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Hyperspectral Vegetation Indices and Their
Relationships with Agricultural

Crop Characteristics

Prasad S. Thenkabail®, Ronald B. Smith* and Eddy De Pauw?

The objective of this paper is to determine spectral
bands that are best suited for characterizing agricultural
crop biophysical variables. The data for this study comes
from  ground-level hyperspectral reflectance measure-
ments of cotton, potato, soybeans, corn, and sunflower.
Reflectance was measured in 490 discrete narrow bands
between 350 and 1,050 nm. Observed crop characteris-
tics included wet biomass, leaf area index, plant height,
and (for cotton only) yield. Three types of hyperspectral
predictors were tested: optimum multiple narrow band
reflectance (OMNBR), narrow band normalized differ-
ence vegetation index (NDVI) involving all possible two-
band combinations of 490 channels, and the soil-adjusted
vegetation indices. A critical problem with OMNBR mod-
els was that of “over fitting” (i.e., using more spectral
channels than experimental samples to obtain a highly
maximum R* value). This problem was addressed by
comparing the R* values of crop variables with the R*
values computed for random data of a large sample size.
The combinations of two to four narrow bands in
OMNBR models explained most (64% to 92%) of the
variability in crop biophysical variables. The second part
of the paper describes a rigorous search procedure to
identify the best narrow band NDVI predictors of crop
biophysical variables. Special narrow band lambda (1,)
versus lambda (7;) plots of R? values illustrate the most
effective wavelength combinations (4, and 7;) and band-

widths (AL, and AX,) for predicting the biophysical
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quantities of each crop. The best of these two-band indi-
ces were further tested to see if soil adjustment or nonlin-
ear fitting could improve their predictive accuracy. The
best of the narrow band NDVI models explained 64% to
88% wvariability in different crop biophysical variables. A
strong relationship with crop characteristics is located in
specific narrow bands in the longer wavelength portion
of the red (650 nm to 700 nm), with secondary clusters
in the shorter wavelength portion of green (500 nm to
550 nm), in one particular section of the near-infrared
(900 nm to 940 nm), and in the moisture sensitive near-
infrared (centered at 982 nm). This study recommends a
12 narrow band sensor, in the 350 nm to 1,050 nm range
of the spectrum, for optimum estimation of agricultural
crop biophysical information. OElsevier Science Inc.,
2000

INTRODUCTION, RATIONALE, AND
BACKGROUND

The spectral data from the current generation of earth-
orbiting satellites carrying broad band sensors such as
Landsat Thematic Mapper (TM), Le Systéme pour 'obs-
ervation de la terre (SPOT) high resolution visible
(HRV), and the Indian Remote Sensing (IRS) Linear
Imaging Self-Scanning have limitations in providing ac-
curate estimates of biophysical characteristics of agricul-
tural crops (Fassnacht et al., 1997; Thenkabail et al.
1995; Wiegand et al. 1991; Wiegand and Richardson,
1990), natural vegetation (Friedl et al., 1994), and in
quantifying other terrestrial ecosystem characteristics,
such as soil characteristics; stress due to weeds, water,
and nitrogen deficiencies or excess; crop phenology; and
fallow, forest, and agricultural interactions (Moran et al.,
1994; Running, 1989). These limitations have motivated
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the inclusion of hyperspectral sensors onboard the new
generation of satellites planned by various governments
and also by the United States private industry (e.g., see
ASPRS, 1995; Stoney and Hughes, 1998). The upcoming
narrow band hyperspectral sensors include: (1) Hyperion
sensor with 220 spectral bands, each with 10 nm wide
narrow bands onboard the National Atmospheric and
Space Administration’s (NASA) New Millennium Pro-
gram’s Earth Observer-1 (EO-1); (2) hyperspectral im-
aging spectrometer sensor with 105 spectral bands on-
board Australian Resource Information Environmental
Satellite-1; (3) Warfighter-1 with 200 channels onboard
ORBVIEW-4 (a U.S. private industry satellite); and (4)
moderate resolution imaging spectrometer (MODIS)
with 36 channels (with 10 in visible, six in shortwave in-
frared or middle infrared, five in thermal infrared, and
the rest beyond) onboard Terra (formerly EOS AM-1).
The spectral range of these sensors will be 400 nm to
2500 nm. Apart from their high spectral resolution, Hyp-
erion and the Australian sensors also have 30 m spatial
resolution. Warfighter-1 will have eight meter resolution.
However, MODIS has a much coarser spatial resolution,
varying between 250 m and 1,000 m. All satellites are
planned for launch either during the last quarter of 1999
or early 2000.

Recent literature has shown that the narrow bands
may be crucial for providing additional information with
significant improvements over broad bands in quantify-
ing biophysical characteristics of agricultural crops. The
hyperspectral data for studies reported in literature have
been gathered using field spectroradiometers (Black-
burn, 1998a; Carter, 1998; Elvidge and Chen, 1995; Shi-
bayama and Akiyama, 1991; Curran et al., 1990), the
Compact Airborne Spectrographic Imager (see Gong et
al., 1995), and the NASA-designed Airborne Visible-In-
frared Imaging spectrometer (AVIRIS, see Chen et al.,
1998, Elvidge et al., 1993; Elvidge and Mouat, 1989). In
the past three decades, the broad band vegetation indi-
ces (VIs) such as TM-derived NDVI have been widely
used to quantify crop variables such as wet biomass
(WBM), leaf area index (LAI), plant height, and grain
yield (see, for example, Tucker, 1979; Wiegand et al.,
1992; Thenkabail et al., 1995). These broad band indices
(e.g., Lyon et al., 1998) use average spectral information
over broad band widths (e.g., TM band 3 or red: 630-
690 nm, and TM band 4 or near-infrared: 760-900 nm),
resulting in loss of critical information available in spe-
cific narrow bands (e.g., Blackburn, 1998a). Also, the
NIR and red-based indices are known to be heavily in-
fluenced by soil background at low vegetation cover (El-
vidge and Lyon, 1985; Huete et al., 1985). Further im-
provement in indices is generally possible through use
of spectral data from distinct narrow bands and, further,
through corrections for soil background effects. These
hyperspectral studies were conducted for rice yield (Shi-
bayama and Akiyama, 1991), chlorophyll content of
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plants (Blackburn, 1998a, 1998b; Curran et al., 1990),
coniferous forest LAI (Gong et al., 1995), pinyon pine
canopy LAI (Elvidge and Chen, 1995), and photosynthe-
sis and stomatal conductance in pine canopies (Carter,
1998). The soil-adjusted vegetation index and its numer-
ous modifications (see Huete, 1988; Qi et al., 1994; Ron-
deaux et al., 1996; Lyon et al., 1998) further improve the
performance of these indices through “adjustments” for
soil background effects.

The indices discussed above involve two bands. Ac-
cording to Lawrence and Ripple (1998) and Gong et al.
(1995), the use of two-band vegetation indices unneces-
sarily constrains the regression analysis. They argue that
if one requires knowledge of an ecological variable (e.g.,
above-ground biomass or LAI), the researchers must ul-
timately analyze the relationship between the spectral in-
dex used and the ecological variable through a regression
analysis. They and some others (e.g., Shibayama and Aki-
yama, 1991; Ripple, 1994) have shown that the piecewise
multiple regression models performed on discrete nar-
row bands provide flexibility in choosing the bands that
provide maximum information at a given period of crop
growth. As the crop conditions vary due to factors such
as management conditions, soil characteristics, climatic
conditions, and cultural practices, different band combi-
nations can be used (Shibayama and Akiyama, 1991; Shi-
bayama et al., 1993).

Based on the above background, the main goal of
this research is to evaluate the performance of various
types of hyperspectral vegetation indices in characteriz-
ing agricultural crop biophysical variables. The final goal
is to determine and recommend an optimal number of
hyperspectral bands, their centers and widths, in the visi-
ble and NIR portion of the spectrum (350-1,050 nm) re-
quired to best study agricultural crops, thus reducing the
redundancy in hyperspectral data. A rigorous and exhaus-
tive approach is adopted in computing and evaluating
hyperspectral indices. Crop variables used are LAI,
WBM, grain yield, and plant height, which are the best
indicators of crop growth and yield (see Bartlett et al.,
1988; Wiegand and Richardson, 1990; Shibayama et al.,
1993; Thenkabail et al., 1995; Fassnacht et al., 1997).
Biophysical quantities are based on data from five ag-
ricultural crops, each with four crop variables.

STUDY AREA

The study area is located about 35 km southwest of
Aleppo, Syria. Measurements were taken in farm fields
that surround this area with the points falling within the
area encompassed by upper left: 36°26" 29.5836" N,
36°35" 24.3816" E; lower right: 34°57" 46.3428" N,
37°43" 47.3736" E. The Aleppo area is characterized by
Mediterranean climate: hot and dry summers and cool
and wet winters. The annual rainfall varies from 300 mm
to 350 mm. This climate pattern occurs in several loca-
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tions in the 30-40-degree latitude belts in both hemi-
spheres. The largest single contiguous area experiencing
this climate is in the Mediterranean basin covering parts
of West Asia, North Africa, and Southern Europe. Hence
a study conducted in such a representative area (Aleppo)
has applications across many other Mediterranean re-
gions falling within similar climatic, vegetation, and ag-
ricultural patterns. The overall study area had four soil
types: very fine clayey chromic calcixerert (the Jindiress
region), very fine clayey calcixerollic xerochrept (Tel Ha-
dya), clayey calcixerollic xerochrept (Breda), and clayey
mixed thermic calcic gypsiorthid (Ghrerife) (Ryan et al.,
1997). During summer, 10% to 20% of the farms in the
study area are irrigated from deep wells (recharged by
aquifers), or by canal irrigation from the Euphrates
River. Otherwise most of cultivation is rain-fed during
the winter and spring (November—April).

METHODS: COMPUTATION OF
NARROW BAND INDICES AND
LABORATORY PROCEDURES

Spectral and biophysical data were gathered for five irri-
gated summer (July-October) crops. All data were col-
lected during a 15-day field campaign in late August and
early September 1997. A 512 channel spectroradiometer
with a range from 331.8 nm to 1,063.95 nm, manufac-
tured by Analytical Spectral Devices™ (FieldSPEC,
1997), was used to gather spectral data of crops and soils.
Due to severe noise in the ends of the spectrum, only
the data gathered in 350 nm through 1,050 nm was used,
reducing the number of spectral channels to 490. The
band centers were rounded off to nearest whole number
(e.g., 549.86 nm as 550 nm). The spectroradiometer unit
consisted of a main spectrometer, a personal computer,
fiber optic cable, a pistol grip, and different field of view
(FOV) cones. Inside the spectrometer instrument, light
is projected from the fiber optics onto a holographic dif-
fraction grating where wavelength components are sepa-
rated and reflected for independent collection by the de-
tector(s) (FieldSPEC, 1997). Five major crops were
identified for spectral and crop biophysical measure-
ments. The major crops during this summer period were:
cotton (Gossypium), potato (Solanum erianthum), soy-
beans (Glycine max), corn (Zea mays), and sunflower
(Helianthus). These farms were on four distinct soil
zones. Hence the soil types, color, and transformation
(tilled, untilled, fallow) of the soils were noted at each
location. Spectral reflectance data and quantitative and
qualitative data on crops and soils were obtained from
194 locations spread across the study area. The sample
distribution was: cotton (73 sample locations), potato (25
sample locations), soybeans (27 sample locations), corn
(17 sample locations), sunflower (9 sample locations),

and topsoil (43 sample locations) (Fig. 1). The mean
spectral plots of these crops are shown in Fig. la through
d, taking their distinctive growth stages. These growth
phases were (Table 1): early vegetative (potato, soy-
beans), late vegetative (soybeans, corn), critical (cotton,
soybeans, corn), and yielding/maturing (cotton). Plots of
the first-order derivative spectra (not presented here)
will show the regions of change and the degree of
change in spectral reflectivity with change in wavelength
across the spectrum. At each site, 3 to 10 reflectance
measurements were consistently taken along a transect,
with a nadir view from a height of 1.2 m for cotton, po-
tato, and soybeans, using a 18° FOV. This resulted in
viewing an area of 1,134 cm?® at the ground level. Typical
transact was 30 m to 100 m in length with one spectra
at every 10 m interval. For corn and sunflower the view-
ing height was 1.8 m. Spectroradiometer data of crops
were analyzed using softwares PORTSPEC™ and
VNIR™ supplied by the manufacturer of the instrument
(Analytical Spectral Devices™), and Statistical Analysis
System (SAS) version 6.12 (SAS, 1997a, 1997b). The tar-
get reflectance is the ratio of energy reflected off the tar-
get (e.g., crops) to energy incident on the target (mea-
sured using a BaSO, white reference). Since the dark
current varies with time and temperature, it was gath-
ered for each integration time (virtually for each new
reading). Thus [see Eq. (1)],

(target-dark current)

Reflectance (%)= (1)

(reference-dark current)

Three distinct types of narrow band indices were
computed using 490 spectral channels of percentage re-
flectance data from the spectroradiometer. The hypers-
pectral indices computed were (see Table 2): (1) all pos-
sible two-band combination indices involving the 490
narrow bands; (2) stepwise linear regression indices in-
volving 490 narrow bands; and (3) the soil-adjusted nar-
row band indices.

The performance of these indices in establishing
crop characteristics (Table 1) were then evaluated and
compared with the well-known reference Landsat TM
broad band indices. At each farm, a representative area
of 1 m? was chosen for all measurements. At each sample
site, two to four sets of reflectance measurements were
taken for one representative plant. The same plant sam-
ple above the ground was taken for laboratory analysis.
Above-ground plant height (mm), number of plants in 1
m? area, and number of rows was recorded. Observations
were made on the crop growth stage (Fig. 1) and crop
condition. Where farmers were available, planting dates
were recorded that were used in conjunction with crop
growth stages. A digital photograph was taken at each
site to further supplement the above quantitative and
qualitative observations. Digital photographs provided
valuable additional information on each site, for example,
in identifying cotton fields that are nearing harvest versus
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Figure 1. Spectral reflectance characteristics of different crops at distinct growth phases. Sample sizes are shown inside the

legend brackets of each crop.

those that are in critical/flowering stages (e.g., Figs. la
and b). Photographs also helped in identifying gross mis-
takes, if any, in plant density calculations and crop condi-
tion rating. Global Positioning System locations were
noted in geographic coordinates (latitude/longitude in
degree, minutes, seconds) and in universal transverse
mercator (in meters) were recorded. In the laboratory,
plant samples were analysed for leaf area (m?), wet
weight (kg), and (in the case of cotton) yields (kg lint/
ha) (Table 1). Leaf area was obtained by running the
leaves over a LI-COR 3100 leaf area meter. The leaf
area obtained from one representative plant is multiplied
by the number of plants in 1 m?® area to obtain LAI (m?¥
m?). Plants were cut and weighed on a simple weighing
machine. This weight was multiplied by number of
plants in 1 m? to obtain biomass (kg/m?). LAI and WBM
and plant height measurement were made for all crops
(Table 1). Yield was also obtained for cotton. For this
purpose cotton bolls were counted and converted to kg
lint per hectare (kg lint/ha) using 600 bolls per 1 kg lint.
Yields were not gathered for other crops. The mean re-
flectance values obtained for these soils were plotted for
various narrow bands A, and 4, and fitted using an equa-

tion of type: NIR=a-red+b. The slopes (a¢) and inter-
cepts (b) obtained from the soil lines were used in the
soil adjusted vegetation indices (e.g., narrow band
TSAVI). For further details on methods and procedures
refer to Thenkabail et al. (1999).

RESULTS AND DISCUSSION

The relationships between the four biophysical variables
of five crops and four types of reflectance indices are dis-
cussed below. Of these, the first index type is broad band
and the others are narrow band. These indices are:

¢ broad band TM NDVI (as our reference index);

e OMNBR reflectance models;

e two-band NDVI type indices involving all possi-
ble combinations of 490 narrow bands; and

e narrow band soil-adjusted vegetation indices.

An overwhelming proportion of the Hyperspectral index
models indicated that the best relationships were ob-
tained using LAI or biomass of different crops. The rela-
tionships with crop height, yield, and canopy cover also
provided several high R* values, but performed poorer
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than LAI and biomass models. Hence, the main focus of
the results presented in this paper will be for LAI and
biomass. Limited results are also presented for other rel-
atively less significant crop variables.

However, the study begins with a direct evaluation
of the correlation between the single band reflectance
with biophysical quantities. It was determined during a
preliminary sensitivity analysis that the vegetation indices
computed for a wide range of the existing sensors such
as Landsat MSS, Landsat TM, SPOT HRV, NOAA
AVHRR, and IRS-1C, using simulated data for crops
from a spectroradiometer, were highly correlated
(R*=0.95 or higher). Hence computing vegetation indi-
ces for any one of these sensors will provide nearly the
same information as similar indices computed for other
sensors. Elvidge and Chen (1995) determined that the
relatively narrower bands of TM and MSS sensors
showed only slight improvements over broader bands
from sensors such as AVHRR. Therefore, the TM NDVI
(see Table 2) was the only broad band index computed
and reported throughout this paper. The discrete 1.43
nm wide narrow band reflectance data obtained using
the spectroradiometer were averaged over the spectral
bands 760 nm to 900 nm (for TM band 4) and 630 to
690 nm (for TM band 3) to obtain broad band NDVI
for each data point.

Single Narrow Band Reflectance Relationships
with Crop Variables

As a first step, reflectance in the 490 individual narrow
bands was correlated with crop biophysical variables:
WBM and LAI of all the five crops (Fig. 2). Maximum
negative correlation coefficients (r) in the red band por-
tion were mostly centered around 680 nm. This is a re-
gion of high chlorophyll absorption in green vegetation.
The maximum negative r values for relationships be-
tween reflectance and WBM were (Fig. 2a) at 682 nm
for cotton (r=—0.75), potato (—0.47), soybeans (—0.72),
and corn (—0.41) (Fig. 2a). For sunflower it was cen-
tered at 625 nm (r=—0.58). There were similar trends
with LAI (Fig. 2b). Around 700 nm, the amount of en-
ergy reflected off green vegetation begins to increase.
The wavelength portion 700 nm to 780 nm has the high-
est change in reflectance per unit change in wavelength
in all of the visible and NIR portion of the spectrum,
reaching a peak around 780 nm (see Fig. 1). The r values
change dramatically from negative around 682 nm to
positive around 740 nm for biomass (Fig. 2a) and LAI
(Fig. 2b) for all crops. In the 740 nm to 875 nm portion
of the spectrum, r values for WBM and LAI are high
and nearly constant. Beyond 875 nm, other crop specific
relationships are seen. For example, maximum r values
for cotton crop reflectance with: (1) WBM was 0.55 at
910 nm (Fig. 2a), and (2) LAI was 0.51, also at 910 nm
(Fig. 2b). Maximum positive r values between reflectance

and WBM were (Fig. 2a) 0.55 at 910 nm for cotton, 0.51
at 910 nm for potato, 0.83 at 825 nm for soybeans, 0.32
at 940 nm for corn, and 0.53 at 868 nm for sunflower.
Similarly, maximum positive r values between reflectance
and LAI were (Fig. 2b) 0.51 at 910 nm for cotton, 0.59
at 1025 nm for potato, 0.65 at 854 nm for soybeans, 0.17
at 768 nm for corn, and 0.46 at 882 nm for sunflower.
The 940-1,040 nm moisture sensitive “trough” in percent
reflectance spectra becomes more significant with in-
creasing biomass and crop moisture (Penuelas et al.,
1993). The trough minima were near 982 nm for most
crops (see Figs. la—d). In contrast to the NIR shoulder
(780 nm to 900 nm), in which spectral reflectance
changes only marginally for all crops (except cotton and
corn), the visible portion of the spectrum (400-700 nm)
is highly sensitive in different discrete portions in blue,
green, and red, as evident in Fig. 1. This characteristic
resulted in a rapidly changing correlation coefficient be-
tween crop biophysical variables (WBM and LAI) and
spectral reflectance for a given crop in 400-700 nm com-
pared to the relatively uniform r values in 780-900 nm

(Fig. 2).

OMNBR Reflectance Relationships with
Crop Variables

The OMNBR reflectance indices (see Table 2), were re-
lated to crop biophysical variables through stepwise lin-
ear regression analysis. The dependent variables (B,) in
the model are crop variables and independent variables
are reflectances (R;) in the 490 discrete narrow bands.
Of several statistical methods available to run piecewise
linear regression models, the stepwise MAXR procedure
(SAS, 1997a, 1997b) is considered the best and hence is
used in this study. Using the MAXR procedure, the
model providing the highest R?* value for one-, two-, and
four-variable OMNBR models were determined for de-
veloping relationships with WBM, LAI, and plant height
of four crops (cotton, potato, soybeans, and corn), as well
as yield of cotton crop (Table 3). In 10 of 13 biophysical
variables, the first four narrow band variables explained
76% or above variability (Table 3). This is nearly the
same percentage of variability explained when the ratio
of the number of independent variables or number of
bands (M) to that of the total number of field samples
(N) for that variable is between 0.15 and 0.20 in different
crop variables (see Fig. 3). As M approaches N, the R?
value approaches 1. Beyond M/N of 0.15 to 0.20 (see
Fig. 3), there were only small increases (often statistically
insignificant) with addition of another variable. This fea-
ture has been illustrated in Fig. 3 for the relationships
between narrow bands and LAI of four crops by compar-
ing them with idealised random (RAND in Fig. 3) plot,
which shows the nature of the curve when the sample
sizes are large (350 in this case). For each crop, the R?
values were statistically significant for the one-variable
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Figure 2. Correlation coefficients () between spectral reflectance in the 512 discrete channels
and biophysical variables of the five crops for (a) WBM and (b) LAIL

models and increased significantly with the addition of a
second, third, and, at times, the fourth variable (Fig. 3
and Table 3). Four-variable models explained 64% to
92% variability in crop biophysical variables, significantly
higher than 53% to 81% by two-variable models, and
18% to 69% by one-variable models (Table 3). Beyond
the fourth variable, the increases with addition of each
variable is small and statistically insignificant. A quality
factor (Q=R’,,/R%4) demonstrates that the statistical
significance of the extra information decreases as more
channels are added. For example, Q for the first five val-
ues of cotton crop were 3.38, 2.50, 1.93, 1.89, and 1.81.
The first two-variables explain most of the variability.
Any increase in R*> beyond M/N=0.15-0.20 is an mathe-
matical artefact arising from limited sample size com-
pared to the number of channels in a hyperspectral sen-
sor. (Note: for corn with only 17 samples, N, even a four-

band, M, index exceeds the threshold M/N value of 0.20.)
These results compare well with Blackburn (1998a), who
mentions that there is a likelihood of the multiple narrow
band models being “over-fit” and hence the relationships
need to be validated using independent datasets.

The first two bands, typically, constitute a red and
NIR, a red and a green or a red-edge and a NIR band
combinations (see bands of two-variable models in Table
3). In four-variable models the bands that occur most
clustered in the longer wavelength portion of red (651
nm to 700 nm), moisture-sensitive NIR (951 nm to 1000
nm), shorter wavelength portion of green (501 nm to 550
nm), and longer wavelength portion of NIR (900 nm to
940 nm). This result suggests the fact that the optimal
information on crops is not necessarﬂy concentrated in
the red and NIR wavelengths. The waveband combina-
tions providing optimal information are dependent on a
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Figure 3. Plot of the ratio M/N versus R* value.

host of variables, such as crop growth stage, crop condi-
tion, and cultural practices. An interesting result in Table
3 is the frequent appearance of narrow bands from the
visible portion (400 nm to 700 nm) apart from the longer
wavelength portion of NIR and the moisture-sensitive
NIR. The visible spectrum is very sensitive to loss of
chlorophyll, browning, ripening, and senescing (Idso et
al., 1980), variations in carotenoid (Blackburn, 1998b;
Tucker, 1977) and soil background effects. The visible
spectrum is highly sensitive to crop senescence rates and
is generally an excellent predictor of grain yield (Idso et
al., 1980). This study showed that the most sensitive por-
tion of bands to predict senescing cotton (sample size 50)
yield were predominantly in the visible red narrow bands
(centered at 696 nm or 668 nm) and moisture-sensitive
NIR (968 nm and/or 954 nm) (see these bands in one-
variable, and/or two-variable, and/or four-variable models
in Table 3).

Narrow Band NDVI Relationships with

Crop Variables

The availability of hyperspectral data in 490 (N) discrete
narrow bands allowed computation of NXN=240,100
narrow band NDVIs for any one crop variable (Table 2).
Regression coefficients R* between all possible two-band
narrow band vegetation indices and crop biophysical vari-
ables were determined. The result of this comprehensive
analysis is illustrated in contour plots of the R* values,
for each 4, and /, pair, in Figs. 4 and 5. It suffices to
display the matrix only below (or above) the diagonal of
the matrix as the R* (4, and /4,) values are symmetrical.
Further, in both these figures, only R? values above 0.4
are plotted for clarity. Similar contour plots (too numer-

ous to be presented here) were created for all the other
biophysical variables of each crop.

Based on the above results, band centers (4, and 4,)
and band widths (A/; and AJ,) that combine to form the
best seven indices (ranked based on R? values) were de-
termined for WBM and LAI of cotton, potato, soybeans,
corn, and for the pooled data of all crops (Table 4). The
band centers and their widths are identified for the LAI,
WBM models of each crop variable. This can be deter-
mined through 4, and 4, contour plots of R?* values (Figs.
4 and 5). We determined that a contour interval of 0.05
for R? values provide a reasonable and statistically sound
approach of arriving at band centers and band widths.
Smaller contour intervals result in several more gradients
of R* values, providing other band centers and band
widths. These can be too numerous and often provide
no significant statistical difference between two discrete
contour intervals. For example, the index that has high-
est correlation for cotton WBM has band centers (4; and
Z5) and bandwidth (A4, and AJ,) extracted from the con-
tour plot range of 0.70 to 0.75 (highest R* value range)
in the lower diagonal portion of Fig. 4. The band centers
and bandwidths are (Fig. 4): 4,=682 nm (A4,=28 nm),
and 4,=918 nm (A4,=20 nm). These band centers and
widths are then tabulated in Table 4. The same range
(0.70 to 0.75) of contour intervals can be split into dis-
tinctive groups of smaller intervals such as 0.70 to 0.72,
0.73 to 0.74, and >0.74. Then it is possible to derive
band centers (4, and 4;) and bandwidths (A4, and AAy)
to each one of these smaller intervals. However, the sig-
nificance of the band centers and bandwidths from the
small intervals of R? values, such as between 0.70 to 0.72
and 0.73 to 0.74, is limited since these R? values did not
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Figure 4. Contour plot showing the correlation (R?) between WBM and narrow band NDVI values

calculated for 490 narrow bands spread across 4; (350 nm to 1050 nm) and 4, (350 nm to 1050 nm). The
different areas of “bulls-eye” are the regions with high R* values, which were ranked and from which band
centers (4; and ;) and band widths (A, and AZ;) were calculated for the seven best indices of each crop

variable, as in Table 5.

have significant statistical difference or were statistically
different only at 0.10 level or higher. Therefore, the 4,
and 4, spectral band combinations obtained from the dis-
tinctive contour intervals of 0.05 were considered a rea-
sonable and statistically sound approach. The second best
index (index with second highest correlation) is then se-
lected from the contour plot region with R* value range
of 0.65 to 0.70. Following a similar procedure, band cen-
ters and bandwidths of the seven best indices for a par-
ticular crop variable is determined (Table 4). Similar pro-
cedure is adopted for determining 4;, 4, , A4;, and Al
for indices of other crop variables and for the pooled
data of all crops (Table 4). When visually inspecting the
contour plots of R* values, it must be noted that more
precise bandwidths are possible with a smaller range of
contour interval plots of R* values than shown in Fig. 4

(which has a 0.05 R? value contour interval). An evalua-
tion of these results for various crop variables show a re-
markably strong relationships centered in the longer por-
tion of red, 650 nm to 700 nm, a particular portion of
NIR, 900 nm to 940 nm, and shorter portion of the
green band, 500 nm to 550 nm (see specific narrow band
centers and their widths in Table 4 and the clusters in
Fig. 6). For the precise R* values, visually scan through
490 (N) by 490 (N) matrix of R* values. Identify the 4,
and 4, band centers having highest R* value. This is the
band center for the index, which has highest correlation.
Observe the R® values in the immediate vicinity of these
band centers (4, and /,). Often the R? values remain the
same or nearly the same for a few narrow bands in im-
mediate vicinity of 4; and A, This range of similar or
near-similar spectral response to a crop variable will con-
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Figure 5. Contour plot showing the correlation (R?) between LAI and narrow band NDVI values calculated
for 490 narrow bands spread across 4, (350 nm to 1050 nm) and 7, (350 nm to 1050 nm). The different ar-
eas of “bulls-eye” are the regions with high R* values, which were ranked and from which band centers (4,
and 4,) and band widths (A4, and AZ,) were calculated for the seven best indices of each crop variable, as

in Table 5.

stitute the bandwidth. Bandwidths can also be assessed
by systematically increasing bandwidth centered over a
wavelength (at 1 nm or 2 nm steps) or using prespecified
bandwidths. However, the approach adopted in this pa-
per is more comprehensive when compared to these ap-
proaches.

Narrow Band Nonlinear Model Relationships with
Crop Variables

Figures 4 and 5 depict R* values for linear relationships
between crop biophysical variables and hyperspectral in-
dices. However, most relationships between crop bio-
physical variables and spectral indices are nonlinear. It
was noticed in this study that overwhelming proportions

of the best nonlinear models were exponential (e.g., Fig.
7). The band centers (4, and 4,) and band widths (A4,

and Al;) determined for the seven best linear models
(Table 4) were used for computing nonlinear exponential
models. The R? values for the seven best linear and non-
linear exponential narrow band vegetation index models
were computed and listed for each biophysical variable
(Table 5). The best hyperspectral models for WBM ex-
plained 79% variability for cotton, 76% variability for po-
tato, 84% variability for soybeans, 71% variability for
corn, and 59% variability for all crops Table 5). Similarly,
the best LAI models explained 66% variability for cotton,
88% variability for potato, 80% variability for soybeans,
86% variability for corn, and 65% variability for all crops.
Except in three cases, nonlinear models performed sub-
stantially better than the linear models. However, in
three cases (corn WBM, corn LAI, and cotton yield) lin-
ear models performed better than the nonlinear models.
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Table 4. Seven best NDVIs. Band Centers (4, and 4,) and Band Widths (A4, and AJ,) in nm for the Linear Narrow band

NDVI Models for the Different Crop Variables

Band Centers (A, and 2;) and Band Widths (A, and A2,) for Two-Band

Band Center

Vegetation Indices

Crop Crop and Width Index1  Index2 Index3  Index4  Index5  Index6  Index7
(Sample Size) Variable (nm) (nm) (nm) (nm) (nm) (nm) (nm) (nm)
1. Cotton (73) WBM A 682 682 568 555 615 525 982

except for (kg/m?) Al 28 28 10 20 175 4 10
yield that (see Fig. 4) A 918 845 918 666 925 540 940
has a sample A, 20 250 10 5 20 7 10
size of 50 LAI A 682 550 678 550 568 525 940
(m¥m?) AL 15 30 15 50 4 60 10

Aa 940 682 865 675 915 540 980

Ay 60 20 275 50 15 60 10

yield (lint/ha) A 540 696 678 540 690 678 670

AL 30 4 30 40 10 30 50

Ao 678 940 940 684 720 860 970

Ay 20 20 50 20 20 290 20

2. Potato (25) WBM A 550 550 678 682 720 682 615
(kg/m?) A, 20 30 10 20 30 10 70

A 682 682 920 940 790 710 935

Ads 4 26 20 40 20 20 50

LAI (m*m?) A 682 472 682 678 550 682 625

(see Fig. 5) A 28 15 28 28 20 7 50

A 982 790 738 860 688 940 940

Ay 36 20 45 100 28 30 8

3. Soybean (27) WBM A 725 732 696 565 550 635 490
(kg/m?) Ay 25 10 28 50 20 30 75

(see Fig. 4) A 845 758 791 875 755 682 682

A, 70 10 10 130 10 10 28

LAI (m¥m?) A 625 495 495 730 682 690 418

Ay 30 30 30 20 10 40 510

A 688 685 670 840 790 860 855

A, 15 20 40 60 20 100 90

4. Corn (17) WBM A 720 505 715 620 620 620 490
(kg/m?) A, 18 10 4 30 30 30 50

A 820 645 990 830 1.000 940 825

Ay 160 6 20 160 30 70 110

LAI A 620 550 635 470 495 495 650

(m¥m?) Ay 20 30 20 8 50 50 4

(see Fig. 5) A 590 684 720 740 760 1.000 800

A, 10 28 10 2 40 25 165

5. All crops WBM A 682 655 525 660 525 640 510
(151) (kg/m?) Ay 30 90 20 30 50 120 100
Ay 910 920 682 875 675 880 670

A, 20 20 25 250 30 280 60

LAI (m¥m?) A 540 682 550 682 682 670 490

AL 20 10 40 28 35 40 30

A 682 756 682 910 754 910 965

Ay 10 20 30 200 40 200 20

Indices are arranged in order of ranking (higher the R* value higher is the ranking) and obtained from 4, and 2, contour plots of R* values (see,
for example, Figs. 4 and 5). The R* values of these models are listed in Table 4.
“ Includes nine samples from sunflower crop in addition to the cotton (73), potato (25), soybeans (27), and corn (17).

All corn fields were either in late vegetative or critical
growth phases (Fig. 1d) resulting in a narrow dynamic
rage of their indices. In comparison, cotton, soybeans,
and potato had distinctive growth stages (Fig. 1), provid-
ing data over a larger dynamic range.

Narrow Band Soil-Adjusted Vegetation Index
Relationships with Crop Variables

The narrow band TSAVI indices (Table 2) were com-
puted for the best narrow band NDVI indices of each

crop variable to determine if soil adjustment improves R?
values of the crop models. The TSAVI performed better
than the other soil-adjusted indices (see Qi, 1994; Ron-
deaux et al., 1996; Huete, 1988) and hence is the only
soil-adjusted index reported. TSAVI requires site-specific
soil line slopes (a) and intercepts (b) (see Lawrence and
Ripple, 1998). In this study, @ and b are computed using
data from 43 soil samples, covering four soil types, by
plotting the spectra of two bands (4; and 4,) involved in
best indices and performing best-fit regression. Our re-
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band four-variable multiple linear models (OMNBR models).

search supports the concept that a well-defined soil line
exists for NIR and red. However, there is also a “soil
line” for other wavebands such as between green and red
(Thenkabail et al. 1999) and other wavebands like red-
edge and NIR.

Except in the case of potato WBM, and to a much
lesser extent soybean LAI, the increase in R* value in
soil-adjusted models over the other narrow band NDVI
models were insignificant. Potato and soybeans were the
two crops with the highest soil background influences.
Both of these crops were samples within two very dis-
tinct growth stages (see Figs. 1b and c). Of the 25 potato
fields, for example, 17 were in early vegetative and eight
were in middle or late vegetative (Fig. 1b). The growth
stages were identified in the field by experts. The 17
cornfields had about 18% canopy cover. Even the late
vegetative fields had only about 35% canopy cover. Be-
low 25% to 35% canopy cover, soil background reflec-
tance is the principal contributor to overall spectral re-
sponse (Tueller, 1987). Of the 27 soybeans fields, 13

were in early vegetative growth phases with about 40%
canopy cover, with the rest having about 90% canopy
cover (Fig. 1lc). These conditions resulted in potato
WBM showing the highest increase in R* value (5%) for
the narrow band TSAVI models over the best narrow
band NDVI models. Generally, soil background effects
can be reduced using indices such as TSAVI (Elvidge
and Chen, 1995), especially for agricultural crops or ho-
mogeneous plant canopies (Rondeaux et al., 1996). How-
ever, the soil-adjusted vegetation indices are more signif-
icant when agricultural crops are studied on widely
varying soils (see, for example, Lawrence and Ripple,
1998). The four soil types in this study area had fine or
very fine clayey Calcixerollic Xerochrept and Chromic
Calcixerert. Tt is likely that the improved sensitivity of
these indices become apparent when diverse soil types
are studied.

For cotton yield, the soil-adjusted index explained
9% less variability compared to the corresponding nar-
row band index. This could be attributed to mix of spec-
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tral signature from the cotton lint, cotton leaves that are
changing color from green to light green or yellowish
green, exposed cotton stems (as a result of falling leaves),
and some soil background. The narrow band TSAVI
models use slopes and intercepts of the soil line to cor-
rect for soil background influences only. However, when
other factors (e.g., lint, stem, and different shades of
leaves) become prominent, the soil adjustment can re-
duce the accuracy of the prediction.

Other Indices

When a difference index is formulated using two closely
spaced band centers, it is indicative of the slope of the
reflectance with respect to wavelength and is often re-
ferred to as a derivative vegetation index (see Elvidge
and Chen, 1995). The “bullseye™ areas in Figs 4 and 5,
which are on the diagonal, are ideal for computing hyp-
erspectral derivative indices. The first- and second-order
derivative spectra (Elvidge and Chen, 1995) were also in-
vestigated. The best derivative indices in this study ex-
plained 35% to 86% variability in different crop vari-
ables, but overall performed significantly poorer than the
narrow band and most broad band indices discussed in
the previous sections. Hence it is not necessary to report
these results in detail. There are indications that the de-
rivative indices are more sensitive to changes in sparsely
vegetated and complex (mixture of green and brown)
grassland canopies (Elvidge and Chen, 1995; Curran et
al., 1990) rather than for crop canopies.

Discrimination of Crop Types and Growth Stages

A knowledge of crop growth stages and crop types (Fig.
1, Table 1) is critical in understanding the reflectivity of
different portions of the spectrum. To illustrate this, two
TM indices (broad band NDVI and broad band GVI),
and three hyperspectral indices (a green and a blue
band-based index: narrow band NDVII; a green and a
red band-based index: narrow band NDVI2; and a red
and NIR-based index: narrow band NDVI3) were used
(Table 1). Statistical tests of significances were per-
formed on mean vegetation indices of the distinctive
growth stages (Table 2). The essential notion is that the
distribution of sample data may be used to attach confi-
dence levels to spectrally separable classes (Wallace and
Campbell, 1989). The mean broad band NDVI for corn
(0.67) and cotton (0.66) were about the same (Table 1).
Similar insensitivity was detected even when the four
TM bands were used in broad band GVI, which pro-
vided values of 42.45 for corn and 44.06 for cotton. In
comparison, narrow band NDVIL involving two visible
bands provided significant statistical differences (at 95%
confidence level) for corn (0.41) and cotton (0.29). Simi-
lar, results were obtained using narrow band NDVI2 in-
volving two other visible bands, which had mean values
of 0.18 for corn and 0.11 for cotton. Further, the magni-

tude of differences in one or the other narrow band indi-
ces were often higher than broad band NDVI indices.
For example, broad band NDVI indices provided signifi-
cant difference between soybeans (0.67) and potato
(0.73) (Table 1). This difference increased when narrow
band NDVI2 (0.22 for soybeans and 0.33 for sunflower).
Overall, the narrow band NDVI2 provided significant
difference between nine combinations of crop types
(corn-cotton, corn-potato, corn-sunflower, cotton-potato,
cotton—soybean, cotton-sunflower, potato—soybean, po-
tato-sunflower, and soybean-sunflower). In comparison,
narrow band NDVI1 provided significant difference for
only five combinations, and narrow band NDVI3 with six
combinations (Table 1). Compared to this the broad
band indices provided significant difference between
only three or four combinations of crops. Similar trends
can be observed for the growth stages. For example, the
broad band NDVI indices were about the same for corn
in critical (0.67) and corn in late vegetative (0.67) (Table
1). Compared to this narrow band indices in Table 1
show dramatically improved sensitivities. These results
imply that through the use of indices derived from vari-
ous narrow bands it is possible to maximize crop infor-
mation. Often information is captured at a specific nar-
row band better than the other portions depending on
phenological and physiographic variability. The results
here showed narrow bands centered at 0.550, 0.682,
0.696, 0.920, and 0.468 as most critical for discriminat-
ing crops.

Dynamic Range and Saturation of Indices

The “saturation” or upward curvature in plots of WBM
or LAI versus a two-band vegetation index is a well-
known problem (e.g., Wiegand et al. 1992; Huete et al.,
1985). It limits the predictive accuracy of the regression
equations. Our own data, as explained in the following
paragraphs, shows this behavior strongly. The accepted
explanation for saturation is that in dense vegetation, the
leaf coverage approaches 100%, while the biomass and
LAI continue to grow. Typically, crops reach 100% can-
opy cover around mid-vegetative phases. However, al-
most all crops continue to accumulate biomass and LAI
until they reach critical phases of growth at which point
they begin to senesce. NDVI saturates at LAI of 2.5 to
3 because the amount of red light that can be absorbed
by leaves rapidly reaches a peak. In contrast, NIR scat-
tering by leaves continues to increase even as LAI ex-
ceeds 3. As a result, once a canopy reaches 100%, NIR
reflectance will continue to rise but red reflectance will
show only modest decreases, resulting in only slight
changes in the ratio (the denominator will have a much
greater impact on the ratio than the numerator). For ex-
ample, consider a canopy that has reached 100%. Red
reflectance might be as low as 2%, while NIR could be
as high as 50% to 60% depending on the crop (and can-



opy structure). This would lead to an NIR/red ratio of
25 or 30. An increase in LAI might lead to a very slight
decrease in red (say to 1.8%) because most of the red
reflectance is coming from upper layers of leaves, which
have already absorbed all of the light they can. In con-
trast, NIR reflectance would still increase because leaves
are highly transmittant in the NIR and thus additional
leaves will still impact NIR scattering. NIR reflectance
might still show a substantial increase (say to 55% to
65%) but only generate a modest increase in the ratio
(30 to 35), because little change has occurred in the de-
nominator. In order to double the ratio, NIR reflectance
would have to nearly double to compensate for little
change in red reflectance. Because of this, the indices
that have the best chance for overcoming saturation are
likely to have red bands, especially in the narrow band
portion where red absorption is maximum (an anony-
mous reviewer contributed to much of this paragraph).

The broad band NIR and red-based indices often
have serious problems of saturation. This can be seen in
the models of potato WBM (Fig. 7a) and to still greater
extent in soybean LAI (Fig. 7c). For potato (Fig. 7a),
when WBM is less than 0.7 m*%m? there is a proportional
increase in NDVI, showing a clear linear trend. Beyond
this value the trend of the plot becomes nonlinear. For
soybeans (Fig. 7c), when LAI is less than 1.0 m*m? there
is an proportional increase in NDVI, but beyond this the
trend becomes nonlinear, reaching a plateau around LAI
of 3.0 m¥m? In such cases, hyperspectral data offers op-
portunity to scout for band combinations that: (1) offer
the best two-band-based NDVI type of relationships (see
Figs. 4 and 5) that are often different from the widely
used NIR and red-based indices; or (2) perform stepwise
linear regressions (Table 3) that help overcome or re-
duce limitations of saturation in spectral data by incorpo-
rating additional information from unique bands from
different portions of the spectrum. For example, im-
proved relationships using two visible bands (Figs. 7b
and d) compared to commonly used NIR and red-based
bands (Figs. 7a and ¢) are clear. The narrow band cen-
ters at 550 nm (green band peak) and 682 nm (red band
absorption maxima) in Fig. 7b explained 14% greater
variability relative to the broad band NIR and red-based
index (Fig. 7a). Similarly, two bands in the red, 625 nm
and 688 nm, were found the best in their relationship
with soybean LAI (Fig. 7d).

Therefore, in conclusion it can be said that with the
broad spectral channels, the most effective measure of
leaf cover is an “NDVI type” index using red and NIR.
With narrow channels, however, an even better option is
available: an index spanning 550 nm to 700 nm where
the soil and vegetation have slopes of different signs (see
Fig. la), resulting in increased sensitivity of indices using
this portion of the spectrum (Figs. 7b and d). Other fac-
tors like leaf structure, pigmentation, and background ef-
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fects (litter, weeds), are important, requiring further re-
search in explaining the question of saturation.

Frequently Occurring Optimum Bands

To gain a broad view of the results in this paper, it is
useful to consider bands that frequently appear in opti-
mum indices. It can be said that these bands contain an
overwhelming fraction of the total crop information in
the full spectrum.

The results obtained using narrow band NDVI mod-
els (e.g., Tables 4 and 5, Figs. 4 and 5) and OMNBR
reflectance models (e.g., Table 3) were used for de-
termining the band centers and widths (see Fig. 6 and
Table 6) for estimation of crop biophysical variables. The
procedure of obtaining the band centers and band widths
was explained previously. The narrow bands that appear
in two-band NDVI type models ranked 1, 2, and 3 (see
index 1, 2, and 3 in Table 4) and the narrow bands that
occur in l-variable, 2-variable, and 4-variable OMNBR
models (Table 3) of different crops were evaluated (Fig.
6). The percentage of these narrow bands in every 50
nm interval were established and their clusters plotted
for the 350 nm to 1050 nm (Fig. 6). In both model types,
an overwhelming proportion of crop information was in
the longer red (650 nm to 700 nm), a particular portion
of NIR (900 nm to 950 nm), and a portion of green (500
nm to 550 nm). These were followed by the shorter half
of NIR shoulder (800 nm to 850 nm), red-edge (701 nm
to 750 nm), and the moisture-sensitive NIR (951 nm to
1000 nm) (Fig. 6). A remarkable 36.4% of all the bands
that occur in the first-, second-, and the third-best mod-
els of narrow band NDVI type models were clustered in
651 nm to 700 nm region of the spectrum (Fig. 6, Table
4). In the same spectral region, the three best OMNBR
models had 19.2% to 38.5% of the entire narrow bands
(Fig. 6).

The band widths (AA,, A4;) were determined from
the 4, versus 4, plots such as the ones illustrated in Figs.
4 and 5. The A4, and A, of the three best models (In-
dex 1, Index 2, and Index 3 in Table 4) were used to
determine the frequency of occurrence of various band
widths as follows:

1. very narrow bands (1 nm to 15 nm), 19 occur-
rences, 29%

2. mnarrow bands (16 nm to 30 nm), 32 occurrences,
48%

3. intermediate bands (31 nm to 45 nm), 5 occur-
rences, 8%

4. broad bands (greater than 45 nm), 10 occur-
rences, 15%

It is clear from these results that an overwhelming
proportion of the bands have narrow (16 nm to 30 nm)
or very narrow band (1 nm to 15 nm) widths. For exam-
ple, the best indices for potato WBM centered at 682
nm and had band width of 4 nm (Table 4). If larger band
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Table 6. Recommended Hyperspectral Bands for Agricultural Crop Studies

Band
Center: A

(nm)

Wavelength Band
Portion

Name

Band

Number (nm)

Width: AL

Band Description

1 Blue 495 30

2 Green 525 20

3 550 20

4 568 10

Red 668 4

Ut

6 682 4

696 4

-1

8 Red-edge 720 10

9 NIR 845 70

10 NIR peak 920 20
11 NIR-Moisture 982 30
sensitive

12 NIR late 1025 10

Longer wavelength portion of the blue band. Crop-to-soil
reflectance ratio minima for blue and green bands.

Positive change in reflectance per unit change in wavelength
of the visible spectrum is maximum around this “green”
band (first-order derivative plot of crop spectra will show
this).

Green band peak (or the point maximal reflectance) in the
visible spectrum. This band can also be centered at 540 nm
(providing nearly same results as that of 550 nm). This is
the best of the three green bands.

Negative change in reflectance per unit change in wavelength
of the visible spectrum is maximum around this “green”
wavelength (first-order derivative plot of crop spectra will
show this).

Chlorophyll absorption premaxima (or reflectance minima 1).
Narrow bands in 668-696 nm portion of the spectrum are
most sensitive to crop variables. Of the several narrow bands
in this range, specific band centers at 668, 682, and 696 nm
are the best.

Greatest crop-soil contrast. Chlorophyll absorption maxima
anywhere in 350-1050 nm range of the spectrum (or reflec-
tance minima).

Chlorophyll absorption postmaxima (or reflectance minima 2).
This is a point of sudden change in reflectance. Around this
point the reflectance begins to change from near-maximal
red absorption to beginning of the most dramatic increase
in reflectance along the red-edge.

Point on the red-edge around which there is a maximum
change in the slope of the reflectance spectra per unit
change in wavelength anywhere in the 350-1050 nm (first-
order derivative plot of crop spectra will show this).

Center of “NIR shoulder.” A broad band or a narrow band
will provide the same result due to near-uniform reflectance
throughout the NIR shoulder.

Peak or maximum reflectance region of the NIR spectrum

Center of the moisture-sensitive “trough” portion of NIR. The
“trough” portion (940-1040 nm) had minimum reflectance
around 982 nm (or point of maximum “dip” in the trough
portion).

Portion of sudden rise in reflectance soon after the moisture-
sensitive band.

widths (e.g., A4,=28 nm) are used in models, the R* val-
ues reduce, often substantially.

The red absorption maximum occurs around 682 nm
(optimal band number 6, referred to as Ag; see Table 6).
This is not surprising since the peak absorption for chlo-
rophyll a occurs at this wavelength (Elvidge, 1990; Gates
et al., 1965; Grant, 1987). This is the single most fre-
quently occurring narrow band across crops and the vari-
ables in both type of models (two-band and multiple lin-
ear). The band widths (A1, or Aly) for the red narrow
bands typically range between 4 nm to 28 nm (Table 4).
The best suggested band widths for any red narrow band
is 4 nm. The other two red narrow bands, A5 (668 nm)
and /; (696 nm), are of importance depending on crop
type, growth stage, and growing conditions, including
cultural practices, wherein there is a likelihood of ab-

sorption maxima shifting to these bands from the most
commonly occurring red absorption maxima band (682
nm). Indeed red absorption varies significantly de-
pending on host of these variables (Elvidge and Chen,
1995; Elvidge, 1990; Carter, 1998; Blackburn, 1998a).
Elvidge and Chen (1995) used a 4 nm wide band at 674
nm for red and 780 nm for the NIR to compute the nar-
row band NDVI for pine canopies. In contrast, Carter
(1998) found 7012 nm for red and 820%=2 nm for NIR
as the best bands for computing narrow band NDVI for
pine canopies but of different varieties. More recently,
for grassland canopies Blackburn (1998b) found best cor-
relation with plant pigments when narrow bands (635 nm
to 680 nm for red and another narrow band centered at
800 nm for NIR) are used in indices.

One simple hypothesis to explain the dominant role
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Figure 8. Ratio of cotton crop reflectance to bare soil reflectance.

of the 680 nm band in biophysical correlations is that
this band has one of the largest contrasts between leaf
and soil reflectance. To illustrate this contrast, we plot
the ratio of leaf-to-soil reflectance for cotton as a func-
tion of wavelength in Fig. 8. The minimum reflectance
ratio is found in a narrow band near 680 nm, for the two
advanced growth stages of cotton, while the maximum
ratio is a broader band in the longer wavelength portion
of NIR. As shown in Fig. 4 and Table 4, it is an index
formed from this band combination that gives the best
correlation with cotton biomass. Likewise for other
crops, indices involving a narrow band (668 nm to 696
nm) occurs {requently, but is not always dominant. Per-
haps other biophysical factors such as plant nitrogen con-
tent, color, vigor, and structure are important or the
smaller sample size for these crops is disturbing the re-
sults. The narrow minimum in reflectance ratio at 680
nm is partly due to the decrease in leaf reflectance be-
tween 550 nm and 690 nm, but is even more closely as-
sociated with the steeply rising soil reflectance in this
range (Fig. la).

Other narrow bands contributing to optimal indices
are listed in Table 6. The 45, (920 nm) is a uniquely cen-
tered band that provides peak of NIR reflectance for
most crops (e.g., see Fig. 1). The “NIR shoulder” (near-
similar reflectance across a range of wavelength) goes
from 780 nm to 940 nm for most crops and can be seen
for potato (Fig. 1b) and soybeans (Fig. 1c). However, the
change in the slope of spectra from 780 nm to 940 nm

was highly significant for cotton (Fig. 1a) and to a much
lesser extent for corn (Fig. 1d). In most cases the peak
NIR reflectance is in the 900 nm to 940 nm region. Ay
(982 nm) is “dip” maxima in the 940 nm to 1040 nm
portion of the spectrum and is strongly related to change
in crop moisture and biomass (see Penuelas et al., 1993).
The size of “trough” in 940 nm to 1040 nm region in-
creases with an increase in growth stages (Fig. 1) and is
strongly related to biomass.

The 4; (550 nm) is the green narrow band at the
reflectance peak in the visible range. Narrow bands cen-
tered at 540 nm or 550 nm have strong relationships
with crop variables (Tables 4 and 5). This region often
has maximum crop-to-soil ratio in the visible spectrum
(Fig. 8). Since 540 nm and 550 nm are close to one an-
other and have near-similar information, only one of
these bands was retained. The band 4, (525 nm) is the
point of greatest positive change in slope per unit change
in wavelength in visible spectrum, and 4, (568 nm) is the
greatest negative change in slope per unit change in
wavelength in visible spectrum for most crops. Similarly,
As (720 nm) represents the point of greatest positive
change in slope per unit change in wavelength in red-
edge portion of the spectrum. A simple plot of the first-
order derivative spectra of each of the crops studied in
this paper showed this (the first-order derivative spectral
plots are not presented in this paper but can be easily
derived from the spectra in Fig. 1). The 4,=495 nm is
the most significant blue band, often with minimal crop-
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to-soil reflectance ratio, second only to 680 nm region
(Fig. 8). The 4,,=1025 nm represents the steep and sud-
den rise after the moisture sensitive “trough” of the NIR
band, which combines with other wave bands to provide
optimal information. However, the dark current drift in
the spectroradiometer can affect this portion of the spec-
trum. The NIR shoulder can be represented by a broad
band or a narrow band centered at 845 nm (4y) to com-
plete the 12 bands. The twelve bands were selected
based on their frequency of occurrence in various mod-
els of crop variables as discussed throughout this paper.
The distribution of the crop information clusters in dif-
ferent waveband portions (Fig. 6) also shows an over-
whelming proportion of quantitative crop information in
the band centers of these 12 bands (Table 6). Many of
the optimum bands that were selected make physical
sense given what we know about plant chemistry, canopy
structure, and plant spectra (Table 6; Knipling, 1970; El-
vidge, 1990). For example, 550 nm is centered over peak
chlorophyll reflection in the visible portion of the spec-
trum, and 982 nm is centered over peak liquid water ab-
sorption in the near-infrared.

SUMMARY AND CONCLUSIONS

This research established the optimum number of hyper-
spectral bands, centers, and widths (Table 6) in the visi-
ble and near-infrared spectrum for establishing relation-
ships with agricultural crop biophysical characteristics.
This recommendation is based on the study of five crops,
nine growth stages, and wide ranging crop characteristics
(Table 1). A remarkably strong relationship with crop
variables is located in specific narrow bands (Table 6) in
the longer wavelength portion of the red, 650 nm to 700
nm, with secondary concentrations in the shorter wave-
length portion of the green, 500 nm to 550 nm, in one
particular section of the near-infrared, 900 nm to 940
nm, and in the moisture-sensitive near-infrared, centered
at 982 nm (Fig. 6). These band regions are followed by
red-edge portion centered on 720 nm, and NIR shoulder
centered on 845 nm. An overwhelming proportion of
these channels had band widths that were classified as:
(1) very narrow (1 nm to 15 nm wide) or (2) narrow (16
nm to 30 nm wide). Most were on the order of 10 nm
to 20 nm wide (narrow or very narrow). A rigorous pro-
cedure adopted here to identify the best narrow band
NDVI type models showed that the best two-band com-
binations often involve (Tables 4 and 6, Figs. 4, and Fig-
ure 5): (1) a very narrow red band and a narrow or a
broad NIR band, or (2) a very narrow red band and a
very narrow or a narrow green band, or (3) a very narrow
red band and a narrow band in the moisture-sensitive
portion of the NIR, or (4) a very narrow red-edge band
and a narrow or broad NIR band. The NIR and red-
based NDVI indices are most widely used in remote
sensing. This study recommends that the best hyperspec-

tral narrow band NIR and red-based indices can be com-
puted by taking: (1) very narrow band centered at 682
nm (Al=4 nm) for red and (2) narrow band centered at
920 nm (AA=20 nm) for NIR.

These results demonstrate that the widely used red
and NIR band combinations are not necessarily the best
for two-band NDVI type indices for estimating crop vari-
ables. Even when red and NIR bands are involved, they
often appear in unique narrow portions of the spectrum
that are not selected by any existing satellite sensor. For
example, the index that has highest correlation for cotton
WBM had band centers at 682 nm for red and 918 nm
for NIR with band widths varying between 20 nm to 28
nm. In comparison Landsat-5 TM bands are centered at
660 nm (AA=60 nm) for red (TM3) and at 830 nm
(A2=140 nm) for NIR (TM4). The dominant role of the
waveband centered at 682 nm was partly due to the de-
crease in leaf reflectance between 550 nm and 690 nm,
but is even more closely associated with the steeply ris-
ing soil reflectance in this range. The four-variable
OMNBR models performed marginally better than the
two-band NDVI type models. However, the OMNBR
models do not offer the simplicity of the two-band NDVI
type models. Also, a significant proportion of the two-
band NDVI models perform nearly as well as four-vari-
able OMNBR models. For example, the two-band NDVI
models explained between 64% to 88% variability in dif-
ferent crop variables compared to 64% to 92% variability
explained by OMNBR models. Most of this variability in
OMNBR models is explained using the first two to four
narrow bands with addition of further bands adding only
small (often, statistically insignificant) incremental in-
creases in R* values. Additionally, it was established that
when the ratio (M/N) of the number of independent
variables or narrow bands (M) to that of total number of
field samples (N) exceeds anywhere between 0.15 to
0.20, “over-fitting” of OMNBR models will be a serious
problem. The most frequently appearing narrow bands
in the four-variable OMNBR models were (Table 3): red
(e.g., 682 nm), moisture-sensitive NIR (e.g., 982 nm),
green (e.g., 525 nm), and longer portion of NIR (920
nm). The narrow band models perform significantly bet-
ter than the broad bands. For example, when compared
with TM broad band NDVI-type models, the: (1) four-
variable OMNBR models explained 3% to 40% addi-
tional variability and (2) two narrow band NDVI-type
models explained an additional 3% to 16% additional
variability. The narrow band transformed soil-adjusted
vegetation index (TSAVI) models are considered the best
where site specific soil lines are available, but did not
provide significant improvements over narrow band
NDVI models, except in one case involving potato
WBM. The best derivative indices performed signifi-
cantly poorer than an overwhelming proportion of the
narrow band NDVI, OMNBR, and even when compared
with most broad band NDVI models.



The study recommends 12 specific narrow bands
(Table 6), centers, and widths, which provide optimal
crop information in the 350 nm to 1050 nm. These spe-
cific bands, centers, and widths are not part of any of
the present generation of sensors. The 4, (0.920 um) is
a new uniquely centered band that provides peak of NIR
reflectance for most crops, A;; (0.982 um) is “dip” max-
ima in the 0.940 to 1.040 um portion of the spectrum
and is in the crop moisture and biomass sensitive portion
of the NIR band, 4 (0.682 um) is the peak chlorophyll
absorption (least reflectance) portion of the spectrum for
most crops and growing conditions with very narrow
band width, and 4; (0.550 um) is the green narrow band
highlighting the reflectance peak in the visible band por-
tion. The band 4, (0.525 pm) is the point of greatest pos-
itive change in slope per unit change in wavelength in
visible spectrum, and A, (0.568 um) is the greatest nega-
tive change in slope per unit change in wavelength in
visible spectrum. Similarly, s (0.720 um) represents the
point of greatest positive change in slope per unit change
in wavelength in red-edge portion of the spectrum. The
other two red narrow bands—/; (0.668 um) and A
(0.696 um)—are of importance depending on crop type,
growth stage, and growing conditions, including cultural
practices wherein there is a likelihood of absorption max-
ima shifting to these bands from the most commonly oc-
curring red absorption maxima band (0.682 um) as indi-
cated in literature and this study. The 1,=0.495 um is
the most significant blue band and 4,,=1.025 um repre-
sents the steep and sudden rise after the moisture-sensi-
tive “trough” of the NIR band. The NIR shoulder is rep-
resented by a broad band centered at 0.845 um () to
complete the 12 bands.
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