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Dear Editor: 

Please find attached a manuscript entitled "Parameterization of an ecosystem 

light-use-efficiency model for predicting savanna GPP using MODIS EVI" for 

consideration of publication as an original research paper in Remote Sensing of 

Environment. I declare here that the manuscript has not been submitted and is not being 

considered for submission to any other journal and that I have no conflict of interest. 

I believe this manuscript will be of general interest to the readers of Remote Sensing of 

Environment. Accurate estimation of carbon fluxes across space and time is of great 

importance for quantifying global carbon balances. In this study, we proposed a new and 

improved framework for up-scaling savanna gross primary production (GPP) from eddy 

covariance (EC) flux tower GPP measures to regional scale utilizing remote sensing 

without dependency on ground meteorology.  

We first assessed seasonal patterns of MODIS vegetation products with seasonal EC tower 

GPP along an ecological rainfall gradient (the Northern Australian Tropical Transect, 

NATT) encompassing tropical wet to dry savannas. The EVI showed the strongest local 

site and cross-site relationships with tower GPP. The EVI relationship with tower GPP was 

further strengthened through coupling with ecosystem light-use-efficiency (eLUE), 

defined as the ratio of GPP and Photosynthetically Active Radiation (PAR). Two savanna 

landscape eLUE models, driven by top-of-canopy incident PAR or top-of-atmosphere 

incident PAR were then parameterized. GPP predicted using the eLUE models agreed well 

with tower GPP and were considerably improved relative to the MOD17 GPP product.  

As such, this manuscript should fit well in the areas of terrestrial sensing, biophysical 

parameters retrieval, ecology, and environmental science. This manuscript has been 

prepared to comply with Remote Sensing of Environment's formatting guide. The 

manuscript includes 4 tables and 10 figures. The total length, not including references, is ca. 

9300 words.  

I look forward to hearing from you. 

Kind regards, 

Xuanlong Ma 

Letter to the Editor



 We assessed five MODIS vegetation products for tracking seasonal tower GPP 

over Australian savannas; 

 EVI was a strong measure of ecosystem light-use-efficiency (eLUE) defined as 

GPP/PAR; 

 EVI parameterized eLUE models driven by PAR predicted tower GPP with good 

accuracy; 

 eLUE models reduced green-up and brown-down phenophase impacts on satellite 

versus tower GPP relationships. 
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Abstract 24 

Accurate estimation of carbon fluxes across space and time is of great importance for 25 

quantifying global carbon balances. Current production efficiency models for calculation of 26 

gross primary production (GPP) depend on estimates of light-use-efficiency (LUE) obtained 27 

from look-up tables based on biome type and coarse-resolution meteorological inputs that can 28 

introduce uncertainties. Plant function is especially difficult to parameterize in the savanna 29 

biome due to the presence of varying mixture of multiple plant functional types (PFTs) with 30 

distinct phenologies and responses to environmental factors. The objective of this study was 31 

to find a simple, robust method to up-scale savanna GPP from local, eddy covariance (EC) 32 

flux tower GPP measures to regional scales utilizing remote sensing. Here we assessed 33 

seasonal patterns of Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation 34 

products with seasonal EC tower GPP (GPPEC) at 4 sites along an ecological rainfall gradient 35 

(the Northern Australian Tropical Transect, NATT) encompassing tropical wet to dry 36 

savannas.    37 

The enhanced vegetation index (EVI) showed the strongest local site and cross-site (R
2
 = 38 

0.84) relationships with GPPEC. The EVI relationship with GPPEC was further strengthened 39 

though coupling with ecosystem light-use-efficiency (eLUE), defined as the ratio of GPP and 40 

Photosynthetically Active Radiation (PAR). Two savanna landscape eLUE models, driven by 41 

top-of-canopy incident PAR (PARTOC) or top-of-atmosphere incident PAR (PARTOA) were 42 

then parameterized. GPP predicted using the eLUE models agreed well with GPPEC, with R
2
 43 

of 0.85 (RMSE = 0.76 g C m
-2

 d
-1

) and 0.88 (RMSE = 0.70 g C m
-2

 d
-1

) for PARTOC and 44 

mailto:alfredo.huete@uts.edu.au
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PARTOA, respectively, which were considerably improved to the MOD17 GPP product (R
2
 = 45 

0.58, RMSE = 1.43 g C m
-2

 d
-1

). The eLUE model also normalized seasonal green-up and 46 

brown-down hysteresis effects between GPPEC and MODIS satellite products. The consistent 47 

estimation of GPP across phenophases suggests that the eLUE model effectively integrates 48 

variations in photosynthetic capacity and environmental stress on photosynthesis. These 49 

results demonstrate that region-wide savanna GPP can be estimated fairly accurately using 50 

remote sensing without dependency on ground meteorology. 51 

Keywords:  52 

Savanna, GPP, MODIS, EVI, eLUE, NATT, OzFLUX 53 

1 Introduction 54 

Measurement of landscape carbon fluxes is essential in global change studies (Baldocchi et 55 

al., 2001), but remain a challenge to measure in the field, resulting in a scarcity of 56 

measurements available to validate and assess uncertainties in models and satellite products. 57 

By observing broad-scale patterns of ecosystem functioning, remote sensing can complement 58 

the restricted coverage afforded by eddy covariance (EC) tower flux measures of gross 59 

primary production (GPP). Remote sensing estimates of GPP primarily utilize two technical 60 

approaches: (1) process models based on the light-use-efficiency (LUE) concept (Running et 61 

al., 2004; Xiao et al., 2005), and (2) empirical models based on relationships between flux 62 

tower estimates of GPP and satellite spectral vegetation indices (VIs) (Rahman et al., 2005; 63 

Gitelson et al., 2006; Huete et al., 2006; Sims et al., 2008).  64 

The LUE concept was first proposed by Monteith (1972) to estimate GPP by defining the 65 

amount of carbon fixed through photosynthesis as proportional to the solar energy absorbed 66 

by the plant. LUE, the energy conversion coefficient, can either be defined as the ratio of 67 
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GPP to incident photosynthetic active radiation (PAR) or absorbed photosynthetic active 68 

radiation (APAR) (Gower et al., 1999), with APAR as the product of PAR and the fraction of 69 

absorbed photosynthetically-active radiation (fAPAR) (Monteith, 1972; Running et al., 70 

2004). LUE models defined from APAR have been widely adopted to estimate GPP globally 71 

with the use of fAPAR and LUE (ε) (Monteith, 1972): 72 

                                                      (1) 73 

The MODIS GPP product (MOD17) is based on the LUE concept and provides the first 74 

operational and near-real-time calculation of global GPP (Running et al., 2004; Zhao et al., 75 

2005). The MOD17 algorithm for calculating daily GPP is expressed as (Running et al., 76 

2004): 77 

                      (2) 78 

where εmax is the maximum light-use-efficiency, which is biome specific and obtained from a 79 

look-up table; SWrad is short-wave downward solar radiation, of which 45% is assumed to be 80 

PAR; f(VPD) and f(Tmin) are the reduction scalars for water stress and low temperature 81 

respectively (Running et al., 2004).  82 

A major limitation of current LUE-based production efficiency models is that there are no 83 

direct measurements of LUE available at landscape scales. LUE is very difficult to 84 

parameterize since it varies significantly among vegetation type (Turner, 2003; Kergoat et al., 85 

2008), across seasons and phenophases (Sims et al., 2006; Jenkins et al., 2007), and under 86 

different types of environmental stress (Ruimy et al., 1995). Consequently, maximum LUE 87 

values have to be specified for a limited number of biome types and then down-regulated by 88 

environmental stress scalars derived from coarse resolution, interpolated meteorological 89 

inputs (Zhao et al., 2005; Heinsch et al., 2006), which contribute uncertainties in output GPP 90 
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(Heinsch et al., 2006; Yuan et al., 2010; Sjöström et al., 2013). Some studies reported that 91 

LUE models, when properly parameterized with site-level meteorological measurements, can 92 

provide good estimates of flux tower derived GPP (Turner et al., 2003; Kanniah et al., 2009), 93 

while other studies found only moderate improvements (Sjöström et al., 2013).  94 

The MODIS GPP product has limited accuracy in estimating GPP of savannas (Kanniah et 95 

al., 2009; Sjöström et al., 2013; Jin et al., 2013), which are defined as woodland communities 96 

with a conspicuous perennial or annual graminoid substrata, with varying proportions of 97 

trees, shrubs and graminoids that form a structural continuum (Walker & Gillison, 1982). 98 

Across African savanna flux tower site, Sjöström et al. (2013) reported MODIS GPP to 99 

underestimate tower-GPP over dry sites in the Sahel region due to uncertainties in the 100 

meteorological drivers and fAPAR data and underestimation of εmax. At a woodland savanna 101 

site in Botswana, Jin et al. (2013) reported the MODIS GPP product to be substantially lower 102 

than tower-GPP during the green-up phase and higher than tower-GPP during the brown-103 

down phase.  104 

Kanniah et al. (2009) confirmed the usefulness of the MODIS GPP product for studying 105 

carbon dynamics at a northern Australian savanna site, yet important limitations were found 106 

due to the lack of representation of soil moisture in the MODIS GPP algorithm. These 107 

suggest a need to consider the limitations of current LUE based methodologies to estimate 108 

savanna GPP. Although it may be possible to improve the MODIS GPP product across global 109 

savannas by incorporation of a soil moisture term and using better quality meteorological 110 

data, it is also worthwhile to consider alternative methods for accurate and consistent remote 111 

sensing estimation of global GPP without dependency on numerous inputs (Sims et al., 112 

2008).  113 
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Glenn et al. (2008) suggested that remote sensing is more suitable as a scaling tool when 114 

ground data are available, rather than for solving complicated physical models. Remote 115 

sensing can greatly simplify the up-scaling of ecosystem processes, such as photosynthesis 116 

and evapotranspiration, from an expansive network of flux towers to larger landscape units 117 

and to regional scales (Glenn et al., 2008). As top-of-canopy measurements, flux towers do 118 

not require knowledge of LAI or details of canopy architecture to estimate fluxes (Baldocchi 119 

et al., 2001; Glenn et al., 2008). Meanwhile, the measurement footprint of flux towers 120 

partially overlaps the pixel size of daily-return satellites (e.g., 250 m for MODIS). With the 121 

fast evolving regional and global flux networks (e.g., FLUXNET, AmeriFLUX, AsiaFlux, 122 

and OzFLUX) and ongoing space-borne sensors (e.g., Landsat, MODIS and MERIS), 123 

enormous opportunities now exist to develop more robust and consistent methods for scaling 124 

of carbon fluxes across space and time through better coupling of these two independent 125 

sources of observations (Huete et al., 2008).  126 

The spatial extension of tower measured carbon fluxes using satellite spectral VIs have been 127 

investigated across a wide range of natural and agricultural ecosystems. For example, Wylie 128 

et al. (2003) reported a strong relationship between NDVI and daytime CO2 flux in a 129 

sagebrush-steppe. Over North America, Rahman et al. (2005) found that EVI can provide 130 

reasonably accurate estimates of GPP. Sims et al. (2006) further concluded EVI relationships 131 

with tower-GPP to be better than that with MOD17 GPP when data from winter periods of 132 

inactive photosynthesis were excluded. In Amazonia, Huete et al. (2006) observed a 133 

consistent linear relationship between MODIS EVI and tower GPP in both primary forest and 134 

converted pasture with MODIS EVI not saturating over the high foliage densities of tropical 135 

rainforests. Huete et al. (2008) further extended this study to three distinct Monsoon Asia 136 

tropical forest sites and found similar linear relationships between EVI and tower GPP, 137 

potentially offering opportunities for region-wide scaling of carbon fluxes across the 138 
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heterogeneous canopies of Southeast Asia. Over Scandinavian forest sites, Olofsson et al. 139 

(2008) reported strong correlations between EVI and GPP, while NDVI exhibited saturation 140 

in areas with high foliage density. Across African savannas, Sjöström et al. (2011) found EVI 141 

to track the seasonal dynamics of tower GPP more closely than MOD17 GPP. More recently, 142 

Ma et al. (2013) observed good convergence between MODIS EVI and tower GPP across 143 

northern Australian mesic and xeric savannas, confirming the potential to link these two data 144 

sources for estimation of savanna GPP. 145 

Other studies have investigated coupling EVI with satellite retrieved land surface variables 146 

for improved predictions of tower derived GPP. For example, Sims et al. (2008) used a 147 

Temperature and Greenness (T-G) model, based on EVI and land surface temperature (LST), 148 

and substantially improved the correlation between predicted and tower derived GPP across 149 

North America compared with MOD17 GPP or EVI alone. Gitelson et al. (2006) found that a 150 

Greenness and Radiation (G-R) model, coupling canopy chlorophyll content with PAR, 151 

provided a more robust estimation of crop GPP. Peng et al. (2013) applied the G-R model to 152 

estimate GPP using chlorophyll-related VIs (VIchl), such as NDVI, EVI, and the wide 153 

dynamic range vegetation index (WDRVI), and found high accuracies in GPP estimations 154 

over irrigated and rain fed croplands. Wu et al. (2009) also found a tight relationship between 155 

canopy total chlorophyll content and GPP/PAR, thereby providing new ways to estimate GPP 156 

from chlorophyll-related spectral indices. 157 

From a resource use efficiency perspective, the coupling of VIchl and PAR for the estimation 158 

of GPP implies that VIchl is essentially a measure of LUE defined and based on PAR. To 159 

distinguish the LUE (ε) based on APAR from LUE based on PAR, we define the former as ε 160 

(i.e., GPP/APAR) and the latter as ecosystem light-use-efficiency (eLUE). eLUE can be 161 

computed and modelled as: 162 
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                                         (3) 163 

where f(VIchl) can be calibrated by regression with flux tower derived eLUE against VIchl. 164 

eLUE (GPP/PAR) differs from ε (GPP/APAR) in that it combines the biological drivers of 165 

photosynthesis (fAPAR) with net photosynthetic efficiency (ε) resulting from environmental 166 

stress and leaf age phenology. The benefit of using eLUE in up-scaling of GPP is that eLUE 167 

does not require partitioning of plant functioning into both fAPAR and ε terms, thus 168 

simplifying remote sensing based productivity estimates and reducing associated scaling 169 

uncertainties introduced by coarse resolution meteorological inputs and from the need to 170 

define biome specific εmax values in mixed tree-grass savannas. 171 

The objectives of this study were to (1) assess seasonal synchronies and performances of 172 

various satellite vegetation products and models for tracking seasonal variations in GPPEC 173 

along an ecological rainfall gradient encompassing northern Australia mesic to xeric 174 

savannas; (2) to examine the use of ecosystem light-use-efficiency (eLUE) models for up-175 

scaling tower derived GPP to regional scales from purely remote sensing observations 176 

without dependency on ground meteorology; and (3) to assess scale issues for extrapolating 177 

tower GPP across biologic phenophases, including green-up and brown-down periods.  178 

2 Methods 179 

2.1 Study area 180 

This study focused on a sub-continental scale ecological rainfall gradient of more than 1100 181 

km, which is known as the North Australian Tropical Transect (NATT) (Koch et al., 1995) 182 

(Fig. 1). The NATT was conceptualized in the mid-1990s as part of the International 183 

Geosphere Biosphere Programme (IGBP) (Koch et al., 1995), together with the Kalahari 184 
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transect in southern Africa and the SALT (Savanne à Long Terme) transect in West Africa, 185 

these three transects have been used extensively in the study of global savannas (Walker et 186 

al., 1999). 187 

Carbon flux measurements from four EC flux towers sites located along the NATT transect 188 

were used (Fig. 1 & Table 1), including three Eucalypt woodland sites: Howard Springs, 189 

Adelaide Rivers, and Daly River (Beringer et al., 2011) and an Acacia woodland site: Ti Tree 190 

(Eamus et al., 2013; Cleverly et al., 2013). These sites are part of OzFLUX (Australian and 191 

New Zealand Flux Research and Monitoring) under the TERN (Australian Terrestrial 192 

Ecosystem Research Network). These sites represent the two most common savanna classes 193 

present in Australia, namely, Eucalyptus (and closely-related Corymbia) woodland and 194 

Acacia woodland. 195 

2.2 Eddy covariance tower derived GPP (GPPEC) 196 

The original Level 3 OzFLUX data were pre-processed to ensure consistency among sites 197 

and reduce the uncertainties in computed fluxes, including general quality control 198 

assessment, removal of outliers, and correction for low turbulence periods. A second-order 199 

Fourier regression was fitted to nighttime net ecosystem exchange (NEE) series, which is 200 

assumed to be representative of ecosystem respiration (Reco), using the method proposed by 201 

Richardson & Hollinger (2005): 202 

       (4) 203 

where f0, s1, c1, s2 and c2 are Fourier fitted coefficients, Dπ  = DOY × 360 / 365 (DOY: Day of 204 

Year), and ε is the regression residuals. We used this method due to its minimal use of 205 

environmental covariates to compute Reco (Richardson & Hollinger 2005). GPP were then 206 

derived as GPP = Reco - NEE. As the intent of this study was to obtain a reliable time series 207 
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of GPP observations to compare with satellite observations, we computed 8-day average GPP 208 

to match the temporal resolution of MODIS products. 209 

2.3 Satellite data 210 

2.3.1 MODIS surface reflectances and vegetation indices 211 

Approximately 13.5 years (February 2000 – July 2013) of 8-day 500 m Surface Reflectance 212 

product (MOD09A1, Collection 5, tiles h30v10 and h30v11) (Vermote et al., 2002) was 213 

obtained through the online Data Pool at the NASA Land Processes Distributed Active 214 

Archive Centre (LP DAAC), USGS/Earth Resources Observation and Science (EROS) 215 

Centre, Sioux Falls, South Dakota (https://lpdaac.usgs.gov/data_access). A 3 × 3 MOD09A1 216 

500 m pixel window (2.25 km
2
) was used to extract the reflectances time series to match the 217 

footprint of EC towers and to compute the vegetation indices. Within the extracted 218 

reflectance time series, we selected data satisfying all of the following conditions based on 219 

the 16-bit QC (500 m state flags) and 32-bit QC (500 m reflectance band quality) layers 220 

provided along with MOD09A1: (1) corrected product produced at ideal quality all bands; (2) 221 

highest quality for band 1-7; (3) atmospheric correction performed; (4) adjacency correction 222 

performed; (5) MOD35 cloud flag indicate ―clear‖; (6) no cloud-shadow was detected; (7) 223 

low or average aerosol quantities.  224 

NDVI and EVI are widely used as proxies of canopy ―greenness‖, an integrative composite 225 

property of green leaf area, green foliage cover, structure, and leaf chlorophyll content 226 

(Myneni et al., 1995). VIs are robust and seamless biophysical measures, computed 227 

identically across all pixels in time and space regardless of biome type, land cover condition, 228 

and soil type (Huete & Glenn, 2011). EVI was used as an optimized version of NDVI that 229 

effectively reduces soil background influences and atmospheric noise variations (Huete et al., 230 

2002). The equations defining NDVI (Tucker, 1979) and EVI are: 231 

https://lpdaac.usgs.gov/data_access
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                                                       (5) 232 

where ρnir, ρred and ρblue are reflectances of the near infrared (841 – 876 nm), red (620 – 670 233 

nm), and blue (459 – 479 nm) bands of the MODIS sensor, respectively. Hereafter we will 234 

refer NDVI and EVI derived from MOD09A1 reflectances specifically as NDVIMOD09 and 235 

EVIMOD09, respectively. 236 

2.3.2 MODIS GPP product (GPPMOD17) 237 

We used the global 1-km 8-day MODIS GPP product (MOD17A2, Collection 055, tiles 238 

h30v10 and h30v11) from January 2000 through December 2012 obtained from NASA LP 239 

DAAC and USGS EROS repository (https://lpdaac.usgs.gov/data_access) (Running et al., 240 

2004). The algorithm calculates daily GPP as a function of incoming solar radiation, 241 

conversion coefficients, and environmental stresses (Running et al., 2004). We used a 1 km
2
 242 

window to extract MOD17A2 GPP time series for each flux tower. We used the QA layers 243 

embedded in the MOD17A2 product to select data satisfying all the following: (1) 244 

MODLAND_QC bits indicate good quality; (2) detectors apparently fine for up to 50% of 245 

channels 1, 2; (3) no significant clouds present (clear).  246 

2.3.3 MODIS LAI/fAPAR products (LAIMOD15 and fAPARMOD15) 247 

For comparison, we also obtained MODIS 8-day global 1-km LAI/fAPAR product 248 

(MOD15A2, Collection 5, tiles h30v10 and h30v11) from February 2000 to May 2013 249 

(Myneni et al., 2002) through NASA LP DAAC and USGS EROS repository 250 

(https://lpdaac.usgs.gov/data_access). The main algorithm for retrieval LAI/fAPAR is based 251 

on a biome specific lookup table (LUT), which is generated using a three-dimensional 252 

https://lpdaac.usgs.gov/data_access
https://lpdaac.usgs.gov/data_access
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radiative transfer (RT) model or using vegetation indices when the main algorithm failed 253 

(Myneni et al., 2002). For each field site, a 1 km
2
 window was applied to obtain the LAIMOD15 254 

and fAPARMOD15 time series. Within the extracted time series, we selected the data satisfying 255 

all of the following conditions (1) main (RT) algorithm used, best results possible (no 256 

saturation); (2) significant clouds not present (clear); (3) no or low atmospheric aerosol.  257 

2.3.4 MODIS LST product, daytime (LSTMOD11) 258 

We obtained 1-km 8-day MODIS global land surface temperature (LST) product 259 

(MOD11A2, Collection 5, tiles h30v10 and h30v11) from NASA LP DAAC and USGS 260 

EROS repository (https://lpdaac.usgs.gov/data_access). The MOD11 LST product was 261 

generated based on the generalized split-window algorithm (Wan & Dozier, 1996). At each 262 

flux tower, we applied a 1 km
2
 window to obtain the daytime LSTMOD11 time series. We 263 

selected the LSTMOD11 observations satisfying all the following conditions: (1) LST produced 264 

with good quality; (2) good data quality of L1B in 7 TIR (thermal infrared) bands; (3) 265 

average emissivity error <= 0.02; (4) average LST error <= 2K. 266 

2.4 Variations of EVI-based GPP models 267 

We also compared the performances of two variations of EVI-based GPP models, namely the 268 

T-G (Temperature and Greenness) model (Sims et al., 2008) and G-R (Greenness and 269 

Radiation) model (Gitelson et al., 2006).   270 

2.4.1 Temperature - Greenness model 271 

The T-G model was formulated as (Sims et al., 2008):  272 

                                                (6) 273 

where the EVIscaled was calculated following Sims et al. (2008): 274 
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                                                       (7) 275 

The LSTscaled can be computed as (Sims et al., 2008):  276 

                              (8) 277 

LSTscaled sets GPP to zero when LST is less than zero and thus defines the inactive winter 278 

period (Sims et al., 2008). LSTscaled also accounts for low temperature limitations to 279 

photosynthesis when LST is between 0 and 30 °C, as well as accounts for high temperature 280 

and high VPD stress in sites that exceed LST values of 30 °C (Sims et al., 2008). 281 

2.4.2 Greenness - Radiation model 282 

The G-R model was formulated as (Gitelson et al., 2006; Peng et al., 2013):  283 

                                                      (9) 284 

where VIchl is the chlorophyll-related spectral index. We used EVI as VIchl following Wu et 285 

al. (2011). PARTOC is the tower measured PAR incident at the top-of-canopy (MJ m
-2

 d
-1

), 286 

computed as 50% of the tower measured shortwave incoming radiation (MJ m
-2

 d
-1

) 287 

following Papaioannou et al. (1993). 288 

PARTOC can be obtained at flux tower sites, but not across the entire region. Therefore, in 289 

addition to the original G-R model driven by PARTOC, we also proposed a modified version 290 

by replacing PARTOC with PAR incident at the top-of-atmosphere (PARTOA) to extrapolate 291 

beyond the tower footprint. The modified G-R model is formulated as:  292 

                                             (10) 293 

where PARTOA is the top-of-atmosphere PAR (MJ m
-2

 d
-1

), computed as the 40% of top-of-294 

atmosphere incoming solar radiation (RTOA, MJ m
-2

 d
-1

) following Monteith & Unsworth 295 
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(2013). RTOA, also known as extraterrestrial radiation, is the amount of global horizontal 296 

radiation that a location on Earth would receive if there was no atmosphere or clouds (i.e., in 297 

outer space). The RTOA can be computed from Earth-Sun geometry: 298 

                                          (11) 299 

where S0 is solar constant (1366 W m
-2

 or 118.02 MJ m
2
 d

-1
); r is the Earth-Sun distance; r0 is 300 

the mean Earth-Sun distance; H is sun hour angle at sunset; ɸ  is latitude (°); and δ is solar 301 

declination (°). 302 

The PARTOA used in this study is essentially similar to the potential PAR (PARpotential, the 303 

maximal PAR when atmospheric gases and aerosols are minimal) proposed by Gitelson et al. 304 

(2012), as both replace site-based measures of PARTOC to estimate GPP based on solely 305 

remote sensing data and reduce the uncertainties associated with high frequency fluctuations 306 

of PARTOC that result in noises and not affect plant photosynthesis (Gitelson et al., 2012; 307 

Peng et al., 2013). It should be noted that the computation of PARpotential requires long term 308 

PARTOC measurements for calibration purposes (Gitelson et al., 2012; Peng et al., 2013), or 309 

being modelled using 6S (Second Simulation of a Satellite Signal in the Solar Spectrum) 310 

radiative transfer code (Kotchenova & Vermote, 2007; Vermote et al., 1997), or modelled 311 

from a look-up table method (Lyapustin, 2003). In contrast, the computation of PARTOA only 312 

requires several readily available variables such as date and latitude, thereby eliminating the 313 

need for long-term PARTOC measurements or use of more complicated algorithms to facilitate 314 

the extension from flux tower to regional scales. 315 

2.5 Ecosystem light-use-efficiency model 316 

Traditional LUE models require separate estimations of fAPAR and ε for estimation of GPP. 317 

However, the coupling of EVI × PARTOC (Eq. 9) for estimating GPP implies that EVI can be 318 



15 

more explicitly used as a measure of ecosystem light-use-efficiency (eLUE), defined as the 319 

ratio between GPP and PARTOC: 320 

                                          (12) 321 

where eLUETOC (g C MJ
-1

) was computed for each site using 8-d average GPP (g C m
-2

 d
-1

) 322 

and 8-d average PARTOC (MJ m
-2

 d
-1

); f(EVI) was obtained through the regression of 323 

eLUETOC against EVI. Once the eLUETOC was estimated, an eLUE model for predicting GPP 324 

driven by PARTOA is formulated as: 325 

                                          (13) 326 

Similarly, the eLUE can also be defined as the ratio between GPP and PARTOA (Eq. 10): 327 

                                        (14) 328 

where eLUETOA (g C MJ
-1

) was computed for each site using 8-d average GPP (g C m
-2

 d
-1

) 329 

and 8-d average PARTOA (MJ m
-2

 d
-1

); f(EVI) was obtained through the regression of 330 

eLUETOA against EVI. Once the eLUETOA was estimated, an eLUE model for predicting GPP 331 

driven by PARTOA can be formulated as: 332 

                                         (15) 333 

To establish the relationship between eLUE and EVI (i.e., to calibrate the eLUE model) and 334 

provide independent validation, the dataset from all four NATT sites (354 samples) were first 335 

randomized and then divided equally into two subsets, namely calibration dataset (177 336 

samples) and validation dataset (177 samples) respectively. The GPPMOD17 dataset was also 337 

divided into calibration and validation subsets only for comparison with the other three EVI-338 

based GPP models.  339 
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2.6 Data analysis and statistics 340 

Due to data gaps in satellite observations and EC tower measurements, an immediate 341 

comparison of the correlations between satellite indices/products and GPPEC may result in 342 

biased conclusions due to different subsets of observations. For examples, the proportion of 343 

8-day gaps across four NATT sites in LAIMOD09, GPPMOD17, EVIMOD09 and GPPEC were 22%, 344 

16%, 12% and 21% respectively. To achieve a more valid comparison of the performances of 345 

satellite indices in tracking seasonal variations in GPPEC, we removed the tower observations 346 

corresponding to satellite index or PAR measurements missing for a particular site-date. 347 

Thus, comparisons among all satellite indices as well as variations of EVI-based GPP models 348 

were based on exactly the same subset of GPPEC measurements across 4 EC flux tower sites 349 

(total of 354, 8-day samples). 350 

To assess the performances for up-scaling the tower derived GPP across biological 351 

phenophases, the dataset of each site was further divided into two subsets, namely the green-352 

up phase subset and brown-down phase subset. The green-up phase was defined as the period 353 

from minimum GPP preceding the growing season to the peak (maximum GPP), and the 354 

brown-down phase was defined as the subsequent period from peak to minimum GPP, (i.e., 355 

following the cessation canopy greening). 356 

We used three tests to compare the predictions of satellite indices/products to GPPEC. First, 357 

the coefficient of determination (R
2
) was computed using the ordinary least-squares (OLS) 358 

algorithm to measure the variance of GPPEC that is explained by the satellite indices/products. 359 

Second, the analysis of covariance (ANCOVA) was then used to test the significance of the 360 

differences in linear regression slope and intercept between regression models. Third, we 361 

calculated the root mean squared error (RMSE) between measured and modelled GPP values 362 

to assess the model accuracy: 363 
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                                                                             (16) 364 

where Obs is the tower measured GPP, Pred is the satellite estimated GPP.  365 

We computed the coefficient of variation (CV) for quantifying the inter-annual variations in 366 

GPP. The CV can be computed as: 367 

                                                     (17) 368 

where ζ is standard deviation of annual GPP (g C m
-2

 yr
-1

), |μ| is the absolute value of the  369 

mean annual GPP (g C m
-2

 yr
-1

). Data processing, statistical analysis and visualization were 370 

performed in R scientific computation environment (version 3.0.2, R Core Team, 2013) and 371 

associated packages contributed by user community (http://cran.r-project.org). 372 

3 Results 373 

3.1 Performances of satellite products and models in tracking tower GPP 374 

The scatter plots between MODIS vegetation products and GPPEC for each of the four 375 

individual NATT flux tower sites are shown in Figure 2. fAPARMOD15 and GPPMOD17 were 376 

only moderately correlated with GPPEC, with R
2
 values of GPPMOD17 less than 0.40 at three of 377 

the 4 sites (Fig. 2B - C; Table 2). NDVIMOD09 relationships with GPPEC were overall slightly 378 

improved or equivalent to those of fPARMOD15 (Fig. 2D, Table 2). In contrast, LAIMOD15 and 379 

EVIMOD09 were much more strongly correlated with GPPEC, with R
2
 values between 0.60 and 380 

0.90 (Figs. 2A, E; Table 2). The EVIMOD09 was slightly more stable across all individual sites 381 

with R
2
 larger than 0.66 at all sites (Fig. 2E; Table 2).  382 

A cross-site analysis showed that NDVIMOD09, fAPARMOD15, and GPPMOD17 could explain 383 

77% (F(1, 352) = 1197, p < 0.0001), 72% (F(1, 352) = 919.8, p < 0.0001) and 58% (F(1, 384 

http://cran.r-project.org/
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352) = 491.2, p < 0.0001) of the seasonal variation in GPPEC respectively (Fig. 3B - D; Table 385 

2). In comparison, LAIMOD15 and EVIMOD09 explained 80% (F(1, 352) = 1412, p < 0.0001) 386 

and 84% (F(1, 352) = 1871, p < 0.0001) of seasonal variation in GPPEC, respectively (Fig. 387 

3A, E; Table 2). Overall, the EVIMOD09 and LAIMOD15 products were found to be the best 388 

satellite measures for both individual-site and cross-site estimations of GPPEC and thus for 389 

regional scaling along the NATT study area, we continued our analysis using the slightly 390 

better performing EVIMOD09. 391 

The coupling of EVI with LSTscaled in the T-G model resulted in no improvement in 392 

correlations with GPPEC compared to EVIMOD09 alone for all sites (cf. Figs. 2E and 4A). In 393 

contrast, coupling of EVI with PARTOC in the G-R model did improve correlations at 394 

Adelaide River (R
2
 = 0.86, F(1, 41) = 245, p < 0.0001) and Ti Tree sites (R

2
 = 0.79, F(1, 85) 395 

= 317.2, p < 0.0001) (cf. Figs. 2E and 4B) relative to EVIMOD09 alone. The coupling EVI with 396 

PARTOA (top-of-atmosphere PAR) resulted in further improvements over all sites, with R
2
 397 

values between 0.78 to 0.89 over the different savanna vegetation classes and climatic 398 

conditions (cf. Figs. 2E and 4C).  399 

In the cross-site analyses, the T-G model decreased the R
2
 to 0.81 (F(1, 352) = 1482, p < 400 

0.0001) compared with EVIMOD09 alone (cf. Figs. 3E and 5A), while the G-R models 401 

improved the R
2
 to 0.85 (F(1, 352) = 1964, p < 0.0001) and 0.87 (R

2
 = 0.87, F(1, 352) = 402 

2276, p < 0.0001) for PARTOC and PARTOA respectively (cf. Figs. 3E and 5B, C). 403 

3.2 eLUE models for up-scaling tower GPP 404 

We examined the use of EVIMOD09 as a measure of eLUE (defined as GPP/PAR) and 405 

analyzed the direct relationships between eLUE and EVIMOD09 for the PARTOC (eLUETOC) 406 

and PARTOA (eLUETOA) definitions. Figure 6 presents the cross-site relationships between 407 

eLUE and EVIMOD09 for the calibration and validation datasets, respectively. The regression 408 
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coefficients and predictive errors are summarized in Table 3. Overall, EVIMOD09 correlated 409 

strongly with both eLUETOC (R
2
 = 0.84, F(1, 175) = 902.7, p < 0.0001, RMSE = 0.0733 g C 410 

m
-2 

MJ
-1

) and eLUETOA (R
2
 = 0.81, F(1, 175) = 1003, p < 0.0001, RMSE = 0.0534 g C m

-2
 411 

MJ
-1

) in the calibration dataset (Fig. 6, Table 4). Likewise in the validation dataset, EVIMOD09 412 

showed a strong correlation with eLUETOC (R
2
 = 0.84, F(1, 175) = 894.3, p < 0.0001, RMSE 413 

= 0.0753 g C m
-2 

MJ
-1

) and eLUETOA (R
2
 = 0.85, F(1, 175) = 1003, p < 0.0001, RMSE = 414 

0.0500 g C m
-2 

MJ
-1

) (Fig. 6, Table 3), suggesting that spatial and seasonal variations in 415 

eLUE can be captured by EVIMOD09 across the NATT sites.  416 

The cross-site linear regression model for calculation of eLUETOC using EVIMOD09 was 417 

obtained from the calibration dataset as: 418 

                                       (18) 419 

where d (0.08) is an offset to subtract the contribution of soil background and adjust 420 

EVIMOD09 to zero when GPP is 0 g C m
-2

 d
-1

 estimated through inversion of the cross-site 421 

GPPEC ~ EVIMOD09 linear regression model. The cross-site linear regression model for 422 

calculation of eLUETOA using EVI was obtained from the calibration dataset as: 423 

                              (19) 424 

Consequently, a model for calculating GPP using eLUETOC and PARTOC can be constructed 425 

in the sense of the eLUE concept as:  426 

                          (20) 427 

Similarly, a model for calculating GPP using eLUETOA and PARTOA can be constructed as: 428 
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                   (21) 429 

Equations 20 and 21 represent two savanna landscape GPP models that use either PARTOC or 430 

PARTOA in combination with EVIMOD09 parameterized eLUE as model input. Hereafter we 431 

will refer Eqs. 20 and 21 as eLUETOC and eLUETOA models, respectively. 432 

Figure 7 presents the cross-site relationships between GPPEC and GPP predicted from the 433 

eLUE models for the calibration dataset and validation dataset. For comparison, we also 434 

present the GPPMOD17 and GPP simulated from the EVIMOD09 alone (GPPEVI). The model for 435 

calculating GPPEVI, i.e., GPPEVI = (EVIMOD09 – 0.08) × 18.6, was derived from the linear 436 

regression between GPPEC and EVIMOD09 using calibration dataset. 437 

Overall, the eLUETOC and eLUETOA models demonstrated better performance in predicting 438 

GPPEC than GPPMOD17 or GPPEVI (Fig. 7; Table 4). In the validation dataset, the R
2
 between 439 

GPPEC and GPP predicted using the eLUETOC model (GPPeLUE-TOC) was 0.85 (F(1, 175) = 440 

1017, p < 0.0001, RMSE = 0.76 g C m
-2

 d
-1

) (Fig. 7C; Table 4). The correlation between 441 

GPPEC and GPP predicted using the eLUETOA model (GPPeLUE-TOA) was better than the 442 

eLUETOC model, with R
2
 of 0.88 (F(1, 175) = 1297, p < 0.0001, RMSE = 0.70 g C m

-2
 d

-1
) 443 

(Fig. 7D; Table 4). The GPP model based on EVIMOD09 alone also performed fairly well for 444 

the validation dataset (R
2
 = 0.85, F(1, 175) = 978.6, p < 0.0001, RMSE = 0.78 g C m

-2
 d

-1
), 445 

suggesting that EVIMOD09, as a measure of eLUE, can explain a large proportion of variations 446 

in GPPEC. In contrast, the predictive power of GPPMOD17 to GPPEC is weak and with lower 447 

accuracy (R
2
 = 0.58, F(1, 175) = 240, p < 0.0001,  RMSE = 1.43 g C m

-2
 d

-1
; Fig. 7A; Table 448 

4). 449 

Figure 8 presents a comparison of time series among satellite and tower derived GPP 450 

(GPPeLUE-TOC, GPPeLUE-TOA, GPPMOD17 and GPPEC) at the four flux tower sites. Both the 451 
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GPPeLUE-TOC and GPPeLUE-TOA matched the seasonal progression of GPPEC quite well (Fig. 8). 452 

At the Howard Springs and Daly River sites (Eucalyptus woodlands), GPPeLUE-TOA 453 

overestimated GPPEC during the dry season in some, but not all years (Fig. 8A-C). GPPMOD17 454 

tended to underestimate productivity during the late dry season to early wet season, except in 455 

the Acacia woodland (Ti Tree) where underestimation occurred during the wet season (Fig. 456 

8). The Acacia woodland was also distinct among the NATT sites with GPPeLUE and 457 

GPPMOD17 failing to capture the largest and smallest values of GPPEC (Fig. 8E). 458 

3.3 Extension of tower GPP across biologic phenophases 459 

Figure 9 presents the site-level relationships between satellite derived GPP and GPPEC 460 

partitioned between green-up and brown-down phenophases, respectively over the four 461 

NATT sites. The phenophase period showed different relationships between satellite derived 462 

GPP and GPPEC over the different NATT sites (Fig. 9). At Howard Springs, the slope of the 463 

GPPEC ~ GPPMOD17 relationship during the green-up phase was not significantly different 464 

(F(1, 103) = 0.296, p = 0.588) from the slope during the brown-down phase, however, there 465 

was a very strong offset bias from the 1:1 symmetry line, with the intercept of the green-up 466 

relationships (3.20) significantly higher (F(1, 103) = 64.04, p < 0.001) than the intercept of 467 

the brown-down relationship (1.29) (Fig. 9A). At Daly River, the green-up intercept (2.47) 468 

was also significantly higher (F(1, 115) = 8.13, p < 0.001) than the brown-down intercept 469 

(1.48), although the slope was not significantly different between phenophases (F(1, 115) = 470 

2.54, p = 0.114) (Fig. 9A). At Adelaide River, the green-up slope was significantly smaller 471 

than the brown-down slope (F(1, 40) = 4.54, p = 0.040) (Fig. 9A), while the difference 472 

between phenophase responses (i.e., the slope of the GPPEC ~ GPPMOD17 relationship) was 473 

most pronounced at the Ti Tree site (F(1, 85) = 18.92, p < 0.001) (Fig. 9A). 474 
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Phenophase dependent bias was reduced in the GPPEC ~ GPPEVI relationships, but remained 475 

significant at Howard Springs (F(1, 103) = 7.42, p = 0.008), Daly River (F(1, 115) = 8.08, p 476 

= 0.005), and Ti Tree (F(1, 85) = 5.03, p = 0.024), while phenophase slopes were not 477 

significantly different at Adelaide River (F(1, 40) = 2.52, p = 0.121) (Fig. 9B).  478 

Phenophase differences were reduced further, but not removed altogether, by use of the 479 

eLUE models (Fig 9C, D).  In the GPPEC ~ GPPeLUE-TOC relationships, phenophase-dependent 480 

slopes were not significantly different at Adelaide River (F(1, 40) = 0.73, p = 0.400) and Ti 481 

Tree (F(1, 85) = 0.75, p = 0.389), but maintained slope differences at Howard Springs (F(1, 482 

103) = 10.27, p = 0.002) and Daly River (F(1, 115) = 14.91, p < .001) (Fig. 9C). In the 483 

GPPEC ~ GPPeLUE-TOA relationships, the phenophase slopes were significantly different at 484 

Daly River (F(1, 115) = 6.30, p = 0.005), Howard Springs (F(1, 103) = 4.94, p  = 0.029) and 485 

marginally significant at Adelaide River (F(1, 40) = 4.14, p = 0.049), while not significantly 486 

different at Ti Tree (F(1, 85) = 3.57, p = 0.069) (Fig. 9D). 487 

3.4 Biogeographic patterns of savanna GPP over the NATT study area 488 

Figure 10 illustrates the strong control by rainfall of the spatial and temporal biogeographic 489 

patterns of savanna GPP simulated using the eLUETOA model (Eq. 21) over the NATT study 490 

area. Mean annual GPP decreased from 1400 g C m
-2

 yr
-1

 to less than 400 g C m
-2

 yr
-1

 from 491 

the northern humid region to southern xeric inland (Fig. 10A). Associated with decreasing 492 

mean annual GPP, inter-annual variation in GPP, quantified as the coefficient of variation 493 

(CV) of GPP, was generally less than 10% over most northern humid forests and woodlands 494 

but increased to more than 30% over the southern xeric grasslands and shrublands (Fig. 10B).   495 

Figure 10 also presents a comparison of biogeographic patterns of savanna GPP between wet 496 

(January - March) and dry (July - September) seasons. From north to south, the mean daily 497 

GPP during the wet season decreased by 66% from more than 6 g C m
-2

 d
-1

 in the coastal, 498 



23 

humid regions dominated by Eucalyptus forests and woodlands to less than 2 g C m
-2

 d
-1

 over 499 

the southern, xeric areas, where hummock grasslands and Acacia woodlands and shrublands 500 

were the dominant vegetation types (Fig. 10C). However, during the dry season, GPP was 501 

small with little spatial variability (Fig. 10D). Region-wide mean daily GPP during the wet 502 

season (2.94±1.44 g C m
-2

 d
-1

) was almost 2 times larger than the mean daily GPP for the dry 503 

season (1.48±0.61 g C m
-2

 d
-1

), reflecting the large impacts of seasonal rainfall distribution on 504 

savanna GPP.  505 

4 Discussion 506 

4.1 Tracking EC tower derived GPP with satellite observations 507 

We found that among five satellite vegetation products, EVI correlated best to EC flux tower 508 

derived GPP (GPPEC) across the four mesic-to-arid NATT sites (R
2
 = 0.84; Fig. 3). This was 509 

further improved by coupling EVI with PARTOC (R
2
 = 0.85; Fig. 5B) or PARTOA (R

2
 = 0.87; 510 

Fig. 5C), enabling EVI to be used as a measure of eLUE (GPP/PAR). Two savanna landscape 511 

eLUE models parameterized with EVI and driven by PARTOC or PARTOA, were further 512 

analyzed (the eLUETOC and eLUETOA models respectively) for estimation of GPP. The eLUE 513 

models resulted in improved GPP predictions across the mesic and xeric savanna sites, 514 

suggesting that region-wide GPP can be predicted with reasonable accuracy from purely 515 

satellite remote sensing observations without dependence on interpolated ground 516 

meteorology. 517 

We found that GPPMOD17 was only moderately correlated with GPPEC (R
2
 = 0.58). All other 518 

satellite products (except fAPARMOD15 at Howard Springs) showed much better performances 519 

than GPPMOD17 in tracking GPPEC. As fAPARMOD15 was better correlated to GPPEC than 520 

GPPMOD17 (cf. Fig. 2B and C), the introduction of meteorological inputs into GPPMOD17 521 
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degraded the correlation between GPPMOD17 and GPPEC, demonstrating some of the 522 

difficulties in accurate estimations of LUE at landscape scales (Kanniah et al., 2009; 523 

Sjöström et al., 2013).  524 

Coupling EVI with temperature and radiation measures showed mixed results in predicting 525 

savanna GPP. There were no improvements in using the Temperature-Greenness (T-G) 526 

model (EVIscaled × LSTscaled) for predicting GPP compared with using EVI alone over the 527 

NATT study area (cf. Figs. 2E and 4A). This may be due to temperature not being a limiting 528 

factor or significant driver of photosynthesis in tropical savannas (Leuning et al., 2005; 529 

Kanniah et al., 2009; Cleverly et al., 2013), or that LSTscaled was not an appropriate surrogate 530 

for radiation. In contrast, we found significant improvements with use of the Greenness-531 

Radiation (G-R) models (EVI × PAR) for predicting GPPEC, relative to EVI alone (cf. Fig. 2E 532 

to Figs. 4B and 4C), reflecting the importance of the quantity of radiation as a critical driver 533 

of savanna vegetation productivity (Whitley et al., 2011; Kanniah et al., 2013).  534 

We found that coupling EVI with PARTOA better predicted GPP than coupling EVI with 535 

PARTOC (cf. Figs. 4B and 4C). This was not necessarily expected as theoretically, tower 536 

measured PAR incident at the top-of-canopy (PARTOC) should be preferable since it 537 

considers diurnal and seasonal variations in local weather conditions. Some studies made 538 

over various cropland and grassland flux tower sites have also found that coupling EVI with 539 

potential PAR (maximal value of PARTOC) provided better accuracy in predicting GPP than 540 

coupling EVI with PARTOC (Gitelson et al., 2012; Peng et al., 2013; Rossini et al., 2014). 541 

Gitelson et al. (2012) attributed the better performance of PARpotential instead of actual 542 

PARTOC due to the saturation of GPP vs. PARTOC relationship in soybean cropland, noting 543 

that a decrease in PARTOC may not correspond to a decrease in GPP. Over north Australian 544 

savannas, Kanniah et al. (2013) found that the negative effect of decreases in PARTOC due to 545 
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wet season cloud cover on rates of photosynthesis were partly compensated by enhanced ε 546 

due to the increased proportion of diffuse radiation. Therefore, multiplying EVI by PARTOA 547 

may mimic PARpotential and better approximate radiation controls on GPP. 548 

4.2 Phenophase impacts on the up-scaling of GPP across seasons 549 

Large discrepancies in the relationship between GPPMOD17 and GPPEC, and smaller but 550 

significant differences in the relationships between GPPEVI and GPPEC, were found between 551 

green-up and brown-down phenophases at all NATT study sites, particularly at the xeric Ti 552 

Tree site (Fig. 9). Phenophases relationships differed in their intercepts and slopes and also 553 

showed strong nonlinearities during the brown-down phase (Fig. 9). By contrast, the 554 

phenophase-dependencies on the up-scaling of GPP were minimized with the use of eLUE 555 

models, with the inclusion of PAR greatly reducing seasonal hysteresis at the Adelaide River 556 

and Ti Tree sites (Fig. 9D).  557 

This reduction of hysteresis in the eLUE model was quite intriguing and is mostly likely 558 

explained by the differing light conditions encountered between the green-up and brown-559 

down phases. For example, during the green-up at Ti Tree (Nov 2010 - Feb 2011), mean 560 

PARTOC and PARTOA were 12.82 MJ m
-2

 d
-1

 and 16.61 MJ m
-2

 d
-1

 respectively, while in 561 

contrast mean PARTOC and PARTOA during brown-down (March to July 2011) were 9.11 MJ 562 

m
-2

 d
-1

 and 11.11 MJ m
-2

 d
-1

, representing a 29% and 33% reduction in PARTOC and PARTOA, 563 

respectively, during the brown-down phase and hence resulting in a different radiation 564 

environment across phenophases. Therefore, equal values of EVI, in green-up and brown-565 

down phases, may result in differing GPP values due to differences in radiation (duration and 566 

intensity). Such differences in light conditions across seasonal phenophases are largely 567 

normalized in eLUE (GPP / PAR).     568 
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The use of eLUE, and in particularly PARTOA, may also correct for photoperiod effects on 569 

photosynthetic capacity. In a recent study, Bauerle et al. (2012) reported that photoperiod 570 

explained more seasonal variation in photosynthetic capacity across 23 tree species than 571 

temperature, and suggested that photoperiod-associated declines in photosynthetic capacity 572 

could limit autumn carbon gain in forest, even under favorable autumn conditions. Since 573 

photoperiod (day length) is near-linearly correlated with PARTOA (R
2
 = 0.95, F(1, 4352), p < 574 

0.0001), its incorporation in an eLUE model will potentially correct for photoperiod effects 575 

on photosynthetic capacity. However, this would require much further analysis to assess the 576 

extent to which there is a response of photosynthetic capacity to variations in photoperiod in 577 

tropical savannas.  578 

The moisture stress during the browning phenophase may explain some of the residual 579 

seasonal hysteresis on the GPPEC ~ GPPeLUE-TOA relationship. Across the NATT EC flux 580 

tower sites, rainfall ends in March-April followed by large vapor pressure deficits (VPD) and 581 

decreasing soil moisture from April through to September (Eamus et al., 2013), coincident 582 

with the brown-down phase of GPP at these sites. Whereas, declines in GPPEC arise rapidly 583 

from stomatal closure during the brown-down phase, chlorophyll degradation and/or the loss 584 

of LAI are slower processes that take place at longer time scales (Huemmrich et al., 2005; 585 

Jenkins et al., 2007; Ma et al., 2013). Future studies can investigate if the phenophase phase 586 

dependency could be further reduced by inclusion of a soil moisture term in the eLUE model 587 

to account the rapid declines in photosynthesis associated with stomatal closure. 588 

Despite the differences in relationships for green-up and brown-down phases, for the entire 589 

growing season, EVI explained 66% variances of GPPEC variations at Ti Tree site, while 590 

incorporation of PARTOC and PARTOA (i.e., the eLUE models) increased the R
2
 to 0.79 and 591 

0.80 respectively. This suggested that the eLUE models are able to provide reasonable 592 
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estimates of GPP at the southern xeric savannas where both species composition and climatic 593 

conditions are quite different from the northern mesic savannas.  594 

 4.3 EVI as a measure of ecosystem light-use-efficiency (eLUE) 595 

It was encouraging to see that coupling EVI with the radiation driver, PAR, provided a better 596 

estimation of GPP across the savanna study sites. With the rate of photosynthesis, GPP, 597 

defined as the product of fAPAR, ε and PAR (Monteith ,1972), then the coupling of EVI with 598 

eLUE (or GPP / PAR) means that EVI, a greenness index, becomes a function as the product 599 

of fAPAR and ε, as 600 

                                  (22) 601 

Historically, the linear relationships between VIs and fAPAR have been well documented 602 

through theoretical analyses (Sellers, 1985, 1987; Carlson & Ripley, 1997), field 603 

measurements (Ruimy et al., 1994; Gamon et al., 1995; Fensholt et al., 2004), and radiative 604 

transfer models (Carlson & Ripley, 1997; Goward & Huemmrich, 1992; Myneni & Williams, 605 

1994). However, if EVI only represents fAPAR, then it is not enough to explain the strong 606 

relationship between EVI and eLUE, unless (1) the temporal variations in ε are very small, or 607 

(2) the temporal variations in fAPAR and ε are synchronized.  608 

However, it is well known that ε varies widely across seasons (Sims et al., 2006; Jenkins et 609 

al., 2007) and under different types of environmental stress (Ruimy et al., 1995). This can be 610 

further confirmed by previous studies that have shown that savanna ecosystems in northern 611 

Australia utilize radiation more efficiently in the wet season than in the dry season, therefore 612 

ε exhibiting strong seasonality (Fordyce et al., 1995; Eamus & Cole, 1997; Kanniah et al., 613 

2009; Eamus et al., 2013). These studies argue against the first hypothesis that temporal 614 
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variations in ε are very small, and hence cannot explain the strong correlation between eLUE 615 

and EVI. 616 

The alternative explanation is that the temporal variations in fAPAR and ε are synchronized 617 

and hence both are correlated with EVI. In fact, Sims et al. (2006) reported that ε derived 618 

from nine flux towers in North America was strongly correlated to EVI (R
2
 = 0.76). Wu et al. 619 

(2012) reported moderate correlation between EVI and tower ε in temperate and boreal forest 620 

ecosystems in North America. On the other hand, such relationships were weaker in 621 

evergreen forests relative to deciduous ones and a study in an evergreen oak forest showed no 622 

correlation between EVI and ε (Goerner et al., 2009). Thus, we may infer that the correlation 623 

between eLUE and EVI is likely due to the synchronization between fAPAR and ε in the 624 

ecosystems that the seasonal variations in photosynthesis are primarily driven by dynamics of 625 

deciduous species and/or annual species. 626 

Seasonal fAPAR (indicated by LAI) and seasonal ε in northern Australian savannas were 627 

found to exhibit similar phenological patterns (Kanniah et al., 2009; Whitley et al., 2011). In 628 

Australian tropical savannas, the primary determinant of seasonal variations in leaf area, light 629 

interception and canopy gas exchanges is defined by the dynamics of the understorey grasses 630 

and forbs, which respond to intra-annual rainfall distribution (Hutley et al., 2001; O’Grady et 631 

al., 2009; Eamus et al., 2013; Cleverly et al., 2013). Meanwhile, environmental conditions 632 

also become favorable for photosynthesis (high solar radiation, high soil moisture, low VPD) 633 

following the onset of the wet season, thus the ε of both C3 trees and C4 grasses is larger in 634 

the wet season (Fordyce et al., 1995; Eamus & Cole, 1997; Eamus et al., 1999; O’Grady et 635 

al., 1999; Prior et al., 1997). Consequently, fAPAR and ε displayed similar phenological 636 

patterns in response to changes in environmental factors in north Australian savannas 637 

(Williams et al., 1997; O’Grady et al., 2000; Kanniah et al., 2009).  638 
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In summary, the tight correlation between eLUE and EVI can be attributed to the fact that 639 

EVI is not only related to light absorption capacity (fAPAR), but also integrates the effects of 640 

phenological stage and environmental stress on photosynthetic efficiency (ε). Although we 641 

could derive fAPAR and ε separately, from a remote sensing perspective these ecosystem 642 

variables cannot be directly measured by current satellite sensors. Therefore, EVI tends to be 643 

a good composite measure that simplifies the up-scaling of carbon fluxes from flux towers to 644 

regional scale. The savanna biome consists of multiple plant functional types (PFTs) and 645 

plant function for these different PFTs that are difficult to parameterize due to a complex 646 

mixture of distinct physiological characteristics, with fractions of tree (C3) and grass (C4) 647 

varying across space and time, and each PFT has its own unique relationships with 648 

environmental factors (Scholes & Archer, 1997). The eLUE model framework presented here 649 

represents a substantial improvement to the current MODIS global GPP product for tropical 650 

savannas, an ecosystem that covers one eighth of the global land area (Scholes & Archer, 651 

1997) and contributes approximately 30% of terrestrial ecosystem GPP (House & Hall, 652 

2001). 653 

5 Conclusions 654 

Measurement of landscape carbon fluxes is an essential task in global change studies, yet 655 

current production efficiency models parameterize LUE with coarse resolution, interpolated 656 

meteorology, which introduces uncertainties that may reduce the confidence in estimated 657 

primary production. In searching for a simple GPP model based entirely on satellite remote 658 

sensing observations, we found that MODIS EVI had the strongest cross-site relationships 659 

with EC tower derived GPP at both mesic and xeric north Australian savannas. This was 660 

further improved by coupling EVI with PARTOC or PARTOA and using EVI as a measure of 661 

eLUE (GPP/PAR). Two simple savanna landscape GPP models based on EVI parameterized 662 
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eLUEs and driven by PARTOC or PARTOA were further analyzed and GPP simulated using 663 

these eLUE models agreed well with tower GPP across all sites. We also found that 664 

biological phenophase dependency of satellite GPP versus tower GPP relationships across 665 

green-up and brown-down periods, which was most pronounced for MOD17 GPP, can be 666 

considerably reduced by the use of eLUE models. These results suggest that region-wide 667 

savanna GPP can be estimated fairly accurately using purely satellite remote sensing 668 

observations without dependencies on interpolated ground meteorology nor estimation of ε. 669 

As stated in the beginning, technical approaches of estimating GPP from remote sensing 670 

datasets fall into two technical pathways: LUE-based process models and VI-based empirical 671 

models. Here we suggest that replacing LUE (GPP/APAR) with eLUE (GPP/PAR), which is 672 

parameterized using readily available MODIS EVI, results in convergence of these two 673 

technical pathways. The convergence yielded simple, yet reliable estimates of savanna 674 

landscape GPP based entirely on satellite remote sensing observations (through the use of 675 

PARTOA), which has potential to be applied over large scales for better assessment of the 676 

region-wide savanna carbon dynamics in a truly spatially continuous way.677 
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Table 1 Summary of EC flux tower sites in the NATT study area. 975 

Site 
Longitude 

(°E) 

Latitude 

(°S) 

Elevation 

(m) 

Vegetation 

Type 
Overstorey Understorey 

Canopy 

Height 

(m) a 

Soil a 
MAP±σ 

(mm) b 

Howard 

Springs 
131.150 12.495 64 

Eucalypt 

Woodlands 

Eucalyptus 

miniata, 

Erythrophleum 

chlorostachys, 

Terminalia 

ferdinandiana 

Sorghum spp. 18.9 
red 

kandosol 

1722 ± 

341 

Adelaide 

Rivers 
131.118 13.077 90 

Tropical 

Eucalypt 

Woodlands 

E. tectifica, 

Planchonia 

careya, 

Buchanania 

obovata 

Sorghum spp. 12.5 
yellow 

hydrosol 

1692 ± 

373 

Daly 

River 
131.383 14.159 52 

Eucalypt 

Woodlands 

T. grandiflora, E. 

tetrodonta, E. 

latifolia 

Sorghum spp., 

Heteropogon 

triticeus 

16.4 
red 

kandosol 

1295 ± 

334 

Ti Tree 133.249 22.283 606 
Acacia 

Woodlands 

C. opaca, E. 

victrix, Acacia 

aneura 

Psydrax 

latifolia, 

Thyridolepsis 

michelliana, 

Eragrostis 

eriopoda, 

Eriachne 

pulchella 

6.5 
red 

kandosol 

443 ± 

222 

a
 cited from OZFlux website: www.ozflux.org.au 976 

b
 MAP = mean annual precipitation, calculated using Australian Bureau of Meteorology gridded rainfall data for each 977 

site using data of 12 hydrological years (2000.07.01-2012.06.30) (Jones et al., 2007). To calculate the annual rainfall, 978 

we used hydrological year defined from July 1 to following June 30, instead of calendar year.  979 

http://www.ozflux.org.au/
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Table 2 Summary of the coefficients of determination (R
2
) between EC tower derived GPP versus 980 

MOD15A2 LAI/fAPAR, MOD09A1 NDVI/EVI, MOD17A2 GPP and the products of EVI and 981 

scaled-LST, tower measured PAR (PARTOC), and top-of-atmosphere PAR (PARTOA) at four NATT 982 

sites. The highest R
2
 for each site or for cross-sites was highlighted in bold. 983 

Predictor Cross-sites Howard Springs Adelaide River Daly River Ti Tree 

LAIMOD15 0.80 0.59 0.90 0.69 0.77 

fAPARMOD15 0.72 0.38 0.79 0.63 0.52 

GPPMOD17 0.58 0.38 0.69 0.37 0.32 

NDVIMOD09 0.77 0.58 0.77 0.70 0.47 

EVIMOD09 0.84 0.74 0.78 0.78 0.66 

EVI × LSTscaled 0.81 0.70 0.78 0.69 0.65 

EVI × PARTOC 0.85 0.69 0.86 0.75 0.79 

EVI × PARTOA 0.87 0.78 0.89 0.80 0.80 

 984 

  985 
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Table 3 Summary of regression coefficients and RMSE between eLUEs and MODIS EVI across 986 

four NATT sites, for calibration dataset and validation dataset respectively. The analysis was based 987 

on the 8-d temporal resolution time series. The unit of the RMSE is in g C MJ
-1

. F is the F-value, df 988 

is the degree of freedom, p is the p-value.  989 

Dataset 

eLUETOC = β0 + β1 × EVI 

β0 β1 R
2
 F df p RMSE 

Calibration 0.0000 1.7771 0.84 902.7 1, 175 < 0.0001 0.0733 

Validation -0.0176 1.8628 0.84 894.3 1, 175 < 0.0001 0.0753 

Dataset 

eLUETOA = β0 + β1 × EVI 

β0 β1 R
2
 F df p RMSE 

Calibration 0.0303 1.1732 0.81 743 1, 175 < 0.0001 0.0534 

Validation 0.0046 1.2731 0.85 1003 1, 175 < 0.0001 0.0500 

 990 

  991 
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Table 4 Summary of the regression and error analyses between satellite estimated GPP and EC 992 

tower derived GPP across four NATT sites using calibration and validation datasets respectively. 993 

The satellite estimated GPP include: MOD17A2 GPP (GPPMOD17), GPP simulated using EVI alone 994 

(GPPEVI), GPP simulated by eLUETOC model (Eq. 20) (GPPeLUE-TOC), and GPP simulated using 995 

eLUTTOA model (Eq. 21) (GPPeLUE-TOA). The analysis was based on the time series of 8-d temporal 996 

resolution. The unit of the RMSE is in g C m
-2

 d
-1

. F is the F-value, df is the degree of freedom, p is 997 

the p-value. 998 

Dataset 

GPPEC = β0 + β1 × GPPMOD17 

β0 β1 R
2
 F df p RMSE 

Calibration 1.2018 0.7454 0.58 240.8 1, 175 < 0.0001 1.4249 

Validation 0.9968 0.7863 0.58 240 1, 175 < 0.0001 1.4274 

Dataset 

GPPEC = β0 + β1 × GPPEVI 

β0 β1 R
2
 F Df p RMSE 

Calibration 0.0000 1.0000 0.83 873.6 1, 175 < 0.0001 0.7802 

Validation -0.2636 1.0735 0.85 978.6 1, 175 < 0.0001 0.7766 

Dataset 

GPPEC = β0 +β1 × GPPeLUE-TOC 

β0 β1 R
2
 F df p RMSE 

Calibration 0.1159 0.9593 0.84 924.1 1, 175 < 0.0001 0.7659 

Validation -0.1411 1.0208 0.85 1017 1, 175 < 0.0001 0.7576 

Dataset 

GPPEC = β0 +β1 × GPPeLUE-TOA 

β0 β1 R
2
 F df p RMSE 

Calibration 0.0771 0.9731 0.85 999.9 1, 175 < 0.0001 0.7388 

Validation -0.3198 1.0649 0.88 1297 1, 175 < 0.0001 0.6982 

 999 

 1000 



 

44 

Figure captions 1001 

Figure 1 Spatial extent of the NATT study area. The red triangles indicate the locations of the four 1002 

EC flux tower sites. Background is the Australian Major Vegetation Map (MVGs, v4.1), provided 1003 

by Australian National Vegetation Information System (NVIS, 2007). Central-right small panel 1004 

shows the locations of the study area over Australian continent (image source: Google Earth). 1005 

Photographs show the ground-view of each flux tower site (image source: www.ozflux.org.au). 1006 

Top-left: early wet season 2010 at Howard Springs; bottom-left: dry season at Daly River; top-1007 

right: Adelaide River flux tower; bottom-right: woodland floor and understorey at Ti Tree. 1008 

Figure 2 Individual site relationships between satellite indices and EC tower GPP at 8-d time 1009 

scales. (A) MOD15A2 LAI (LAIMOD15); (B) MOD15A2 fAPAR (fAPARMOD15); (C) MOD17A2 1010 

GPP (GPPMOD17); (D) MOD09A1 NDVI (NDVIMOD09); (E) MOD09A1 EVI (EVIMOD09). The red 1011 

dashed line on panel (C) is the 1:1 symmetric line. The blue solid line is the regression line with 1012 

95% confidence intervals (grey shaded area). 1013 

Figure 3 Cross-sites comparison of satellite indices and EC tower measured GPP across four 1014 

NATT sites. (A) MOD15A2 LAI (LAIMOD15); (B) MOD15A2 fAPAR (fAPARMOD15); (C) 1015 

MOD17A2 GPP (GPPMOD17); (D) MOD09A1 NDVI (NDVIMOD09); (E) MOD09A1 EVI 1016 

(EVIMOD09). All p < 0.0001. All satellite indices are 8-d temporal resolution. The blue solid line is 1017 

the regression line with 95% confidence intervals (grey shaded area). 1018 

Figure 4 Site-level relationships between EC tower measured GPP and products of EVI with 1019 

satellite derived or tower measured meteorological variables. The blue solid line is the regression 1020 

line with 95% confidence intervals (grey shaded area). LSTscaled is scaled MODIS daytime land 1021 

surface temperature (MOD11). PARTOC and PARTOA are PAR incident at top-of-canopy and top-of-1022 

atmosphere respectively. 1023 

http://www.ozflux.org.au/
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Figure 5 Cross-site comparison of scaled temperature and radiation products of EVI and EC tower 1024 

measured GPP (GPPEC) across four NATT sites. All p < 0.0001. All satellite indices are 8-d 1025 

temporal resolution. The blue solid line is the regression line with 95% confidence intervals (grey 1026 

shaded area). LSTscaled is scaled MODIS daytime land surface temperature (MOD11). PARTOC and 1027 

PARTOA are PAR incident at top-of-canopy and top-of-atmosphere respectively. 1028 

Figure 6 Cross-sites relationships between EVI and eLUEs for calibration and validation datasets 1029 

respectively across four NATT sites. (A) EVI and eLUETOC; (B) EVI and eLUETOA. The blue solid 1030 

line is the regression line with 95% confidence intervals (grey shaded area). eLUETOC = GPPEC / 1031 

PARTOC, and eLUETOA = GPPEC / PARTOA. PARTOC and PARTOA are PAR incident at top-of-1032 

canopy and top-of-atmosphere respectively. 1033 

Figure 7 Cross-sites relationships between EC tower measured GPP (GPPEC) and MOD17A2 GPP, 1034 

GPP simulated using EVI alone, and GPP simulated using eLUE models. The blue solid line is the 1035 

regression line with 95% confidence intervals (grey shaded area). The grey dashed line is the 1:1 1036 

symmetric line. 1037 

Figure 8 Time series comparison between MOD17A2 GPP (GPPMOD17), GPP simulated using 1038 

eLUETOC model (GPPeLUE-TOC, Eq. 20), simulated using eLUETOA model (GPPeLUE-TOA, Eq. 21), and 1039 

EC tower measured GPP (GPPEC) across four NATT sites during 2000-2013. All data are at 8-d 1040 

temporal resolution. 1041 

Figure 9 Site-level relationships between satellite estimated GPP and EC tower measured GPP 1042 

(GPPEC) for green-up and brown-down phases across four NATT sites. (A1-A4) MODIS GPP 1043 

product (GPPMOD17); (B1-B4) GPP simulated using EVI alone (GPPEVI); (C1-C4) GPP simulated 1044 

using eLUETOC model (GPPeLUE-TOC), and (D1-D4) GPP simulated using eLUETOA model (GPPeLUE-1045 

TOA). The green-up phase is defined as the period from left trough before greening season to time 1046 

when GPP reached a peak, while the brown-down phase is defined as the period following peak 1047 

GPP to right trough after the cessation of the greening season. The unit of RMSE is g C m
-2

 d
-1

. 1048 
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Figure 10 Biogeographic patterns of GPP over the NATT study area during 2000-2013. (1) Mean 1049 

annual GPP (g C m
-2

 yr
-1

); (B) coefficient of variance (CV, %) of annual GPP; (C) Mean daily GPP 1050 

(g C m
-2

 d
-1

) during the wet season (January-March); (D) mean daily GPP (g C m
-2

 d
-1

) during the 1051 

dry season (July-September). The GPP was simulated using the eLUETOA model driven by PARTOA 1052 

(Eq. 21). 1053 

  1054 
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 1055 

Figure 1 Spatial extent of the NATT study area. The red triangles indicate the locations of the four 1056 

EC flux tower sites. Background is the Australian Major Vegetation Map (MVGs, v4.1), provided 1057 

by Australian National Vegetation Information System (NVIS, 2007). Central-right small panel 1058 

shows the locations of the study area over Australian continent (image source: Google Earth). 1059 

Photographs show the ground-view of each flux tower site (image source: www.ozflux.org.au). 1060 

Top-left: early wet season 2010 at Howard Springs; bottom-left: dry season at Daly River; top-1061 

right: Adelaide River flux tower; bottom-right: woodland floor and understorey at Ti Tree.1062 

http://www.ozflux.org.au/
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Figure 2 Individual site relationships between satellite indices and EC tower GPP at 8-d time 1064 

scales. (A) MOD15A2 LAI (LAIMOD15); (B) MOD15A2 fAPAR (fAPARMOD15); (C) MOD17A2 1065 

GPP (GPPMOD17); (D) MOD09A1 NDVI (NDVIMOD09); (E) MOD09A1 EVI (EVIMOD09). The red 1066 

dashed line on panel (C) is the 1:1 symmetric line. The blue solid line is the regression line with 1067 

95% confidence intervals (grey shaded area).  1068 
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 1069 



 

51 

Figure 3 Cross-sites comparison of satellite indices and EC tower measured GPP across four 1070 

NATT sites. (A) MOD15A2 LAI (LAIMOD15); (B) MOD15A2 fAPAR (fAPARMOD15); (C) 1071 

MOD17A2 GPP (GPPMOD17); (D) MOD09A1 NDVI (NDVIMOD09); (E) MOD09A1 EVI 1072 

(EVIMOD09). All p < 0.0001. All satellite indices are 8-d temporal resolution. The blue solid line is 1073 

the regression line with 95% confidence intervals (grey shaded area).  1074 
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 1075 

Figure 4 Site-level relationships between EC tower measured GPP and products of EVI with 1076 

satellite derived or tower measured meteorological variables. The blue solid line is the regression 1077 

line with 95% confidence intervals (grey shaded area). LSTscaled is scaled MODIS daytime land 1078 

surface temperature (MOD11). PARTOC and PARTOA are PAR incident at top-of-canopy and top-of-1079 

atmosphere respectively.  1080 
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 1081 

Figure 5 Cross-site comparison of scaled temperature and radiation products of EVI and EC tower 1082 

measured GPP (GPPEC) across four NATT sites. All p < 0.0001. All satellite indices are 8-d 1083 

temporal resolution. The blue solid line is the regression line with 95% confidence intervals (grey 1084 

shaded area). LSTscaled is scaled MODIS daytime land surface temperature (MOD11). PARTOC and 1085 

PARTOA are PAR incident at top-of-canopy and top-of-atmosphere respectively.  1086 
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 1087 

Figure 6 Cross-sites relationships between EVI and eLUEs for calibration and validation datasets 1088 

respectively across four NATT sites. (A) EVI and eLUETOC; (B) EVI and eLUETOA. The blue solid 1089 

line is the regression line with 95% confidence intervals (grey shaded area). eLUETOC = GPPEC / 1090 

PARTOC, and eLUETOA = GPPEC / PARTOA. PARTOC and PARTOA are PAR incident at top-of-1091 

canopy and top-of-atmosphere respectively.   1092 
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 1093 

Figure 7 Cross-sites relationships between EC tower measured GPP (GPPEC) and MOD17A2 GPP 1094 

(GPPMOD17), GPP simulated using EVI alone (GPPEVI), and GPP simulated using eLUE models 1095 

(GPPeLUE-TOC and GPPeLUE-TOA). The blue solid line is the regression line with 95% confidence 1096 

intervals (grey shaded area). The grey dashed line is the 1:1 symmetric line.  1097 
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 1098 

Figure 8 Time series comparison between MOD17A2 GPP (GPPMOD17), GPP simulated using 1099 

eLUETOC model (GPPeLUE-TOC, Eq. 20), simulated using eLUETOA model (GPPeLUE-TOA, Eq. 21), and 1100 
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EC tower measured GPP (GPPEC) across four NATT sites during 2000-2013. All data are at 8-d 1101 

temporal resolution.  1102 

  1103 
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 1104 

Figure 9 Site-level relationships between satellite estimated GPP and EC tower measured GPP 1105 

(GPPEC) for green-up and brown-down phases across four NATT sites. (A1-A4) MODIS GPP 1106 

product (GPPMOD17); (B1-B4) GPP simulated using EVI alone (GPPEVI); (C1-C4) GPP simulated 1107 

using eLUETOC model (GPPeLUE-TOC), and (D1-D4) GPP simulated using eLUETOA model (GPPeLUE-1108 

TOA). The green-up phase is defined as the period from left trough before greening season to time 1109 

when GPP reached a peak, while the brown-down phase is defined as the period following peak 1110 

GPP to right trough after the cessation of the greening season. The unit of RMSE is g C m
-2

 d
-1

.  1111 
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 1112 

Figure 10 Biogeographic patterns of GPP over the NATT study area during 2000-2013. (1) Mean 1113 

annual GPP (g C m
-2

 yr
-1

); (B) coefficient of variance (CV, %) of annual GPP; (C) Mean daily GPP 1114 

(g C m
-2

 d
-1

) during the wet season (January-March); (D) mean daily GPP (g C m
-2

 d
-1

) during the 1115 
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dry season (July-September). The GPP was simulated using the eLUETOA model driven by PARTOA 1116 

(Eq. 21).  1117 
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