
indicated by a high R2 (0.93 for GPP and 0.90 for ET) and a small
RMSE (229 gC m−2 y−1 for GPP and 118 mm y−1 for ET) (Table 9). A
hesis are seasonal variability normalized bymean ET over 12months. All variability, R2 and
nfidence interval. Bold style indicates a higher R2 or a lower NRMSE (see Eq. (1)). PFT full

R2 NRMSE

BESS MODIS BESS MODIS

0.94 ± 0.05 0.91 ± 0.11 28% ± 11% 29% ± 11%
0.60 ± 0.22 0.70 ± 0.26 95% ± 44% 93% ± 101%
0.94 ± 0.04 0.85 ± 0.17 29% ± 10% 40% ± 17%
0.92 ± 0.13 0.89 ± 0.21 31% ± 29% 38% ± 32%
0.64 ± 0.60 0.48 ± 0.64 135% ± 81% 90% ± 79%
0.84 ± 0.08 0.70 ± 0.18 51% ± 10% 77% ± 27%
0.84 ± 0.13 0.79 ± 0.14 37% ± 13% 55% ± 16%
0.91 ± 0.08 0.91 ± 0.06 40% ± 13% 49% ± 10%
0.86 ± 0.05 0.81 ± 0.06 45% ± 13% 53% ± 10%

T (black lines) over 25 sites. Error barswith FLUXNET refer to annual uncertainties reported
enan et al., 2012). Dash lines indicate significant trends (p b 0.05).

Image of Fig. 3


Fig. 4. Comparison of annual anomaly ET of BESS (red lines), MODIS (green lines), and FLUXNET (black lines) over 21 sites. Error bars with FLUXNET refer to annual uncertainties reported
in the FLUXNET2015 dataset multiplied by two corresponding to a 95% confidence interval (Keenan et al., 2012). Dash lines indicate significant trends (p b 0.05).
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consistent GPP relationship (R2 ≥ 0.92)was also observed between BESS
and MODIS, and between MODIS and MPI-BGC, but not for ET
(R2 ≤ 0.85). Spatially, BESS GPP showed higher values than MPI-BGC
across the African tropics, and lower in Europe, southern China, and
central South Africa, where BESS ET showed coherent overestimation
or underestimation (Fig. 7). These could be attributed to the overesti-
mation in woody savannas and savannas, and underestimation in ever-
green needleleaf forest, deciduous broadleaf forest andmixed forest, for
both GPP and ET (Table 10). Nevertheless, around 80% of the regions
were characterized by BESS ~ MPI-BGC GPP deviations smaller than
400 gC m−2 y−1 and ET deviations smaller than 200 mm y−1. MODIS
displayed relatively larger deviations away from MPI-BGC than BESS
for both GPP and ET, especially in tropical regions. However, for non-
Fig. 5. Comparison of global annual anomaly of GPP (a) and ET (b) derived from the BE
forest regions, MODIS GPP generally showed very small differences
from BESS GPP.

3.2.4. Patterns of interannual variability in GPP and ET
The global pictures for interannual variability of GPP and ET in the

three products between 2001 and 2011 are shown in Fig. 8. BESS re-
vealed similar hotspots with MPI-BGC, mainly distributed in ecological
transition zones, such as northeastern Brazil, central South America,
northern and eastern Australia, eastern Africa, south Central Africa,
and south central United States – northeastern Mexico. The spatial
correlation coefficients between BESS and MPI-BGC were 0.78 and
0.70 (p b 0.001) for GPP and ET, respectively. In comparison, the consis-
tency between MODIS and MPI-BGC were relatively low. MODIS
SS, MPI-BGC and MODIS products. Trends were derived from 2001 through 2011.

Image of Fig. 4
Image of Fig. 5


Fig. 6. The BESS global mean annual GPP and ET from 2001 to 2015.
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displayed larger magnitudes than MPI-BGC, particular in tropical
regions, and the spatial correlation coefficients between MODIS
and MPI-BGC were only 0.50 and 0.47 (p b 0.001) for GPP and ET,
respectively.
Fig. 7.Differencemaps ofmean annual GPP (left panel) andET (right panel) between BESS andM
to 2011.
3.2.5. Patterns of GPP and ET trends
The geographic distributions of GPP and ET trends from 2001 to

2011 are shown in Fig. 9. In case of BESS GPP, 13% and 5% of land
pixels showed significant (p b 0.1) increasing and decreasing
PI-BGC (a andb), BESS andMODIS (c andd), andMODIS andMPI-BGC (e and f) from2001

Image of Fig. 6
Image of Fig. 7


Fig. 8. Interannual variability of (a) BESS GPP, (b) BESS ET, (c)MPI-BGC GPP, (d) MPI-BGC ET, (e) MODIS GPP, and (f)MODIS ET from 2001 to 2011. Interannual variation is defined as one
standard deviation over the time period.
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trends, respectively. Regions with an increasing trend were mainly
distributed in central Canada, northern and western Amazon, east-
ern Brazil, southwestern Africa, western India, eastern China, In-
donesia, and northeastern Australia, while decreasing trend
regions were mainly located in southeastern United States, central
South America, and Kazakhstan. The spatial patterns of MPI-BGC
GPP trend were overall similar to that of BESS. Irrespective of
significance level, the spatial correlation coefficient between
BESS and MPI-BGC was 0.73 (p b 0.001) over the globe, while
that value between MODIS and MPI-BGC was only 0.47
(p b 0.001). Pronounced differences in GPP trend were apparent
in Indonesia, where BESS showed positive changes, MPI-BGC had
no trends, and MODIS displayed negative changes. The spatial pat-
tern of BESS ET generally coincided with that of MPI-BGC ET as
well, with a spatial correlation coefficient of 0.66 (p b 0.001) ig-
noring the significance level. Nevertheless, at the significance
level of p b 0.1, BESS ET had less increasingly (4%) than decreas-
ingly (11%) trendy pixels, while MPI-BGC had 13% and 5% pixels
with increasing and decreasing trends, respectively. MODIS ET
was visually different with the other two products in tropical re-
gions, and the spatial correlation coefficient between MODIS and
MPI-BGC was only 0.26 (p b 0.001).
4. Discussions

BESS, a new set of global GPP and ET products, derived from a pro-
cess-based approach, demonstrated a valid overall performance at
both site scale and global scale. At site scale, the overall RMSE of BESS
GPP and ET products were 2.58 gC m−2 d−1 and 0.78 mm d−1, respec-
tively (Table 1), compared with FLUXNET observations over 113 sites
(742 site years). These error statistics were not only similar to those of
MODIS (2.86 gC m−2 d−1 for GPP and 0.86 mm d−1 for ET), but also
commensurate with other global GPP and ET studies. For example,
2.11 gC m−2 d−1 over 16 sites (Yebra et al., 2015), 2.20 gC m−2 d−1

over 18 sites (Yan et al., 2015), and 2.00–2.50 over 157 sites (Yuan et
al., 2014) for GPP; and 1.05 mm d−1 over 16 sites (Yebra et al., 2013)
and 0.77 mm d−1 over 19 sites (Yan et al., 2012) for ET, respectively.
Lower ET RMSE values were also reported by other studies, such as
0.53 mm d−1 over 16 sites (Fisher et al., 2008) and 0.43–0.51 mm d−1

over 48 sites (Zhang et al., 2010). However, it is worth mentioning
that differing from most of those studies, BESS is free from any calibra-
tion procedures and consequently is unlikely to be biased by unrepre-
sentative sampling data.

At global scale, BESS agreed quite well withMPI-BGC. Considering
MPI-BGC as a reference, the accuracy of BESS mean annual GPP and

Image of Fig. 8


Fig. 9. Linear trends of (a) BESS GPP, (b) BESS ET, (c) MPI-BGC GPP, (d) MPI-BGC ET, (e) MODIS GPP, and (f) MODIS ET from 2001 to 2011. Nonsignificant (p N 0.1 according to theMann-
Kendall test) pixels are not shown.
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ET were R2 = 0.93 and RMSE = 229 gC m−2 y−1; and R2 = 0.90 and
RMSE = 118 mm y−1, respectively (Table 9). These BESS–MPI-BGC
R2 values were higher than MODIS–MPI-BGC (0.92 for GPP and 0.85
for ET), and the Greenhouse Gases Observing Satellite (GOSAT) fluo-
rescence–MPI-BGC GPP (0.80) (Frankenberg et al., 2011), as well as
land surface models GPP–MPI-BGC GPP (around 0.50) (Anav et al.,
2015), indicating that BESS had the best agreement with the
FLUXNET upscaling product at global scale. In addition, BESS gave
global total GPP and ET estimates of 122 ± 25 PgC y−1 and
Table 6
Performance of BESS and MODIS GPP products in terms of interannual variability. Numbers in
variability, R2 and NRMSE values are average over sites within each PFT, and numbers after ±
(see Eq. (1)). PFT full names are referred to Table 1.

PFT Sites Interannual variability (gC m−2 y−1)

FLUXNET BESS MODIS

ENF 14 144 (13%) 80 (8%) 87 (9%)
EBF 4 213 (10%) 83 (4%) 135 (5%)
DBF 8 119 (7%) 73 (4%) 88 (6%)
MF 5 116 (8%) 65 (5%) 58 (4%)
CSH/OSH 3 82 (22%) 73 (11%) 58 (10%)
WSA/SAV 5 160 (26%) 45 (8%) 68 (10%)
GRA/WET 15 181 (16%) 79 (8%) 68 (7%)
CRO 6 294 (24%) 77 (8%) 84 (11%)
Overall 60 166 (15%) 74 (7%) 80 (8%)
65 × 103 ± 11 × 103 km3 y−1, respectively, which were almost iden-
tical to those of MPI-BGC (Table 8). These global values followed
within a reasonable range reported by other studies, such as
107 PgC y−1 (Yebra et al., 2015), 111 PgC y−1 (Yuan et al., 2010),
and 120–140 PgC y−1 (Anav et al., 2013) for GPP; and
58 × 103 km3 y−1 (Yan et al., 2012), 58 × 103–85 × 103 (Dirmeyer
et al., 2006; Jung et al., 2010), and 71 × 103 ± 7 × 103 km3 y−1

(Rodell et al., 2015) for ET. However, it was noted that the difference
between the three products (especially between BESS and MODIS)
parenthesis are interannual variability normalized by mean GPP over available years. All
symbol are 95% confidence interval. Bold style indicates a higher R2 or a lower NRMSE

R2 NRMSE

BESS MODIS BESS MODIS

0.30 ± 0.20 0.39 ± 0.20 104% ± 21% 99% ± 20%
0.33 ± 0.71 0.08 ± 0.12 109% ± 43% 126% ± 59%
0.19 ± 0.18 0.09 ± 0.11 96% ± 14% 121% ± 25%
0.42 ± 0.65 0.35 ± 0.45 97% ± 48% 120% ± 23%
0.64 ± 0.76 0.78 ± 0.55 269% ± 832% 256% ± 816%
0.52 ± 0.13 0.54 ± 0.39 79% ± 10% 95% ± 46%
0.43 ± 0.17 0.43 ± 0.18 78% ± 12% 83% ± 19%
0.21 ± 0.14 0.29 ± 0.32 92% ± 8% 90% ± 11%
0.35 ± 0.11 0.36 ± 0.32 101% ± 8% 108% ± 11%

Image of Fig. 9


Table 7
Performance of BESS and MODIS ET products in terms of interannual variability. Numbers in parenthesis are interannual variability normalized by mean ET over available years. All var-
iability, R2 and NRMSE values are average over sites within each PFT, and numbers after ± symbol are 95% confidence interval. Bold style indicates a higher R2 or a lower NRMSE (see Eq.
(1)). PFT full names are referred to Table 1.

PFT Sites Interannual variability (mm y−1) R2 NRMSE

FLUXNET BESS MODIS BESS MODIS BESS MODIS

ENF 13 67 (12%) 22 (5%) 27 (5%) 0.24 ± 0.17 0.20 ± 0.15 110% ± 16% 111% ± 17%
EBF 2 44 (7%) 20 (2%) 40 (4%) 0.50 ± 6.16 0.43 ± 1.96 203% ± 329% 122% ± 462%
DBF 6 82 (12%) 26 (4%) 40 (6%) 0.25 ± 0.38 0.31 ± 0.42 99% ± 7% 94% ± 24%
MF 3 74 (16%) 25 (5%) 32 (5%) 0.07 ± 0.19 0.23 ± 0.95 108% ± 15% 91% ± 60%
CSH/OSH 3 47 (14%) 20 (5%) 21 (11%) 0.10 ± 0.35 0.54 ± 0.64 101% ± 32% 77% ± 11%
WSA/SAV 4 118 (23%) 27 (5%) 43 (14%) 0.49 ± 0.41 0.60 ± 0.54 84% ± 12% 72% ± 22%
GRA/WET 9 76 (13%) 26 (5%) 32 (7%) 0.21 ± 0.22 0.12 ± 0.09 100% ± 15% 109% ± 13%
CRO 7 64 (10%) 25 (5%) 40 (9%) 0.14 ± 0.13 0.23 ± 0.16 100% ± 11% 107% ± 20%
Overall 47 73 (13%) 24 (5%) 33 (7%) 0.23 ± 0.10 0.27 ± 0.16 106% ± 11% 101% ± 20%
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were relatively small in US, Canada, and Europe, but much larger be-
tween 30°N and 30°S (Fig. 7), where few ground truth were available
(Jung et al., 2009; Sundareshwar et al., 2007).

FLUXNET observations showed large seasonal variability (90% for
GPP and 72% for ET, Tables 4 and 5), middle spatial variability (53%
for GPP and 39% for ET, Tables 2 and 3), and small interannual vari-
ability (15% for GPP and 13% for ET, Tables 6 and 7). Correspondingly,
BESS explained a majority of seasonal variability (84% for GPP and
86% for ET, Tables 4 and 5), about half of spatial variability (52% for
GPP and 51% for ET, Tables 2 and 3), and a minority of interannual
variability (35% for GPP and 23% for ET, Tables 6 and 7). Similar re-
sults were also observed for MODIS (Table 2-7), and reported for
MPI-BGC as well (Jung et al., 2009, 2011). In particular, the ability
on capturing interannual variability was low for a wide range of re-
mote sensing methods and land surface models (Keenan et al.,
2012; Verma et al., 2014). Keenan et al. (2012) argued that pro-
cess-based models could be improved by adequately modeling
spring phenology, soil thaw and snowpack melting processes, and
the lagged response to extreme climatic events. BESS did not explic-
itly consider these processes, but mainly focused on several key
processes, i.e., radiative transfer, photosynthesis, conductance, and
evapotranspiration. Effective and efficient parameterizations might
be required to account for these missing processes. In addition,
such inability might also be attributed to the input data. For example,
remote sensing products highly rely on satellite LAI/fPAR datasets,
but the performances of satellite LAI/fPAR products on capturing
interannual variability at global and decadal scale are not well
understood yet (D'Odorico et al., 2014; Garrigues et al., 2008; Ryu
et al., 2012b). Additionally, incorporating satellite-derived soil mois-
ture into carbon and water fluxes modeling, mapping and monitor-
ing study is likely to better account for the interannual variability
(Verma et al., 2015), if the accuracy and spatiotemporal resolution
could be further improved (Dorigo et al., 2012). Although BESS did
not explain a large portion of interannual variations at site scale,
it achieved similar spatial patterns of interannual variability
with MPI-BGC at global scale (Fig. 8). The latter has been proved
valid in detecting spatiotemporal distribution of extreme events
(Zscheischler et al., 2013, 2014), indicating BESS has potentials in
similar global applications but with higher spatial resolution.

At decadal scale (2001−2011), BESS produced a significant ascend-
ing GPP trend by 0.27 PgC y−2 (p b 0.05) (Fig. 5a). MODIS did not show
Table 8
Comparison of globalmean annual GPP and ET estimates derived from BESS, MPI-BGC and
MODIS products from 2001 to 2011.

Product GPP (PgC y−1) ET (km3 y−1)

BESS 122 ± 25 65 × 103 ± 11 × 103

MPI-BGC 120 65 × 103

MODIS 110 ± 23 62 × 103 ± 13 × 103
any trend, and MPI-BGC displayed a trend of 0.35 PgC y−2 with a lower
significance (p b 0.1). In comparison, state-of-the-art land surface
models usually yield ascending trends ranging from 0.2 to 0.4 PgC y−2

(Anav et al., 2013, 2015), and BESS followed within this range. Further-
more, the Free-Air CO2 Enrichment (FACE) experiment reveals that the
sensitivity of net primary productivity to CO2 fertilization effect is
around 0.13% ppm−1 (Norby et al., 2005; Piao et al., 2013). From 2001
to 2015, the CO2 concentration has increased by 30 ppm (www.esrl.
noaa.gov/gmd/ccgg/trends/), and it was calculated that BESS yielded a
GPP–CO2 response of 0.12 PgC ppm−1 (0.10% ppm−1 considering the
BESS mean annual global GPP of 123 PgC y−1), which was also com-
parable with the FACE experiment. Whether to include carbon–ni-
trogen interactions or not is the key factor leading to such large
discrepancies (Smith et al., 2015). BESS explicitly utilized CO2 data
as an input of photosynthesis module, and assumed the nitrogen
limitation effect might be partially reflected in the canopy structure
(McMurtrie et al., 2008; Yin, 2000), which in turn influenced APAR
and canopy Vmax

25C . Such process-based approaches ensure that BESS
produces a reasonable GPP response to elevated CO2, which is imple-
mented in neither machine-learning methods nor semi-empirical
approaches.

The discrepancies in ET trend were considerable among the three
products from 2001 through 2011 (Fig. 5b). During this time period,
BESS produced a non-significant descending trend by
−0.07 × 103 km3 y−2 (p N 0.1),MPI-BGC produced a non-significant in-
creasing trend by 0.11 × 103 km3 y−2 (p N 0.1), while MODIS pro-
duced a significant increasing trend by 0.22 × 103 km3 y−2

(p b 0.05). Although climate change tends to intensify the water
cycle in the long-term (Huntington, 2006), there is a debate of the
ET trend in the 21st century. Some reported slightly increasing
trend (Yan et al., 2013; Zhang et al., 2015), some found no trend
(Badgley et al., 2015; Zeng et al., 2012), and some demonstrated
slightly decreasing trends caused by the limited soil moisture supply
in South Hemisphere (Jung et al., 2010), a decline in net radiation in
tropic and mid-latitude regions (Vinukollu et al., 2011), and the ele-
vated CO2-induced reduction in stomatal conductance (Mao et al.,
2015). As the ET variation is highly influenced by the El Niño–La
Niña cycle (Miralles et al., 2013), 15 years data are likely insufficient
to conduct a solid ET trend analysis.
Table 9
R2 and RMSE between BESS, MPI-BGC andMODIS globalmean annual GPP and ETmaps in
0.5° resolution from 2001 to 2011.

Relationship GPP ET

R2 RMSE
(gC m−2 y−1)

R2 RMSE
(mm y−1)

MPI-BGC–BESS 0.93 229 0.90 118
MODIS–BESS 0.93 244 0.82 160
MPI-BGC–MODIS 0.92 261 0.85 143

http://www.esrl.noaa.gov/gmd/ccgg/trends/
http://www.esrl.noaa.gov/gmd/ccgg/trends/


Table 10
Mean annual GPP and ET for different plant functional types (PFTs): evergreen needle
leaved forest (ENF), evergreen broadleaved forest (EBF), deciduous needle leaved forest
(DNF), deciduous broadleaved forest (DBF), mixed forest (MF), open shrublands (OSH),
woody savannas (WSA), savannas (SAV), grasslands (GRA), permanent wetlands
(WET), and croplands (CRO).

PFT GPP (gC m−2 y−1) ET (mm y−1)

BESS MPI-BGC MODIS BESS MPI-BGC MODIS

ENF 677 739 710 285 335 372
EBF 2765 2506 2472 1171 991 1293
DNF 585 584 637 256 299 377
DBF 1101 1429 1329 500 710 608
MF 1037 1118 1045 424 462 533
CSH 579 580 685 603 375 460
OSH 285 295 318 259 252 221
WSA 1750 1569 1498 944 848 830
SAV 1426 1403 1280 898 836 730
GRA 495 407 405 326 338 303
WET 1184 848 1010 626 334 647
CRO 998 973 894 552 583 514
Other 1 4 1 2 4 1
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5. Conclusions

A set of global GPP and ET products, derived from remote sensing
data and a process-based model, was provided in 8-day interval and
1 km resolution from 2000 to 2015. The products were intensively
assessed through direct evaluation against FLUXNET site observations
at 8-day, meanmonthly and annual scale, aswell as an intercomparison
of the spatiotemporal patterns and relationships ofMPI-BGC andMODIS
GPP and ET products globally and decadally. Despite the fundamentally
different approaches (process-based versus machine-learning and
semi-empirical), BESS GPP and ET products were comparable with
existing global products at both site and global levels. In particular,
The BESS products were in line with MPI-BGC, which is usually treated
as a proxy of upscaled FLUXNET observations, in terms of the overall
magnitude, spatial distribution, and interannual variability for both
GPP and ET. Furthermore, BESS produced a significant ascending GPP
trend (0.27 PgC y−2), consistent with state-of-the-art land surface
Table A1
Look-up table of themaximum leaf carboxylation rate at 25 °C for different plant function-
al types (PFTs): evergreen needle leaved forest (ENF), evergreen broadleaved forest (EBF),
deciduous needle leaved forest (DNF), deciduous broadleaved forest (DBF), mixed forest
(MF), shrublands (SHR), savannas (SAV), grasslands (GRA), permanent wetlands (WET),
and croplands (CRO).

PFT Warm Temperate Cold

ENF 63a

EBF 41a 62a

DNF 57b

DBF 66c 62c 96c

MF 54d 62e 63f

SHR 62a 54a

SAV 90g 120h

GRA (C3) 78a 142c

GRA (C4) 40i

CRO (C3) 101j

CRO (C4) 37j

WET 78a 142c

a (Kattge et al., 2009).
b (Bonan et al., 2011).
c (Groenendijk et al., 2011).
d Average of EBF and DBF.
e Average of ENF, EBF and DBF.
f Average of ENF and DBF.
g (Cernusak et al., 2011; Hutley et al., 2011; Meir et al., 2007; Simioni et al., 2004a).
h (Xu and Baldocchi, 2003).
i (Anderson et al., 2001; Domingues et al., 2007; Kubien and Sage, 2004; Simioni et al.,

2004b).
j (Zhang et al., 2014).
models, and much finer spatial and temporal resolution maps than
MPI-BGC. We conclude that BESS can serve as a set of independent
GPP and ET products from official MODIS correspondences. We expect
that the BESS products could advance the progress of global change
studies through bridging remote sensing data and land surface models,
which was appealed by Sellers et al. (1997) 20 years ago. The products
are publically-available at http://environment.snu.ac.kr/.
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Appendix A.We improved themodel structure and data preprocess-
ing procedure over (Ryu et al., 2011), mainly in terms of the compu-
tation effectiveness and efficiency of global long-term (fromMarth
1, 2000 to December 31, 2015) high-resolution (1-km) datasets pro-
duction. Specifically, themajor changes included: (1) acceleration of
swath data reprojection, (2) modification of data filtering, (3) con-
sideration of the CO2 fertilization effect, (4) correction of MOD07-
derived air temperature, (5) alteration of Vmax

25C parameterization,
and (6) refinement of leaf temperature computation.

A.1. Acceleration of swath data reprojection

Previously, reprojection from the MODIS swath spatial reference to
the sinusoidal projection system was conducted tile by tile. For each
land surface sinusoidal grid tile, all the intersecting swaths were identi-
fied by analyzing boundary coordinates. Subsequently, for each tile
pixel, the nearest swath pixel was searched by computing the geo-
graphic distance. Because one single swath usually involves many grid
tiles, especially in high latitude regions, this could cause considerable
computation redundancy. In addition, a pixel by pixel distance analysis
is rather computation intensive. In this study, for a given day, a global
Delaunay triangular network was built directly from all daytime Terra
swath data coordinates, and the nearest neighborhood relationships be-
tween global sinusoidal pixels and swath data pixels were established
by sampling on the global Delaunay triangular network.

A.2. Modification of data filtering

It was shown that theBESS GPP simulationwasmost sensitive to LAI,
followed by the maximum leaf carboxylation rate at 25 °C centigrade
Vmax
25C (Ryu et al., 2011). The MOD15A2 8-day composite LAI product

was gap-filled using multi-year average main-algorithm values. To fur-
ther reduce cloud-induced underestimation of LAI, BESSmodel selected
the maximum LAI in an 8-week interval and kept the value over the
8 weeks, but it could only be applied in tropical rainforest where the
seasonal variation of the LAI is negligible. To detect and filter cloud-con-
taminated LAI pixels, regardless of land cover types, two assumptions
were made: 1) the cloud contamination leads to an underestimation
of LAI, and 2) the actual LAI could not promptly decrease and then
promptly increase within a short time period. Considering the case of
a single observation xd at day of year (DOY) d and four observations
xd−16, xd−8, xd+8, and xd+16 at DOY d − 16, d − 8, d + 8, and

http://environment.snu.ac.kr/


Table A2
Site information.

PFT Site Latitude Longitude Time Citation

Evergreen needleleaf forest
(ENF)

AR-Vir −28.2395 −56.1886 2009–2012 Posse et al. (2016)
AU-ASM −22.283 133.249 2010–2013 Eamus et al. (2013)
CA-NS1 55.8792 −98.4839 2002–2005 Goulden et al. (2006)
CA-NS3 55.9117 −98.3822 2001–2005 Goulden et al. (2006)
CA-NS4 55.9117 −98.3822 2002–2005 Goulden et al. (2006)
CA-NS5 55.8631 −98.485 2001–2005 Goulden et al. (2006)
CA-Qfo 49.6925 −74.3421 2003–2010 Bergeron et al. (2007)
CA-SF1 54.485 −105.818 2003–2006 Mkhabela et al. (2009)
CA-SF2 54.2539 −105.878 2001–2005 Mkhabela et al. (2009)
CN-Qia 26.7414 115.0581 2003–2005 Yu et al. (2006)
CZ-BK1 49.5021 18.5369 2000–2012 Pavelka et al. (2007)
DE-Lkb 49.0996 13.3047 2009–2013 Lindauer et al. (2014)
DE-Obe 50.7836 13.7196 2008–2014 Zimmermann et al. (2006)
DE-Tha 50.9636 13.5669 2000–2014 Grünwald and Bernhofer (2007)
FI-Hyy 61.8475 24.295 2000–2014 Vesala et al. (2005)
IT-La2 45.9542 11.2853 2000–2002 Cescatti and Zorer (2003)
IT-Lav 45.9562 11.2813 2003–2012 Cescatti and Zorer (2003)
IT-Ren 46.5869 11.4337 2000–2013 Marcolla et al. (2005)
IT-SR2 43.732 10.291 2013–2014 Matteucci et al. (2015)
IT-SRo 43.7279 10.2844 2000–2012 Matteucci et al. (2015)
NL-Loo 52.1666 5.7436 1996–2013 Dolman et al. (2002)
RU-Fyo 56.4615 32.9221 2000–2013 Kurbatova et al. (2008)
US-Blo 38.8953 −120.633 2000–2007 Goldstein et al. (2000)

US-Me6 44.3233 −121.608 2010–2012 Ruehr et al. (2012)
Evergreen broadleaf forest
(EBF)

AU-Cum −33.6133 150.7225 2012–2013 Karan et al. (2016)
AU-Rob −17.1175 145.6301 2014–2014 Karan et al. (2016)
AU-Tum −35.6566 148.1517 2001–2013 Leuning et al. (2005)
AU-Whr −36.6732 145.0294 2011–2013 Karan et al. (2016)
BR-Sa3 −3.018 −54.9714 2000–2004 Miller et al. (2004)
CN-Din 23.1733 112.5361 2003–2005 Yu et al. (2006)
FR-Pue 43.7414 3.5958 2000–2013 Rambal et al. (2004)
GF-Guy 5.2788 −52.9249 2004–2012 Bonal et al. (2008)
IT-Cp2 41.7043 12.3573 2012–2013 Fares and Loreto (2015)

Deciduous broadleaf forest
(DBF)

DE-Hai 51.0792 10.453 2000–2012 Knohl et al. (2003)
DK-Sor 55.4859 11.6446 2000–2012 Pilegaard et al. (2001)
IT-CA1 42.3804 12.0266 2011–2013 Sabbatini et al. (2016)
IT-CA3 42.38 12.0222 2011–2013 Sabbatini et al. (2016)
IT-Isp 45.8126 8.6336 2013–2014 Ferréa et al. (2012)
IT-PT1 45.2009 9.061 2002–2004 Migliavacca et al. (2009)
IT-Ro1 42.4081 11.93 2000–2008 Rey et al. (2002)
IT-Ro2 42.3903 11.9209 2002–2012 Tedeschi et al. (2006)
JP-MBF 44.3869 142.3186 2003–2005 Yamazaki et al. (2013)
US-Ha1 42.5378 −72.1715 2000–2012 Urbanski et al. (2007)

US-MMS 39.3232 −86.4131 2000–2014 Schmid et al. (2000)
US-UMd 45.5625 −84.6975 2007–2014 Gough et al. (2013)
US-WCr 45.8059 −90.0799 2000–2014 Cook et al. (2004)
ZM-Mon −15.4378 23.2528 2007–2009 Scanlon and Albertson (2004)

Mixed forest
(MF)

AR-SLu −33.4648 −66.4598 2009–2011 http://www.fluxdata.org:8080/sitepages/siteInfo.aspx?AR-SLu
BE-Bra 51.3092 4.5206 2000–2013 Carrara et al. (2003)
BE-Vie 50.3051 5.9981 2000–2014 Aubinet et al. (2001)
CN-Cha 42.4025 128.0958 2003–2005 Zhang et al. (2006)
JP-SMF 35.2617 137.0788 2002–2006 Yamazaki et al. (2013)
US-Syv 46.242 −89.3477 2001–2014 Desai et al. (2005)

Close shrublands
(CSH

IT-Noe 40.6061 8.1515 2004–2012 Spano et al. (2005)

Open shrublands
(OSH)

CA-NS6 55.9167 −98.9644 2001–2005 Goulden et al. (2006)
CA-NS7 56.6358 −99.9483 2002–2005 Goulden et al. (2006)
CA-SF3 54.0916 −106.005 2001–2006 Mkhabela et al. (2009)
ES-LgS 37.0979 −2.9658 2007–2009 Reverter et al. (2010)
ES-Ln2 36.9695 −3.4758 2009–2009 Marañón-Jiménez et al. (2011)
RU-Cok 70.8291 147.4943 2003–2013 Dolman et al. (2012)
US-Whs 31.7438 −110.052 2007–2014 Scott (2010)

Woody savannas
(WSA)

AU-Ade −13.0769 131.1178 2007–2009 Beringer et al. (2011)
AU-RDF −14.5636 132.4776 2011–2013 Beringer et al. (2011)
US-SRM 31.8214 −110.866 2004–2014 Scott (2010)
US-Ton 38.4316 −120.966 2001–2014 Baldocchi et al. (2004)

Savannas
(SAV)

AU-Cpr −34.0021 140.5891 2010–2013 Karan et al. (2016)
AU-DaS −14.1593 131.3881 2008–2013 Beringer et al. (2011)
AU-Dry −15.2588 132.3706 2008–2013 Beringer et al. (2011)

AU-GWW −30.1913 120.6541 2013–2014 Prober et al. (2012)
SD-Dem 13.2829 30.4783 2005–2009 Sjöström et al. (2008)
ZA-Kru −25.0197 31.4969 2000–2010 Scholes et al. (2001)

Grasslands
(GRA)

AT-Neu 47.1167 11.3175 2002–2012 Wohlfahrt et al. (2008)
AU-DaP −14.0633 131.3181 2008–2013 Beringer et al. (2011)

(continued on next page)
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Table A2 (continued)

PFT Site Latitude Longitude Time Citation

AU-Emr −23.8587 148.4746 2011–2013 Schroder (2014)
AU-Rig −36.6499 145.5759 2011–2013 Beringer et al. (2011)
CH-Cha 47.2102 8.4104 2006–2012 Eugster and Zeeman (2006)
CH-Fru 47.1158 8.5378 2006–2012 Eugster and Zeeman (2006)
CH-Oe1 47.2858 7.7319 2002–2008 Ammann et al. (2007)
CN-Cng 44.5934 123.5092 2007–2010 Dong et al. (2011)
CN-Dan 30.4978 91.0664 2004–2005 Yu et al. (2006)
CN-Du2 42.0467 116.2836 2006–2008 Chen et al. (2009)
CN-HaM 37.37 101.18 2002–2004 Kato et al. (2006)
CN-Sw2 41.7902 111.8971 2010–2012 Shao et al. (2013b)
CZ-BK2 49.4944 18.5429 2004–2011 Pavelka et al. (2007)
DE-Gri 50.9495 13.5125 2004–2014 Gilmanov et al. (2007)
DK-ZaH 74.4732 −20.5503 2000–2009 Lund et al. (2012)
IT-Tor 45.8444 7.5781 2008–2013 Galvagno et al. (2013)

NL-Hor 52.2404 5.0713 2004–2011 van der Molen et al. (2004)
RU-Ha1 54.7252 90.0022 2002–2004 Marchesini et al. (2007)
US-AR1 36.4267 −99.42 2009–2012 Billesbach and Bradford (2016)
US-AR2 36.6358 −99.5975 2009–2012 Billesbach and Bradford (2016)
US-Var 38.4133 −120.951 2000–2014 Ma et al. (2007)

US-Wkg 31.7365 −109.942 2004–2014 Scott (2016)
Permenent wetlands
(WET)

AU-Fog −12.5452 131.3072 2006–2008 Beringer et al. (2011))
CN-Ha2 37.6086 101.3269 2003–2005 Fu et al. (2006)
DE-Akm 53.8662 13.6834 2009–2014 http://www.fluxdata.org:8080/sitepages/siteInfo.aspx?DE-Akm
DE-Spw 51.8923 14.0337 2010–2014 http://www.fluxdata.org:8080/sitepages/siteInfo.aspx?DE-spw
DK-NuF 64.1308 −51.3861 2008–2014 Westergaard-Nielsen et al. (2013)
NO-Adv 78.186 15.923 2011–2014 Pirk et al. (2016)
RU-Che 68.613 161.3414 2002–2005 Merbold et al. (2009)
US-Los 46.0827 −89.9792 2000–2014 Sulman et al. (2009)

US-Myb 38.0498 −121.765 2011–2014 Sturtevant et al. (2016)
Croplands
(CRO)

BE-Lon 50.5516 4.7461 2004–2014 Moureaux et al. (2006)
DE-Kli 50.8929 13.5225 2004–2014 Ceschia et al. (2010)
DE-RuS 50.8659 6.4472 2011–2014 Mauder et al. (2013)
FI-Jok 60.8986 23.5135 2000–2003 Gilmanov et al. (2007)
FR-Gri 48.8442 1.9519 2004–2013 Loubet et al. (2011)
IT-CA2 42.3772 12.026 2011–2013 Sabbatini et al. (2016)

US-ARM 36.6058 −97.4888 2003–2012 Fischer et al. (2007)
US-Ne1 41.1651 −96.4766 2001–2013 Verma et al. (2005)
US-Ne2 41.1649 −96.4701 2001–2013 Verma et al. (2005)
US-Ne3 41.1797 −96.4397 2001–2013 Verma et al. (2005)
US-Tw3 38.1159 −121.647 2013–2014 Baldocchi (2016)
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d+16, respectively, where 8 is theMODIS LAI data cycle, xd is judged as
contaminated LAI data if it meets the conditions: 1) [max(xd−16,xd−
8)−xd]/max(xd−16,xd−8)N t and 2) [max(xd+8,xd+16)−xd]/
max(xd+8,xd+16)N t, where the change rate threshold t was set as 0.5
or 20%which are the targeted absolute and relative uncertainty of satel-
lite LAI products (http://www.wmo.int/pages/prog/gcos/Publications/
gcos-154.pdf). The cloud-contaminated LAI values were replaced by
the mean value of max(xd−16,xd−8) and max(xd+8,xd+16). The filter
procedure was applied to the gap-filled LAI data and was first run
from DOY 1 towards DOY 365 and then backwards.

The Vmax
25C in BESS was determined by two biome-based look-up ta-

bles. In the previous version, theMCD12Q1 yearly land cover type prod-
uct was used directly. We found that in some cases, the land cover type
fluctuates over the years, causing unexpected interannual variations in
Vmax
25C , which are subsequently propagated to GPP products. To avoid

such unrealistic annual GPP fluctuations, the MODIS land cover prod-
ucts were composited into one according to the maximum frequency
over all the available years (2001−2013) for each pixel. Additionally,
one IGBP land cover type, cropland/Natural vegetation mosaic, was dif-
ficult to parameterize for Vmax

25C , and was replaced by the secondary land
cover type defined in the MCD12Q1 dataset.

A.3. Consideration of the CO2 fertilization effect

In the previous BESS, both ambient and intercellular CO2 concentra-
tions (Ca and Ci) were fixed. Ca was set as 380 ppmand the ratios of Ci to
Ca were set as 0.7 and 0.4 for C3 and C4 plants, respectively. To consider
the CO2 fertilization effect, we first generated monthly composite 5-km
resolution Camaps in 2015 by interpolating Orbiting Carbon Observato-
ry-2 (OCO-2) Lite Version-7 XCO2 dataset. To account for the temporal
evolution of Ca from 2001 to 2014, we subtracted the annual Ca chang-
ing rate (www.esrl.noaa.gov/gmd/ccgg/trends/) from the2015monthly
maps, assuming these rates were globally and yearly representative.
Furthermore, we considered the spatiotemporal variations of Ci by in-
corporating it in the iteration procedure (Fig. 1). At each iteration, the
sunlit/shade canopy Ci of C3 and C4 plants was calculated after the com-
putation of photosynthesis by:

gb ¼ 1
ra

ðA1Þ

Cs ¼ Ca−
An

gb
ðA2Þ

gs ¼ m� RH � An

Cs
þ b0 ðA3Þ

Ci ¼ Cs−1:6� An

gs
ðA4Þ

where ra, gb, Cs,An, gs RH,m, b0 are the aerodynamic resistance, boundary
layer H2O conductance, leaf surface CO2 concentration, net CO2 assimi-
lation, stomatal H2O conductance, relative humidity, Ball-Berry function
slope and intercept, respectively.

http://www.wmo.int/pages/prog/gcos/Publications/gcos-154.pdf
http://www.wmo.int/pages/prog/gcos/Publications/gcos-154.pdf
http://www.esrl.noaa.gov/gmd/ccgg/trends/
http://www.fluxdata.org:8080/sitepages/siteInfo.aspx?DE-Akm
http://www.fluxdata.org:8080/sitepages/siteInfo.aspx?DE-spw
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A.4. Correction of MOD07-derived air temperature

Clear-sky air temperature and dew point temperature were derived
from reprojected MODIS atmosphere profile product by the hypsomet-
ric equation (Wallace and Hobbs, 1977). Nevertheless, we found large
biases existed in MOD07-derived air temperature and dew point tem-
perature in some cases. To address this issue, we used the ERA Interim
Reanalysis to make a correction. The ERA 2 m air temperature and
dew point temperature data were provided in 0.75 × 0.75°resolution
at 3-h intervals. We first applied a bi-linear spatial interpolation to
ERA data to match the MODIS spatial resolution (5 km). Then, for each
pixel we applied a linear temporal interpolation to match the Terra
overpass time. For each climate zone the mean values of ERA-derived
temperatures and MOD07-derived temperatures were computed, and
the ratios were used to correct the MOD07-derived temperatures.

A.5. Alteration of Vmax
25C parameterization

An albedo-nitrogen relation for closed-canopy temperate and boreal
forests was used in the previous study. However, a recent study showed
that such relation might not be direct at the satellite-level, without ac-
counting for canopy structural effects (Knyazikhin et al., 2013). There-
fore, the relationship was not used in this study. All peak Vmax

25C values
were parameterized using an updated look-up-table based on PFTs
and climatic zones (Table A1).

A.6. Refinement of leaf temperature computation.

Theoretically, leaf temperature is driven by the available energy, but
it also influences the latter through emitting longwave radiation. For
simplicity, however, the old version BESS did not explicitly consider
the leaf longwave radiation balancewhen it calculated leaf temperature.
In the improved version, we used a longwave radiation transfer devel-
oped in the Commonwealth Scientific and Industrial ResearchOrganisa-
tion (CSIRO) Atmosphere Biosphere Land Exchange (CABLE) model
(Wang et al., 2006):

QLW;Sun ¼
εsσT4

s−ε fσT4
f

� �
kd e−kdLAI−e−kbLAI
� �

kd−kb

þ
kd εaσT4

a−ε fσT4
f

� �
1−e− kbþkdð ÞLAI� �

kd þ kb
ðA5Þ

QLW;Sh ¼ 1−e−kdLAI
h i

εsσT4
s þ εaσT4

a−2ε fσT4
f

� �
−QLW;Sun ðA6Þ

QLW;Soil ¼ ε fσT4
f 1−e−kdLAI
� �

þ εaσT4
ae

−kdLAI ðA7Þ

where kb and kd refer to extinction coefficients for beam and scattered
longwave radiation for black leaves, respectively, σ is the Stefan
Boltzmann constant, εf, εs, and εa are the emissivity for leaf, soil and
air, respectively, and Tf, Ts, and Ta are the corresponding temperatures.
The leaf temperature Tf is the weighted sum of the sunlit/shade compo-
nents according to the fraction of sunfleck penetration fSun

T f ¼ T f ;Sun f Sun þ T f ;Sh 1− f Sunð Þ ðA8Þ

Subsequently, the canopy net radiation for sunlit/shade components
and soil net radiation can be calculated by

Rn;i ¼ QPAR;i þ QNIR;i þ QLW;i−4εsσT3
a T f ;i−Ta
� � ðA9Þ

RSoil ¼ QPAR;Soil þ QNIR;Soil þ QLW;Soil−4εsσT3
a Ts−Tað Þ ðA10Þ

where i = Sun. or Sh indicate sunlit or shade leaf, respectively. After
computing the sunlit/shade canopy latent heat of (λEn , i) by solving
the quadratic form of the Penman-Monteith equation, and soil latent
heat (λESoil) and heat storage (GSoil) by using an empirical function
(Ryu et al., 2011), the leaf temperature and soil temperature were up-
dated by

T f ;i−Ta ¼
ra Rn;i−λEn;i
� �

ρaCp
ðA11Þ

Ts−Ta ¼ ra RSoil−λESoil−GSoilð Þ
ρaCp

ðA12Þ

At this point, the derived component temperatures were updated in
the iteration procedure (Fig. 1).
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