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Many algorithms have been developed for the remote estimation of biophysical characteristics of vegetation,
in terms of combinations of spectral bands, derivatives of reflectance spectra, neural networks, inversion of
radiative transfer models, and several multi-spectral statistical approaches. However, the most widespread
type of algorithm used is the mathematical combination of visible and near-infrared reflectance bands, in
the form of spectral vegetation indices. Applications of such vegetation indices have ranged from leaves to
the entire globe, but in many instances, their applicability is specific to species, vegetation types or local con-
ditions. The general objective of this study is to evaluate different vegetation indices for the remote estima-
tion of the green leaf area index (Green LAI) of two crop types (maize and soybean) with contrasting canopy
architectures and leaf structures. Among the indices tested, the chlorophyll Indices (the CIGreen, the CIRed-edge
and the MERIS Terrestrial Chlorophyll Index, MTCI) exhibited strong and significant linear relationships with
Green LAI, and thus were sensitive across the entire range of Green LAI evaluated (i.e., 0.0 to more than
6.0 m2/m2). However, the CIRed-edge was the only index insensitive to crop type and produced the most accu-
rate estimations of Green LAI in both crops (RMSE=0.577 m2/m2). These results were obtained using data
acquired with close range sensors (i.e., field spectroradiometers mounted 6 m above the canopy) and an air-
craft-mounted hyperspectral imaging spectroradiometer (AISA). As the CIRed-edge also exhibited low sensitiv-
ity to soil background effects, it constitutes a simple, yet robust tool for the remote and synoptic estimation of
Green LAI. Algorithms based on this index may not require re-parameterization when applied to crops with
different canopy architectures and leaf structures, but further studies are required for assessing its applicabil-
ity in other vegetation types (e.g., forests, grasslands).
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1. Introduction

The ratio of leaf surface area to unit ground surface area, called leaf
area index (LAI) (Breda, 2003), describes the potential surface area
available for leaf gas exchange between the atmosphere and the ter-
restrial biosphere (Cowling and Field, 2003). Therefore, it is an impor-
tant parameter controlling many biological and physical processes of
the vegetation, including the interception of light and water (rainfall
and fog), attenuation of light through the canopy, transpiration, pho-
tosynthesis, autotrophic respiration, and carbon and nutrient (e.g. ni-
trogen, phosphorus, etc.) cycles. LAI obtained across a range of spatial
scales, from individual plants to entire regions or continents (Bonan,
1993; Running, 1990; Running and Coughlan, 1988; Sellers et al.,
1986) has been used extensively in interactive models of land surface
processes (Field and Avissar, 1998; Pielke et al., 1998). As with other
canopy structural properties, LAI can be separated into its photosyn-
thetic and non-photosynthetic components. The portion of LAI com-
posed of green leaf area (i.e., Green LAI) is the photosynthetically
functional component.

Two main types of approaches have been developed to estimate
Green LAI remotely: (1) inversions of canopy radiative transfer
models (Fang et al., 2003; Knyazikhin et al., 1998a, 1998b; Weiss
et al., 1999); and (2) empirical relationships between Green LAI and
spectral vegetation indices (Chen and Cihlar, 1996; Curran, 1983a,
b; Jordan, 1969; Myneni et al., 1997; Wiegand et al., 1979). While
the two approaches are quite complementary (Pinty et al., 2009), it
is difficult to obtain optimal parameterized solutions for radiative
transfer model inversions (Fang et al., 2003). Therefore, vegetation
indices have seen a more widespread use due to their ease of
computation.

Spectral vegetation indices are mathematical combinations of dif-
ferent spectral bands mostly in the visible and near infrared regions of
the electromagnetic spectrum. These numerical transformations are
semi-analytical measures of vegetation activity and have been widely
shown to vary not only with the seasonal variability of green foliage,
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but also across space, thus suitable for detecting within-field spatial
variability (i.e., useful in precision agriculture). The main purpose of
spectral vegetation indices is to enhance the information contained
in spectral reflectance data, by extracting the variability due to vege-
tation characteristics (e.g. LAI, vegetation cover) and to minimize soil,
atmospheric, and sun-target-sensor geometry effects (Moulin and
Guerif, 1999). Spectral vegetation indices constitute a simple and
convenient approach to extract information from remotely sensed
data, due to their ease of use, which facilitates the processing and
analysis of large amounts of data acquired by satellite platforms
(Govaerts et al., 1999; Myneni et al., 1995). Significant advances
have been achieved in the understanding of the nature and proper in-
terpretation of spectral vegetation indices (Myneni et al., 1995; Pinty
et al., 1993) and theoretical frameworks have been proposed to sup-
port the development of indices optimized for particular applications/
sensors (Gobron et al., 2000; Verstraete et al., 1996).

Applications of vegetation indices have ranged from leaf to global
levels, and in the case of Green LAI, some successes have been
obtained for different crops (Boegh et al., 2002; Broge andMortensen,
2002; Clevers, 1989; Colombo et al., 2003; Curran, 1983a, b; Xiao et
al., 2002). However, most vegetation indices tend to be species specif-
ic and therefore, are not robust when applied across different species,
with different canopy architectures and leaf structures. The goal of
this study is to evaluate the suitability of different vegetation indices
for the remote estimation of multi-temporal Green LAI of crops with
contrasting leaf structures and canopy architectures.

2. Methods

2.1. Study area

The study took advantage of an established research facility,
which is part of the Carbon Sequestration Program at the University
of Nebraska-Lincoln Agricultural Research and Development
Center (UNL-ARDC). This research facility is located 58 km northeast
of Lincoln, NE, U.S.A., and consists of three agricultural fields (Fig. 1).
The first two (Fields 1 and 2, respectively) are 65-ha fields equipped
Fig. 1. Location of the field test sites at the University of Nebraska-Lincoln's Agricultural Rese
maize, Field 2 corresponds to irrigated maize–soybean rotation and Field 3 corresponds to r
ment Zones (IMZ) where destructive Green LAI measurements took place, and of the areas w
form) were acquired. Images are aerial digital multispectral images (false color composites
with center pivot irrigation systems. Field 3 is of approximately the
same size, but relies entirely on rainfall. All three fieldswere uniformly
tilled prior to the initiation of the research program in 2001 and since
then, Field 1 has been continuously under maize, while Fields 2 and 3
have been under a maize–soybean rotation. Prior to the initiation of
the research program, there was a ten-year history of maize–soybean
rotation under no till in Fields 1 and 2 (Suyker et al., 2004; Verma et al.,
2005), while Field 3 had a variable cropping history of primarily
wheat, soybean, oats and maize grown in 2–4 ha plots under conven-
tional tillage (Suyker et al., 2004). The soils of the research facility
are deep silty clay loam consisting of the Tomek, Yutan, Filbert, and Fil-
more soil series (Verma et al., 2005).

2.2. Crop cultural practices

During the growing season of 2001, the three fields were planted
at the beginning of May with maize (Zea mays L.). A Bt corn borer re-
sistant hybrid (Pioneer brand 33P67) was planted in Fields 1 and 2,
following an east–west row direction. One day following planting, ni-
trogen fertilizer was applied at a rate of 128 kg N ha−1. In addition to
this application, 34 kg N ha−1 were also applied at two different oc-
casions through the pivot. Both source and timing of N applications
were chosen to minimize N2O losses (Breitenbeck and Bremner,
1986; Eichner, 1990). Herbicide/pesticides were applied in accor-
dance with standard practices prescribed for production scale maize
ecosystems. Water application was determined based on crop water
budget, by using predicted crop water use and daily monitoring of
rainfall, irrigation, soil evaporation, and soil moisture, maintaining a
minimum soil moisture availability of 50% within the root depth
zone. For Field 3 (i.e., rainfed), a Bt hybrid (Pioneer brand 33B51)
was planted in an east–west row direction. Nitrogen fertilizer was ap-
plied to Field 3 in a similar way as in Fields 1 and 2, one day following
planting at a rate of 106 kg N ha−1. During the 2002 growing season,
only Field 1 was planted with maize (using the same hybrid and cul-
tural practices of the 2001 growing season), while Fields 2 and 3 were
planted with a soybean (Glycene max L.) hybrid (Asgrow 2703 Round-
up Ready), also following an east–west row direction. As with maize,
arch and Development Center (UNL-ARDC). Field 1 corresponds to irrigated continuous
ainfed maize–soybean rotation. Also shown are the locations of the Intensive Measure-
ere close-range spectral measurements (i.e., with the “Goliath” all-terrain sensor plat-

) taken in September 10, 2001.



Fig. 2. Coefficient of variation (%) of the ratio of the transfer functions of the Ocean
Optics USB2000 spectroradiometers in the field, over a period of 4 h (10:20–14:20).

Table 1
Summary statistics of canopy biophysical characteristics of maize and soybean acquired
in-situ during the growing seasons of 2001–2004.

Rainfed Irrigated

Maize Soybean Maize Soybean

Green LAI
(m2/m2)

Mean 2.8 2.0 4.0 2.9
Standard
Deviation

1.3 0.9 1.8 1.8

Minimum 0.2 0.2 0.0 0.2
Maximum 4.3 3.0 6.1 5.5

Total LAI
(m2/m2)

Mean 3.2 2.1 4.3 3.3
Standard
Deviation

1.2 0.9 1.9 1.9

Minimum 0.2 0.2 0.0 0.2
Maximum 4.3 3.2 6.4 5.6

Green leaf biomass
(kg.ha−1)

Mean 1727.3 949.9 2297.1 1144.9
Standard
Deviation

849.2 476.1 1113.2 701.2

Minimum 77.4 83.4 8.9 75.0
Maximum 2622.2 1444.6 3636.8 2113.8

Total aboveground biomass
(Dry weight; kg.ha−1)

Mean 7465.7 3514.7 9952.4 4852.9
Standard
Deviation

4766.9 2572.6 7876.3 3927.1

Minimum 110.1 127.0 11.4 113.9
Maximum 14,229.7 7845.3 25,865.1 11,065.8
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water application in Field 2 was determined based on crop water
budget, by using predicted crop water use and daily monitoring of
rainfall, irrigation, soil evaporation, and soil moisture. Herbicide/
pesticides were applied in accordance with standard practices pre-
scribed for soybean cropping systems. During the 2003 growing sea-
son, the three fields were planted with a different hybrid of maize (i.e.
Pioneer 33B51BT). During the 2004 growing season, Field 1 was planted
with the samemaize hybrid as in 2003,while Fields 2 and3were planted
with the same soybean hybrid as in 2002. Cultural practices for both
crops remained the same for the 2003 and 2004 growing seasons.

2.3. Spectral reflectance measurements

Spectral measurements were carried out along the pivot roads of
Fields 1 and 2 and along an entrance road in Field 3 (Fig. 1). Measure-
ments were acquired during the 2001 growing season from the be-
ginning of June until the beginning of October (18 campaigns); and
in 2002, 2003 and 2004 growing seasons, from the beginning of
May until the beginning of October (31, 34 and 32 campaigns in
2002, 2003, and 2004, respectively). Data in the range 400–900 nm
with a sampling interval of 0.3 nm and a spectral resolution of around
1.5 nm were obtained using a dual-fiber optics system (i.e., two
Ocean Optics USB2000 radiometers) mounted on “Goliath”, an all-ter-
rain sensor platform (Rundquist et al., 2004). One radiometer was
equipped with a 25° field-of-view optical fiber and was placed point-
ed downward to measure the upwelling radiance of crops (Lλcrop).
The height above the top of the canopy (i.e., ~5.5 m) of this radiome-
ter was kept constant throughout the growing season, yielding a sam-
pling area with a diameter of ~2.4 m. The second radiometer was
equipped with a cosine diffuser (i.e., yielding a hemispherical field
of view) and was pointed upward to simultaneously measure inci-
dent irradiance (Eλinc). To match the transfer functions of these two
radiometers, it was necessary to inter-calibrate them. This was ac-
complished by measuring the upwelling radiance (Lλcal) of a white
Spectralon reflectance standard (Labsphere, Inc., North Sutton, NH)
simultaneously with incident irradiance (Eλcal). Percent reflectance
(ρλ) was then computed as:

ρλ ¼ Lλcrop
Eλinc

� �
×

Eλcal
Lλcal

� �
× 100 × ρλcal : ð1Þ

Where ρλcal is the reflectance of the Spectralon panel linearly in-
terpolated to match the band centers of the radiometers. A critical
issue with regard to this radiometer inter-calibration is that the trans-
fer functions (describing the transformation from radiance or irradi-
ance collected by the sensor, to the digital counts registered) of
both radiometers must be invariant through time, and minimally af-
fected by changes in environmental conditions (e.g. temperature).
The two radiometers were thus tested under field conditions (with
changing illumination angles) and it was found that over a four-
hour period (10:20–14:20) the coefficient of variation of the ratio of
the transfer functions of the radiometers did not exceed 5% (Fig. 2).

The two radiometers were inter-calibrated immediately before
and immediately after measurements in each field. To mitigate the
impact of solar elevation on radiometer inter-calibration, the aniso-
tropic reflectance from the calibration target was corrected under
sunny conditions. This correction consisted in the application of gen-
eral calibration equations for the directional/directional reflectance of
the Spectralon reflectance standard used (Jackson et al., 1992). This
correction was not performed under the diffuse light conditions char-
acteristic of cloudy days. All data were collected with the radiometers
configured to take 15 simultaneous upwelling radiance and down-
welling irradiance measurements, which were internally averaged
and stored as a single data file. Measurements took about 20 min
per field and were collected close to solar noon (i.e., with solar angles
between a minimum of 21.5° to a maximum of 54.5°).
2.4. Destructive determination of green leaf area index

Within each of the three studyfields, six small (20×20 m)plot areas
were established (Fig. 1) for performing detailed measurements. These
intensive measurement zones (IMZ) represent all major occurrences of
soil and crop production zones within each field (Verma et al., 2005).
LAI (separated into total and green components) for each of the IMZ
was obtained destructively every 2 weeks since around June 1 of
every sampling year, using the following procedures: In every sampling
date (i.e., nine in 2001, eight in 2002 and 2003, and nine in 2004 grow-
ing seasons) plant populationswere determined (by counting plants) in
each IMZ. Subsequently, six (±2) plants from a 1 m length of either of
two rowswithin each IMZwere collected in each sampling date. Collec-
tion rows were alternated on successive dates to minimize edge effects
on subsequent plant growth. Plants were transported on ice to the lab-
oratory where they were dissected into green leaves, dead leaves,
stems, and reproductive organs. Leaves were run through an area
meter (Model LI-3100, Li-Cor, Inc., Lincoln NE) and the total leaf area,
as well as the green leaf area per plant, was determined. For each IMZ,
the total and green leaf areas per plant were multiplied by the plant
population (# plants m−2) to obtain a total LAI and a Green LAI. LAI
values for the six IMZs were averaged to obtain a site-level value.

image of Fig.�2
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Table 1 shows summary statistics of the total and Green LAI measured,
as well as of green leaf biomass and total above ground biomass.

As sampling dates of destructive Green LAI estimates were fewer
and did not always coincide with those of canopy spectral measure-
ments (Section 2.3 above), Green LAI values obtained destructively
were interpolated to match the dates of canopy spectral measure-
ments. For this, a weighted-linear interpolation between each pair
of successive dates of Green LAI collection was defined as:

Xi ¼
t−ið Þ· Xs þ i−sð Þ· Xt

t−sð Þ ð2Þ

where Xs and Xt are the measured values of Green LAI on dates s and t,
respectively, with tNs, and Xi is the interpolated Green LAI value on
date i, with sb ib t.

2.5. Computation of spectral vegetation indices and their use for remotely
estimating Green LAI

Canopy spectral reflectance datawere used for calculating eight veg-
etation indices, many of which have been proposed as surrogates for
Green LAI estimation (Broge and Leblanc, 2001; Broge and Mortensen,
2002). The vegetation indices tested include (Table 2): the Simple
Ratio, SR (Jordan, 1969), the Normalized Difference Vegetation Index,
NDVI (Rouse et al., 1974), the Enhanced Vegetation Index, EVI (Huete
et al., 1996, 1997), the Green Atmospherically Resistant Vegetation
Index, GARI (Gitelson et al., 1996), theWide Dynamic Range Vegetation
Index, WDRVI (Gitelson, 2004), the green and red-edge chlorophyll in-
dices, CIGreen and CIRed-edge, respectively (Gitelson et al., 2003a, 2003c;
Gitelson et al., 2005), and the MERIS Terrestrial Chlorophyll Index,
MTCI (Dash and Curran, 2004).

The NDVI, EVI, GARI, WDRVI, SR, and CIGreen were calculated using
simulated reflectance bands of the Moderate Resolution Imaging Spec-
trometer, MODIS (blue: 459–479 nm, green: 545–565 nm, red: 620–
670 nm, NIR: 841–876 nm) onboard NASA's Terra and Aqua satellites.
The CIRed-edge and the MTCI were calculated using the simulated reflec-
tance bands of the Medium Resolution Imaging Spectrometer (MERIS)
onboard the European Space Agency's (ESA) Envisat satellite (i.e., red:
677.5–685 nm; red-edge: 704–714 nm; NIR: 771.25–786.25 nm and
750–757.5 nm). We chose to use these broad spectral bands because
they are characteristic of two of themost currently used satellite sensor
systems. In addition, Green LAI estimation using data from these sys-
tems may be more affected by mixed pixel effects (i.e., potentially in-
cluding different species within a single pixel) as their spatial
resolution is relatively coarse (i.e., 250–1000 m/pixel).

Best-fit linear and non-linear models between vegetation indices
and Green LAI were obtained using data acquired during the 2001,
Table 2
Vegetation Indices evaluated in the study.

Index Formulation

Simple Ratio SR ¼ ρNIR
ρRed

Normalized Difference Vegetation Index NDVI ¼ ρNIR−ρ
ρNIR þ ρ

Enhanced Vegetation Index EVI ¼ 2:5
1þ ρN

Green Atmospherically Resistant Vegetation Index GARI ¼ ρNIR− ρ½
ρNIR þ ρ½

Wide-Dynamic Range Vegetation Index WDRVI ¼ α·ρNI

α·ρNI

Green Chlorophyll Index CIGreen ¼ ρNIR

ρGreen
−

Red-edge Chlorophyll Index CIRed�edge ¼
ρN

ρRed

MERIS Terrestrial Chlorophyll Index MTCI ¼ ρNIR−ρ
ρRed edge
2002, 2003 and 2004 growing seasons. A factorial analysis of variance
of the residuals (after checking normality and variance homogeneity)
of these linear and non-linear regression models was performed in
order to test if significant effects were induced by crop type (i.e., maize
vs. soybean) or by field type (i.e., irrigated vs. rainfed), as well as poten-
tial interactive effects between these two factors. The linear and non-
linear functions were then inverted in order to generate empirical pre-
dictive models of Green LAI, which were subsequently validated.

For model validation, we used a k-fold cross-validation procedure in
which the entire data set (i.e., 261 samples) acquired between 2001
and 2004, and including both maize and soybean grown in irrigated
and rainfed fields, was divided into kmutually exclusive groups follow-
ing a k-fold cross-validation partitioning design (Kohavi, 1995). In our
case the data were randomly split into k=10 sets, nine of which were
used iteratively for calibration and the remaining set for validation. All
eight vegetation indices tested used the same k-fold partitions. The ad-
vantages of this cross-validation method are that it reduces the depen-
dence on a single random partition into calibration and validation data
sets, and that all observations are used for both training and validation,
with each observation used for validation exactly one time. Estimates
(i.e., mean±95% confidence intervals) of model coefficients, coeffi-
cients of determination, and Root Mean Square Errors (RMSE) were
obtained from this k-fold cross-validation procedure.

2.6. Field homogeneity analysis

Since the IMZ did not correspond to the close-range spectral re-
flectance sampling areas (Fig. 1), it was necessary to test whether
these different sampling areas were comparable on a timely basis.
For this, we used images acquired during the growing season of
2002 (in June 21, June 27, July 12, July 15, September 7 and Septem-
ber 17) by the AISA system onboard CALMIT's Piper Saratoga aircraft.
The AISA is a spectrally programmable hyperspectral pushbroom
imaging system, with 35 spectral bands collecting radiometric
data between 480 and 860 nm. The aircraft was flown at an altitude
that allowed a spatial resolution of ~3 m/pixel. All images were geo-
metrically and radiometrically corrected. The geometric correction
was obtained based on synchronizations with the navigational sys-
tems of the plane (i.e., roll, pitch, heading, and flight altitude for
each data line), built-in geographic look-up tables and digital eleva-
tion models, while the radiometric correction was performed using
conversions of raw digital numbers to radiance through linear re-
sponse functions. Because only within field variability was assessed,
no atmospheric correction was applied. Both the geometric and
the radiometric corrections were performed using CaliGeo, which
is an interactive program that runs as a plug-in in the ENVI digital
image processing package (ITT Visual Information Solutions).
Reference

(Jordan, 1969)

Red

Red
(Rouse et al., 1974)

ρNIR−ρRed

IR þ 6ρRed−7:5ρBlue
(Huete et al., 1996; 1997)

Green−γ ρBlue−ρRedð Þ�
Green−γ ρBlue−ρRedð Þ� (Gitelson et al., 1996)

R−ρRed
R þ ρRed

(Gitelson, 2004)

1 Gitelson et al., (2003a), (2003c), (2005)

IR

�edge
−1 Gitelson et al., (2003a), (2003c), (2005)

Red�edge

−ρRed
(Dash and Curran, 2004)
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As with spectral reflectance data acquired using close-range sen-
sors onboard “Goliath” (Rundquist et al., 2004), spectral bands of
the AISA system were averaged, on a per pixel basis, to simulate
bands in the visible and near-infrared regions of the MODIS
and MERIS systems. The broad band pixel values were then compared
between the AISA pixels located in the different IMZ and those located
in the close-range spectral reflectance sampling areas (Fig. 1), using
a two-sample t-test, after checking for variance homogeneity.
Fields that showed significantly different broad band radiance values
between the IMZ and the close-range spectral reflectance sampling
areas are considered to be heterogeneous, and thus may constitute
sources of uncertainty that could reduce the accuracy of the remote
estimation of Green LAI.

2.7. Sensitivity analysis

Sensitivity of the different spectral vegetation indices to detect
changes in Green LAI was tested through the use of the Noise Equiv-
alent (NE) ΔGreen LAI:

NEΔGreenLAI ¼ RMSE VI vs: LAIf g
d VIð Þ=d LAIð Þ ð3Þ

Where d(VI)/d(LAI) is the first derivative of the best-fit function of
the relationship “vegetation index (VI) vs. Green LAI” with respect to
Green LAI, while RMSE is the Root Mean Square Error of the best-fit
function of this relationship (Govaerts et al., 1999). The NEΔGreen
LAI has the advantage of allowing the direct comparison among dif-
ferent spectral vegetation indices, i.e., with different scales and dy-
namic ranges (Viña and Gitelson, 2005).

2.8. Effects of crop type on vegetation index imagery

To assess the effects of different crop types on the eight vegetation
indices calculated using the AISA imagery, we compared the histo-
grams of the distribution of vegetation index values of the entire
maize and soybean fields at a time when both exhibit similar Green
LAI values. Destructive sampling showed that in September 7, 2002
the per-field average Green LAI in Field 1 (i.e., irrigated maize) and
Field 2 (i.e., irrigated soybean) was ca. 3.6 m2/m2. Therefore, this
date of image acquisition was chosen.
Table 3
Two sample t-test values for the comparison of means of broad spectral bands (Blue: 475
785 nm) between Goliath sampling areas and the IMZ (see Fig. 1 for locations), calculated
AISA is a hyperspectral imaging sensor system onboard CALMIT's Piper Saratoga, with a p
two-sample t-tests performed for unequal variances.

Field Field type Crop Date Blu

1 Irrigated Maize 6/21/2002 0.98
6/27/2002 0.19
7/12/2002 1.47
7/15/2002 0.55
9/7/2002 0.13
9/17/2002 0.99

2 Irrigated Soybean 6/21/2002 0.19
6/27/2002 0.61
7/12/2002 0.29
7/15/2002 0.59
9/7/2002 0.73
9/17/2002 1.49

3 Rainfed Soybean 6/21/2002 1.55
6/27/2002 1.01
7/12/2002 0.62
7/15/2002 2.90
9/7/2002 3.61
9/17/2002 2.28

⁎pb0.05; #pb0.01; and §pb0.001.
2.9. Evaluation of soil background effects

As shown for NDVI-like indices, the difference between NIR and
red reflectance is instrumental for reducing soil background effects
(Pinty et al., 2009). To evaluate the potential effects of soil back-
ground on the remote estimation of Green LAI using vegetation indices
that are not based on this difference (e.g., the MTCI and the CIRed-edge),
reflectance spectra of spherical and planophile canopies with different
Green LAI values ranging from 0.0 to 6.0 m2/m2 were simulated using
reflectance spectra of two contrasting soil backgrounds (i.e., dark
and bright) measured in Nebraska. The simulation was performed
using a semi-discrete model for the scattering of light by vegetation,
the New Advanced Discrete Model (NADIM) (Gobron et al., 1997).
Using these simulated canopy reflectance spectra, we calculated
the MTCI and the CIRed-edge, tested their Green LAI predictive ability
under two contrasting soil backgrounds (i.e., dark and bright), and
compared them against that of a soil-resistant index, the EVI. For
this, we established the relationship Green LAI vs. VI using canopy
reflectance simulated with the dark soil background, and used this
relationship to estimate Green LAI by the VI calculated with canopy re-
flectance simulated using the bright soil background. Uncertainties
(i.e., Root Mean Square Error — RMSE) of these Green LAI predictions
were calculated.

3. Results and discussion

3.1. Evaluation of field homogeneity

Both irrigated fields were homogeneous in all dates and spectral
bands, with the exception of Field 2, in which the NIR band exhibited
significant differences towards the end of the growing season
(Table 3). Since irrigation tends to homogenize the productivity of
crop fields, these results confirmed our expectations that no statisti-
cally significant differences should be observed between the areas
where Green LAI was obtained destructively (i.e., IMZs) and the
close-range sampling areas in the irrigated fields. In the case of the
rainfed field, significant differences were observed in all the visible
bands (including the red-edge band, but not the NIR band) only on
September 7 (Table 3). The rainfed field also exhibited significant dif-
ferences in the blue and green bands in July 15 and in the blue band
on September 17 (Table 3). The remainder of the growing season
exhibited homogeneity the rainfed field. Therefore, reflectance
–485 nm, Green: 545–565 nm, Red: 675–685 nm, Red-edge: 705–715 nm, NIR: 750–
from reflectance data acquired by the AISA system along the growing season of 2002.
rogrammable set of spectral band locations and widths. Values in bold correspond to

e Green Red Red-edge NIR

9 1.186 1.233 1.307 0.209
2 0.239 0.790 0.750 1.277
1 1.462 1.617 1.591 0.391
2 0.103 1.432 0.856 1.443
5 1.076 1.699 2.099 0.889
5 1.358 1.828 2.090 1.119
0 0.751 0.496 1.130 2.309
9 0.217 0.337 0.244 0.397
0 0.299 0.542 0.393 0.539
0 0.403 0.555 0.518 0.966
0 1.219 1.995 1.140 4.339§

9 0.708 0.008 0.613 0.339
6 1.285 0.689 0.910 2.098
4 0.690 0.043 0.170 1.831
3 0.716 0.133 0.067 1.070
6⁎ 2.553⁎ 1.562 1.772 0.735
3# 3.692# 2.495⁎ 2.367⁎ 1.021
4⁎ 0.060 2.087 0.207 2.057
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sampling areas were, for the most part, representative of those where
destructive Green LAI data were acquired. However, data acquired
during dates of significant field heterogeneity may constitute a source
of uncertainty that may reduce the accuracy of the remote estimation
of Green LAI.
Fig. 3. Relationships between (A) NDVI, (B) EVI, (C) GARI, (D) WDRVI (E) Simple Ratio, (F) C
rainfed fields during the growing seasons of 2001–2004. Lines correspond to best fit functi
3.2. Evaluation of vegetation indices for the estimation of Green LAI at
close range

The NDVI, the EVI, the GARI, and the WDRVI exhibited asymptotic
relationships with Green LAI, showing high sensitivity at low-to-
IGreen, (G) CIRed-edge, and (H) MTCI vs. Green LAI, for maize and soybean in irrigated and
ons.
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intermediate Green LAI values that decreased considerably when
Green LAI exceeded 3.0 m2/m2 (Fig. 3A–D). The relationship between
the EVI and Green LAI exhibited a high scattering of the points from
the non-linear fit (Fig. 3B). In contrast, the relationships between
Green LAI vs. the Simple Ratio, the CIGreen, the CIRed-edge and the
MTCI, were linear for both crops (i.e., maize and soybean) and in
both irrigated and rainfed fields during the growing seasons of 2001
through 2004 (Fig. 3E–F). The relationship between the Simple
Table 4
Factorial analyses of variance of the residuals from the best-fit functions (Fig. 3) between t

Vegetation index Factor Factor name

Simple Ratio Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

NDVI Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

EVI Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

GARI Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

WDRVI Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

CIGreen Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

CIRed-edge Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean

MTCI Field Rainfed
Irrigated

Crop type Maize
Soybean

Crop×field Rainfed maize
Rainfed soybean
Irrigated maize
Irrigated soybean
Ratio and Green LAI, although linear, showed higher scattering of
the sampling points from the linear fit (Fig. 3E).

A factorial analysis of variance of the residuals of the linear and
non-linear models depicted in Fig. 3 showed that no significant
(pb0.05) interaction effect was observed between field (i.e., irrigated
vs. rainfed) and crop type (i.e., maize vs. soybean) for all indices eval-
uated (Table 4). However, all indices exhibited significantly (pb0.05)
different residuals for maize and soybean, with the exception of the
he vegetation indices evaluated vs. Green LAI.

Mean Standard error F-value p-value

0.711 0.404 0.02 0.879
0.635 0.294

−1.744 0.347 93.48 b0.0001
3.091 0.360

−1.527 0.619 0.51 0.475
2.950 0.519

−1.961 0.313
3.231 0.498
0.015 0.006 5.26 0.023

−0.001 0.004
−0.018 0.005 53.81 b0.0001

0.033 0.005
−0.015 0.009 2.37 0.125

0.046 0.007
−0.020 0.004

0.019 0.006
−0.001 0.008 4.80 0.029

0.021 0.006
−0.045 0.008 107.45 b0.0001

0.064 0.007
−0.053 0.013 0.34 0.562

0.050 0.011
−0.036 0.006

0.079 0.010
0.014 0.005 3.75 0.054
0.001 0.004

−0.017 0.005 47.55 b0.0001
0.031 0.005

−0.016 0.008 1.95 0.1638
0.043 0.007

−0.019 0.004
0.019 0.007
0.032 0.012 2.84 0.093
0.006 0.009

−0.056 0.009 88.34 b0.0001
0.090 0.011

−0.046 0.018 1.14 0.286
0.111 0.016

−0.056 0.009
0.069 0.015
0.243 0.135 0.29 0.593
0.154 0.098

−0.484 0.116 66.60 b0.0001
0.881 0.120

−0.401 0.207 0.21 0.648
0.887 0.173

−0.567 0.105
0.875 0.167
0.159 0.098 3.70 0.055

−0.069 0.066
0.054 0.063 0.20 0.656
0.013 0.066
0.151 0.114 0.56 0.453
0.179 0.095

−0.043 0.057
−0.153 0.091

0.097 0.096 6.37 0.012
−0.202 0.070

0.348 0.082 45.37 b0.0001
−0.453 0.085

0.465 0.147 0.30 0.582
−0.270 0.123

0.231 0.074
−0.636 0.118



Table 5
Algorithms for remotely estimating Green LAI using the eight vegetation indices eval-
uated. Values of the Root Mean Square Error (RMSE, m2/m2) represent the accuracies
of the different algorithms in estimating Green LAI. All model coefficients, RMSE and
their ±95% confidence intervals (in parentheses) were obtained using a k-fold cross
validation procedure, with k=10.

Model (inverted) Y0 a b RMSE

GreenLAI ¼

ln
1

1−NDVI−Y0
a

0
B@

1
CA

b
0.2064 0.7298 0.6159 1.176 (0.014)

GreenLAI ¼

ln
1

1− EVI−Y0
a

0
B@

1
CA

b
0.1408 0.7512 0.3789 2.533 (0.040)

GreenLAI ¼

ln
1

1−GARI−Y0

a

0
B@

1
CA

b
0.3417 0.5322 0.4727 0.985 (0.013)

GreenLAI ¼

ln
1

1−WDRVI−Y0
a

0
B@

1
CA

b
−0.6684 1.4392 0.3418 0.982 (0.008)

GreenLAI ¼ SimpleRatio−Y0
a

� �
0.5761 3.7880 N/A 1.095 (0.008)

GreenLAI ¼ CIGreen−Y0
a

� �
0.9910 1.6769 N/A 0.781 (0.006)

GreenLAI ¼ CIRed�edge−Y0
a

� �
−0.1179 1.4065 N/A 0.577 (0.003)

GreenLAI ¼ MTCI−Y0

a

� �
1.3375 2.1366 N/A 0.682 (0.003)
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CIRed-edge (Table 4). Therefore, with the exception of the CIRed-edge, all
vegetation indices tested may require different model coefficients
for the remote estimation of Green LAI in different crop types. This
means that even in such contrasting crop types with respect to
leaf structure (i.e., monocotyledon vs. dicotyledon) and canopy archi-
tecture (i.e., planophile vs. spherical leaf angle distribution) as
maize and soybean, the algorithm for estimating Green LAI using
the CIRed-edge does not require re-parameterization of model coeffi-
cients. In addition, the residuals of NDVI, EVI and MTCI vs. Green LAI
were significantly different between irrigated and rainfed fields
(Table 4), suggesting that in order to improve the accuracy of the es-
timation of Green LAI obtained from these indices, different parame-
terizations for irrigated and rainfed conditions may also be required.

3.3. Sensitivity analysis

The sensitivity analysis was performed by estimating the Noise
Equivalent ΔGreen LAI using a single parameterization (i.e., a single
model for maize and soybean in irrigated and rainfed fields) of the
linear and non-linear models between each vegetation index and
Green LAI (Fig. 3). We used a single parameterization, in order to
compare the performance of the eight indices under a mixed pixel
scenario. Results of this analysis show that the NDVI and the GARI
exhibited the lowest NE ΔGreen LAI values (thus the highest sensitiv-
ities to Green LAI) for Green LAI below 2.0 m2/m2. In contrast, the
MTCI, the CIGreen and the CIRed-edge exhibited the lowest NE ΔGreen
LAI values for Green LAI exceeding 3.0 m2/m2 (Fig. 4). The EVI and
the WDRVI had higher sensitivities than the CIGreen and CIRed-edge at
Green LAIb2 m2/m2, and higher sensitivities than the NDVI at Green
LAIN2 m2/m2. Both of these indices exhibited almost the same NE
ΔGreen LAI but the WDRVI showed slightly higher sensitivity than
EVI across the entire range of Green LAI studied (Fig. 4). Therefore,
NDVI and GARI are the best indices for quantitatively detecting
changes in Green LAI values b2 m2/m2, while the MTCI, the CIGreen
and the CIRed-edge are the best for detecting changes in Green LAI
values N3 m2/m2.

3.4. Model validation

Coefficients of model inversions between Green LAI and vegetation
indices are presented in Table 5. In this table, the accuracy of the remote
Green LAI estimation is represented by the Root Mean Square Error,
RMSE. Among the eight vegetation indices tested, the CIRed-edge and
the MTCI exhibited the lowest RMSE, with the CIRed-edge, exhibiting
the lowest of all (RMSE=0.577 m2/m2). Therefore, remote sensing
metrics developed originally to estimate chlorophyll content (i.e., the
CIRed-edge and the MTCI) can also be used for an accurate remote
Fig. 4. Sensitivity of the different spectral vegetation indices tested to Green LAI of
maize and soybean in irrigated and rainfed fields during the growing seasons of 2001
to 2004. Sensitivity was evaluated using the NE ΔLAI (Eq. 3).
estimation of Green LAI of crop canopies ranging from 0.0 to more
than 6.0 m2/m2.

3.5. Effects of crop type on vegetation index imagery

With the exception of the CIRed-edge image, the irrigated maize and
soybean fields were discernible from each other in all the vegetation
index images, and exhibited a clear separation in their histogram
values (Fig. 5). These results correspond with those obtained using
close-range remote sensing techniques (Table 4), in which the only
index that showed no significant differences among crop types was
the CIRed-edge. In addition, for the same Green LAI all indices (exclud-
ing the CIRed-edge) showed lower values for maize than for soybean,
with the exception of the MTCI in which the soybean field exhibited
lower values than those of maize (Fig. 5). The difference between
MTCI in maize and in soybean may be explained by the different
leaf structures and canopy architectures of these crops. On the one
hand, chlorophyll content in the adaxial and abaxial sides of maize
leaves are virtually the same, while in soybean leaves chlorophyll
content in the adaxial side is considerably higher than in the abaxial
one. On the other hand, while soybean exhibits a characteristic plano-
phile canopy (i.e., predominantly horizontal leaves), the canopy of
maize tends to exhibit a more spherical (i.e., uniform) leaf angle dis-
tribution. These main differences in foliar chlorophyll distribution
and leaf angle distribution induce complex effects on the reflectance
of maize and soybean canopies that directly affect the sensitivity of
different vegetation indices to Green LAI. One of such complex effects
is that under the same Green LAI, due to higher chlorophyll content in
the adaxial surface of soybean leaves, reflectance of the soybean can-
opy in the red region is lower than that in the maize canopy (i.e.,
higher absorption by chlorophyll in soybean; Fig. 6). However, due
to a higher scattering by the soybean canopy, soybean reflectance
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Fig. 5. Histograms showing the distribution of pixel values within the images of (A) NDVI, (B) EVI, (C) GARI, (D) WDRVI, (E) Simple Ratio, (F) CIGreen, (G) CIRed-edge, and (H) MTCI.
These images were calculated from an imaging overpass of the aircraft-mounted AISA sensor in September 7, 2002 over irrigated maize and soybean fields (Green LAI of around
3.6 m2/m2 in both fields). Insets show the respective images. Changes in image intensity depict the differential sensitivities of the indices to the two crop types evaluated. Maize
and soybean fields are discernible from each other in all these images, with the exception of the CIRed-edge image. This demonstrates the robustness of this index for Green LAI es-
timation in canopies with different leaf structures and canopy architectures.

3476 A. Viña et al. / Remote Sensing of Environment 115 (2011) 3468–3478
increases sharply toward longer wavelengths, reaching up to 60% at
around 800 nm (Fig. 6), while maize NIR reflectance is considerably
lower (up to 40%; Fig. 6). In addition, with an increase in wavelength,
the depth of light penetration into the leaf increases. In the soybean
leaf, it reaches the spongy layer, which has lower chlorophyll content
than the palisade layer. In contrast, in the maize leaf, chlorophyll con-
tent remains the same along the leaf depth and deeper light penetra-
tion brings an increase in absorption. As a result, in the red-edge
region, soybean reflectance is higher than that in maize. Thus, the dif-
ference between reflectance in the red-edge and in the red spectral
regions (i.e., numerator of the MTCI) is lower in maize canopies
than in soybean canopies with the same Green LAI. Contrary to the
MTCI, the CIRed-edge values are almost the same for both maize and
soybean with the same Green LAI, since although soybean shows
higher values of red-edge and NIR reflectance than maize, the ratio
ρNIR/ρRed-edge remains almost the same (Fig. 6).

3.6. Evaluation of soil background effects

The effects of contrasting dark and bright soil backgrounds on the
remote estimation of Green LAI are shown in Fig. 7. This figure shows
RMSE of the remote estimation of Green LAI over a bright soil using
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Fig. 6. Reflectance spectra of maize and soybean canopies with similar Green LAI
(ca. 4.0 m2/m2).
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the established relationship over a dark soil for the two best indices
found in the study for remotely assessing Green LAI, the MTCI and
the CIRed-edge. As the EVI has been suggested to be resistant to changes
in background reflectance (Huete et al., 1997), this index was also in-
cluded for comparison purposes. It can be seen that while both
the MTCI and the CIRed-edge were affected by different soil background
reflectances, these indices still exhibited lower uncertainties than
the soil-resistant EVI. However, the CIRed-edge exhibited higher uncer-
tainty in the simulated spherical canopy while the MTCI exhibited
higher uncertainty in the simulated planophile canopy. As the soil
background may be more visible even under higher Green LAI values
in spherical canopies than in planophile canopies, this suggests that
the CIRed-edge may be more affected by soil background effects than
the MTCI.

4. Concluding remarks

The photosynthetic component of LAI (i.e., Green LAI) has been
traditionally determined using visual (i.e., subjective) attributions of
the “greenness” of leaves (Boegh et al., 2002; Ciganda et al., 2008;
Curran, 1983a; Gitelson et al., 2003c). Therefore, the Green LAI repre-
sents a subjective metric, as it depends on a visual inspection of
Fig. 7. Root Mean Square Error (RMSE, m2/m2) of Green LAI estimation (in a range of
0 to 6 m2/m2) in simulated spherical (i.e., uniform leaf angle distribution) and plano-
phile (i.e., predominantly horizontal leaf angle distribution) canopies. The estimation
was obtained over a bright soil background using the coefficients of the relationship
between Green LAI vs. Vegetation Index established over a dark soil background. The
vegetation indices shown correspond to the MTCI and the CIRed-edge, together with a
background resistant index, the EVI, for comparison purposes. The inset shows the re-
flectance spectra of the dark and bright soil backgrounds used in the simulations.
the color of leaves. While a strong linear relationship exists between
canopy chlorophyll content and Green LAI obtained using this subjec-
tive greenness attribution, such relationship exhibits hysteresis, par-
ticularly during the senescence period (see Fig. 1 in Peng et al.,
2011). Therefore, metrics for the estimation of canopy chlorophyll
content such as the MTCI (Dash and Curran, 2004), the CIGreen and
the CIRed-edge (Gitelson et al., 2005), which have also been successfully
related with the gross primary productivity (GPP) of vegetation can-
opies (Gitelson et al., 2003b; Gitelson et al., 2006; Gitelson et al.,
2008; Harris and Dash, 2010; Hilker et al., 2011), may actually pro-
vide a more accurate representation of the photosynthetically active
component of the LAI than destructive sampling. In this study we
evaluated the sensitivity of these chlorophyll indices, together with
other spectral vegetation indices, for the remote estimation of
Green LAI in two crop types (i.e., maize and soybean) exhibiting con-
trasting leaf structures and canopy architectures.

Among the eight indices tested, the chlorophyll indices (i.e., the
CIGreen, the CIRed-edge and the MTCI) were found to be linearly related
with Green LAI and thus exhibited more sensitivity to moderate-to-
high Green LAI than widely used NDVI-like indices. This was expected
by the linear relationship between canopy chlorophyll content and
Green LAI. Through model simulations, we evaluated the sensitivity
to soil background effects of the MTCI and the CIRed-edge. The simula-
tions showed that these two indices performed better than an estab-
lished and amply used soil-background insensitive index, the EVI,
suggesting that the accuracy of the MTCI and the CIRed-edge at predict-
ing Green LAI was not drastically affected by soil background effects.
Other sources of uncertainty, such as the spatial and temporal mis-
match between the destructive sampling of Green LAI and close-
range canopy spectral measurements, were also present in the
study. However, these were not systematic and did not appreciably
reduce the accuracy of the remote estimations of Green LAI, thus
were treated as random errors.

The main conclusion of this study is that chlorophyll indices such
as the MTCI and the CIRed-edge constitute suitable surrogates of Green
LAI. These indices may even constitute better metrics than the subjec-
tively determined Green LAI, as they objectively respond to changes
in both leaf area and foliar chlorophyll content. However, it was
found that the MTCI was sensitive to crop type, thus requiring re-
parameterization of the algorithms for estimating Green LAI of vege-
tation with different canopy architectures and leaf structures. There-
fore, a priori knowledge of crop type would be required for a
successful application of the MTCI for Green LAI estimation in differ-
ent crops types. In contrast, the CIRed-edge was crop type insensitive,
thus may not require re-parameterization under different crop
types. The CIRed-edge is therefore a suitable, accurate and yet inexpen-
sive tool for the remote estimation of Green LAI at multiple
scales, from close-range to entire regions and continents, using cur-
rently operational satellite sensor systems such as Hyperion and
MERIS. However, further studies are required to test the suitability
of the CIRed-edge for the remote estimation of Green LAI not only in dif-
ferent crop types but also in other vegetation types (e.g., forests,
grasslands).
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