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4. Discussion

4.1. LUE in field measurements and in remote sensing models

Some large-scale studies have cautioned the use of field-derived LUE 
values in remote sensing models. For the United States, Lobell et al. 
(2002) calibrated LUE values in the CASA model using Advanced 
Very High Resolution Radiometer (AVHRR) satellite data with agri-
cultural survey data. Their derived ε*

GPP values after translation were 
only 1.43 ± 0.27 gC MJ−1 for corn and 0.63 ± 0.20 gC MJ−1 for non-
corn areas. Bradford et al. (2005) also found that the LUE values esti-
mated from the AVHRR data were well below the values that were de-
rived from field measurements. In these studies, the large discrepancies 
between the LUE values in remote sensing models and field measure-
ments were attributed to the biased location selection in field measure-
ments and the overestimated APAR values in satellite-based studies. 
However, we observe that the ε*

GPP values derived from inventory data 
are consistent with those derived from the flux tower data (Figure 8). 
In our best fit with the tower-based GPP reference, the ε*

GPP values are 
2.78 ± 0.48 gC MJ−1 for corn and 1.64 ± 0.23 gC MJ−1 for soybean 
based on the Local-MOD15 model. When using the inventory-based  

Figure 5. Annual GPP derived from the 2011 national inventory data are plotted against the modeled PAR × EVI × f(ε) products by applying (a) a general crop-
land mask (EVI-Mask) and (b) a fractional cropland map (EVI-Frac). Solid lines denote linear regressions with no intercepts. Dashed lines denote lines with the 
ε*

GPP values used by MOD17A2.

Figure 6. The spatial distribution of annual cropland GPP in 2011 as derived 
by (a) the yearly MODIS GPP products (MOD17A3), (b) the EVI-Mask model 
setup with a general cropland ε*

GPP, and (c) the EVI-Frac model setup with 
crop-specific ε*

GPP.

Figure 7. GPP estimates (mean ± standard deviation) in 2011 as derived from 
NASS inventory data and modeled by MOD17A3 and different model setups. 
The model setups are specified in Table 2. Standard deviations of MODIS GPP 
estimates are derived using all pixels that have subpixel proportions of corn or 
soybean greater than 50%.
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GPP references, the derived ε*

GPP values are 2.48 ± 0.65 gC MJ−1 for 
corn and 1.18 ± 0.29 gC MJ−1 for soybean using the MOD15-Frac 
model. All these values fall within the range of field-measured results 
as reviewed by Sinclair and Muchow (1999).

Though different from early studies using AVHRR data (Bradford 
et al., 2005; Lobell et al., 2002), our findings show agreement with re-
cent studies (Bandaru et al., 2013; Chen et al., 2011; Guanter et al., 
2014) and indicate that the field-derived ε*

GPP values should be con-
sistently used for large-scale modeling. In our results (Figures 2 and 
5), it is clear that the underestimated MODIS GPP is largely due to the 
underestimated ε*

GPP. The MODIS Land Science team has made tre-
mendous efforts on model parameterization in a generalized manner 
to characterize global biomes, such that the ε*

GPP values prescribed in 
the current MODIS GPP products do not vary with geographical lo-
cation. Our evaluation efforts imply that there is a need to readjust the 
parameters in the MOD17 model carefully for studies in specific re-
gions, especially agricultural zones.

4.2. Uncertainties of ε*
GPP estimates in regional modeling

Several factors may influence the inversion of the MOD17 model for 
deriving optimal cropland ε*

GPP values in our study. First, we did not try 
to alter the MOD17 model structure, which uses TMIN and VPD to ac-

count for climatic stresses. Other PEMs used slightly different climate 
variables to down-regulate LUE estimates (Cramer et al., 1999; Wu et 
al., 2010), and recent studies also tried to estimate LUE directly from 
remote sensing data (Hilker et al., 2008, 2010). To understand the in-
fluences of environmental factors on the modeled results, we also per-
form model calibrations without environmental LUE limitations (i.e., 
without f(ε) in Eq. (1)) using the Local-MOD15 model setup. The de-
rived LUE values are 2.31 gC MJ−1 for corn and 1.37 gC MJ−1 for soy-
bean, which are approximately 16.9% and 16.5% lower than the mod-
els with environmental LUE down-regulations, respectively.

Second, the general cropland mask defined by a threshold of 50% 
influences regional GPP modeling. When the cropland mask is defined 
based on thresholds of 40% or 60%, the calibrated cropland ε*

GPP val-
ues using the MOD15-Mask model setup are 2.06 ± 0.15 gC MJ−1 or 
1.60 ± 0.10 gC MJ−1, which are approximately 14.4% higher or 11.2% 
lower, respectively, than when a threshold of 50% is applied (Table 
4). The method that applies fractional land use maps circumvents the 
threshold problem and provides reliable ε*

GPP and GPP estimates (Fig-
ures 7 and 8). Even the NASS CDL data routinely produce fine-resolu-
tion land use maps on an annual basis, successful algorithms that can 
produce global crop-specific maps at fine resolutions remain to be de-
veloped (Yu et al., 2013; Zhong et al., 2011).

Finally, satellite-derived FPAR also influence the ε*
GPP estimates. 

Models with EVI-based FPAR perform better than the MOD15-based 
FPAR in terms of the explained GPP variance (Figure 4). However, 
ε*

GPP values derived from EVI-based FPAR are approximately 14–
25% greater than values derived from the MOD15-based FPAR (Ta-
bles 3 and 4). Similar to previous studies (Kalfas et al., 2011; Xiao 
et al., 2004), the constant in Eq. (6) for estimating the FPAR was as-
sumed to be 1.0. Additional field studies are necessary for quantifying 
the relationships between EVI and FPAR for different crop species.

5. Conclusions

Satellite remote sensing provides an efficient method for monitoring 
vegetation GPP at a large scale. However, parameterization of the light 
use efficiency varies considerably for croplands. Based on the MOD17 
model, we evaluate ε*

GPP values at multi scales using both in situ mea-
surements and inventory data.

We observed consistent LUE values from both site and regional-
scale models. The derived ε*

GPP values based on the 28 site-years tower 
measurements are 2.78 ± 0.48 gC MJ−1 for corn and 1.64 ± 0.23 gC 
MJ−1 for soybean. Calibrations using 4-year inventory data generate 
ε*

GPP values of 2.48 ± 0.65 gC MJ−1 for corn and 1.18 ± 0.29 gC MJ−1 
for soybean. The environmental factors account for approximately 16% 
uncertainties of the ε*

GPP estimates. The general cropland mask with 
varying thresholds (0.40–0.60) accounts for 11–14% of the uncertainty 
in the GPP estimates. The different methods that are used to derive 
FPAR from satellite data may generate 14–25% uncertainties of ε*

GPP. 
Given the results from both tower measurements and inventory data, 
we conclude that field-derived LUE values should be used consistently 
in large-scale modeling.

We also observed that the MODIS GPP products are underes-
timated for croplands in the Midwestern US. Using model setups 
similar to the MOD17 GPP product, the derived ε*

GPP value is 1.80 
± 0.12 gC MJ−1, or 1.73 times greater than the value prescribed in the 
current MOD17 GPP model. With recalibrated ε*

GPP values, the mod-
eled annual GPP could match national inventory data. These results 
suggest that the parameters (primarily ε*

GPP) in the MOD17 model 
should be carefully readjusted to characterize cropland GPP in the 
Midwestern US.

Figure 8. Comparisons of the derived ε*
GPP values based on different model 

setups for (a) corn and (b) soybean. Standard deviations are calculated based 
on data from all site-years and county-years.
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