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The synoptic quantification of crop gross primary productivity (GPP) is essential for studying carbon budgets
in croplands and monitoring crop status. In this study, we applied a recently developed model, which relates
crop GPP to a product of total crop chlorophyll content and incoming photosynthetically active radiation, for
the remote estimation of GPP in two crop types (maize and soybean) with contrasting canopy architectures
and leaf structures. The objective of this study was to evaluate performances of twelve vegetation indices
used for detecting different vegetation biophysical characteristics, in estimating GPP of rainfed and irrigated
crops over a period from 2001 through 2008. Indices tested in the model exhibited strong and significant
relationships with widely variable GPP in each crop (GPP ranged from 0 to 19 gC/m2/d for soybean and
0 to 35 gC/m2/d for maize), however, they were species-specific. Only three indices, which use MERIS red
edge and NIR spectral bands (i.e. red edge chlorophyll index, MERIS Terrestrial Chlorophyll Index and red
edge NDVI), were found to be able to estimate GPP accurately in both crops combined, with root mean square
errors (RMSE) below 3.2 gC/m2/d. It was also shown that two indices, red edge chlorophyll index and red
edge NDVI with a red edge band around 720 nm, were non-species-specific and yielded a very accurate esti-
mation of GPP in maize and soybean combined, with RMSEs below 2.9 gC/m2/d and coefficients of variation
below 21%.

© 2011 Elsevier Inc. All rights reserved.
1. Introduction

Crop gross primary productivity (GPP) is the rate at which a crop-
land captures and stores carbon as biomass contributing approxi-
mately 15% of global carbon dioxide fixation (Malmstrom et al.,
1997). An accurate and synoptic quantification of spatially distributed
GPP is essential for studying carbon budgets in croplands and moni-
toring crop status. Since crop productivity is a result of the interaction
of solar radiation with plant canopy (e.g., Knipling, 1970), remote
sensing techniques can be used as an expedient tool for GPP estima-
tion at regional and global scales.

Recently, a new paradigm for GPP estimation in crops based on
the assumption that total canopy chlorophyll (Chl) content is the
main driver of crop GPP has been proposed (Gitelson, Verma, et al.,
2003; Gitelson et al., 2006). This assumption is developed based on
Monteith model that expressed GPP as (Monteith, 1972, 1977):

GPP ¼ fAPARgreen � PARin � LUE ð1Þ

where PARin is the incident photosynthetically active radiation, fAPARgreen
refers to the fraction of PARin absorbed by photosynthetically active
rights reserved.
vegetation (Hall et al., 1992), and LUE is the efficiency of the absorbed
radiation being converted into biomass.

It was recognized that chlorophyll (Chl) is likely to remain the uni-
versal basis for expressing photosynthetic rate in vegetation (Foyer
et al., 1982). It is a main factor influencing the amount of light
absorbed by vegetation, i.e. fAPARgreen (Heath, 1969), and also directly
relates to the enhanced electron transport activity, which governs LUE
(Terry, 1980). Dawson et al. (2003) showed that the variation in foliar
Chl content may account for some of the seasonal variability in LUE.
Houborg et al. (2011) demonstrated that variations in leaf Chl content
were closely correlated with temporal changes in LUE. Kergoat et al.
(2008) found that foliar nitrogen content of the dominant plant
species, which closely related to Chl, explained 71% of the variation
in LUE. Peng et al. (2011) showed that total crop Chl content, defined
as a product of total leaf area index and leaf Chl content (Ciganda et al.,
2008), relates to LUE. Therefore, two key physiological properties,
light capture and the efficiency of the use of absorbed light, relate
significantly to total canopy Chl, which subsumes a broad range of
processes and can be applied as an integrative diagnostic tool.

Medina and Lieth (1964) showed a very close relationship
(R2>0.98) between seasonal maximum biomass (i.e. the proxy of
GPP) and total Chl in meadows. Marks (1971), Kira et al. (1967) and
Whittaker and Marks (1975) found close relationships between net
primary productivity and leaf area index (i.e. the proxy of total Chl
content) in evergreen needle leaf and deciduous broadleaf species.

http://dx.doi.org/10.1016/j.rse.2011.10.021
mailto:agitelson2@unl.edu
http://dx.doi.org/10.1016/j.rse.2011.10.021
http://www.sciencedirect.com/science/journal/00344257
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A close relationship was observed between GPP and the product
of total Chl content and PARin in maize (Peng & Gitelson, 2011;
Peng et al., 2011), soybean (Gitelson et al., 2006) and wheat (Wu
et al., 2009), and this relationship was found to be non-species-
specific for maize and soybean, which are two different crop types
(C3 and C4) with contrasting leaf structures and canopy architectures
(Gitelson et al., 2006). Thus, total crop Chl content may be used for
estimating GPP. A simple model was suggested to remotely assess
GPP in crops via estimation of total crop Chl content and PARin in
the form (Gitelson et al., 2006):

GPP ¼ Chl� PARin: ð2Þ

The methodology of this model was further justified in detail by
Peng et al. (2011).

Many algorithms have been developed for the remote estimation
of biophysical characteristics of vegetation. The most widespread
type of algorithms used is the mathematical combination of visible
and NIR reflectance bands, in the form of spectral vegetation indices.
Vegetation indices (VIs), presented in Table 1 (e.g., NDVI, TVI, MTVI
and WDRVI), were introduced for estimation of green leaf area
index (LAI), which closely relates to total Chl content (Ciganda
et al., 2008). Several VIs, such as MERIS Terrestrial Chlorophyll
Index (MTCI) and Chlorophyll Indices (CIgreen and CIred edge) have
been specifically proposed to estimate total Chl content (Table 1). In
our previous study, we tested the relationships between total Chl
content and VIs, and showed that some VIs could explain more than
87% of Chl content variation in maize (Peng et al., 2011). Gitelson
et al. (2005) showed that the determination coefficient of the rela-
tionship between CIgreen or CIred edge and total Chl in maize and soy-
bean exceeded 0.92. Thus, these chlorophyll- and green LAI-related
VIs can be used as a proxy of Chl in the model (Eq. 2) for estimating
GPP in the form (Gitelson et al., 2006):

GPP ¼ VI� PARin: ð3Þ

This model has been successfully employed to estimate GPP in
maize fields that are different in irrigation, crop management, field
history and climatic conditions (Peng & Gitelson, 2011; Peng et al.,
2011). The same approach was applied for the accurate estimation
of GPP in wheat (Wu et al., 2009).

The objectives of this paper are (1) to test the performance of
different vegetation indices to estimate GPP in soybean, and (2) to
compare the ability of the algorithms, developed and calibrated
for GPP estimation in maize (Peng & Gitelson, 2011), to predict
GPP in soybean with no re-parameterization of its coefficients, and
Table 1
Summary of vegetation indices used in this paper. ρNIR, ρred edge, ρred, ρgreen, ρ800, ρ750, ρ67
800 nm, 750 nm, 670 nm, 550 nm respectively.

Vegetation index Formula

Simple Ratio (SR) ρNIR/ρred
Normalized Difference Vegetation Index (NDVI) (ρNIR−ρred) /(ρNIR+ρred)
Enhanced Vegetation Index 2 (EVI2) 2.5×(ρNIR−ρred) /(1+ρNIR+2.4×ρr
Triangular Vegetation Index (TVI) 0.5×[120×(ρ750−ρ550)−200×(ρ
Modified TVI 1(MTVI1) 1.2×[1.2×(ρ800−ρ550)−2.5×(ρ67
Modified TVI 2 (MTVI2) 1.5×[1.2(ρ800−ρ550)−2.5×(ρ670

((2ρ800+1)2−(6ρ800−5sqrt(ρ670
Visible Atmospherically Resistant Index (VARI) (ρgreen−ρred) /(ρgreen+ρred)
Wide Dynamic Range Vegetation Index (WDRVI)a (α×ρNIR−ρred) /(α×ρNIR+ρred), 0b

(α×ρNIR−ρred)/(α×ρNIR+ρred)+(
Red edge NDVI (ρNIR−ρred edge) /(ρNIR+ρred edge)
MERIS Terrestrial Chlorophyll Index (MTCI) (ρNIR−ρred edge) /(ρred edge−ρred)
Green Chlorophyll Index (CIgreen) ρNIR /ρgreen−1
Red edge chlorophyll index (CIred edge) ρNIR /ρred edge−1

a In the original formulation of WDRVI (Gitelson, 2004), it may be negative for low to m
(0.2×ρNIR+ρred)+0.67, which ranged from 0 to 1.67.
(3) to develop a unified algorithm for GPP estimation in two contrast-
ing crop types such as soybean and maize.
2. Materials and methods

Three AmeriFlux sites all located within 1.6 km of each other at
the University of Nebraska-Lincoln Agricultural Research and Devel-
opment Center near Mead, Nebraska, USA were studied during the
growing seasons 2001 through 2008. Sites 1 and 2 are 65-ha fields
equipped with center pivot irrigation systems. Site 3 is of approxi-
mately 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 soybean was planted in
even years (2002, 2004, 2006 and 2008) at a population of around
370,000 seed/ha under no-till management. An Asgrow 2703 soybean
hybrid was planted in 2002, a Pioneer 93B09 soybean hybrid was
planted in 2004, and a Pioneer 93M11 soybean hybrid was planted
in 2006 and 2008. The details about maize fields are given in Peng
and Gitelson (2011).

Each study site is equipped with an eddy covariance tower
and meteorological sensors to obtain continuous measurements of
CO2 fluxes, water vapor and energy fluxes every 1 h since 2001
(details are given in Verma et al. (2005)). The study sites represented
approximately 90–95% of the flux footprint during daytime and
70–90% during nighttime (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 exceeded
1 μmol/m2/d. Daytime estimates of ecosystem respiration (Re) were
obtained from the night CO2 exchange and temperature relationship
(e.g., Falge et al., 2002), and daytime GPP was then acquired by sub-
tracting Re from NEE as: GPP=NEE−Re. Sign convention used here
is such that flux to the surface is positive so that GPP is always posi-
tive while Re is always negative (Verma 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 exceeded
1 μmol/m2/d.

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 equipped with
a 25° field-of-view optical fiber was pointed downward to measure
0, and ρ550 are reflectances in spectral bands of NIR, red edge, red, green regions and

Reference

Jordan (1969)
Rouse et al. (1974)

ed) Jiang et al. (2008)
670−ρ550)] Broge and Leblanc (2000)
0−ρ550)] Haboudane et al. (2004)
−ρ550)] /sqrt
))−0.5)

Haboudane et al. (2004)

Gitelson et al. (2002)
αb1
1−α) /(1+α), α=0.2

Gitelson (2004)a

Gitelson and Merzlyak (1994, 1997)
Dash and Curran (2004)
Gitelson, Gritz and Merzlyak (2003), Gitelson et al. (2005)
Gitelson, Gritz and Merzlyak (2003), Gitelson et al. (2005)

oderate vegetation density. In this paper, we calculated WDRVI as (0.2×ρNIR−ρred) /



Table 2
a. Established relationships “daytime GPP vs. VI×PARin” in 8 irrigated and rainfed soy-
bean sites in 2002, 2004, 2006 and 2008: GPP=f(x), x=VI×PARin. Best fit functions,
determination coefficients (R2) and root mean square errors (RMSE) are given for
twelve vegetation indices. GPP ranged from 0 to 19 gC/m2/d. All algorithms and
RMSE were obtained using a k-fold cross validation procedure with k=15;
b. The algorithms for estimating daytime GPP in 16 irrigated and rainfed maize sites
from 2001 through 2008, established in Peng and Gitelson (2011). GPP ranged from
0 to 35 gC/m2/d.

VI Best fit function R2 RMSE
(gC/m2/d)

a.
CIred edge GPP=4.80ln(x)−37.93 0.90 1.56
CIgreen GPP=5.13ln(x)−46.92 0.88 1.72
Red edge NDVI GPP=−1.19E-7x2+3.00E-3x−2.70 0.87 1.76
WDRVI GPP=−2.43E-8x2+1.30E-3x−0.37 0.87 1.78
SR GPP=4.33ln(x)−40.20 0.85 1.91
MTVI2 GPP=−5.70E-8x2+1.90E-3x+0.90 0.84 1.95
EVI2 GPP=−8.85E-8x2+2.50E-3x−1.53 0.84 1.95
NDVI GPP=−3.26E-8x2+1.70E-3x−2.17 0.83 2.02
MTCI GPP=−2.66E-9x2+4.17E-4x−1.33 0.82 2.04
TVI GPP=−5.34E-15x2+5.85E-7x−0.33 0.81 2.14
MTVI1 GPP=−7.34E-12x2+2.14E-5x+0.51 0.81 2.17
VARI GPP=−3.62E-8x2+1.8E-3x+6.39 0.79 2.30

b.
CIgreen GPP=−154+14.7ln(x+27,900.61) 0.92 2.24
SR GPP=28.8×(1−e−6.78e−6×x) 0.92 2.32
CIred edge GPP=−121+12.42ln(x+16082.91) 0.93 2.55
MTCI GPP=−1.16E-9x2+3.85E-4x−1.60 0.89 2.68
WDRVI GPP=−1.93E-8x2+1.70E-3x−0.76 0.87 2.87
Red edge NDVI GPP=−3.41E-8x2+2.77E-3x−2.06 0.86 2.93
MTVI2 GPP=−6.75E-8x2+2.92E-3x+1.66 0.87 3.01
EVI2 GPP=−9.26E-8x2+0.0035x−3.08 0.88 3.14
TVI GPP=−6.35E-15x2+9.2E-7x+0.23 0.84 3.24
MTVI1 GPP=−8.47E-12x2+3.5E-5x+1.12 0.84 3.27
VARI GPP=−1.03E-7x2+4.1E-3x+10.83 0.80 3.56
NDVI GPP=1.94E-3x−2.59 0.79 3.65
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the upwelling radiance of the crop, and the height of this radiometer
was kept constant above the top of canopy (5.4 m) throughout the
growing season yielding a sample area with a diameter of 2.4 m.
The other radiometer was pointed upward to measure the incident
irradiance simultaneously. Radiometric data was collected close to
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Fig. 1. Coefficients of variation (CV=RMSE/mean GPP) of the relatio
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. (2006) and Viña et al. (2011)).

For each site, six randomly selected plots were established with
six randomly selected sampling points. Thus, a total of 36 spectra
were sampled per site at each data acquisition, and their median
value was used as the site reflectance. Spectral reflectance measure-
ments at the canopy level were carried out from May to October dur-
ing the growing seasons 2001 through 2008 (18 data acquisitions in
2001, 31 in 2002, 34 in 2003, 31 in 2004, 21 in 2005, 15 in 2005, 14
in 2007 and 9 in 2008). This resulted in a total of 314 reflectance spec-
tra for maize (47 in 2001, 30 in 2002, 92 in 2003, 30 in 2004, 53
in 2005, 13 in 2006, 40 in 2007 and 9 in 2008) and 145 spectra for
soybean (54 in 2002, 49 in 2004, 26 in 2006 and 16 in 2008).

In this study, we tested several widely used VIs for GPP estimation
(Table 1). The collected reflectance spectra were resampled to
spectral bands of Moderate Resolution Imaging Spectroradiometer—
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 Medium Resolution Imaging
Spectrometer—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, MTCI, red edge NDVI and
CIred edge were calculated.

In our previous study, we calibrated and validated the algorithms
for estimating maize GPP by the procedure of sorting all maize sam-
ples taken from 2001 through 2008 in ascending order of GPP; data
with odd numbers were used for calibration while data with even
numbers for validation (Peng & Gitelson, 2011). In this study, to es-
tablish the algorithm GPP vs. VI×PARin we used a k-fold cross valida-
tion procedure (Fielding & Bell, 1997; Kohavi, 1995). Samples were
randomly split into k mutually exclusive sets (k=number of total
samples/10), and they were trained and tested k times. For each
time, k−1 sets of them were used iteratively for calibration and the
remaining set for validation. The determination coefficients (R2) and
root mean square errors (RMSE) of algorithms were then estimated
by averaging the values obtained from k iterations. This method
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Fig. 2. Best fit functions of the relationships between GPP and the products of
(a) EVI2×PARin and (b) red edge NDVI×PARin for each of 8 different soybean fields
in 2002, 2004, 2006 and 2008 (dashed lines). The solid lines are the best fit functions
for all data in 8 irrigated and rainfed fields combined. The bold dashed lines represent
the 95% confidential interval (i.e., two standard errors of GPP estimation).
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reduces the dependence on a single random partition into calibration
and validation datasets. By repeating the training procedure k times, all
observations are used for both calibration and validation, with each
observation used for validation only one time in one of k iterations.

3. Results and discussion

3.1. GPP estimation in soybean

Soybean and maize species have very different biochemical mech-
anisms for photosynthesis. Maize utilizes C4 carbon fixation, while
soybean utilizes C3 carbon fixation. In addition, their canopy architec-
tures are contrasting. The distribution of foliage in maize canopy is
spherical, while it is planophile in soybean. Since the model (Eq. 3)
was able to predict GPP accurately in maize (Peng & Gitelson, 2011;
Peng et al., 2011), we tested the performance of this model for esti-
mating GPP in soybean. Table 2a shows the best fit functions, deter-
mination coefficients (R2), and root mean square errors (RMSE) of
the relationships GPP vs. VI×PARin in eight irrigated and rainfed soy-
bean sites in 2002, 2004, 2006 and 2008, established using a k-fold
cross validation procedure with k=15. All twelve VIs performed
well for estimating soybean GPP, with RMSEs below 2.3 gC/m2/d
(GPP ranged from 0 to 19 gC/m2/d). Among the indices tested, CIgreen,
CIred edge, red edge NDVI, as well as WDRVI appeared to be the best
indices for estimating GPP in soybean.

When compared with the performances using those VIs for
GPP estimation in maize (Table 2b), NDVI was more accurate for soy-
bean than for maize (Fig. 1). NDVI was found to be a good indicator
of low-to-moderate crop Chl and GPP, however, its sensitivity to Chl
and GPP dropped drastically for moderate-to-high crop density
(Gitelson et al., 2005; Gitelson et al., 2006). The maximal GPP of
maize was at least 75% higher than that of soybean (35 gC/m2/d in
maize vs. 19 gC/m2/d in soybean), thus, NDVI worked better for esti-
mating low-to-moderate GPP, as in soybean, but it was less sensitive
to high GPP as in maize (e.g., Asrar et al., 1984; Gitelson, 2004).
As shown in Fig. 1, Chlorophyll Indices (CIgreen and CIred edge), which
remain sensitive to the wide range of Chl (Gitelson, Gritz &
Merzlyak, 2003; Peng et al., 2011), were consistently the most accu-
rate for GPP estimation in both maize and soybean. SR was much
less accurate in estimating GPP in soybean than in maize, since red
reflectance of soybean (in the denominator of SR) is much lower
than that of maize (below 2% for GPP above 16 gC/m2/d), conse-
quently soybean SR was much noisier than maize SR.

Among the eight studied soybean fields, four were under irrigated
managements (site 2 in 2002, 2004, 2006 and 2008), and the other
four relied entirely on rainfall (site 3 in 2002, 2004, 2006 and
2008). The soybean cultivars and climatic conditions differed from
year to year. Thus, the dynamic ranges of LAI and GPP were different
in eight soybean fields studied. For example, the maximum LAI was
5.1 m2/m2 in site 2 in 2006, but only 3.2 m2/m2 in site 3 in 2002.
The maximum GPP was 18.7 gC/m2/d in site 2 in 2002, while
14.7 gC/m2/d in site 3 in 2004. Although the relationships GPP vs.
VI×PARin varied slightly for different fields (Fig. 2 for EVI2 and Red
edge NDVI), the algorithms established for all data in 8 irrigated and
rainfed fields combined were quite accurate in GPP estimation with
RMSEs below 2.3 gC/m2/d and R2 above 0.79 for all indices (Table 2a).

From 2006 through 2008, site 1 was under the conservation-plow
tillage operation while site 2 and site 3 were under no-till manage-
ment. Since the reflectance of residues was much higher than that
of the bare soil, the background reflectance was significantly lower
in site 1 than in site 2 and site 3. The total canopy reflectance was
more affected by the background reflectance in maize fields with
spherical canopy than in soybean fields with planophile canopy.
Using simulated data (Gobron et al., 1997), it was shown that some
VIs (e.g., MTCI, EVI2 and CIred edge) were very accurate in estimating
green LAI despite very different soil backgrounds (Viña et al., in
press). It is also confirmed by results of our study. For maize and soy-
bean tilled and no-tilled fields combined, the model (Eq. 3) explained
more than 79% GPP variation with RMSEs below 2.3 gC/m2/d for soy-
bean (GPP ranged from 0 to 19 gC/m2/d) and 3.6 gC/m2/d for maize
(GPP ranged from 0 to 35 gC/m2/d) (Table 2).

3.2. A unified algorithm for GPP estimation in maize and soybean

Having concurrent measurements of GPP, PARin and reflectance in
soybean (this study) and in maize (Peng & Gitelson, 2011), we
addressed the following questions: (1) Are the algorithms developed
for maize and soybean different? (2) Is it possible to develop a unified
algorithm for GPP estimation in both maize and soybean?

Fig. 3 presents relationships between GPP and the product of
PARin and VIs in maize and soybean. For all VIs used, the relationships
for these two crops were species-specific (p-valueb0.0001), and the
discrepancies became more pronounced at moderate to high GPP.
For the same GPP, the value of VI×PARin for soybean was
consistently higher than that for maize. The relationship between
GPP and the product of total Chl content and PARin in maize and
soybean was found to be non-species-specific (Gitelson et al., 2006).
However, the relationship between total Chl content and VI was
species-specific (Gitelson et al., 2005) with consistently higher values
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of VIs for soybean than for maize with the same Chl content; it was
especially pronounced for VIs using the visible and NIR bands. The
reason for that is twofold:

(1) The reflectance in the visible region of the spectrum is mainly
affected by leaf absorption. For the same total leaf Chl content,
the reflectance in the visible region is lower in a soybean
leaf than in a maize leaf, since leaf Chl content of the adaxial
surface of a C3 plant (i.e. soybean) is much higher than a C4
plant (i.e. maize). As the visible light is predominantly absorbed
by chloroplasts at the surface layer of a leaf (Fukshansky, 1981;
Fukshansky et al., 1993; Merzlyak & Gitelson, 1995), the
absorption in the visible region by a soybean leaf is higher
than a maize leaf. Total canopy Chl content is the product of
leaf Chl content and total leaf area, so in the visible region,
the canopy reflectance of soybean is lower than of maize with
the same total canopy Chl content (Fig. 4).

(2) NIR reflectance is governed by leaf/canopy scattering. NIR
reflectance of a soybean leaf is higher than that of a maize
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leaf. In addition, for the same LAI, NIR reflectance of a plano-
phile canopy (soybean) is much higher than that of a spherical
canopy (maize)—(Fig. 4). Thus, in soybean, the visible reflec-
tance is lower and the NIR reflectance is higher than in
maize. So VIs based on NIR and visible reflectances produce
consistently higher values for soybean than for maize.

Fig. 5 shows RMSEs of GPP estimation in soybean using GPP vs.
VI×PARin algorithms established for maize (Peng & Gitelson, 2011)
—Table 2b. It is not surprising that the algorithms with VIs based on
NIR and visible bands (VARI, MTVI1, TVI, MTVI2, SR, CIgreen, WDRVI,
NDVI and EVI2) were not accurate when applied for soybean:
RMSEs were above 5.3 gC/m2/d and coefficients of variation,
CV=RMSE/mean GPP, were above 57%. However, the accuracy of
GPP estimation in both crops was much higher and RMSEs were
much lower (below 4.1 gC/m2/d) when VIs based on NIR and MERIS
red edge bands (red edge NDVI, MTCI and CIred edge) were used. The
reflectance in the red edge region is affected not only by leaf absorp-
tion but also by scattering. The absorption coefficient of Chl in the red
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edge region is much lower than in the visible region. The depth of
light penetration into a leaf inversely relates to the Chl absorption
coefficient (Merzlyak & Gitelson, 1995), so, the red edge light pene-
trates deeper into a leaf and chloroplasts of the whole leaf work for
light absorption. Therefore, for the same total leaf Chl content, ab-
sorption of a maize leaf in the red edge region becomes the same as
absorption of a soybean leaf. On the other hand, the leaf scattering
in the red edge region in soybean is higher than in maize. As a result,
for the same total Chl content, soybean reflectance in the red edge
region becomes higher than maize reflectance, accompanied with
higher NIR reflectance in soybean than in maize (Fig. 4). Therefore,
the difference in VI values for both species with the same Chl content,
when using the red edge band (703 nm–710 nm), became lower
than when visible bands were used. The indices using MERIS red
edge band performed quite accurately estimating GPP in maize and
soybean data combined with the coefficients of variation below 26%
(Table 3).

There is a need to increase the accuracy of the above algorithms
when applied to both maize and soybean. This issue is particularly
important when using satellite data with coarse spatial resolution
that do not allow for separating signals from sites with different
crop species.

In order to identify the optimal red edge band for GPP estimation in
both maize and soybean, we used optimization procedure to find the
minimal RMSE value of the relationship GPP vs. VI×PARin for red
edge NDVI and CIred edge. Tuning the red edge band from 700 nm to
750 nm, we found the minimal RMSE value in the range around
720 nm (Fig. 6). As the red edge band shifts towards a longer wave-
length around 720 nm, the reflectance is more affected by leaf scatter-
ing. So, in both species with the same Chl content, the difference in the
red edge reflectance increases compensating for the difference in their
NIR reflectances. Thus, the VIs based on longer wavelength in red edge
region and NIR band become non-species-specific.

Both red edge NDVI and CIred edge with a red edge band around
720 nm were able to estimate GPP in soybean and maize with
RMSEs of less than 2.9 gC/m2/d (Fig. 7). This is consistent with
optimal red edge band for total Chl content estimation in maize and
soybean (Gitelson et al., 2005).



Fig. 4. Spectral reflectance of maize and soybean with the same total canopy Chl content of 2.15 g/m2. In the visible range (the green and red), reflectance of soybean is lower than
that of maize, while NIR reflectance of soybean is higher than of maize. So for the same Chl content, indices using visible and NIR bands are consistently higher for soybean than for
maize. Both NIR and red edge reflectances of soybean are higher than that of maize with the same Chl content. Thus, indices with NIR and red edge reflectances were less species-
specific than that with NIR and either red or green reflectances.
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The choice of the vegetation index for GPP estimation depends
on the spectral characteristics of the radiometers or the specific satel-
lite sensors used. If the red edge band around 720 nm is available, as
for hyperspectral radiometers such as Ocean Optics, ASD and hyper-
spectral imaging sensors such as AISA or HYPERION, CIred edge and
red edge NDVI are recommended as non-species-specific indices that
can estimate GPP accurately in both soybean and maize. If the red
edge band around 700 nm is available, as in MERIS (703 nm–

712 nm), HYPERION and future satellite sensors such as Sentinel-2
and Venus, CIred edge, MTCI and red edge NDVI, which are least sensi-
tive to different crop species, are recommendable to use. If the red
edge band is not available, one can use CIgreen and MTVI2 with green,
red and NIR bands available as in Landsat and MODIS 500 m data. If
only the red and NIR bands are available, such as in MODIS 250 m
data, WDRVI, SR and EVI2 are recommended for estimating crop GPP.
Fig. 5. Root mean square errors (RMSE) of GPP estimation in s
The approach presented in this study is not limited to estimate
crop GPP using spectral reflectance collected by radiometers mounted
on a platform close to the canopy. It can be also applied to remotely
sensed data collected at multiple scales from close range to satellite
altitude, which allows monitoring regional or global GPP in crops.
Gitelson et al. (2008) showed that the model (Eq. 3) was quite accu-
rate in estimating GPP in maize using ETM Landsat data. The model
(Eq. 3) with MTCI derived from MERIS images was able to estimate
GPP accurately across a variety of land cover vegetation types
(Almond et al., 2010; Harris & Dash, 2010). Wu et al. (2010, 2011)
showed that GPP can be estimated using the model (Eq. 3) with
MODIS data. Sakamoto et al. (2011) estimated maize GPP with high
accuracy using daily shortwave radiation and MODIS-retrieved
WDRVI data as proxy variables of PARin and the total chlorophyll con-
tent, respectively. Further research should test this approach using
oybean using algorithms (Table 2b) established for maize.

http://dx.doi.org/10.1016/j.rse.2011.06.015
image of Fig.�5


Table 3
The algorithms based on indices usingMERIS red edge band for estimating daytime GPP
in 24maize and soybean fields from 2001 through 2008: GPP=f(x), x=VI×PARin. Best
fit functions, determination coefficients (R2), root mean square errors (RMSE) and coef-
ficients of variationwere obtained using a k-fold cross validation procedurewith k=15.

VI Best fit function R2 RMSE
(gC/m2/d)

CV (%)

Red edge NDVI GPP=−1.68E-8x2+2.1E-3x−1.04 0.81 3.17 25.5
CIred edge GPP=−1.63E-9x2+4.1E-4x+1.55 0.85 2.74 22.1
MTCI GPP=−7.13E-10x2+3.31E-4x−0.75 0.85 2.72 22.0
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MERIS-derived CIred edge for GPP estimation in different vegetation
types.
Fig. 7. Products of (a) red edge NDVI×PARin, and (b) CIred edge×PARin, plotted vs. GPP
4. Conclusions

The model based on a product of total crop chlorophyll and PARin

was tested and found capable of estimating GPP in maize and soybean
that are contrasting crop species. Due to their differences in leaf
structures and canopy architectures, the algorithms for GPP estima-
tion are species-specific for maize and soybean, especially when
using VIs with NIR and either red or green reflectance. However, it
is possible to apply a unified algorithm for GPP estimation in both
maize and soybean, by using CIred edge, MTCI and red edge NDVI
with MERIS spectral bands, which are least sensitive to different
crop species. CIred edge and red edge NDVI with the red edge band
around 720 nm were found to be non-species-specific for maize and
soybean and very accurate in the estimation of GPP in maize and soy-
bean combined, with RMSEs less than 2.9 gC/m2/d and coefficients of
variation below 21%.
in maize (16 fields during 2001 through 2008) and soybean (8 fields in 2002, 2004,
2006 and 2008). The solid line is the best fit function for the relationship GPP vs.
VI×PAR established for all soybean and maize data combined. Best fit functions, root
mean square errors (RMSE), determination coefficients and coefficients of variation
(R2and CV), were obtained using a k-fold cross validation procedure with k=46.
Acknowledgements

This research was supported by NASA NACP grant No. NNX08AI75G
and partially by the U.S. Department of Energy: (a) EPSCoR program,
Grant No. DE-FG-02-00ER45827 and (b) Office of Science (BER), Grant
No. DE-FG03-00ER62996. We gratefully acknowledge the support
and the use of facilities and equipment provided by the Center for
Advanced Land Management Information Technologies (CALMIT) and
Carbon Sequestration Program, University of Nebraska-Lincoln. We
are sincerely grateful to Donald. C. Rundquist, Shashi B. Verma and
Andy E. Suyker for their help and support, and Anthony Lawrence
Nguy-Robertson for fruitful discussion and suggestions.
Fig. 6. Root mean square errors (RMSE) of the relationships GPP vs. VI×PARin for red
edge NDVI and CIred edge calculated for soybean and maize data combined by tuning
the red edge bands from 700 nm to 750 nm.
References

Almond, S., Boyd, D. S., Dash, J., Curran, P. J., Hill, R. A., & Foody, G. M. (2010). Estimating
terrestrial gross primary productivity with the Envisat Medium Resolution Imaging
Spectrometer (MERIS) Terrestrial Chlorophyll Index (MTCI). Geoscience and Remote
Sensing Symposium (IGARSS) 2010 IEEE International (pp. 4792–4795). Honolulu, HI.

Asrar, G., Fuchs, M., Kanemasu, E. T., & Hatfield, J. H. (1984). Estimating absorbed
photosynthetic radiation and leaf area index from spectral reflectance in wheat.
Agronomy Journal, 76, 300–306.

Broge, N. H., & Leblanc, E. (2000). Comparing prediction power and stability of broad
band and hyperspectral vegetation indices for estimation of green leaf area index
and canopy chlorophyll density. Remote Sensing of Environment, 76, 156–172.

Ciganda, V., Gitelson, A. A., & Schepers, J. (2008). Vertical profile and temporal variation
of chlorophyll in maize canopy: Quantitative “crop vigor” indicator by
means of reflectance-based techniques. Agronomy Journal, 100, 1409–1417. doi:
10.2134/agronj2007.0322.

Dash, J., & Curran, P. J. (2004). The MERIS terrestrial chlorophyll index. International
Journal of Remote Sensing, 25, 5003–5013.

Dawson, T. P., North, P. R. J., Plummer, S. E., & Curran, P. J. (2003). Forest ecosystem
chlorophyll content: Implications for remotely sensed estimates of net primary
productivity. International Journal of Remote Sensing, 24, 611–617.

Falge, E., et al. (2002). Seasonality of ecosystem respiration and gross primary produc-
tion as derived from FLUXNET measurements. Agricultural and Forest Meteorology,
113, 53–74.

Fielding, A. L., & Bell, J. F. (1997). A review of methods for the assessment of prediction
errors in conservation presence/absence models. Environmental Conservation, 24,
38–49.

Foyer, C., Leegood, R., & Walker, D. (1982). What limits photosynthesis? Nature, 298, 326.
Fukshansky, L. (1981). Optical properties of plant tissue. In H. Smith (Ed.), Plants and

the daylight spectrum (pp. 253–303). Berlin: Springer.
Fukshansky, L. A., Remisowsky, A. M., McClendon, J., Ritterbusch, A., Richter, T., & Mohr,

H. (1993). Absorption spectra of leaves corrected for scattering and distributional
error: A radiative transfer and absorption statistics treatment. Photochemistry and
Photobiology, 57, 538–555.

Gitelson, A. A. (2004). Wide dynamic range vegetation index for remote quantification
of biophysical characteristics of vegetation. Journal of Plant Physiology, 161(2),
165–173.

http://dx.doi.org/10.2134/agronj2007.0322
image of Fig.�6
image of Fig.�7


448 Y. Peng, A.A. Gitelson / Remote Sensing of Environment 117 (2012) 440–448
Gitelson, A. A., Gritz, U., & Merzlyak, M. N. (2003). Relationships between leaf chlorophyll
content and spectral reflectance and algorithms for non-destructive chlorophyll
assessment in higher plant leaves. Journal of Plant Physiology, 160(3), 271–282.

Gitelson, A. A., Kaufman, Y. J., Stark, R., & Rundquist, D. (2002). Novel algorithms for re-
mote estimation of vegetation fraction. Remote Sensing of Environment, 80, 76–87.

Gitelson, A. A., & Merzlyak, M. (1994). Quantitative estimation of chlorophyll-a using
reflectance spectra: Experiments with autumn chestnut and maple leaves. Journal
of Photochemistry and Photobiology B: Biology, 22, 247–252.

Gitelson, A. A., & Merzlyak, M. (1997). Remote estimation of chlorophyll content in
higher plant leaves. International Journal of Remote Sensing, 18(12), 291–298.

Gitelson, A. A., Verma, S. B., Viña, A., Rundquist, D. C., Keydan, G., Leavitt, B., Arkebauer, T. J.,
Burba, G. G., & Suyker, A. E. (2003). Novel technique for remote estimation of CO2 flux
in maize. Geophysical Research Letter, 30(9), 1486. doi:10.1029/2002GL016543.

Gitelson, A. A., Viña, A., Ciganda, V., Rundquist, D. C., & Arkebauer, T. J. (2005). Remote
estimation of canopy chlorophyll content in crops. Geophysical Research Letter, 32,
L08403. doi:10.1029/2005GL022688.

Gitelson, A. A., Viña, A., Masek, J. G., Verma, S. B., & Suyker, A. E. (2008). Synoptic mon-
itoring of gross primary productivity of maize using Landsat data. IEEE Geoscience
and Remote Sensing Letters, 5, 2. doi:10.1109/LGRS.2008.915598.

Gitelson, A. A., Viña, A., Verma, S. B., Rundquist, D. C., Arkebauer, T. J., Keydan, G., et al.
(2006). Relationship between gross primary production and chlorophyll content
in crops: Implications for the synoptic monitoring of vegetation productivity.
Geophysical Research Letter, 111, D08S11. doi:10.1029/2005JD006017.

Gobron, N., Pinty, B., Verstraete, M. M., & Govaerts, Y. (1997). A semidiscrete model for
the scattering of light by vegetation. Journal of Geophysical Research-Atmospheres,
102, 9431–9446.

Haboudane, D., Miller, J. R., Pattey, E., Zarco-Tejada, P. J., & Strachan, I. B. (2004). Hyper-
spectral vegetation indices and novel algorithms for predicting green LAI of crop
canopies: Modeling and validation in the context of precision agriculture. Remote
Sensing of Environment, 90, 337–352.

Hall, F. G., Huemmrich, K. F., Goetz, S. J., Sellers, P. J., & Nickeson, J. E. (1992). Satellite
remote sensing of surface energy balance: Success, failures and unresolved issues
in FIFE. Journal of Geophysical Research, 97, 19,061–19,089.

Harris, A., & Dash, J. (2010). The potential of the MERIS terrestrial chlorophyll index for
carbon flux estimation. Remote Sensing of Environment, 114, 1856–1862.

Heath, O. V. S. (1969). The physiological aspects of photosynthesis. Stanford, California:
Stanford University Press.

Houborg, R., Anderson, M. C., Daughtry, C. S. T., Kustas, W. P., & Rodell, M. (2011). Using
leaf chlorophyll to parameterize light-use-efficiency within a thermal-based
carbon, water and energy exchange model. Remote Sensing of Environment, 115(7),
1694–1705.

Jiang, Z., Huete, A. R., Didan, K., & Miura, T. (2008). Development of a two-band
enhanced vegetation index without a blue band. Remote Sensing of Environment,
112, 3833–3845.

Jordan, C. F. (1969). Derivation of leaf area index from quality of light in the forest floor.
Ecology, 50, 663–666.

Kergoat, L., Lafont, S., Arneth, A., Le Dantec, V., & Saugier, B. (2008). Nitrogen controls
plant canopy light-use-efficiency in temperate and boreal ecosystems. Journal of
Geophysical Research, 113(G04017), 1–19. doi:10.1029/2007JG000676.

Kira, T., Ogawa, H., Yoda, K., & Ogina, K. (1967). Comparative ecological studies on three
main types of forest vegetation in Thailand. IV. Dry matter production, with special
reference to the Khao Chong rian forest. Nature Life SE Asia, 5, 149–174.

Knipling, E. B. (1970). Physical and physiological bases for the reflectance of visible
and near-infrared radiation from vegetation. Remote Sensing of Environment, 1,
155–159.

Kohavi, R. (1995). A study of cross-validation and bootstrap for accuracy estimation
and model selection. In C. S. Mellish (Ed.), International Joint Conference on Artificial
Intelligence (IJCAI) (pp. 1137–1143). Montreal, Quebec, Canada: Morgan Kuafmann
Los Altos, CA.
Malmstrom, C. M., Thompson, M. V., Juday, G. P., Los, S. O., Randerson, J. T., & Field, C. B.
(1997). Interannual variation in global-scale net primary production: Testing
model estimates. Global Biogeochemical Cycles, 11, 367–392.

Marks, P.L. (1971). The role of Prunus pensylvanica L. in the rapid revegetation of
disturbed sites. Ph.D. thesis, 119, New Haven: Yale University.

Medina, E., & Lieth, H. (1964). Die Beziehungen zwischen Chlorophyllgehalt, assimilier-
ender Flaeche und Trockensubstanzproduktion in einigen Pflanzengemeinschaf-
ten. (The relationships between chlorophyll content, assimilating area and dry
matter production in some plant communities.). Beitraege zur Biologie der Pflanzen,
40, 451–494.

Merzlyak, M., & Gitelson, A. A. (1995). Why and what for the leaves are yellow in
autumn? On the interpretation of optical spectra of senescing leaves (Acer plata-
noides L.). Journal of Plant Physiology, 145(3), 315–320.

Monteith, J. L. (1972). Solar radiation and productivity in tropical ecosystems. Journal
of Applied Ecology, 9, 744–766.

Monteith, J. L. (1977). Climate and the efficiency of crop production in Britain. Philo-
sophical Transactions of the Royal Society of London, 281, 277–294.

Peng, Y., & Gitelson, A. A. (2011). Application of chlorophyll-related vegetation indices
for remote estimation of maize productivity. Agricultural and Forest Meteorology,
151(9), 1267–1276.

Peng, Y., Gitelson, A. A., Keydan, G., Rundquist, D. C., & Moses, W. (2011). Remote
estimation of gross primary production in maize and support for a new paradigm
based on total crop chlorophyll content. Remote Sensing of Environment, 115,
978–989.

Rouse, J. W., Haas, R. H., Jr., Schell, J. A., & Deering, D. W. (1974). Monitoring vegetation
systems in the Great Plains with ERTS. NASA SP-351, Third ERTS-1 Symposium NASA
Washington DC, 1. (pp. 309–317).

Rundquist, D. C., Perk, R., Leavitt, B., Keydan, G. P., & Gitelson, A. A. (2004). Collecting
spectral data over cropland vegetation using machine-positioning versus hand-
positioning of the sensor. Computers and Electronics in Agriculture, 43, 173–178.

Sakamoto, T., Gitelson, A.A., Wardlow, B.D., Verma, S.B., & Suyker, A.E. in press. Estimating
daily gross primary production ofmaize based only onMODISWDRVI and shortwave
radiation data. Remote Sensing of Environment. doi:10.1016/j.rse.2011.06.015,
Available online 29 July 2011.

Schuepp, P. H., Leclerc, M. Y., Macpherson, J. I., & Desjardins, R. L. (1990). Footprint
prediction of scalar fluxes from analytical solutions of the diffusion equation.
Boundary Layer Meteorology, 50, 355–373.

Terry, N. (1980). Limiting factors in photosynthesis. I. Use of iron stress to control
photochemical capacity in vivo. Plant Physiology, 65, 114–120.

Verma, S. B., Dobermann, A., Cassman, K. G., Walters, D. T., Knops, J. M., Arkebauer, T. J.,
et al. (2005). Annual carbon dioxide exchange in irrigated and rainfed maize-based
agroecosystems. Agricultural and Forest Meteorology, 131, 77–96.

Viña, A., Gitelson, A. A., Nguy-Robertson, A. L., & Peng, Y. (2011). Comparison of differ-
ent vegetation indices for the remote assessment of green leaf area index of crops.
Remote Sensing of Environment, 115, 3468–3478.

Whittaker, R. H., & Marks, P. L. (1975). Methods of assessing terrestrial productivity. In
H. Lieth, & R. H. Whittaker (Eds.), Primary productivity of the biosphere. Ecological
Studies, 14. (pp. 55–118) : Springer-Verlag.

Wu, C., Chen, J. M., & Huang, N. (2011). Predicting gross primary production from the
enhanced vegetation index and photosynthetically active radiation: Evaluation
and calibration. Remote Sensing of Environment, 115(12), 3424–3435.

Wu, C., Niu, Z., & Gao, S. (2010). Gross primary production estimation fromMODIS data
with vegetation index and photosynthetically active radiation in maize. Journal of
Geophysical Research, 115, D12127. doi:10.1029/2009JD013023, 2010.

Wu, C., Niu, Z., Tang, Q., Huang, W., Rivard, B., & Feng, J. (2009). Remote estimation of
gross primary production in wheat using chlorophyll-related vegetation indices.
Agricultural and Forest Meteorology, 149, 1015–1021.

http://dx.doi.org/10.1029/2002GL016543
http://dx.doi.org/10.1029/2005GL022688
http://dx.doi.org/10.1109/LGRS.2008.915598
http://dx.doi.org/10.1029/2005JD006017
http://dx.doi.org/10.1029/2007JG000676
http://dx.doi.org/10.1029/2009JD013023, 2010

	Remote estimation of gross primary productivity in soybean and maize based on total crop chlorophyll content
	1. Introduction
	2. Materials and methods
	3. Results and discussion
	3.1. GPP estimation in soybean
	3.2. A unified algorithm for GPP estimation in maize and soybean

	4. Conclusions
	Acknowledgements
	References


