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Abstract Carbon and water fluxes of savannas and
grasslands have large seasonal dynamics and inter-annual
variation. In this study, we selected five savanna and
grassland sites, each of them having 10+ years (11-21
years) of eddy covariance (EC) data, and a total of 85 site-
years at these five sites which offers a unique opportunity
for data analyses and model evaluation. We ran a long-
term  simulation (2000-2021) of the vegetation
photosynthesis model (VPM, v3.0) and vegetation
transpiration model (VTM, v2.0) to investigate the
seasonal dynamics, interannual variation, and decadal
trends of modeled gross primary production (GPPyp,,,) and
transpiration (Ty ) at these sites. The seasonal dynamics
of daily GPPy;), and Ty, track well with the seasonal
dynamics of EC-based GPP (GPPy., R% 0.76-0.93) and
evapotranspiration (ETgc, R 0.69-0.92). The inter-annual
variation of annual GPPy,,, tracked well that of annual
GPPy, with the linear regression slopes for GPPy. versus
GPPypypc ranging from 0.89 to 1.11. The simulation
results of GPPypy and Ty using two different climate
data sets (in situ climate data and European Center for
Medium-Range Weather Forecasts Reanalysis v5 data set
(ERAS)) were similar, suggesting that ERAS5 data can be
used for VPM/VTM simulations at large spatial scales.
From 2000 to 2021, annual GPPy;,, and Ty, had no
significant inter-annual trends at one savanna and three
grassland sites but increased significantly at one savanna
site. The results demonstrate the potential of using VPM
(v3.0) and VIM (v2.0) to predict the seasonal dynamics
and inter-annual variation of GPP and T in savannas and
grasslands.
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1 Introduction

Savannas and grasslands together account for nearly 50%
of the earth’s land surface and are critical for terrestrial
carbon cycles and ecosystem services (O’Mara, 2012;
Kemp et al., 2013). They contribute the most to the
interannual variation of terrestrial carbon sinks or
sources, accounting for 51% of the variability (Biederman
et al., 2017). Carbon cycles in grasslands and savannas
are sensitive to air temperature and precipitation (Peng
etal., 2013; Wagle et al., 2015a). The large variability in
both timing and amount of precipitation in these areas
leads to large inter-annual variability in gross primary
production (GPP), making it difficult to estimate GPP in
these areas. For example, one of the most widely used
global GPP products (MOD17A2) underestimated GPP
by 34% in 15 grassland sites with multi-year observations
(> 5 years) around the world (Zhu et al., 2018). Another
study found that some satellite-based models captured
only 40% to 53% interannual variability of GPP at a
woody savanna site (Scottetal., 2023). The under-
estimation from these models can be attributed to
underestimated values of the maximum light use
efficiency parameter, uncertainty in estimating the
fraction of absorbed photosynthetically active radiation
(FPAR), and the uncertainty in estimating the effect of
water stress on GPP (Sjostrom et al., 2013; Zhu et al.,
2018). Evapotranspiration (ET) comprises both soil and
vegetation evaporation (E) and vegetation transpiration
(T), playing a vital role in linking terrestrial water,
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carbon, and surface energy exchanges (Gentine et al.,
2019). The projected changes in precipitation from future
climate change scenarios may result in changes in plant
water availability and GPP, making it more difficult to
estimate spatial-temporal patterns of carbon and water
fluxes (Swain et al., 2018; Konapala et al., 2020).
Therefore, accurate observation and modeling of carbon
and water cycles in these regions are needed.

The eddy covariance (EC) technique provides a
continuous and reliable measurement of carbon dioxide
(CO,) and water vapor (H,O) fluxes (Baldocchi, 2014).
The GPP derived from EC sites (GPPy) has been widely
used to support the development of process-based
models and satellite-based remote sensing models (Jiang
and Ryu, 2016; Zhang et al., 2017; Zheng et al., 2020).

However, partitioning ET measured by EC
instrumentation (ETp.) into evaporation (E) and
transpiration (T) is less common, limiting the

development of process-based models to estimate T (Stoy
et al., 2019). Several EC data-based techniques have been
developed to partition ET, including the partition models
that used the relationship between GPP and ET (Zhou
etal, 2016; Scott and Biederman, 2017; Nelson et al.,
2020), and the models that estimated canopy and soil
conductance (Li et al., 2019). However, these models are
dependent on the GPP. over the EC tower sites with
varying sizes and shapes of footprints ranging from
several hundred meters to kilometers.

Satellite remote sensing provides another option for
estimating CO, and H,O fluxes. Several light-use
efficiency (LUE)-based production efficiency models
(PEMs) have been developed to estimate the GPP of
terrestrial ecosystems, driven by vegetation indices
derived from optical images and climate data (Goetz
etal., 1999; Turner et al., 2003; Zhao et al., 2005; Zhang
et al., 2017; Zheng et al., 2020). As one of the LUE-based
PEMs, the Vegetation Photosynthesis Model (VPM) uses
the concept of light absorption by chlorophyll (APAR ;)
and considers the effect of air temperature (7,,) and
water (W) stresses on LUE (Xiao etal., 2004a,
2024b). The biome-specific optimum air temperature
parameter (TA  ;ome) Values were used in VPM v2.0 for
savannas and grasslands (Zhang et al., 2017). A recent
study introduced a site-specific  TA.,  (TAg, )
parameter and assessed its effect on GPP estimation over
11 grassland sites (Chang et al., 2020). In addition, the
vegetation transpiration model (VTM, v1.0) was
developed to estimate T based on the intrinsic interactions
between CO, (photosynthesis) and water (transpiration)
processes at the leaf level and was evaluated with one-
year data from 10 grassland sites in the US Southern
Great Plains, as part of the 2002 International H,O project
(Alfieri et al., 2009). VIM estimates transpiration (Tyy)
as a function of GPP and transpiration ratio that is an
inverse of water use efficiency (WUE). The GPP data
used in VIM can come from either eddy flux tower sites
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(GPPp) or the VPM model (GPPyp,),).

In this study, we selected five savanna and grassland
sites, each of which has 10+ (11-21 years) years of
continuous EC measurements and ran VPM and VIM at
these five sites with MODIS images and ERAS climate
data from 2000 to 2021. The objectives were to: i)
understand the seasonal dynamics, inter-annual variation,
and decadal change of climate, vegetation indices
(Normalized Difference Vegetation Index (NDVI),
Enhanced Vegetation Index (EVI), Land Surface Water
Index (LSWI)), and carbon and water fluxes at these
sites; ii) assess the performance of VPM v3.0 and VTM
v2.0 to predict seasonal dynamics and interannual
variation of GPP and T; iii) investigate inter-annual
variation and decadal change (trend) of atmospheric CO,
concentration, climate, vegetation indices (NDVI, EVI,
LSWI), GPP, and T from 2000 to 2021. The two research
questions we asked are: i) can the VPM v3.0 and VTM
v2.0 well simulate the seasonal dynamics and interannual
variation of GPP and T in these grassland and savanna
sites over the last two decades; ii) what are the inter-
annual variation and trend of atmospheric CO,
concentration, climate, vegetation indices (NDVI, EVI,
LSWI), GPP, and T in these grassland and savanna sites
over the last two decades. This site-level study with 10+
years of in situ data and VPM and VTM model
simulations over the two decades will improve our
understanding of carbon and water fluxes in savannas and
grasslands and provide a case study that would help us to
carry out regional and global simulations in the near
future.

2 Materials and methods

2.1 Study sites

In this study, we selected two savanna sites (US-TON and
US-SRM) and three grassland sites (US-VAR, US-SRG,
and US-WKG). Among the grassland and savanna sites in
the AmeriFlux network, these five sites have 10+ years of
continuous measurements and the data that are available
to the public range from 11 to 21 years (Table 1). The
geo-locations of the five sites are shown in Fig. 1(a).
Landscape features of the five sites are shown in Fig. 1. A
summary of vegetation composition and climate
characteristics of the five sites are listed in Table 1.
Detailed descriptions of the five sites can be found on the
AmeriFlux website.

2.2 Data sources

2.2.1 Insitu data at the eddy flux tower sites

All CO,, H,0, energy, and meteorological data were
downloaded from the AmeriFlux (US-VAR, US-TON,
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Table 1 Summary of geographical location, climate, soil, and vegetation at the five study sites

Site name US-VAR US-TON US-WKG US-SRG US-SRM
Data availability 2000—2021 2001-2021 2004-2021 2008—-2021 2004-2014
in AmeriFlux/
Fluxnet2015
Latitude (°) 38.4133 38.4309 31.7365 31.7894 31.8214
Longitude (°) —120.9508 —120.9660 —109.9419 —-110.8277 —110.8661
Elevation (m) 129 177 1531 1291 1120
MAT (°C) 15.1 15.8 15.6 17 17.9
MAP (mm) 559 559 407 420 380
Soil type Silt loam Silt loam Loam Sandy loam Sandy loam
IGBP GRA WSA GRA GRA WSA
Tree/ Shrub Oak (Quercus douglasii) Oak (Quercus Calliadra eriophylla  Mesquite (Prosopis Mesquite
douglasii) and Daleaformosam velutina) (Prosopis velutina)
Grass C3 grasses (Erodium cicutarium, C3 grasses C4 grasses (Bouteloua C4 grasses C4 grasses (Digitaria
Hypochaeris glabra, Trifolium dubium  (Brachypodium eriopoda, Bouteloua (Eragrostis californica, Muhlenbergia
Sibth., Trifolium hirtum All., distachyon, curtipendula, lehmanniana) porteri, Bouteloua eriopoda,
Dichelostemma volubile A., and Hypochaeris glabra, E.legmannana) Aristida spp., Eragrostis

Erodium botrys Cav.)

Tree/shrub cover <10% ~40%
C3/Cc4 100% / 0 100% / 0
LAI 0.1-0.94 0.84-1.62
Reference Xu and Baldocchi, (2004) Ma et al., (2016)

Trifolium hirtum)

lehmanniana)

~5% ~10% ~35%
10% / 90% 20% / 80% 40% / 60%
0.1-0.84 0.2-1.07 0.19-0.84

Scott et al., (2015)  Scott et al., (2015) Scott et al., (2015)

Notes: IGBP: International Geosphere—Biosphere Programme land cover classification; WSA: woody savanna, GRA: grassland; MAT: mean annual
temperature; MAP: mean annual precipitation; C3/C4: the ratio of C3 plant and C4 plant; LAI: leaf area index.

US-WKG, and US-SRG) and FLUXNET2015 (US-SRM)
website. The data sets consist of data at five temporal
resolutions: half-hourly, daily, weekly, monthly, and
yearly. Data were processed using a consistent and
uniform processing pipeline (Pastorello et al., 2020).
Half-hourly flux and meteorological data, including
GPPy, latent heat flux (LE), photosynthetically active
radiation (PARy), air temperature, atmospheric CO,
concentration, precipitation (Pp), and soil water content
(SWCp) were used in this study. The LE was used to
calculate ET,.. We used a threshold of incoming
photosynthetic photon flux density greater than 0.5 pumol
Photon'-m™2-s”! to define the daytime period. Daily
daytime mean air temperature (TAp; ) was computed
to drive VPM. Daily data were further averaged over an
8-day interval to match the temporal resolution of the
MODIS 8-day composite images.

2.2.2  MODIS product during 2000—2021

Time-series MOD09A1 data (500-m spatial resolution
and 8-day temporal resolution) for each site were
extracted from the Google Earth Engine (GEE) based on
the geo-location information (latitude and longitude) of
individual sites. The quality detection method of QA
bands was used to identify and discard bad-quality data
(i.e., cloud and cloud shadow observations). The resultant
missing (gap) observations in the time series data were
gap-filled by the linear interpolation gap-fill method over
a 3- or 5- observation window (+—1, ¢, ¢+ 1, or 2, -1, ¢,

t+ 1, ¢+ 2) to generate continuous good-quality surface
reflectance MODO09A1 data. For each MODIS 8-day
surface reflectance observation, blue (459—479 nm), red
(620—670 nm), near-infrared (NIR1, 841-876 nm), and
shortwave infrared (SWIR1, 1628—1652 nm) bands were
used to calculate three vegetation indices: NDVI (Tucker,
1979), EVI (Huete et al., 1997; Huete et al., 2002), and
LSWI (Xiao et al., 2004a, b).

2.2.3 ECMWEF reanalysis v5 climate data (ERAS)

The ERAS data set provides hourly data for many
atmospheric and surface variables with ~9 km spatial
resolution. Hourly resolutions of the air temperature,
downward shortwave radiation, and precipitation were
used to compute daily daytime mean air temperature
(TApr.gras)> daily downward shortwave radiation flux,
and precipitation (Ppg,s), respectively. In this study, we
used a constant ratio of 0.45 to convert incident
shortwave radiation into photosynthetically active
radiation (PARgg,5) (Ryu et al., 2018) and 4.56 pmol-J~!
as the energy-quanta conversion factor (Dye, 2004). Daily
data were averaged over an 8-day interval, following the
temporal resolution of MODIS 8-day composite images.
The comparison between TAp; and PAR data from
ERAS and EC sites was shown in Fig. S1. Two California
sites (US-VAR and US-TON) showed small differences
(19%—4%) in TA; and PAR between ERAS and EC data
sets, with TA,; RMSE ranging from 0.93°C to 1.29°C
and R% > 0.99, and PAR RMSE ranging from 2.77 to 3.45
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Fig. 1 The geolocation and landscape surrounding the locations of the five grassland and savanna EC tower sites in the USA (red
dots) within a MODIS pixel at the 500 m spatial resolution (red box), the blue box indicated the 250 m spatial resolution, and the
green box indicated the 1000 m spatial resolution. WSA: woody savanna, GRA: grassland.

and R* > 0.99. At the US-WKG site, TAp pras and
PARp x5 Were higher than TAp; - and PARy. (3% and
8% difference between 1:1 line). At the US-SRG site,
TAptpras Was 6% lower than TAr - and PARgg 45 Was
11% higher than PAR.. At the US-SRM site, TAy1 pras
was 7% lower than TAp; - and PARgp,s was 14%
higher than PARy.. Thus, these results indicate the
reanalysis data can be used with high confidence at the
California sites. However, the reanalysis data should be
used with caution for the sites in Arizona.

2.3 Models description and simulation

2.3.1 The Vegetation Photosynthesis Model (VPM v3.0)

The VPM was developed to estimate daily GPP (g

C'm2-day!) as a product of light absorption by
chlorophyll (APAR ;) and light use efficiency (LUE, &)
(Xiao et al., 2004a, 2004; Xinetal., 2017; Chang et al.,
2020). As shown in Eq. (1), The VPM estimates daily
GPP as

GPP = APAR ¢ X &g, )

where &, is the light use efficiency (umol CO,/pumol
PPFD) and APAR ,, is the amount of PAR absorbed by
chlorophyll. APAR ;, in Eq. (1) can be estimated as

APARy = FPARChl X PAR, (2)

where PAR is the photosynthetically active radiation
(umol photosynthetic photon flux density, PPFD) and
FPAR ,, is the fraction of PAR absorbed by chlorophyll
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in the canopy.
The FPAR,, is estimated as a linear function of EVI
(Pan et al., 2024):

FPAR, = EVI-0.1. 3)

The coefficient of 0.1 is used to adjust for sparsely
vegetated or barren land, which has been validated by
solar-induced chlorophyll fluorescence data (Zhang et al.,
2017).

The light use efficiency (&g) can be calculated as

&g = &0 X Tscatar X Wecalar 4)

where g is the maximum light use efficiency (g C/mol
APAR), T .. and W, .. are the downward regulation
of temperature and water effects on maximum light
use efficiency. The &y is a fixed value acquired
from literature and varies in C3 and C4 plants, with
0.53 g C'mol™! APAR for C; plants, 0.79 g C-mol™!
APAR for C, plants, respectively (Xiao, 2006). In this
study, we made educated guesses on C3/C4 plant ratios in
each site based on plant cover estimates through
communication with principal investigators at these sites
(Table 1). For the two savanna sites (US-VAR and US-
TON), there are no C4 grass plants, and the C3/C4 plant
coverage ratio used in the model was 100%C3F and
09%CA4F at the US-VAR site, 100%C3F and 0%C4F at the
US-TON site. For the other three sites, the C3/C4 plant
coverage ratios used in the model were 10%C3F and
90%CAF at the US-WKG site, 20%C3F and 80%CA4F at
the US-SRG site, 40%C3F and 60%C4F at the US-SRM
site, respectively. So, in a pixel with different C; and C,
plant fractions (C3F and C4F), gy can be calculated as

g9 = C3F xgy_c3+ C4F X g9_c4. (5)
The T,.,,,, is calculated by the following equation:
TA -TA X (TA — TAp;
Touatas = ( max) X ( min) . ()
(TA = TAmax) X (TA — TA in) — (TA - TAopt)
where TA, TA, ., TA;,, and TA  are daily daytime

mean air temperature, maximum, minimum, and optimum
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temperature for photosynthesis, respectively. When the
air temperature falls below TA, ., TA ., is set to zero.
TA .« and TA_. were set to 48°C and — 1°C for woody
savanna, and 48°C and 0°C for grassland, respectively
(Zhang et al., 2017).

In comparison to VPM v1.0 and VPM v.2.0 which used
the TA y piome Parameter, VPM v3.0 used the TA
parameter. The methods to estimate TA . With Glg
and MODIS 1mages at individual EC tower sites were
reported in previous publications (Chang et al., 2020;
Chang etal., 2021; Pan et al., 2024). The TA g, value
is calculated based on the response curves of GPPp.
versus TAprpgys and EVI versus TAppgras. Both
GPPg and EVI increased with an increase in TApy ggas,
reached a peak, and then declined as an increase in
TAprpras (Fig. 2). For the TA ;. value calculation,
first, we found the maximum GPﬁEC and EVI values for
each site, respectively. Then, TA, ;. was calculated as
the mean TAp; pras value durmg those GPPy. or EVI
observations equal to or higher than 95% maximum
GPPg and EVI (Chang et al., 2020; Chang et al., 2021).
Table 2 lists the differences between the TAOpt site
calculated by GPPy and EVI. The TA ;. values varied
among the five sites and showed some differences with
TA gptbiome- Considering EVI data are available globally
and GPPp data are only available in EC tower sites, we
selected TA gy @s the input for the VPM model
simulations, Wwhich could help us to carry out global
simulations of the VPM model in the future.

t-site

The W, was calculated as
1+LSWI
Wscalar= m > (7)
where LSWI, is the largest LSWI value during the

growing season (April to October at US-WKG, US-SRG,
and US-SRM sites, and the whole year at US-VAR and
US-TON sites) within one year. Equation (7) was
reported to have good performance in semi-humid and
humid areas (Xiao etal., 2004a; Yan etal., 2009) but
would underestimate the degree (severity) of water stress
on photosynthesis under the very dry conditions in arid
and semi-arid areas (He et al., 2014). As shown in Fig. 3,
long-term mean LSWI values were lower than —0.1

154 (2) US-VAR (GRA) < (b) US-TON (WSA) 19 US-WKG (GRA) < (d) US-SRG (GRA) 4 (e) US-SRM (WSA) |- () 5
o L0.4
o
T 101
g 0.3
% Z
< . 0.2
5 o
& N k 0.1

O_I i :hm.: - I_ _I i i i I_ _I o _I . - '_ _I I -- i I_O
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Fig.2 The relationships between daily daytime mean air temperature (TA pras), €ddy covariance-derived daily gross primary
production (GPPy.), and enhanced vegetation index (EVI) at the five flux tower sites. The solid black and green lines are fitting
curves for GPPy and EVI using a cyclic penalized cubic regression spline. The data was binned for 2°C intervals.
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Table 2 Summary of site-specific optimum air temperature (TA,,) for photosynthesis at the five study sites

Study sites US-VAR US-TON US-WKG US-SRG US-SRM
TA pbiome (°C) 27 24 27 27 24
TA gpisite-pp (°C) 18 19 25 28 28
TA pesice-v (°C) 16 16 26 26 26
TA gpi-site-6rp ~ TAgpisite-rvi (°C) 2 3 -1 2 2
TA gpisite-Evi — TAgptbiome (°C) -11 -8 -1 -1 2
TA jpisite-rr — TAgpibiome (CC) -9 -5 -2 1 4

Notes: TAOm_biOW: 1 1
TA gpisite-pv1: OPHImMum air temperature estimated from EVI.

(a) US-VAR (GRA) (b) US-TON (WSA)

() US-WKG (GRA)

optimum air temperature based on biome-specific lookup-table; A, .gpp: OPtimum air temperature estimated from GPPr,

(d) US-SRG (GRA) (e) US-SRM (WSA)
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Fig.3 Seasonal dynamics of photosynthetically active radiation from EC observations (PARy), mean daytime air temperature
from EC observations (TA ), precipitation from EC observations (Pg.), soil water content (SWCp) from EC observations, three
vegetation indices (VIs), eddy covariance-derived gross primary production (GPP.), eddy covariance-measured evapotranspiration
(ETg) at five flux tower sites. The curves shown in this figure are mean values for multi-year based on the site data availability, and

the shadow represents the +/—1 standard deviation.

during the very dry period at these sites. Thus, we
applied the modified W, equation under very dry
conditions, using the same procedure reported in our
previous publications (Heetal.,, 2014; Wagle etal.,
2015b):

Wcalar = 0.5 + LSWL (8)

When LSWI value was lower than —0.1, which
represents a dry condition, we applied Eq. (8) in the VPM
simulation. This modification improves the accuracy of
water stress estimation by better reflecting the severity of
water limitation on photosynthesis. For example, on June
17, 2008, the US-WKG site had an LSWI value of

—0.155, and W, calculated by Eq. (7) was 0.83 but
W aar calculated by Eq. (8) was 0.35, which more

accurately accounted for the degree of water stress on
GPP.

2.3.2 The Vegetation Transpiration Model (VTM v2.0)

The VIM was developed to estimate daily transpiration
(mm H,O /day), based on the intrinsic coupling between
photosynthesis and transpiration processes at the leaf
scale, i.e., water use efficiency (WUE) (Eq. (9)), and it
combines the inverse of WUE and GPP to estimate
transpiration (T) (Alfieri et al. 2009; Pan et al. 2024). The
equation can be described as follows:

WUE = GPP/Transpiration, O]
T= ! x GPP (10)
= WUE VPM
! =C3Fx + C4F x ! (11)
WUE WUEc; WUEc,4

At the leaf level, I/WUE = 0.27 mm H,O/g C for the
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C3 plant and 0.135 mm H,O/g C for the C4 plant,
respectively (Nobel, 2020). More details about the
I/WUE can be found in supplementary materials for
Method 1. The GPP data from the simulations of VPM
(GPPypy) in an 8-day temporal interval was used to
estimate T (mm-day ).

2.3.3 Simulation of VPM and VTM models

In this study, two meteorological data sets: in situ
meteorological data from the EC tower and reanalysis
meteorological data from the ERAS data set were used to
drive  VPM and VTM simulations. These two
meteorological data sets were averaged over an §-day
interval, matching the temporal resolution of MODIS
composite images using the equations in Sections 2.3.1
and 2.3.2, and were used to run VPM and VTM. For the
in situ meteorological data set, the model simulation was
dependent on the data availability. For the ERAS
reanalysis data set, we simulated VPM and VTM from
2000 to 2021 (22 years). We defined active growing
season as GPP > 1 g C-m2-day~! for model evaluation
(Wagle et al., 2014).

2.4 Statistical data analysis

Three statistical metrics: regression coefficient (), the
coefficient of determination (R2), and root mean square
error (RMSE) were calculated to assess the accuracies and
uncertainties of the model simulations. The R? value
denotes the amount of variation in the measurements that
could be predicted by the estimates, and the RMSE
expresses the differences between the estimates and the
measurements.

Mean annual environmental factors data, vegetation
indices, GPP, and T were calculated as the averaged value
of each wvariable over their temporal coverage. The
interannual trends of vegetation indices, GPP, T, and
climate in this study were analyzed by using the Mann-
Kendall test and Sen’s method. The Mann-Kendall test
was used to evaluate the reliability of the results (Mann,
1945; Kendall, 1948), while Sen’s slope method was used
to quantify the trends (Sen, 1968).

3 Results

3.1 Seasonal dynamics of environmental factors,
vegetation indices, and carbon and water fluxes

Figure 3 shows the averaged seasonal dynamics of
PAR, TApr e Ppes SWCg(, vegetation indices, GPPp.,
and ETy. at the five sites. With the Mediterranean
climate in California, USA, the grassland site (US-VAR)
and woody savanna site (US-TON) had similar seasonal
dynamics of PARy. and TAp;p.. They started to
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increase in spring and reached their peaks in summer. The
seasonal dynamics of precipitation were characterized by
a dry season from late spring to early fall and a wet
season from late fall to spring. SWCp. at the woody
savanna site was higher than the grassland site, with low
SWCy; in the summer (< 10%) and high SWCg. in
winter and spring (up to 45%). Vegetation indices (VlIs,
NDVI, EVI, and LSWI) had similar seasonal dynamics,
characterized by a peak in spring. Both GPPp and ETp.
had similar seasonal dynamics, characterized by a peak in
spring. The seasonal dynamics of GPPp. and ETy.
agreed well with the seasonal dynamics of VIs. The
period of GPPg. = 1 g C'm 2-day™! (early March — July
at the woody savanna site, February—May at the grassland
site) corresponded well with the period with increased
vegetation indices (i.e., an indication of growing
seasons).

Under the monsoon climate in southern Arizona, USA,
the grassland sites (US-WKG (Fig. 3(c)), US-SRG
(Fig. 3(d)) and woody savanna site (US-SRM, Fig. 3(e))
had similar seasonal dynamics of environmental factors.
PAR. and TA . reached their peak values in June
and decreased gradually in summer. The seasonal
dynamics of precipitation were characterized by dry
spring and fall seasons, a moderately wet winter
(November—February), and a wetter monsoon (July—
October). SWCp. was relatively high from July to
February and low from March to June. Three VIs (NDVI,
EVI, and LSWI) had similar seasonal dynamics,
characterized by a large peak period in August—
September. GPPp. and ETg. had similar seasonal
dynamics, with moderate values in the spring growing
season and larger values in the summer growing season.

3.2 Comparisons of GPPy. and GPPy,, from the VPM
simulation

A comparison between GPPy. and GPPyp, is shown in
Fig. 4. In general, both GPPypypc and GPPypyipras
tracked the seasonal dynamics of GPPp. reasonably well
at the five sites. Specifically, for the two sites under the
Mediterranean climate (Figs. 4(al) and 4(bl)), both
GPPypyipe and GPPypyipras Precisely tracked the
dynamics of GPPp. from February to June but showed
moderate differences from July to October. For the three
monsoon sites (Figs. 4(c1) and 4(el)), both GPPypy 5
and GPPypypras agreed reasonably well with GPPy.
during the summer growing season (July to October),
GPPypy1pc showed slight differences in May—June with
GPP., while the GPPyp\pras showed noticeable
difference. Linear regression showed a high correlation of
GPPypy e and GPPypy; pras With GPPc, with R? values
ranging from 0.76 to 0.93 and RMSE values ranging from
0.8 to 1.7 g C-m2-day”!. The linear regression slope
values between GPPypy, pc and GPP. differ among the
sites: —10% for US-TON, +2% for US-VAR, +5% for
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Fig. 4 Seasonal dynamics (top panel) and linear comparisons (middle and bottom panels) between eddy covariance-derived gross
primary production (GPPy.) and vegetation photosynthesis model-based GPP estimates using in situ climate data (GPPypy,pc) and
ERAS5 reanalysis climate data (GPPypy ras) at the five flux tower sites. The shadow in the first panel plots is the standard deviation

of the means when averaged for the study period.

US-SRG, and +9% for both US-WKG and US-SRM. The
VPM driven by ERAS5 data showed slightly larger
differences: —14% for US-TON, +5% for US-VAR,
+15% for US-WKG, and +25% for both US-SRG and
US-SRM.

3.3 Temporal consistency of evapotranspiration and
transpiration at temporal scales of 8-day period

The seasonal dynamics of Typype and Tyrvipras
matched reasonably well with the seasonal dynamics of
ETg (Fig. 5). However, there were large differences in
their magnitudes. Linear regression showed a strong
correlation of Tyrype and Tyryipras With ETge, with
R? values ranging from 0.69 to 0.92, and RMSE
ranging from 0.21 to 0.37 mm-day!. The Ty gc/ ETgc
ratio varies across the sites, ranging from 0.71 for
US-VAR and 0.61 for US-TON under Mediterranean
climate, to 0.29 for US-SRM, 0.27 for US-SRG and
0.23 for US-WKG, which is in the monsoon climate area.
The Tyrypras / ETge ratios showed similar differences
with Ty ype / ETge, ranging from 0.27 to 0.73 at the five
sites.

3.4 Comparison between annual GPPp vs. GPPy,,, and
annual ETp. vs. Ty

A comparison between the annual GPP.. and GPPy;,
is shown in Fig. 6. The difference between the
regression slopes for annual GPPp. versus GPPypypc
was within 11% of the 1-1 line at the five sites. Results
were similar to GPPypypras- At the US-SRG and
US-SRM sites, the differences between annual GPPp
and GPPypyipras (26% and 25% difference at the
US-SRG and US-SRM sites, respectively) were
noticeably higher than those between GPPy. and
GPPypy1pc (6% and 11% difference at the US-SRG and
US-SRM site, respectively).

At the annual scale, the ratio of annual Ty, pc and
annual ETp. varied among the five sites (0.68 at the
US-VAR, 0.65 at the US-TON, 0.30 at the US-SRM,
0.26 at the US-SRG, and 0.22 at the US-WKG). Results
were similar for ETp. and Typypras- The ratio of
annual Tyrypras and annual ETp. was 0.70 at the
US-VAR site, 0.63 at the US-TON site, 0.34 at the
US-SRM site, 0.31 at the US-SRG site, and 0.23 at the
US-WKG site.
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(c) US-WKG (GRA)
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deviation of the means when averaged for the study period.

3.5 Interannual variability of atmospheric CO,,
environmental factors, VIs, gross primary production, and
transpiration during 2000-2021

The interannual variability of atmospheric CO,
concentration,  environmental  factors  (PARggpus,
TApt pras. and Ppp,s), vegetation indices (NDVI, EVI,
and LSWI), GPPy;,,, and Ty,p,, during 2000—2021 at the
five sites are shown in Fig. 7. Atmospheric CO, con-
centration showed a significant increasing trend. The
Sen’s slope ranged from 2.16 ppm-yr! to 2.48 ppm-yr !
among the five sites. Daytime air temperature showed a
significant increasing trend (Sen’s slope: 0.05). PARp 45
and Ppp,s showed no significant trend. EVI at the US-
SRM site showed significant increasing trends.

The GPPyppypras and  Tyrvpras €xhibited no
significant trend during 2000—2021 at one savanna and
three grassland sites, but they increased substantially at
the US-SRM savanna site. At the US-SRM, GPPypy; pras.
and Tyry.pras showed an increasing trend of 10.59 g
Cm2yr! and 2.0 mm H,0'yr!, respectively. The
Mediterranean climate sites had the highest GPP and T
followed by the US-SRG grassland site and the US-SRM

savanna site. The US-WKG grassland had the smallest
GPP and T.

4 Discussion
4.1 Improvement of the VPM and GPPyp,, estimation

The VPM v2.0 was applied to generate a global GPP data
set over the years 2000—2016, which was released to the
public and used by the research community (Zhang et al.,
2017). Both VPM v2.0 and the MODI17 GPP data
products (Running and Zhao, 2019) use biome-specific
TApviome Parameters for photosynthesis. Previous
studies revealed the limitation of biome-specific
TA pt-biome 11t the LUE-based GPP models and showed the
need and potential of using site-specific TA ; . to
improve GPP estimates in VPM (Chang et al., 2020,
2021). In this study, we used the same method from the
previous publications (Chang et al., 2020, 2021) to
estimate site-specific TA,, .. In comparison to the
previous publications that used a few years of data, this
study used longer time series data (11 to 21 years) and
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Fig. 6 Relationship between active growing season sums of eddy covariance-derived gross primary production (GPPy.) and
vegetation photosynthesis model-based GPP, eddy covariance-measured evapotranspiration (ETg.), and vegetation transpiration

model-based transpiration (T).

confirmed that TA_, ;. values calculated from the
relationship between GPPp. and TApppras Were
consistent with TA ;. values from the relationship
between EVI and TA pgas- The VPM simulation results
demonstrated the potential of using TA . to replace
TA gptviome for improving GPP estimation by the VPM.
The use of EVI in estimating TA . has great potential
for improving global VPM modeling as time series
satellite-derived EVI data are available globally.

The discrepancies between GPPy,,, and GPPp. in some
periods can be attributed to several sources of errors and
uncertainties. First, climate data (e.g., PAR) affect model
simulations (He et al., 2014). PAR is one of the most
sensitive input variables of the VPM model (He et al.,
2014). In this study, PARy 45 exhibited larger differences
with PAR. at the US-SRG (11% difference) and US-
SRM (14% difference) sites than the other three sites.
These differences propagate to GPPy;p driven by ERAS
climate data, resulting in much larger discrepancies with

GPPy. than did GPPy,), driven by EC climate data at
these two sites. It highlights the need for careful quality
control of PAR data and suggests that an empirical or
semi-empirical correction may be needed when using the
ERAS as model input data. Second, the time series of
vegetation index data often have missing (bad quality)
data due to clouds, aerosol, and other noise, and how to
gap-fill the missing data for a complete time series of
remote sensing data is still under debate (Shen et al.,
2015). The time lag of EVI when drought occurs also
introduces biases to VPM simulation (Dong et al., 2015).
For example, at the US-SRG site, there was moderate
disagreement between GPPp. and GPPy,, during the
spring dry period (April — June). In this site, there is a
prominent dry period from April to June. When drought
occurs, even at similar light conditions from morning to
afternoon  hours, photosynthesis could decrease
considerably due to stomatal closure (Wagle and Kakani,
2014). However, significant alterations in pigment
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ERAS data-driven VTM.

concentration and canopy structure, such as leaf shedding
and reductions in leaf area index, which influence NDVI
and EVI, typically require several days to several weeks
to become noticeable. Due to the time lag of EVI, the
simulated GPP peaked slightly later than the peak GPPp
during the spring dry period.

Third, various proportions of trees and grasses occurred
in three of the five sites in this study, and various
proportions of C3 and C4 grasses also occurred at the
study sites. C3 and C4 plants have different
photosynthetic pathways, which leads to different LUE
values. In the VPM, the proportions of C3 and C4 plants
in a grassland or savanna affect the maximum LUE
parameter (LUE, = C3F x LUE ., + C4F x LUE ,).
However, it is difficult to measure or estimate accurately
species composition, which changes over time. Two
approaches have been used to estimate C3/C4 ratios in
grasslands and savannas: 1) make an educated guess of
C3/C4 mixing ratios based on site-specific knowledge or
2) use known C3/C4 ratios from other data sources
(in situ observations or model-based estimation). As the
US-WKG, US-SRG, and US-SRM sites do not have
sufficient information on varying mixing ratios of C3 and
C4 grasses, we estimated C3/C4 plant ratios based on
available plant cover estimates, which may contribute to
the moderate discrepancies between GPPp and GPPy ;.
Additionally, fixed proportions of C3 and C4 species do

not account for seasonal changes in species composition.
For example, C4 plants might dominate in hotter, drier
conditions typically found in summer, while C3 plants
might be more prevalent in cooler, wetter conditions.
Fixed C3/C4 ratios fail to reflect these shifts, potentially
leading to over- or underestimation of GPPy;,, during
specific periods. To date, the capacity to model and
predict spatial distribution and temporal (seasonal and
inter-annual) abundance of C4 plants across the scales
from local to global is still poor (Stilletal., 2003;
Winslow et al., 2003; Luo et al., 2024). The result of this
study further highlights the need to model and generate
accurate local regional and global C4 plant distribution
maps in the future. The fourth uncertainty could be
attributed to the estimation error of GPP.. For example,
during the summer, EVI at the US-VAR site was close to
0.2, which indicated the presence of green vegetation.
Many studies have shown EVI > 0.1 can be an indicator
of green vegetation (Xiao et al., 2009; Wang et al., 2020).
However, GPPy. at the US-VAR site during this period
was almost zero. This causes a moderate disagreement
between GPPy. and GPPy,, at this site during summer.

4.2 The range of T/ET ratios in grasslands and savanna

Due to the lack of in situ T measurement for model
validation, we compared the T or T/ET ratio estimates
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across the five sites with published studies using several
methods. A previous study reported T of 281 mm-yr!
and T/ET of 0.6 at the US-TON site, based on EC tower
measurements of above and below the tree canopy for ET
partition (Ma et al., 2020). Based on modeling results, Ma
et al. (2020) reported that at the US-TON site, T/ET ratio
varies from 0.74 (with the assumption of # = 0 if GPP = 0)
to 0.39 (with the assumption of the linear relationship
between GPP and ET). Our results were within these
ranges, with multi-year averages of T of 243 mm-yr ! and
T/ET of 0.69, respectively. Similarly, at the US-VAR
grassland site, the T/ET ratio ranged from 0.66 (with the
assumption of ¢t = 0 if GPP = 0) to 0.47 (with the
assumption of the linear relationship between GPP and
ET) (Ma et al., 2020). Our analysis yielded a T/ETp. ratio
of 0.70 at the US-VAR Mediterranean grassland site. By
using the x-axis intercepts for ET vs GPP as an estimate
of evaporation (E), and by subtracting E from ET
measured by the EC tower, the annual mean T/ET ratio
was 0.62 at the US-SRM woody savanna site, 0.58 at the
US-SRG grassland site, and 0.55 at the US-WKG
grassland site, respectively (Scott et al., 2015). Scott and
Biederman (2017) applied this method to monthly
growing-season ET partitioning and predicted that T/ET
ratio ranged from 0.45 to 0.69 (mean of 0.62,
July—October) at the US-SRM site, from 0.51 to 0.62
(mean of 0.55, July—October) at the US-SRG site, and
from 0.26 to 0.58 (mean of 0.46, July—October) at the
US-WKG site, respectively. Our T/ET ratio estimates
at the US-SRM, US-SRG, and US-WKG sites (0.23 to
0.29) were substantially lower than these results.

In this study, we conducted preliminary work on using
VTM to estimate T. This simple method, which assumes
a constant WUE, performed reasonably at the US-VAR
and US-TON sites but was less effective at the US-WKG,
US-SRG, and US-SRM sites. The WUE may be affected
by different factors such as climate, soil moisture, plant
functional types, etc. (Cooley et al. 2022). These factors
might restrict the model’s effectiveness and precision
when applied to various ecosystems and climatic areas.
The limitation suggests that it is a challenging task to
accurately estimate T using such a simple approach. It is
clear that the magnitude of T estimates needs to be further
evaluated, and water use efficiency or transpiration ratio
parameters need to be carefully evaluated, too, especially
in sparse vegetation ecosystems under semiarid and arid
environments.

4.3 Interannual variability of GPP and T

In grassland and savanna ecosystems, GPP is impacted by
environmental factors such as atmospheric CO, con-
centration, air temperature, precipitation, and solar
radiation. Increasing atmospheric CO, concentration
could increase GPP but reduce the T of grassland and
savanna (CO, fertilization effect). A previous study found

257

that no interannual trend in ET or oak canopy T was
observed using the EC method at the US-TON woody
savanna and the US-VAR grassland site from 2001
through 2019 despite an increasing trend of atmospheric
CO, concentration and an increasing trend of air
temperature and large variability of annual precipitation
(ranging from 133 to 890 mm-yr!) (Baldocchi etal.,
2021). We also found no interannual trend of GPP
derived from the EC tower from 2001 to 2021 at these
two sites (Fig. S3). The US-SRG grassland sites also
showed no interannual trend of GPP during 14 years of in
situ observations. Consistent with the observation results,
our model simulation showed no significant trends of
GPP and T over the last 22 years (2000—2021) at the US-
TON woody savanna, US-VAR grassland, and US-SRG
grassland sites. At the US-WKG grassland site, GPP
showed a significant increasing trend from 2004 to 2021,
but VPM simulation results showed no significant trend
from 2000 to 2021. Our VPM simulation results showed a
significant increase in GPP from 2000 to 2021 at the US-
SRM savanna site, which aligns with the trend of GPPp.
rising from 2004 to 2022 (Scott et al., 2023). This trend
can be attributed to the increasing overstory woody plant
cover and understory grass cover (Scott et al., 2023). The
observed trends and interannual variability in GPP and T
highlight the importance of continuous observation and
modeling, which can guide effective land management
strategies, ensuring the sustainability of these vital
ecosystems.

5 Conclusions

In this study, we employed VPM and VIM to estimate
GPP and T, respectively. We explored the seasonal
dynamics, interannual variability, and decadal trends of
atmospheric CO, concentration, environmental factors,
vegetation indices, GPP, and T across five savanna and
grassland sites. VPM demonstrated good performance in
capturing the seasonal dynamics and interannual
variability of GPPy.. Using EVI as an alternative to EC-
derived GPP to estimate the TA for photosynthesis has
improved the VPM simulation. Employing ERAS
reanalysis data as inputs for VPM simulations aligned
well with site EC-observed results, supporting the
potential of VPM simulations at regional and global
scales. The VTM effectively tracked the seasonal
dynamics of ET in savanna and grassland, though
additional parameterization is needed for this simple leaf-
level WUE approach to accurately estimate T in different
climate zones. This study combines climate and satellite
data to simulate long-term carbon and water fluxes, the
results align well with eddy covariance observation,
which plays a vital role in understanding the carbon and
water cycles in response to atmospheric CO,
concentration increase and climate change. By scaling up
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this methodology, the VPM model could become a
valuable tool for estimating GPP in grasslands and
savannas on regional to global scales, thereby supporting
grassland management and conservation efforts under
climate change scenarios.

Electronic Supplementary Material is available in the online version of
this article at https://doi.org/10.1007/s11707-024-1136-8 and is accessible
for authorized users.
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