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Abstract: The fraction of photosynthetically active radiation (FPAR) is a key variable in the assessment of vegetation
productivity and land ecosystem carbon cycles. Based on ground-measured corn hyperspectral reflectance and FPAR
data over Northeast China, the correlations between corn-canopy FPAR and hyperspectral reflectance were analyzed,
and the FPAR estimation performances using vegetation index (VI) and neural network (NN) methods with different
two-band-combination hyperspectral reflectance were investigated. The results indicated that the corn-canopy FPAR
retained almost a constant value in an entire day. The negative correlations between FPAR and visible and shortwave
infrared reflectance (SWIR) bands are stronger than the positive correlations between FPAR and near-infrared band re-
flectance (NIR). For the six Vs, the normalized difference vegetation index (NDVI) and simple ratio (SR) performed
best for estimating corn FPAR (the maximum R of 0.8849 and 0.8852, respectively). However, the NN method esti-
mated results (the maximum R* is 0.9417) were obviously better than all of the VIs. For NN method, the two-band
combinations showing the best corn FPAR estimation performances were from the NIR and visible bands; for VIs,
however, they were from the SWIR and NIR bands. As for both the methods, the SWIR band performed exceptionally
well for corn FPAR estimation. This may be attributable to the fact that the reflectance of the SWIR band were strongly
controlled by leaf water content, which is a key component of corn photosynthesis and greatly affects the absorption of
photosynthetically active radiation (APAR), and makes further impact on corn-canopy FPAR.
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1 Introduction

The fraction of photosynthetically active radiation
(FPAR) measures the proportion of photosynthetically
available radiation that is absorbed by canopies in the
specific spectrum of 400—-700 nm. It is an important de-
tection index for vegetation water, energy, and carbon
balance and is a key parameter in many models, such as
ecosystem productivity models and crop yield models
(Sellers et al., 1997; Lobell et al., 2003; FAO, 2007).
Remote sensing has become one of the most impor-
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tant methods for monitoring precision agriculture, the
environment, and the ecosystem; it is a key tool for
quantitatively estimating vegetation biophysical or bio-
chemistry parameters, such as the leaf area index (LAI),
chlorophyll, and FPAR (Chen and Cihlar, 1996; Myneni
et al, 2002). In recent years, hyperspectral remote
sensing data have been widely used in the estimation of
vegetation biophysical and biochemical parameters, as
well as for object identification or classification (Lee et
al., 1999; Tian et al., 2001; Melgani and Bruzzone, 2004;
Yang et al., 2010). Hyperspectral remote sensing reflec-
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tance is the preferred tool for estimating FPAR because
of its accurate depiction of the effect of leaf components
on FPAR. Several hyperspectral sensors, such as the
Earth Observing-1 Hyperion and the Airborne Visible
Infrared Spectrometer, have been widely used in a broad
range of applications. However, the major problem with
hyperspectral remote sensing data is the proper use of
the high dimensionality function to achieve a high level
of accuracy during investigations and applications (Pu
and Gong, 2004). Although the visible and near-infrared
bands, from 4.0 um to 1.0 um, have been widely used,
data on the shortwave infrared band (1.0-2.5 um) have
not been effectively applied in vegetation parameter
estimation (Gong et al., 2003), such as FPAR.

At present, FPAR estimation mainly uses physical
transfer models or empirical vegetation index (VI)
methods, such as the normalized difference vegetation
index (NDVI) and other indices with broadband spectral
reflectance (Daughtry et al., 1992; Epiphanio, 1995).
Ridao and Conde (1998) compared nine VIs to estimate
the FPAR of corn and soybean crops based on measured
data and studied the effect of the shortwave infrared
reflectance (SWIR) band in Landsat TM5 and solar an-
gles on the relationships between VIs and FPAR. LAI
was also usually used for FPAR estimation, as vegeta-
tion canopy photosynthesis depends on the vegetation
leaf area (Daughtry et al., 1992; Turner et al., 2002). In
addition, a few simple or complicated physical transfer
models (McCallum et al., 2010), such as the scattering
by arbitrarily inclined leaves (Goward and Huemmrich,
1992; Huemmrich and Goward, 1997), the three-dimen-
sional physical transfer model (Knyazikhin et al., 1998a;
1998b; Myneni et al., 2002), and the analyses of interac-
tion process between photons and canopy (Tao et al.,
2009) have been used to simulate FPAR. However, in
terms of the complex defect, the physical model has not
been widely used for high temporal and spatial FPAR
estimation.

The neural network (NN) method has increasingly
been used in interpreting remotely sensed data because
of its high computational efficiency and accurate ap-
proximation of complex nonlinear functions (Krasno-
polsky and Chevallier, 2003). Its data-analyzing proce-
dure, which is based on the 'black box’ approach, can
overcome the effects of any subjective activities. Re-
cently, the NN method has also been widely used in
biophysical parameters estimation (e.g., LAI) (Smith,

1993; Fang et al., 2003; Walthall et al., 2004; Bacour et
al., 2006). The NN method has been proved to be an
ideal method for extracting information from multi- or
hyper-dimensional data. However, it has scarcely been
used for FPAR estimation, especially in extracting hy-
perspectral information to estimate crop canopy FPAR.
Hyperspectral reflectance shows much more abundant
spectral information than methods that commonly used
broad bands do. The empirical methods of VI and NN
are also often used for vegetation parameter estimation
because of their efficient computation and high estima-
tion accuracy capabilities. The main objectives of this
study are to investigate the corn FPAR estimation using
hyperspectral reflectance, VI and NN, to identify the
key bands or their combinations that could potentially
improve corn FPAR estimation performance, and also to
evaluate the VI and NN methods for crop canopy FPAR
estimation performance in Jilin Province, China.

2 Materials and Methods

2.1 Study area

The study area (43°47'—44°53'N, 125°15'-126°24'E) is
located in the suburb of Changchun proper and field
farmland of Dehui City of Jilin Province in Northeast
China (Fig. 1). The elevation ranges from 155 m to 200
m. Corn is the dominant crop in the study area with a
planted area of 302 024 ha, which accounts for 76.65%
of the farmland area. The uppermost soil type in the
study area is black soil (i.e., it is part of the world-
famous black soil zone in Northeast China). The local
climate is a semi-humid, monsoon climate; the mean
annual temperature is 5.55°C; and the mean annual pre-
cipitation is 471.5 mm. The sunshine in this area is 2631
hours per year; the accumulated temperature is 2851°C
during crop growing period (from May to September);
and the frost-free period is 142 days.

2.2 Data collection

The field measurement data were collected at the
Changchun Experimental Station of Jilin Agricultural
University on August 19, 2006 and on June 15, July 5
and July 22, 2007, respectively, and there was a
one-time measurement from the corn field in Dehui City
on August 6, 2007. Totally, 99 data samples were col-
lected in this study. Because the corn growth stage in the
study area is from the June to September, the LAI is
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very small (about 0.3 around) on June and arrived to the
largest in the silking-tasseling period on August (Song,
2005), and that the measured data in the five periods of
the corn growth could almost represent the corn canopy
parameters changes in the whole growth period.

2.2.1 Field FPAR data acquisition

The FPAR was measured with a LI-191SA linear quan-
tum sensor and a LI-250A light meter (LI-COR, Inc.
USA). The LI-191SA inductive area was 1 m x 12.7 mm,
and its inductive wavelength ranged from 400 nm to 700
nm, with a logging unit of pmol/(m*'s). The logged data
were identified as the average photosynthetically active
radiation (PAR) in the inductive area which could re-
duce spatial heterogeneity effects. A LI-250A was used
to log the results, and the data were manually read and
written down. In each sampling site, four fractions of
PAR data, including the incidence PAR above the can-
opy (PAR.), the transmitted PAR through the canopy
(PARgi), and the reflected PAR by the canopy (PAR..)
and the soil (PARy), were measured. The FPAR was
computed from these four fractions (Gallo and Daughtry,
1986; Widlowski, 2010):
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2.2.2 Hpyperspectral reflectance acquisition

The spectro-radiometer of FieldSpec Pro FR made by
Analytical Spectral Devices Corporation in USA, was
used for measuring the corn canopy hyperspectral re-
flectance. Its field of view is 25°, its spectral range is
350-2500 nm, the spectral resolutions of 350—-1000 nm
and 1000-2500 nm are 3 nm and 10 nm, respectively,
and its re-sampling interval of reflectance is 1 nm. The
fiber probe was kept vertically above the corn canopy at
1.5 m. When the corn crops were too high in the later
growth stages, a ladder was used to help keeping the
fiber vertical. In every sampling site, to reduce the ef-
fects of weather conditions, the spectro-radiometer was
calibrated with a white board before collecting data.

2.3 Methods

2.3.1 Correlation analysis and vegetation index method
The correlation analysis was conducted to identify the
relationships between the FPAR and the reflectance in
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every band. The VI is important in vegetation studies
when dealing with remote sensing data (Ridao and
Conde, 1998; Gong et al., 2003). In this investigation,
six VIs (Table 1), belonging to three kinds of VIs: the
normalized difference index, ratio index, and orthogonal
index (Zhao, 2003), were used for the corn FPAR esti-
mation. Different band combinations from hyperspectral
reflectance data were analyzed.

2.3.2 Neural network method

The neural network (NN) is increasingly being used for
vegetation parameters estimation, and its estimation
performance essentially relies on the training database
(distribution of inputs and outputs) and the training
process (Bacour et al., 2006). In general, the training
processes are conducted to explore the intrinsic rela-
tionships of inputs and their corresponding outputs
(Kimes et al., 1998); the weighted coefficients of the
input variables are adjusted iteratively under this condi-
tion. In this study, the NN relied on the minimization of
a misfit function by a back-propagation algorithm that is
comprised of three layers: one input layer with the
trainlm function, exploited by Levenberg-Marquardt and
characterized by efficient operation (i.e., fast conver-
gence); one hidden layer with a tangsig transfer function;
and one output layer with a purelin transfer function and
one neuron (i.e., the estimated FPAR). The goal root
mean square error of the network was set to 0.01, and
the training iterative time was 1000. Two-band combi-
nations were set as the input data for the NN, and the
number of middle-layer elements was changed from 2 to
10. Sixty randomly selected data samples were used to
train the network. Band combinations corresponding to
the best regression result between the modeled FPAR
and the measured FPAR were determined, and these
were used to model the canopy FPAR of the other 39

Table 1

samples.

2.4 Precision evaluation

In this study, the determination coefficients (Rz) and root
mean square error (RMSE) were used to evaluate corn
FPAR estimation performance, and they were computed
separately by the following equations,

[Z (Ymea - Ymea )(Ymod - Ymod )]2
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where Y.q is the FPAR estimated by the estimation
model, Y, is the mean of the estimated FPAR, Yy, is

me

Y_ . is the mean of measured

the measured FPAR, Y, ..
FPAR, and » is the number of samples for validation.
The two indices were used to explore the correlation
between the modeled and measured FPAR. The higher
the R? or the smaller the RMSE is, the more similar are

the values of the modeled and measured FPAR.
3 Results and Analyses

3.1 Daily changes in corn canopy FPAR

To obtain reliable measured data, it is necessary to ac-
curately understand the FPAR changes within an entire
day. Figure 2 shows the daily changes in the corn FPAR
on a sunny day on August 19, 2006 (i.e., corn filling
period); these changes were based on the FPAR mean
value of six groups from field measurement data. The

Summary of two-band vegetation index analyzed in this study

Vegetation index

Formula Reference

Normalized difference vegetation index (NDVI)
Simple ratio (SR) SR = pnir / pr
Perpendicular vegetation index (PVI)

Renormalized difference vegetation index (RDVI)

Soil adjusted vegetation index (SAVI)

Transformed soil adjusted vegetation index (TSAVI)

NDVI= (pxir—pr) / (pnir + pr)

PVI=(pnw—a % pr—b) / (1 +a»)'"?
RDVI=(pxin—pr) / (pie + pr)'”

SAVI= (par—pr)(1 + L) / (pxim + pr + L)

TSAVI = [a(pxr—a % pr—Db)] / (@ * pnir + pr —ab)

Rouse et al., 1974
Jordan, 1969

Lyon et al., 1998
Roujean and Breon, 1995
Huete, 1988

Baret et al., 1989

Notes: pg, pr, pnir and pswir are the reflectance of blue, red, near-infrared and shortwave bands; a and b are the slope and offset of the soil line,
and they were calculated from the filed measured soil hyperspectral reflectance in the study area, a = 1.0578, b = 0.0688; L is the adjusting coeffi-

cients, L = 0.5
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FPAR varied from 0.90 to 0.95 within a single day, and
the mean FPAR was approximately 0.924 during the
corn growth stage. The corn canopy FPAR was rela-
tively stable in the morning (8:00 to 10:30 AM) and in
the afternoon (13:00 to 16:00 PM), but the FPAR
showed slight fluctuations from 10:30 AM to 13:00 PM,
with a maximum FPAR bias of about 0.03. These fluc-
tuations occurred because the solar elevation angle was
too large and the sunshine was coming from above the
canopy. As a result, the area irradiated by solar radiation
was relatively small.

Therefore, to accurately acquire the FPAR data, the
field FPAR measurements in this study were conducted
in the morning or in the afternoon, when the corn can-
opy FPAR was relatively stable.
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Fig. 2 Daily changes in corn FPAR and their bias

3.2 Correlations between corn FPAR and hyper-
spectral reflectance

The strong relationship between the corn FPAR and hy-
perspectral reflectance in most bands is shown in Fig. 3.
The visible and SWIR band reflectance has negative
correlations with the corn FPAR (i.e., maximum R of
—0.871 and —0.888). However, positive correlations be-
tween the FPAR and the NIR band reflectance were ob-
tained (i.e., maximum R of 0.778). In general, the PAR
corresponds to the solar radiation at 400-700 nm in the
visible band, so the corn FPAR behaved the inherent
correlation with the visible band. The FPAR were de-
termined by the vegetation canopy leaf area index, and
the NIR bands are also very sensitive to the canopy leaf
area, therefore, the FPAR also has good correlations
with the NIR reflectance. The SWIR band reflectance is
controlled mainly by the leaf water content, which plays
an important role in vegetation photosynthesis and

greatly affects vegetation absorption to PAR (Carter,
1991; Zarco-Tejada et al., 2003), and this may be the
reason why the FPAR is also highly correlated with the
SWIR bands.
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Fig. 3 Correlation of FPAR and reflectance (n = 99)

3.3 Corn FPAR estimation with VI from different
band combinations

Several VIs were computed by using the combinations
of different bands from visible to SWIR bands. The de-
termination coefficients (R?) of FPAR and the VIs with
different band combinations were analyzed. To avoid
any random fluctuation of the narrow band, the field
measured hyperspectral reflectance was re-sampled ref-
erencing the Hyperion sensor channels by its central
wavelength (CW) and the full width at half the maxi-
mum (FWHM). The bands of the field-measured hyper-
spectral reflectance at the ranges of 426.82—1341.2 nm,
1421.94-1800.29 nm and 1951.57-2395.5 nm were
considered. Bands at the ranges of 1351.3—-1411.89 nm
and 1810.38-1940.57 nm were neglected because they
were greatly affected by the atmospheric water vapor
and consequently exhibited irregular fluctuations. In
total, 175 bands were used for VI computation and cor-
relation analysis with the FPAR. For each VI, an R* ma-
trix was constructed from every two-band combination
index (Fig. 4). Band 2 and band 1 were used in place of
the NIR and visible bands for every VI, respectively.
Based on the R matrixes, the band combinations with
high correlations for VI and FPAR were examined. In
Fig. 4, the different color corresponds to the different R*
grades, and the percentage of different R* value range is
also presented with the pie chart. In Table 2, the band
centers and ranges with good correlations to reflectance
combinations with the FPAR are listed.
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across 430-2400 nm. Band 2 and band 1 are two variables of near-infrared input and visible input in the vegetation index; the wavelengths
corresponding to the bands’ numbers (Band #.) were marked

Fig. 4 R’ matrix plots of the six vegetation indices

The results of Fig. 4 show that the R* matrix of the
NDVI, RDVI and SAVI are symmetrical along the di-
agonal, whereas the others were not. Overall, the NDVI
exhibited better correlations with the FPAR as compared
to the other vegetation indices, which indicated larger R*
from more band combinations. The maximum R of the
NDVI and SR matrices were both 0.885. In addition,
1.77% and 0.07% of the band combinations for NDVI
and SR showed significant correlations with FPAR, the
R* are all larger than 0.88. But no band combinations

showing R® larger 0.88 were observed from the other
four VIs. The R* matrixes of RDVI, SAVI and TSAVI
exhibited moderate correlations with corn FPAR, their
maximum R* were 0.872, 0.872 and 0.868, respectively.
Moreover, in comparison of R* ranging from 0.86 to
0.88, the band combinations accounted for 2.53%,
1.97% and 1.52% separately for RDVI, SAVI and
TSAVI. But they were still a little lower than those for
NDVI and SR accounting for 20.84% and 7.89%. In
addition, the PVI exhibited a lowest R* with FPAR (the
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Table 2 Potential hyperspectral bands for six vegetation indices applied for corn FPAR estimation

VI R Banc_i number  Band center Band range _ Band de;cription _
in VI (nm) (nm) (spectral region and possible absorption features)

1 1094 50 NIR-SWIR region, lignin and oil absorption
2 1200 40 SWIR region, water, cellulose, starch, lignin absorption
1 915 170 NIR region, protein and oil absorption

NDVI 2087 2 1200 280 SWIR region, water, cellulose, starch, lignin absorption
1 915 170 NIR region, protein and oil absorption
2 1643 242 SWIR region, protein, nitrogen, lignin, cellulose, sugar and starch absorption
1 1099 40 NIR-SWIR region, lignin and oil absorption
2 1200 60 SWIR region, water, cellulose, starch and lignin absorption
1 1321 40 SWIR region, water absorption

SR =087 2 1659 150 SWIR region, lignin, cellulose, sugar, starch and protein absorption

1 1593 40 SWIR region, starch and sugar absorption
2 1643 40 SWIR region, protein, nitrogen, lignin, cellulose, sugar and starch absorption
1 915 10 NIR region, protein and oil absorption
2 988 20 NIR region, starch absorption
1 915 20 NIR region, protein and oil absorption

RDVI 2036 2 1205 70 SWIR region, water, cellulose, starch and lignin absorption
1 933 110 NIR region, oil absorption
2 1653 160 SWIR region, protein, nitrogen, lignin, cellulose, sugar and starch absorption
1 1674 140 SWIR region, lignin and starch absorption
2 910 180 NIR region, protein and oil absorption
1 1255 170 SWIR region, water, cellulose, starch and lignin absorption
2 889 80 NIR region, protein absorption
1 920 40 NIR region, protein and oil absorption

PVI 20382 2 1230 140 SWIR region, water, lignin, cellulose and starch absorption

1 947 20 NIR region, oil and water absorption
2 1669 150 SWIR region, lignin and starch absorption
1 1240 130 SWIR region, water, lignin, cellulose and starch absorption
2 1099 30 NIR region, lignin and oil absorption
1 967 300 NIR region, water and starch absorption
2 1255 170 SWIR region, water, cellulose, starch, lignin absorption
1 933 90 NIR region, oil absorption

SAVI 2086 2 1669 140 SWIR region, lignin and starch absorption
1 1099 20 NIR region, lignin and oil absorption
2 1200 40 SWIR region, water, cellulose, starch, lignin absorption
1 1643 300 SWIR region, protein, nitrogen, lignin, cellulose, sugar, starch absorption
2 929 60 NIR region, oil absorption

TSAVI 2086 1 2198 220 SWIR region, protein and nitrogen absorption
2 952 40 NIR region, oil and water absorption

Notes: R” represents the optimal correlation. The boldface chemicals are principal for the absorption features (Curran, 1989; Gong et al., 2003). VI,
vegetation index; NDVI, normalized difference vegetation index; SR, simple ratio; RDVI, renormalized difference vegetation index; PVI, perpen-
dicular vegetation index; SAVI, soil adjusted vegetation index; TSAVI, transformed soil adjusted vegetation index; NIR, near infrared; SWIR,

shortwave infrared

maximum R* of 0.852), and only 3.09% of the band
combination showed a correlation with R* ranging from

0.82 to 0.86.

As for all of the VIs, as shown in Tables 2 and Table

3, all of the important band combinations presenting
strong correlation between the VIs and the corn FPAR
are within the NIR and SWIR regions. The results of
Table 3 indicates that the VI computed from the SWIR



70

Chinese Geographical Science 2012 Vol. 22 No. 1

Table 3 Comparison of band combinations for estimating FPAR by vegetation index between optimal R

FPAR estimated by SWIR and NIR band

FPAR estimated by V and NIR band

VI

Optimal R* Wavetl)ztrll(gitlll (nm) Wavegz?l:giﬂ; (nm) R Wavetl)zqul(giﬂ; (nm) Wavetl,zlrllﬁﬂzl (nm)
NDVI 0.885 1331.1 1593.5 0.820 645.0 860.0
SR 0.885 1109.2 1179.8 0.725 645.0 860.0
RDVI 0.872 988.1 910.1 0.803 645.0 860.0
PVI 0.852 1623.8 1654.0 0.715 645.0 860.0
SAVI 0.872 988.1 910.1 0.788 645.0 860.0
TSAVI 0.868 937.7 1563.2 0.818 645.0 860.0

and NIR bands obtained better correlations with FPAR
than the VI usually calculated from the visible and NIR
bands did. The optimal R* values were all above 0.852
for FPAR with the VIs computed from the SWIR and
NIR bands. But the FPAR estimation of the R* by the VI
calculated from visible and NIR bands ranged from
0.715 to 0.820.

The SWIR band showed great potential and accept-
able performance for FPAR estimation, and this could
be attributed to the SWIR band reflectance that were
dominated mainly by the leaf water content (Table 2).
Meanwhile, the leaf water plays an important role in
vegetation photosynthesis and affects vegetation absorp-
tion in relation to PAR. The NIR and SWIR band re-
flectance with long wavelength functioned as the key
feedback indicator of canopy FPAR (Curran, 1989;
Carter, 1991; Gong et al., 2003; Zarco-Tejada et al.,
2003).

As for the six Vs, only the PVI, SAVI and TSAVI
obtained a little worse correlation with the FPAR, as
compared to NDVI, SR and RDVI. This finding indi-
cates that even if the field measurements were collected

R’_NN Band #. WL (nm)
. 0.00-0.07 1 432
161 N 007060 21 635
141 0.70-0.80 41 839
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b Ul : 0807088 121 17s
& g1 | mm 0.00-p07 141 2058
Fals 3 | B 092-094 161 2259
6' - 0.92-0.94 0007 0708
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41 1 L
090092 o
21 9.04% r’ O-mﬁ
1 Cakabe s Vom0
B CCREEC, S &2
1 21 41 61 81 101121141161 ">
Band 2 0. 86-0.88 &ﬁ‘x

21.54%

during the whole crop growth period, with the LAI
varying from 0.1 to 4.4, the soil line-adjusted VI could
not improve the correlations with the FPAR in this in-
vestigation, the soil offered little effect on the correla-
tions between the VI and FPAR.

3.4 Corn FPAR estimation with NN

This study also investigated corn FPAR estimation per-
formance with an NN method that was trained by dif-
ferent two-band combinations from visible to SWIR
band reflectance. The R* and RMSE between the meas-
ured FPAR and estimated FPAR by the NN method
were also determined. In Fig. 5, the matrix plots showed
that the two-band combinations trained the NN well and
exhibited much acceptable FPAR estimation perform-
ances. In particular, 47.92% of the R’ values were
higher than 0.88, and 51.96% of the RMSE values were
between 0.10 and 0.12. Furthermore, the R* values of
the measured and estimated FPARs, with combinations
of visible bands at 523—584 nm and near-infrared bands
at 757-1129 nm, were higher than 0.90. The RMSE val-
ues were lower than 0.10.
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R* and RMSE matrix plots show the correlations between the measured FPAR and the NN-estimated FPAR by different two-band combinations
The figures description can be referred from Fig. 4

Fig. 5 R?and RMSE matrix plots for FPAR estimation by NN method
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3.5 Comparison of VI and NN for corn FPAR es-
timation performances

Table 4 showed the band combinations percentage of the
different R* ranges for corn FPAR estimation by these
methods. By referring to different two band combina-
tions, a comparison of Fig. 4, Fig. 5 and Table 4 re-
vealed that the NN exhibited obviously a better estimat-
ing performance for corn FPAR than the Vis did. The
maximum R* for estimating corn FPAR by NN method
is 0.9417. For NDVI, the maximum R* was 0.8849,
whereas the maximum R’ values for other VIs were
much lower. In addition, 9.6% of the band combinations
using the NN method obtained an R* higher than 0.90,
and 69.05% of the band combinations presented R’
higher than 0.86. The R* values higher than 0.86 were
22.61% for the NDVI, 7.95% for the SR, 2.53% for the
RDVI, 1.97% for the SAVI, and 1.52% for the TSAVI,
respectively. The R* values between the PVI and the
FPAR were all below 0.86.

4 Discussion

In this investigation, the six VIs could be classified into
three types of structure indices: the normalized index,
ratio index, and orthogonal index (Zhao, 2003). The
results from this study showed that the normalized indi-
ces (including the NDVI, SAVI, and RDVI) exhibited
the best FPAR performance, followed by the ratio indi-
ces of the SR and TSAVI, while the orthogonal index of
PVI performed worst.

For these VIs, most of the band combinations from
the SWIR and NIR bands displayed the best FPAR es-
timation performances, but for the NN, most of the band
combinations from the NIR and the visible bands dis-

played the best FPAR estimation performances. And
meanwhile, the reflectance in SWIR and NIR bands
fluctuate greatly for different corn cover fraction, which
could be much sensitive to the canopy parameters varia-
tion. But as NN, it was determined greatly based on the
difference between real data and modeled data, to adjust
iteratively the weighted coefficients of the input vari-
ables (Bacour et al., 2006), so the NN method often gets
better performance than Vis does on parameter estima-
tion, such as LAI, chlorophyll (Fang et al., 2003;
Walthall et al., 2004; Bacour et al., 2006). Although the
FPAR is the fraction of PAR in the visible band, this
intrinsic relationship between FPAR and visible was not
linear. Comparatively, the VIs are linear or nearly linear
computed directly with two bands reflectance. Therefore,
the NN could obtain better R* than those vegetation in-
dices from the combination of NIR and visible bands.

In general, LAI makes mostly significant influence on
the canopy FPAR, but the effects from some other fac-
tors of leaf components on the canopy FPAR can not be
neglected, such as soil background, leaf chlorophyll,
leaf and soil water content (Myneni and Williams, 1994;
Huemmrich and Goward, 1997; Daniel et al., 2006). A
few researchers also have studied the leaf chlorophyll
content effect on the forest or grass FPAR (Xiao ef al.,
2005; Gao et al., 2006). Comparatively, for the corn
crop, few studies have considered the leaf components
effect on the crop canopy FPAR (Daniel et al., 2006).
Based on the hyperspectral remote sensing, this study
analyzed the hyper-spectra performance on corn FPAR
estimation using two methods of VIs and NN, which
both revealed that the SWIR has great potential on im-
proving the corn FPAR estimation accuracy.

As we all known, the SWIR were mainly controlled

Table 4 Comparison of different methods for FPAR estimation performances

Percent (%)
R VI
NN
NDVI SR RDVI SAVI TSAVI PVI

0.82-0.84 11.324 15.197 14.080 13.342 8.336 3.004 6.540
0.84-0.86 21.316 13.251 13.721 9.907 10.962 0.091 10.960
0.86-0.88 20.839 7.889 2.527 1.972 1.522 0 21414
0.88-0.90 1.770 0.065 0 0 0 0 38.047
0.90-0.92 0 0 0 0 0 0 8.986
0.92-0.94 0 0 0 0 0 0 0.607
Maximum 0.8849 0.8852 0.8719 0.8724 0.8688 0.8522 0.9417
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by the factor of water, which is also one of the most
important elements of vegetation photosynthesis. In this
study, the reflectance of the spectral bands being cen-
tered at 450 nm, 700 nm, 1450 nm and 1950 nm were
also highly correlated with the corn FPAR. These find-
ings were also supported by previous studies (Carter,
1991; Zarco-Tejada et al., 2003), which indicated that
the functions in these bands are greatly controlled by
chlorophyll or leaf water. However, the soil water con-
tent is the main source to leaf water content, and the leaf
and the soil water content effects on the canopy were
not quantitative assessed for the shortage of abundant
data. This will be further investigated in the future based
on the water content controlling experiment. But the
studied results in this investigation can be used as a ref-
erence for choosing remote sensing images and sensor
channels in estimating non-point corn canopy FPAR.

5 Conclusions

Based on ground-measured corn hyperspectral reflec-
tance in Jilin Province, Northeast China, the correlation
between corn FPAR and hyperspectral reflectance was
analyzed. Using different two-band combinations, six
VIs and the NN were used for estimating FPAR per-
formance.

The corn canopy FPAR varies little in a single day
and retains a nearly constant value, with the exception
of slight fluctuations from 10:30 AM to 13:00 PM. The
visible and SWIR bands exhibit marked negative corre-
lations with the corn FPAR, which are stronger than the
positive correlations between the NIR band and corn
FPAR.

Hyperspectral data are very useful in improving
FPAR estimation accuracy. Among all the methods, the
NN shows the best FPAR estimation performance. The
NDVI and SR are better than other VIs for corn FPAR
estimation. For all of the VIs, the two-band combina-
tions that achieve the best FPAR estimation perform-
ances are from the SWIR and NIR bands; for the NN,
however, the best combination is from the NIR and visi-
ble bands.

The results of this study could provide references for
FPAR estimation and band selection using hyperspectral
data. However, in terms of the absence of hyperspectral
remote sensing images, corn FPAR estimation from hy-
perspectral images were not conducted in this study.

Therefore, this gap should be addressed in the future
investigation.
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