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a  b  s  t  r  a  c  t

Crop  gross  primary  productivity  (GPP)  is  an important  characteristic  for evaluating  crop  nitrogen  content
and yield,  as  well  as  the  carbon  exchange.  Based  on the  close  relationship  observed  between  GPP and  total
chlorophyll  content  in  crops,  we applied  a model  that relies  on  a product  of  chlorophyll-related  vegetation
index and  incoming  photosynthetically  active  radiation  for  remote  estimation  of  GPP in  maize.  In this
study,  we  tested  the  performance  of  this  model  for  maize  GPP  estimation  based  on  spectral  reflectance
collected  at  a close  range,  6 m above  the  top  of the  canopy,  over  a period  of  eight  years  from  2001  through
2008. Fifteen  widely  used  chlorophyll-related  vegetation  indices  were  employed  for  GPP  estimation  in
irrigated  and rainfed  maize,  and  accuracy  and  uncertainties  of  the  models  were  compared.  We also
explored  the  possibility  of  using  a unified  algorithm  in estimating  maize  GPP  in  fields  that  are  different
in  irrigation,  field  history  and  climatic  conditions.  The  results  showed  that  vegetation  indices  that  closely
relate to total  canopy  chlorophyll  content  and/or  green  leaf  area  index  were  accurate  in GPP estimation.
Both  green  and  red edge  Chlorophyll  Indices,  MERIS  Terrestrial  Chlorophyll  Index  as well  as  Simple  Ratio
were  the  best  approximations  of  the  widely  variable  GPP  in  maize  under  different  crop  managements
and  climatic  conditions.  They  were  able  to predict  daily  GPP  reaching  30 gC/m2/d  with  RMSE  below
2.75  gC/m2/d.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

With the rising demand for agricultural products and commodi-
ties all over the world, croplands play an increasingly important
role in global ecosystem balance, as well as human sustainable
development. It is reported that approximately 24% of Earth’s ter-
restrial surface is occupied by cultivated systems (Cassman and
Wood, 2005). Gross primary production (GPP) of crops is the rate
at which a cropland captures and stores carbon as biomass. Crop
GPP has been estimated to contribute 15% of global carbon dioxide
fixation through photosynthesis (Malmstrom et al., 1997). There-
fore, there is a growing interest in crop GPP estimation especially
on a regional and global scale, particularly in maize croplands that
almost dominate agricultural land use in the north-central USA. An
accurate and synoptic quantification of spatially distributed GPP of
maize is essential for monitoring crop growth and carbon exchange
of this region.

Field studies use tower eddy covariance systems to calculate
seasonal and inter-annual dynamics of GPP in crops. Such microm-
eteorological approaches provide reliable and accurate estimates
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of GPP, based on measurements of the entire net CO2 flux between
the land surface and the atmosphere (e.g., Verma et al., 2005). How-
ever, it measures CO2 fluxes over a limited area, although at a high
temporal resolution. The up-scaling beyond these small footprints
is needed for regional and global carbon budget evaluations as well
as for estimating crop yield. Since crop productivity is a result of
the interaction of solar radiation with plant canopy, remote sens-
ing technique can be used as an expedient tool for GPP estimation
over large areas.

The GPP estimate is based on a concept originally developed by
Monteith (1972),  suggesting that the GPP of stress-free plants is
linearly related to the product of the incoming photosynthetically
active radiation (PARin), the fraction of PAR absorbed by photo-
synthetically active elements of plants (fAPARgreen) and efficiency
of converting absorbed radiation to biomass, light use efficiency
(LUE):

GPP ∝ LUE × fAPARgreen × PARin (1)

Chlorophyll is a very important leaf pigment for absorbing radi-
ation for photosynthesis. Total canopy chlorophyll (Chl) content
was defined as the product of leaf chlorophyll content and total leaf
area index, LAI (Ciganda et al., 2009; Gitelson et al., 2005), which
seems the most relevant community property of vegetation pro-
ductivity (e.g., Whittaker and Marks, 1975). The recent studies have
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shown that the two key physiological properties of photosynthesis
process in Eq. (1),  fAPARgreen and LUE, relate to total Chl content
(Gitelson et al., 2006a; Hilker et al., 2011; Houborg et al., 2011;
Peng et al., 2011). Thus, total Chl content relates to GPP, which,
in turn, relates directly to photosynthesis. The close relationship
between GPP and total Chl content in crops has been observed and
this relationship seems non-species-specific (Gitelson et al., 2006a;
Wu et al., 2009). The model that relies on the total Chl content and
PARin for GPP estimation was suggested in the form (Gitelson et al.,
2003a, 2006a):

GPP ∝ Chl × PARin (2)

There are two different approaches to the remote estimation
of Chl content in crops. One of them is to assess the leaf Chl con-
tent by such vegetation indices (VI) as MCARI, TCARI, TCARI/OSAVI
(Table 1). The other approach is to assess the total Chl content by
such VIs as Chlorophyll Indices (CIgreen and CIred edge) and MTCI
(Table 1), or to estimate green LAI,  which closely relates to total
crop canopy Chl content (Ciganda et al., 2008), by Simple Ratio,
NDVI, EVI (Huete et al., 1997), WDRVI, and TVI-like VIs (Table 1).

While monitoring leaf Chl content is a crucial component of
farm management (Daughtry et al., 2000; Haboudane et al., 2002),
canopy Chl content or total Chl content relates closely to primary
production (e.g., Lieth and Whittaker, 1975; Gitelson et al., 2006a;
Wu et al., 2009; Hilker et al., 2011) and crop yield (Walters, 2003;
Solari et al., 2008). Thus, the VIs, which closely relate to total canopy
Chl content, can be employed to estimate crop GPP. So the model
of Eq. (2) can be presented as:

GPP ∝ VI × PARin (3)

The paradigm of the model (Eq. (3))  is based on the assumption
that the total canopy Chl in crops is the main driver of GPP. This
methodology was justified in detail by Gitelson et al. (2006a) and
Peng et al. (2011),  and the VIs used for total Chl content retrieval
were successfully applied for GPP estimation in crops.

The objectives of this paper are (1) to test the performances of
several widely used VIs for GPP estimation in maize; (2) to assess
the accuracy of the model (Eq. (3)) in estimating irrigated and rain-
fed maize GPP; (3) to explore the possibility of using a unified
algorithm for GPP estimation in both irrigated and rainfed maize;
(4) to assess the accuracy and uncertainties of a unified algorithm
for GPP estimation in fields that are different in crop management,
filed history and climatic conditions.

2. Materials and methods

2.1. Study sites and field management practice

Three AmeriFlux sites were studied from 2001 through 2008.
They are located within 1.6 km of each other at the Univer-
sity of Nebraska-Lincoln Agricultural Research and Development
Center near Mead, Nebraska, USA. Site 1 and site 2 are 65-ha
fields equipped with center pivot irrigation systems. Site 3 is
of approximately the same size, but relies entirely on rainfall
for moisture. Site 1 is planted in continuous maize. Site 2 and
site 3 are both planted in maize–soybean rotation and maize
was planted in odd years (2001, 2003, 2005, and 2007). Prior to
2001, site 1 and site 2 had a 10-year history of maize–soybean
rotation under no-till, while site 3 had a variable cropping his-
tory of primarily wheat, soybean, oats and maize with tillage
(http://public.ornal.gov/ameriflux/site-select.cfm, 2011). Table 2
shows the maize hybrid, field management, maize productivity and
yield in each field from 2001 through 2008.

2.2. CO2 fluxes and PARin

Each site is equipped with an eddy covariance tower and mete-
orological sensors to obtain continuous measurements of CO2
fluxes, water vapor and energy fluxes since 2001. To have suffi-
cient upwind fetch in all directions, eddy covariance sensors were
mounted in these three study sites at 3 m above the ground while
the canopy was shorter than 1 m,  and later moved to a height
of 6.2 m until harvest to collect hourly data of CO2 fluxes from
2001 through 2008 (details are given in Verma et al., 2005). The
study sites represented approximately 90–95% of the flux foot-
print during daytime and 70–90% during night-time (e.g., Schuepp
et al., 1990). Daytime net ecosystem exchange (NEE) values were
computed by integrating the hourly CO2 fluxes collected during
a day when PARin exceeding 1 mmol/g/m2/d. Daytime estimates
of ecosystem respiration (Re) were obtained from the night CO2
exchange and temperature relationship (e.g., Falge et al., 2002). The
daytime GPP was  then acquired by subtracting Re from NEE. This
approach has been widely used in the context of tower flux mea-
surements and is considered to provide reasonable estimates at the
landscape level (Verma et al., 2005; Suyker et al., 2005).

Hourly PARin was measured with point quantum sensors (LI-
190, LI-COR Inc., Lincoln, NE) pointing to the sky, and placed
6 m above the surface. Daytime PARin values were computed by
integrating the hourly measurements during a day when PARin
exceeding 1 mmol/g/m2/d.

2.3. Canopy reflectance measurement and vegetation indices used

Spectral reflectance measurements at the canopy level were
made using hyperspectral radiometers mounted on “Goliath”, an
all-terrain sensor platform (Rundquist et al., 2004). A dual-fiber
optic system, with two inter-calibrated Ocean Optics USB2000
radiometers, was used to collect radiometric data in the range
of 400–1100 nm with a spectral resolution of about 1.5 nm. One
radiometer was pointed downward to measure the upwelling radi-
ance of the crop, while the other was  pointed upward to measure
the incident irradiance simultaneously. Radiometric data was col-
lected close to solar noon (between 11:00 and 13:00 local time),
when changes in solar zenith angle were minimal, and percent
reflectance was then computed based on those measured radiance
and irradiance (details are given in Gitelson et al., 2006a). Spectral
reflectance measurements at canopy level were carried out dur-
ing the growing season each year from 2001 through 2008. This
resulted in 173 measurement campaigns (18 in 2001, 31 in 2002,
34 in 2003, 31 in 2004, 21 in 2005, 15 in 2006, 14 in 2007 and 9 in
2008).

In this study, we tested several widely used VIs for GPP  esti-
mation presented in Table 1. We  also used the ratio TCARI/OSAVI
(Haboudane et al., 2002) and the product TVI × MCARI, where TVI is
assumed to be a proxy for green LAI (Broge and Leblanc, 2000) and
MCARI is a proxy for leaf Chl (Daughtry et al., 2000). The collected
reflectance spectra were resampled to spectral bands of MODIS
(green: 545–565 nm,  red: 620–670 nm,  and NIR: 841–876 nm)
using MODIS spectral response function and SR, NDVI, EVI2, VARI,
WDRVI and CIgreen were calculated. The reflectance spectra were
also resampled to spectral bands of MERIS (green: 555–565 nm,
red: 660–670 nm,  red edge: 703–712 nm and NIR: 750–760 nm)
using MERIS spectral response function and TVI, MTVI1, MTVI2,
MCARI, TCARI, MTCI, TCARI/OSAVI, TVI × MCARI and CIred edge were
calculated.

Photochemical Reflectance Index, PRI (Gamon et al., 1992) was
calculated in the form: PRI = (�531 − �570)/(�531 + �570), where �531
and �570 are reflectances at 530 nm and 570 nm, respectively. It was
used as a surrogate of LUE in a model GPP = VI × PARin × LUE.
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Table  1
Summary of vegetation indices used in this paper.

Vegetation index Formula Reference

SR �NIR/�red Jordan (1969)
NDVI (�NIR − �red)/(�NIR + �red) Rouse et al. (1974)
OSAVI (1 + 1.16) × (�NIR − �red)/(�NIR + �red + 0.16) Rondeaux et al. (1996)
EVI2  2.5 × (�NIR − �red)/(1 + �NIR + 2.4 × �red) Jiang et al. (2008)
TVI 0.5 × [120 × (�750 − �550) − 200 × (�670 − �550)] Broge and Leblanc (2000)
MTVI1 1.2 × [1.2 × (�800 − �550) − 2.5 × (�670 − �550)] Haboudane et al. (2004)
MTVI2  1.5 × [1.2(�800 − �550) − 2.5 × (�670 − �550)]/sqrt ((2�800 + 1)2 − (6�800 − 5sqrt(�670)) − 0.5) Haboudane et al. (2004)
VARI  (�green −�red)/(�green + �red) Gitelson et al. (2002)
WDRVI* (  ̨ × �NIR − �red)/(  ̨ × �NIR + �red), 0 <  ̨ < 1 Gitelson (2004)

(˛  × �NIR −�red)/(  ̨ × �NIR + �red) + (1 − ˛)/(1 + ˛),  ̨ = 0.2 This paper*

MCARI [(�700 − �670) − 0.2(�700 − �550)] × (�700/�670) Daughtry et al. (2000)
TCARI 3[(�700 − �670) − 0.2(�700 − �550) × (�700/�670)] Haboudane et al. (2002)
MTCI  (�NIR − �red edge)/(�red edge − �red) Dash and Curran (2004)
CIgreen �NIR/�green − 1 Gitelson et al. (2003b) and Gitelson et al. (2005)
CIred edge �NIR/�red edge − 1 Gitelson et al. (2003b) and Gitelson et al. (2005)

* In original formulation (Gitelson, 2004), WDRVI may  be negative for low to moderate vegetation density. In this paper, we calculated WDRVI as
(0.2  × �NIR − �red)/(0.2 × �NIR + �red) + 0.67, which ranged from 0 to 1.67.

3. Results and discussion

The temporal behavior of GPP during growing season includes
two types of variation. Low frequency variation of GPP mainly
follows changes of crop growing cycles, which closely relates
to Chl content, thus, to chlorophyll-related VIs. Fig. 1 shows
several examples of temporal behavior of VIs and GPP, illus-
trating their similar temporal pattern during eight-year growing
seasons.

Another type of GPP variation occurs at much higher frequency,
which correspond to high frequency variations of PARin due to
change in weather conditions. In addition, there is a significant
decline of PARin (beginning in August in Mead, NE) as a result
of the Earth’s orbital eccentricity variation, which causes lower
productivity in crops of the late season (Fig. 7 in Peng et al.,
2011). The variations of GPP caused by variations of PARin either
due to weather or seasonal changes would not be explained by
chlorophyll-related VI alone, because variations of PARin would not
result in the immediate changes of crop Chl content. When consid-
ering this, the model for GPP estimation in crops has to be based on
the product of VI and PARin as Eq. (3).

Based on this model, we then tested several widely used
chlorophyll-related indices for GPP estimation from the data
collected over a period of eight years from 2001 through
2008.

3.1. GPP estimating in rainfed and irrigated maize

Maize grown in site 1 and site 2 was under scheduled irrigation
management, while maize in site 3 relied entirely on rainfall. Irri-
gation provided about 40–50% of the total water received by maize
in irrigated sites, while the rainfall is the only provision of water
for the rainfed cropland use. Therefore, the precipitation mostly
impacted the soil moisture in the rainfed site, which was very dif-
ferent from irrigated sites especially in drought years. Water stress
occurred under low soil moisture condition, which would severely
affect grain yield. For example, during dry periods in 2003, soil
moisture at 10 cm depth in the rainfed site dropped more than 40%
compared to that in irrigated sites. As a result, the ratio of grain yield
in the irrigated site to that in rainfed site was above 1.8 in 2003,
while in a “normal” year with higher precipitation (e.g., 2007), it
was below 1.3 (Suyker and Verma, 2010). Our 8-year study period
represents wet  years as well as “normal” and dry years, in which the
maize in the rainfed site might suffer from water stress at different
degree, while the maize in irrigated sites was  relatively stress-free.
In addition, the density of planting in the rainfed site was much
lower than in irrigated sites in order to account for differences in
water-limited attainable yield (Fig. 2, Table 2). Thus, the maximal
values of LAI, biomass and GPP were different between irrigated
and rainfed maize. Having concurrent observations in the irrigated
and rainfed sites, we  address following questions: (1) how accurate

Table 2
Maize management details, yield and maximum GPP for the three study sites during 2001–2008.

Site/year Maize hybrid Density Tillage operation Applied N Max  GPP  Yield
(plants/ha) (kg N/ha) (gC/m2/d) (Mg/ha)

Site 1: Irrigated continuous maize
2001 Pioneer 33P67 82,000 Intensive tillage 196 31.1 13.51
2002  Pioneer 33P67 81,000 No-till 214 28.8 12.97
2003  Pioneer 33B51 77,000 No-till 233 27.3 12.12
2004  Pioneer 33B51 84,012 No-till 293 30.4 12.24
2005  DeKalb 63–75 82,374 No-till 246 26.7 12.02
2006  Pioneer 33B53 84,012 Conservation-plow 210 26.2 10.46
2007  Pioneer 31N30 74,000 Conservation-plow 272 30.6 12.79
2008  Pioneer 31N30 84,000 Conservation-plow 123 26.9 11.99
Site  2: Irrigated maize–soybean rotation
2001 Pioneer 33P67 81,000 Intensive tillage 196 33.5 13.41
2003  Pioneer 33B51 78,000 No-till 169 28.2 14.00
2005 Pioneer 33B51 81,000 No-till 170 27.2 13.24
2007  Pioneer 31N28 75,000 No-till 183 27.6 13.21
Site  3: Rainfed maize–soybean rotation
2001 Pioneer 33B51 52,600 Intensive tillage 128 28.9 8.72
2003  Pioneer 33B51 57,600 No-till 90 25.2 7.72
2005 Pioneer 33G68 56,300 No-till 118 22.5 9.10
2007 Pioneer 33H26 52,000 No-till 125 24.3 10.23
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Fig. 1. Temporal behavior of GPP and (a) NDVI, (b) EVI2, (c) SR, (d) CIgreen in maize
during the growing seasons 2001 through 2008. The solid lines are the daily GPP;
the diamonds represent the VIs at selected dates.

is the model (Eq. (3)) in estimating GPP for rainfed and irrigated
maize? (2) Are the algorithms developed for irrigated and rainfed
maize different?

We established the relationships of GPP vs. VI × PARin for irri-
gated maize (12 fields: site 1 from 2001 through 2008; site 2 in
2001, 2003, 2005 and 2007) and for rainfed maize (4 fields: site 3
in 2001, 2003, 2005 and 2007) separately, and then compared the
determination coefficients (R2), root mean square errors (RMSE)

Fig. 2. Density of maize planting in the three sites from 2001 through 2008.

and coefficients of variation (CV) of the two relationships for fif-
teen VIs; twelve of them presented in Table 3. R2 of the relationships
GPP vs. TCARI × PARin was 0.40 for irrigated maize and 0.62 for rain-
fed maize; R2 was even lower for TCARI/OSAVI (0.11 for irrigated
maize and 0.22 for rainfed maize). These VIs were suggested for
leaf Chl estimation and, not surprisingly, they do not track total
crop Chl content and GPP. The relationship TVI × MCARI × PARin vs.
GPP was  weaker than that of TVI × PARin vs. GPP. TVI is a surrogate
of green LAI, while MCARI is a surrogate of leaf Chl. Total crop Chl is
a product of leaf Chl and total LAI; this explains weaker relation of
TVI×MCARI×PARin with GPP.

For all VIs, presented in Table 3, the relationships with GPP
for both irrigated and rainfed maize were quite close with CV
below 25% except MCARI with CV above 30% for GPP estimation
in irrigated sites and 23% in rainfed sites. NDVI was a good
indicator of low-to-moderate GPP but was insensitive to GPP
above 14 gC/m2/d. At intermediate to high Chl content (a) the
red reflectance tends to saturate and becomes insensitive to Chl
content, and (b) NIR reflectance is much higher than the red
reflectance (�NIR � �red), which results in very low sensitivity of
NDVI to red reflectance, and, thus, to Chl content (Asrar et al.,
1984; Goward and Huemmerich, 1992; Gitelson, 2004; Gitelson
et al., 2006b; Vina and Gitelson, 2005). VARI, EVI2 and WDRVI
were more sensitive than NDVI to moderate-to-high GPP, but such
NDVI-like indices were still less sensitive to high Chl content. The
SR, CIs and MTCI remain sensitive to the wide range of Chl content
as well as GPP (Gitelson et al., 2003a; Gitelson et al., 2006b; Dash
and Curran, 2004; Peng et al., 2011).

The maximum GPP produced by irrigated maize were approxi-
mately 15% higher than that of rainfed maize. So the model based
on NDVI- and TVI-like indices for GPP estimation is more accurate
for rainfed than irrigated maize, because they are more capable of
estimating low-to-moderate GPP, but less sensitive to high GPP,
which is more often in irrigated sites. The SR and CIs, which are
sensitive to the wide range of Chl content and GPP, are able to
estimate GPP in rainfed maize as accurately as in irrigated maize.
As shown in Table 3, the different water supply, plant densities,
dynamic ranges of LAI, biomass and GPP did not result in signifi-
cant difference in R2, RMSE and CV of the relationships based on SR
and CIs in irrigated and rainfed fields. It shows that the model that
relies on total crop Chl content and PARin can be applied to estimate
GPP accurately not only in maize under best management prac-
tices (irrigated maize) but also the maize grown in water-limited
conditions (rainfed maize).

While the model (Eq. (3)) was  accurate in estimating GPP in both
rainfed and irrigated maize, the algorithms, developed for irrigated
and rainfed maize, were statistically significantly different for all
the VIs except NDVI (p-value was  0.84 for NDVI, less than 0.01 for
EVI2, VARI, MTCI and WDRVI, and less than 0.0001 for CIgreen, CIred

edge and SR). Scattering of the relationship of NDVI × PARin vs. GPP
was rather wide, which made it impossible to distinguish the dif-
ference between rainfed and irrigated sites. For other VIs tested,
the slope of the relationship of GPP vs. VI × PARin for the rainfed
sites was consistently larger than for irrigated sites. The main rea-
son for such difference might be that the density of planting in
the rainfed site was at least 25% lower than in irrigated sites (Fig. 2,
Table 2). In crops with the same total Chl content, maize in the rain-
fed site had higher GPP than that in more densely planted irrigated
sites. In other words, maize planted at a lower density can pro-
duce more GPP per Chl content. The plant density affects the light
climate inside the canopy, so fAPAR value. Thus, light penetrates
deeply into the sparsely distributed plants and can be absorbed
for photosynthesis more efficiently. In more densely planted fields,
light absorption by leaves underneath the top layer would be some-
what limited by the shadow of nearby plants. This is accord with
Borras et al. (2003) findings that increased maize plant population
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Table  3
Determination coefficients (R2), root mean square errors (RMSE) and coefficients of variation (CV) of quadratic polynomial relationships between daytime GPP and the
product of vegetation index and incident PAR (VI × PARin) for 12 vegetation indices in irrigated maize (12 fields) and rainfed maize (4 fields). Maximum GPP produced by
maize  was 34.17 gC/m2/d in irrigated sites, while 29.47 gC/m2/d in the rainfed sites.

MCARI NDVI MTVI1 TVI VARI EVI2 MTVI2 WDRVI MTCI SR CIgreen CIred edge

R2 Irrigated 0.63 0.78 0.80 0.80 0.81 0.81 0.85 0.87 0.92 0.88 0.91 0.91
Rainfed 0.82 0.84 0.90 0.90 0.88 0.87 0.92 0.91 0.80 0.88 0.89 0.89

RMSE,gC/m2/d Irrigated 4.94 3.85 3.64 3.60 3.57 3.48 3.17 2.98 2.25 2.59 2.56 2.41
Rainfed 3.23 3.14 2.43 2.45 2.68 2.60 2.14 2.27 3.39 2.33 2.28 2.26

CV,  % Irrigated 31.3 24.4 23.1 22.8 22.6 22.0 20.1 18.8 14.2 16.4 16.2 15.2
Rainfed 23.6 22.9 17.7 17.9 19.6 19.0 15.7 16.5 24.8 17.0 16.6 16.5

decreases the light penetration within the canopy, and also affects
light composition perceived by leaves and the vertical profile of leaf
N content of crops, thus decreasing grain protein concentrations.

3.2. A unified algorithm for GPP estimation in rainfed and
irrigated maize

Although the algorithms for GPP estimation in irrigated and
rainfed maize were found to be different, there is a need for a uni-
fied algorithm that is able to estimate GPP in maize grown in both
irrigated and rainfed fields. It is an especially important issue when
using remote sensing techniques with coarse spatial resolution that
do not able to separate the signals from sites with different irriga-
tion practices. In order to assess the accuracy of a unified algorithm
for GPP estimation in both rainfed and irrigated maize, we estab-
lished one relationship between GPP and VI × PARin based on data
collected over16 fields containing rainfed and irrigated maize from
2001 through 2008. Table 4a summarizes the statistical character-
istics (R2, RMSE and CV) of such unified algorithms for twelve VIs
and the relationships are presented in Fig. 3.

By comparing Table 4a with Table 3, one can see that the accu-
racy of the unified algorithms for GPP estimation using NDVI- and
TVI-like indices (NDVI, VARI, EVI2, WDRVI, TVI, MTVI1 and MTVI2)
were almost the same as the accuracy of the algorithms devel-
oped for irrigated sites; however, it was lower than the accuracy of
the algorithms developed for rainfed sites. For these indices, most
errors came from less accurate estimation of moderate-to-high GPP
values due to their decrease in sensitivity to the moderate-to-high
total chlorophyll/green biomass. The NDVI- and TVI-like indices
were more accurate for GPP estimation in rainfed maize, since much
less number of samples with high GPP was available in rainfed fields
than irrigated fields.

The unified algorithms based on MTCI, SR and CIs, which are
sensitive to wide range of GPP, were able to accurately estimate
GPP in both irrigated and rainfed sites. CV of GPP estimation by SR
and CIs, in irrigated and rainfed sites combined were only slightly
higher (17.65% vs. 17.01% for SR, 17.52% vs. 16.64% for CIgreen and
16.60% vs. 16.50% for CIred edge) than that of irrigated and rainfed
sites when treated separately. MTCI also was able to estimate GPP
with CV below 18%.

Overall, all relationships established for irrigated and rainfed
data combined, except MCARI, were quite close (Fig. 3), showing
that it is possible to use a unified algorithm to accurately estimate
maize GPP in both rainfed and irrigated sites. Among the twelve
VIs tested, SR, CIs and MTCI seems to be most accurate for GPP esti-
mation. Importantly to note that the products of PARin and EVI2,
VARI and WDRVI have linear relations with GPP while the sensitiv-
ity of other NDVI- and TVI-like indices decreased as GPP exceeded
14 gC/m2/d. In contrast, the sensitivity of the products of PARin and
SR, MTCI, CIgreen and CIred edge to moderate-to-high GPP was  higher
than their sensitivity to low GPP.

To show the role of PARin in the model (Eq. (3)), we  established
relationships GPP vs. VI and calculated statistics of these relation-
ships (Table 4b). The accuracy of GPP estimation by VIs alone was
much lower than using Eq. (3).

We  compared the performances of the product VI × PRI × PARin
and VI × PARin for GPP estimation and found no improvement by
using PRI as an approximation of LUE for GPP estimation for both
irrigated and rainfed maize. While relationship PRI vs. total canopy
Chl was  significant (R2 = 0.60, p-value < 0.01), the relationship of
PRI with LUE = GPP/APARgreen, where APARgreen is the radiation
absorbed by green elements of plants (Hall et al., 1992), was  very
weak (R2 = 0.07, p-value = 19.35). Thus, PRI may  not be effective as
a surrogate of LUE in ecosystems where Chl content closely follows
the seasonal dynamic of CO2 exchange such as croplands, deciduous
forests and grasslands (Garbulsky et al., 2011; Peng et al., 2011).

The maize hybrid, field history and crop management in studied
16 maize fields differed from field to field (Table 2). Eight different
cultivars of maize were grown in the 16 fields, density of plant-
ing ranged from 52,000 to 84,012 plants/ha, and nitrogen applied
ranged from 90 to 293 kg N/ha among the fields. Site 1 is irrigated
continuous maize system, site 2 is irrigated maize–soybean rota-
tion system, and site 3 is rainfed maize–soybean rotation system.
In addition, site 1 was under tillage operation since 2006, while
site 2 and site 3 under no-till management. Because the residue
reflectance was  much higher than bare soil reflectance, from 2006
through 2008 soil reflectance in site 1 was  significantly lower than
that in sites 2 and 3. Furthermore, the climatic conditions were also
quite different among 8 years. For example, the growing seasons of
2001 and 2002 were slightly warmer than 2003. There were obvi-
ous dry periods during reproductive stages in 2001 and 2003 and
during vegetative stages in 2005. However, 2006, 2007 and 2008
were relatively wet years with no significant dry period (Suyker
and Verma, 2010). In accord with that, the dynamic ranges of LAI,
GPP and yield produced by maize were different in the 16 fields. For
example, the maximum LAI was  6.2 m2/m2 in the “good” year (site
1 in 2001), while only 4.3 m2/m2 in the dry year (site 3 in 2003).
All these differences existing among years and fields might affect
relationships between GPP and VI × PARin. In Fig. 4, relationships
between GPP and VI × PARin in 16 fields are presented together with
the best-fit functions for all 16 fields combined. Table 5 summa-
rized how the unified algorithms work in estimating GPP in each of
these 16 fields. Overall, the unified algorithms based on CIs, MTCI,
SR and WDRVI were found to be most accurate for GPP estimation
with the mean CV of 16 fields less than 23%, while the algorithms
based on NDVI, VARI, EVI2, TVI and MTVI1were less accurate (CV
was between 26% and 29%). MCARI had the highest CV exceeding
35% (Fig. 5).

3.2.1. Model calibration and validation
To calibrate and validate the algorithms for GPP estimation,

we created a dataset including all data taken from 2001 through
2008 in three sites (332 samples in total), and sorted all samples
in ascending order of GPP. Data with odd numbers were used for
establishing the relationships GPP vs. VI × PARin and, thus, calibrat-
ing the algorithms. The established relationships are presented in
Table 6. In addition to such statistical characteristic of the estab-
lished relationships as determination coefficient R2, it is important
to assess sensitivity of each algorithm to GPP. To estimate how sen-
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Table  4a
Determination coefficients (R2), root mean square error (RMSE), coefficients of variation (CV) of quadratic polynomial relationships between daytime GPP  and VI × PARin

established using data collected in 16 irrigated and rainfed fields from 2001 through 2008. GPP ranged from 0 to 35 gC/m2/d.

MCARI NDVI MTVI1 TVI VARI EVI2 MTVI2 WDRVI SR CIgreen MTCI CIred edge

R2 0.67 0.80 0.82 0.82 0.82 0.82 0.86 0.87 0.86 0.88 0.89 0.88
RMSE,  gC/m2/d 4.61 3.71 3.44 3.41 3.40 3.34 3.01 2.88 2.70 2.68 2.66 2.54
CV  (%) 30.0 24.1 22.3 22.1 22.1 21.7 19.6 18.7 17.5 17.4 17.3 16.5
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Fig. 3. Relationship between GPP and (a) NDVI × PARin, (b) VARI × PARin, (c) EVI2 × PARin, (d) WDRVI × PARin, (e) MCARI × PARin, (f) TVI × PARin, (g) MTVI1 × PARin, (h)
MTVI2  × PARin, (i) SR × PARin, (j) MTCI × PARin, (k) CIgreen × PARin, (l) CIred edge × PARin for maize data collected in 16 irrigated and rainfed fields from 2001 through 2008.
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Fig. 3. (Continued).

Table 4b
Determination coefficients (R2), root mean square error (RMSE), coefficients of variation (CV) of quadratic polynomial relationships between daytime GPP and VI established
using  data collected in 16 irrigated and rainfed fields from 2001 through 2008. GPP ranged from 0 to 35 gC/m2/d.

MCARI MTVI1 TVI EVI2 CIgreen MTVI2 NDVI SR WDRVI VARI CIred edge MTCI

R2 0.52 0.70 0.70 0.71 0.75 0.75 0.77 0.78 0.78 0.78 0.79 0.81
RMSE,  gC/m2/d 5.58 4.40 4.39 4.32 4.03 4.01 3.87 3.77 3.76 3.74 3.67 3.53
CV  (%) 36.3 28.6 28.5 28.0 26.2 26.0 25.1 24.5 24.4 24.3 23.8 22.9

sitive of VIs to GPP, we compared the noise equivalent (NE) of each
VI tested in this paper (Fig. 6). It was calculated as:

NE = RMSE{VI × PARin vs. GPP}
d(VI × PARin)/d(GPP)

where RMSE{VI × PARin vs. GPP} is root mean square error of the
relationship VI × PARin vs. GPP, d(VI × PARin)/d(GPP) is first deriva-
tive of VI × PARin with respect to GPP (Vina and Gitelson, 2005).
The NE of MCARI was  the highest among the VIs tested. It can be
seen that NDVI- and TVI-like indices had smaller noise equivalent

Table 5
Coefficients of variation (CV) of the relationship between measured GPP and GPP estimated in each of 16 different fields using relationships GPP vs. VI × PARin, established
using  data taken from 2001 through 2008 (Fig. 3). Details about crop management practices in each field are shown in Table 2.

Site # Year GPP, gC/m2/d CV (%)

Max Mean MCARI NDVI VARI EVI2 MTVI1 TVI MTVI2 WDRVI SR CIgreen MTCI CIred edge

1 2001 31.1 14.8 47.2 34.0 27.3 31.0 36.3 36.1 31.1 26.5 19.3 18.9 18.6 18.5
2  2001 33.5 13.7 54.1 37.4 36.2 38.2 45.1 44.6 40.4 32.1 24.9 24.3 21.6 24.3
3  2001 28.9 12.8 47.1 32.8 30.4 24.5 27.4 27.1 26.5 26.3 29.1 27.9 22.5 24.5
1 2002  28.8 14.3 26.7 22.5 26.3 14.6 16.3 15.9 15.7 17.8 19.9 17.5 17.0 16.8
1  2003 27.3 12.6 38.6 30.4 32.0 28.6 29.0 28.5 26.3 26.5 24.4 24.4 18.9 23.2
2  2003 28.2 13.4 35.9 28.7 25.1 26.0 27.1 26.7 23.5 22.7 18.8 20.2 18.6 18.0
3  2003 25.2 10.1 20.8 28.5 26.1 23.9 23.6 24.1 22.6 23.6 29.5 28.8 44.8 30.3
1  2004 30.4 12.9 32.9 29.0 20.7 23.6 22.9 22.7 20.5 22.5 21.4 23.5 14.0 20.2
1 2005  26.7 13.7 22.4 24.3 20.4 16.8 18.0 18.1 12.1 14.7 14.6 14.7 15.0 13.7
2  2005 27.2 14.2 26.8 25.9 22.1 18.0 18.2 18.1 15.8 18.1 16.8 15.8 16.5 14.3
3  2005 22.5 12.5 25.6 27.8 19.6 21.6 20.5 21.0 16.9 17.1 18.8 18.0 27.9 15.9
1  2006 26.2 14.4 35.5 20.7 25.0 25.8 25.3 25.3 21.2 14.4 17.7 14.7 13.0 15.0
1  2007 30.6 13.5 39.3 31.2 22.7 36.7 31.4 31.3 25.1 22.3 16.4 19.3 15.1 18.1
2 2007  27.6 12.8 49.8 29.6 31.1 31.7 29.7 29.1 24.1 20.6 17.8 17.6 11.6 17.2
3 2007  24.3 11.4 20.5 25.9 24.2 32.2 20.1 20.7 18.2 22.0 28.5 31.7 23.0 29.1
1  2008 26.9 13.4 37.3 36.9 33.9 24.6 25.5 24.9 23.3 25.7 17.5 11.9 25.1 12.9
Mean 27.8  13.2 35.0 29.1 26.5 26.1 26.0 25.9 22.7 22.5 21.0 20.6 20.2 19.5
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Fig. 4. Best fit functions of the relationships between GPP and the products of (a)
EVI2 × PARin and (b) CIgreen × PARin for each of 16 fields from 2001 through 2008
(dash lines). The solid lines are the best fit functions for all data in 16 irrigated and
rainfed fields combined from 2001 through 2008. The bold dash lines represent the
95% confidential interval (i.e., two standard error of GPP estimation).

(i.e., were more sensitive to GPP) for GPP below 14 gC/m2/d than NE
for higher GPP. Among these indices, WDRVI had the lowest noise
equivalent independent of GPP. The SR, MTCI, CIgreen and CIred edge
had much lower noise equivalent (i.e., more sensitivity) when GPP
exceeded 14gC/m2/d. Thus, they are more appropriate for estimat-
ing moderate-to-high GPP, while NDVI- and TVI-like indices were
more sensitive to low GPP values.
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Fig. 5. Mean coefficients of variation (CV) of relationships between measured day-
time GPP and GPP estimated by a unified algorithm established using maize data
taken over 16 different fields from 2001 through 2008 (Table 5).

Table 6
The results of calibration of the algorithms for estimating daytime GPP in 16 irrigated
and rainfed maize sites from 2001 through 2008: GPP = f(x), x = VI × PARin. Best fit
functions and determination coefficients (R2) are given for twelve vegetation indices.

VI Best fit function R2

MCARI GPP = −2.91E−10 * x2 + 1.7 E−4 * x − 0.35 0.71
NDVI GPP = 1.94E−3 * x − 2.59 0.79
VARI GPP = −1.03E−7 * x2 + 4.1E−3 * x + 10.83 0.80
MTVI1 GPP = −8.47E−12 * x2 + 3.5E−5 * x + 1.12 0.84
TVI  GPP = −6.35E−15 * x2 + 9.2E−7 * x + 0.23 0.84
EVI2 GPP = −9.26E−8 * x2 + 0.0035 * x − 3.08 0.88
MTVI2 GPP = −6.75E−8 * x2 + 2.92 E−3 * x + 1.66 0.87
WDRVI GPP = −1.93E−8 * x2 + 1.70E−3 * x − 0.76 0.87
SR  GPP = 28.8 * (1 − e−6.78e−6*x) 0.92
MTCI GPP = −1.16E−9 * x2 + 3.85E−4 * x − 1.60 0.89
CIgreen GPP = −154 + 14.7 * ln (x + 27900.61) 0.92
CIred edge GPP = −121 + 12.42 * ln (x + 16082.91) 0.93

The algorithms presented in Table 6 were then validated
using validation data set (samples with even numbers). Measured
reflectances in the validation dataset were used to calculate VIs
and predict GPP values, and then predicted GPP values were com-
pared with GPP measured by the eddy covariance technique. Table 7
and Fig. 7 show the accuracy of GPP prediction by the established
(Table 6) algorithms. Among the twelve indices, CIs, MTCI and SR
were the most precise estimates of GPP with CV < 18%, followed by
WDRVI and MTVI2 with CV around 20%. NDVI, VARI, EVI2, TVI and
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Fig. 6. Noise equivalent of GPP estimation by the product of VI × PARin for (a) NDVI, WDRVI, EVI2, VARI, MCARI, TVI, MTVI1and MTVI2; (b) SR, CIgreen, CIred edge and MTCI.
When  GPP was above 14 gC/m2/d, the SR, CIgreen, CIred edge and MTCI had lower noise equivalent (i.e., more sensitivity to GPP) than indices in Fig. 6a.
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Table  7
The results of validation of algorithms for estimating daytime GPP in 16 irrigated and rainfed maize sites from 2001 through 2008. Slopes and offsets of the relationships
between GPP predicted by algorithms (Table 6) and measured daytime GPP, root mean square errors (RMSE) are given for twelve vegetation indices.

MCARI NDVI MTVI1 TVI VARI EVI2 MTVI2 WDRVI CIgreen MTCI SR CIred edge

Slope 0.66 0.74 0.79 0.79 0.80 0.81 0.82 0.82 0.83 0.86 0.84 0.85
Offset 5.13 4.12 3.22 3.13 3.03 3.01 2.76 2.78 2.67 2.14 2.29 2.29
RMSE,  gC/m2/d 4.92 3.80 3.60 3.58 3.57 3.55 3.11 2.92 2.75 2.65 2.62 2.56
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Fig. 7. Coefficients of variation (CV) of relationships between measured daytime
GPP and GPP predicted by established algorithms presented in Table 6.

MTVI1 appeared to estimate GPP less precisely with CV more than
23%, and MCARI was the worst with CV more than 31%(Fig. 7).

This study gives clear understanding the role of crop Chl con-
tent plays in GPP estimation. We  are well aware that the presented
model does not take into account GPP decline that does not relate
to a decrease in Chl content. It is a case when GPP is affected by
short-term (minutes to hours) environmental stresses (e.g., tem-
perature, humidity, and soil moisture, among others), that do not
affect the Chl content (i.e., crop greenness), thus, do not affect
chlorophyll-related indices. The model presented here will fail to
detect a decrease in GPP related to the types of stressors mentioned.
Next step in this direction should be including other biophysical
characteristics (i.e., temperature) and assess efficiency of modified
model.

The choice of the VI depends on the spectral characteristics of the
radiometers or the specific satellite sensors used. If red edge band
is available (as in MERIS), MTCI and CIred edge are recommended to
use. If green, red and NIR bands are available, as in 500 m resolution
MODIS data and in MERIS data, CIgreen, VARI and TVI-like indices can
be used. SR, WDRVI and EVI2 are recommended for estimating GPP
using 250 m MODIS data.

4. Conclusions

The model that relied on total Chl content and PARin can be
applied to accurately estimate GPP in both irrigated and rainfed
maize. Unified algorithms, based on this model, can be used with-
out re-parameterization for GPP estimation in the fields that are
different in irrigation, crop management, field history and climatic
conditions. The VIs that closely relate to total Chl content and green
LAI were capable of estimating maize GPP accurately with CV less
than 30%. Among indices tested, Chlorophyll Indices, MTCI and SR
were consistently the most accurate for GPP estimation in maize.
The VIs used in this study was calculated with reflectance simu-
lated in the spectral bands of the MODIS and MERIS satellite sensors,
which provides a theoretical framework for using real satellite data
to estimate GPP at regional and global scales.
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