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a b s t r a c t
The objective of this research is to select the most sensitive wavelengths for the discrimination of the
imperceptible spectral variations of paddy rice under different cultivation conditions. The paddy rice
was cultivated under four different nitrogen cultivation levels and three water irrigation levels. There
are 2151 hyperspectral wavelengths available, both in hyperspectral reﬂectance and energy space
transformed spectral data. Based on these two data sets, the principal component analysis (PCA) and
band-band correlation methods were used to select signiﬁcant wavelengths with no reference to leaf biochemical properties, while the partial least squares (PLS) method assessed the contribution of each narrow band to leaf biochemical content associated with each loading weight across the nitrogen and water
stresses. Moreover, several signiﬁcant narrow bands and other broad bands were selected to establish
eight kinds of wavelength (broad-band) combinations, focusing on comparing the performance of the
narrow-band combinations instead of broad-band combinations for rice supervising applications. Finally,
to investigate the capability of the selected wavelengths to diagnose the stress conditions across the different cultivation levels, four selected narrow bands (552, 675, 705 and 776 nm) were calculated and
compared between nitrogen-stressed and non-stressed rice leaves using linear discriminant analysis
(LDA). Also, wavelengths of 1158, 1378 and 1965 nm were identiﬁed as the most useful bands to diagnose the stress condition across three irrigation levels. Results indicated that good discrimination was
achieved. Overall, the narrow bands based on hyperspectral reﬂectance data appear to have great potential for discriminating rice of differing cultivation conditions and for detecting stress in rice vegetation;
these selected wavelengths also have great potential use for the designing of future sensors.
Ó 2011 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.

1. Introduction
Given the present and increasing requests to devise high-yielding cultivation techniques for good-quality super hybrid rice, there
is an urgent need to develop rigorous plans and procedures for its
growing environment impact inspection and assessment. This has
motivated the widespread use of remote sensing technologies for
monitoring the status of rice growth. The almost imperceptible
variations in rice under different cultivation conditions will have
varying effects on the hyperspectral reﬂectance; thus it is essential
to develop techniques for remotely quantifying the structure, distribution and health of the rice crop. Previous studies over the past
decades have successfully used hyperspectral data to quantify the
canopy characteristics of crops; some researchers found that leaf
spectral reﬂectance increases in portions of the visible and verynear infrared range as a plant experiences physiological stress
⇑ Corresponding author. Tel.: +86 13476082677.
E-mail address: songshalei@gmail.com (S. Song).

(Carter, 1994; Carter and Knapp, 2001; Hansen and Schjoerring,
2003). However, few such studies have been conducted on the
monitoring of rice leaf growing with environmental stress, especially nitrogen deﬁciency, which leads to reduced canopy density
(vigour) and premature yellowing of the foliage (chlorosis) in autumn; as does poor irrigation, which would lead to leaf metabolic
insufﬁciency. The work presented in this paper aims to understand
how the symptoms of environmental stress are manifested in the
hyperspectral reﬂectance of each wavelength at the leaf level
and, moreover, how to extract the wavelengths that can recognize
and discriminate the growth status of paddy rice.
Hyperspectral remote sensing technologies have allowed the
development of an increasing number of spectral bands and,
consequently, an improved capability for gaining a greater understanding of the fundamental processes that govern changes in the
biophysical/biochemical properties of vegetation (Renzullo et al.,
2006). Researchers have often attempted to establish a causal link
between measured spectral reﬂectance and the foliar biochemical
composition and/or plant physiology (Shibayama and Akiyama,
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1989; Yoder and Pettigrew-Crosby, 1995; Curran et al., 1997, 2001;
Blackburn, 1999; Sims and Gamon, 2002; Coops et al., 2003), and
their ability to discriminate different species (Kleynen et al.,
2003; Huang and Zhang, 2009). How to identify the key spectral regions of interest, which could explain the variations observed in
the biochemical difference, as represented in the spectral reﬂectance, is the fundamental research objective.
Because of the high correlation inherent in adjacent wavelengths, a number of band selection methods have been developed
and documented in remote sensing literature. However, no single
best approach is yet available to determine the optimal number of
wavelengths for the best estimate of rice characteristics. Most
wavelength selection methods can be classiﬁed into two categories. The ﬁrst is usually conducted using material chemistry with
multiple linear regressions (e.g. stepwise regression) on object
spectra. This approach provides the best linear spectral combinations to assess chemical concentration (Gastellu-Etchegorry and
Bruniquel-Pinel, 2001); past research has dictated the use of various ratio indices (Aoki et al., 1981; Carter, 1994; Lyon et al., 1998),
derivatives of reﬂectance spectra (Elvidge and Chen, 1995; Thenkabail et al., 2000, 2002), and a linear mixture modelling approach
(Maas, 2000; Huang and Zhang, 2008). The other kinds of approach
usually reduce the number of wavelengths by recursively applying
a feature transformation such as principal component analysis
(PCA) in a stepwise fashion and removing identiﬁed ‘noisy’ bands
(Csillag et al., 1993). Such approaches exploit the interdependence
of bands to form groups from neighbouring bands, or deﬁne complex decision boundaries for the classiﬁcation of high-dimensional
data, such as neural networks (Thenkabail et al., 2004).
The spectral wavelength selection strategies all have beneﬁts
and drawbacks. Their success depends on the training sample size,
the number of desirable components/regions and the type of spectral data to which they are applied. In order to have a comprehensive comparison of the band performance of rice hyperspectral
data, we adapted representative waveband selection methods,
both in parametric and nonparametric ways, and with different
numbers of extracted components. As the magnitude of change
in spectral reﬂectance in response to stress will vary at different
wavelengths, it is still a question of whether and how hyperspectral data can be used to unambiguously detect physiological stress
in rice. The selected narrow bands provide useful information in
the interpretation, by remote sensing monitoring, of rice growing
with environmental stresses. In addition, the technique can be a
considered as a valuable tool for the selection of a sensor suitable
for a particular problem, or even for the design of a new sensor.
Our aim was to evaluate whether physiological stress in rice
produces a distinct spectral signature in the leaves. The objectives
of our study were: (i) to investigate the capability of hyperspectral
data to distinguish the leaves of healthy (appropriately cultivated
and irrigated) versus physiologically stressed rice; (ii) to develop
an optimal narrow-band selection method and compare the performances of representative band selection methods for establishing different waveband combinations (including broad-band and
narrow-band) to achieve the ﬁrst objective; and (iii) to investigate
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the capability of the selected signiﬁcant narrow bands to distinguish the leaves under different cultivation conditions.
2. Data description
2.1. Study areas and site description
The study areas were located at an experimental paddy ﬁeld at
Junchuan town, Suizhou city, Hubei province, China. The area is
known as the Jianghan plain, and is in the middle reaches of the
Yangze River; it is known as ‘the hometown of ﬁsh and rice’ in
China, providing food security and acting as the most important
agricultural production base in China. At the present time, a great
change from high-yielding to super-quality and high-yielding is
appearing in the rice varieties being cultivated in Hubei province.
Obviously, the trend of rice production in China is that of developing super-quality rice industrialization.
The paddy variety being studied is Luoyou 8, which is one of the
three most advanced rice varieties in China (Fig. 1), and has been
successfully promoted in some other important rice production
countries such as Vietnam and Brazil.
The rice was seeded on 15 May, and seedlings were transplanted on 15 June. It was cultivated in 4  3 cases of different fertilized conditions, which means a total of 12 treatments during the
whole growing period: four nitrogen fertilization levels combined
with three water irrigation levels. The four nitrogen fertilization
levels were: appropriate (180 kg/ha); insufﬁcient (135 kg/ha);
excessive (225 kg/ha) and no nitrogen. All of the four levels were
fertilized in four stages: 50% of the total fertilizer as base fertilization, 20% at booting stage, 20% fertilized at tillering stage, and 10%
at heading stage. Besides the fertilization controls, ridges of the
paddy ﬁeld were enclosed in plastic ﬁlms to avoid water leakage,
and the three treatments of water irrigation were: insufﬁcient,
appropriate and excessive. The details of the three irrigation levels
are listed in Table 1.
The plot size was 6 m  20 m and each plot type was replicated
three times with the same cultivation conditions. The same management practices were implemented for all rice plots (i.e. timing,
pest and disease control, etc.).
2.2. Leaf collection and spectral measurements
The typical rice plant has a main stem of about 1–1.8 m tall, the
leaves growing reversely and alternatively at the two sides of the
stem. Leaves at different positions in the stem may exhibit distinctive spectral characteristics. In order to minimize the confounding
inﬂuence of location on spectral measurements, we stratiﬁed the
leaf samples collected from each plant by height and then randomly selected 10 plants of each of the 12 treatments for sampling.
For each plant, we chose three samples of leaf, comprising one
sample of leaf from the upper part of the stem and two samples
of leaf from the lower part of the stem, and sampled in three corresponding sub-samples. Subsequent spectral measurements

Fig. 1. The location of the experimental paddy ﬁeld in China and the paddy variety Luoyou 8 under different cultivation conditions.
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Table 1
Water irrigation levels of paddy rice in different growing stages. The values in the unit of mm were the depth of water on the soil; the % indicates the percentage of water content
in soil when the soil was not covered by water.
Growing stage

Period of seedling
establishment (mm)

Booting stage

Tillering stage

At the end of
tillering stage

Heading stage

Maturity stage

Insufﬁcient
Appropriate
Excess

30
30
30

<50%
30 mm
60 mm

<50%
30 mm
60 mm

Sunbaked
Sunbaked
Sunbaked

<50%
30 mm
60 mm

<50%
30 mm
60 mm

found that the reﬂectance patterns of leaves collected from upper
versus lower heights on the stem did not differ signiﬁcantly for
any of the 12 treatments. Therefore, we used one sub-sample for
spectral measurement, and another two sub-samples for biochemical (nitrogen and water) measurements. Mean reﬂectance of the
paddy ﬁeld under four nitrogen cultivation levels and three irrigation levels were plotted in Fig. 2.
All leaves were collected in June and August 2008. They were
immediately sealed in plastic bags, kept in an ice chest, and then
transported to the laboratory for spectral measurements. Leaf
reﬂectance was measured with a Field Spec Pro FR (Analytical
Spectral Devices Inc., Boulder, USA). The measurement procedure
followed that employed by Pu et al. (2003). The light source was
a 100 W halogen reﬂectorized lamp. All spectra were measured

at the nadir direction of the radiometer with a 25 F OV. A standard
whiteboard was employed as the white reference and measured
every ﬁve minutes to convert leaf radiance to spectral reﬂectance.
Reﬂectance spectra of leaves, picked randomly from the upper
hemisphere of the leaf, were collected by measuring spots of
10 mm diameter using a plant probe. Spectral measurement was
not easy as the rice leaves were long and narrow; we cut each leaf
into several pieces, then the leaves were covered on top of a
calibrated black board, and care was taken to make sure the ﬁeld
of view was fully occupied. The adaxial surfaces of a sample were
measured three times, from which an average spectral reﬂectance
curve was generated. Spectral reﬂectance was originally measured
over the ranges of 350–1000 nm at 1.4 nm intervals and 1000–
2500 nm at 2.2 nm intervals. The entire spectral range (350–
2500 nm) was automatically resampled to 1 nm resolution.
2.3. Biochemical and physiological data
To determine whether the reﬂectance patterns of leaves from
the rice under nitrogen- and water-stressed conditions could be
successfully discriminated, the nitrogen content, chlorophyll-a
content and water content were measured for each selected leaf
of the two sub-samples. The separate biochemical measurements

were derived from destructive chemical analysis in the biochemical laboratory. One sub-sample was used for chlorophyll concentration measurements with an acetone (80%) extraction method
(Hernandez et al., 1995), and then the micro-Kjeldahl technique
with salicylate was used for nitrogen concentration determination.
Water content was measured by weighing the selected fresh and
dried paddy leaves of the third sub-sample.
3. Methods
3.1. Data preprocessing
There were two cases of controlled cultivation, and we measured 10 spectra for each of the 12 treatments. For wavelength
selection and classiﬁcation of rice leaves under these treatments,
the measured samples were randomly split into two parts, one of
the 4  3  5 samples were used to analyse and establish the inversion model, and the last 4  3  5 samples were used for model
precision evaluation and discrimination analysis.
The hyperspectral curve accurately relates to physical aspects of
absorption and reﬂectance behaviour (Piech and Piech, 1987).
However, the measured hyperspectral curve of leaves brings in
instrument noise and causes the curve to have structural feature
variations; we needed to do some curve transformation before
the spectral analysis, in order to describe the spectral curve with
more precision and by its most important structural features.
Hyperspectral analysts usually display spectra in units of ‘lm’ or
‘nm’ in wavelength; however, plotting the wavenumber in cm1
equals the number of waves per unit length (most often expressed
in units of cm1 ) and eliminates asymmetry due to the display
being on a constant interval wavelength abscissa (Rossman,
1988). We can convert reﬂectance to ‘energy space’, which displays
apparent absorbance by taking the following transformation in the
physics community.

frequency ðcm1 Þ ¼

1000
wavelength ðlmÞ

ð1Þ

Fig. 2. (a) The mean reﬂectance under four different nitrogen levels (N) at the same level of irrigation. (b) The rice spectra under three different irrigation levels (W) at the
same level of nitrogen fertilizer.

675

S. Song et al. / ISPRS Journal of Photogrammetry and Remote Sensing 66 (2011) 672–682

According to Brown’s method (Brown, 2006), the base 10 logarithm is the standard in the chemistry and planetary sciences communities, so we converted to apparent absorbance by taking the
base 10 logarithm, and multiplied the spectrum by 1 in order
to make the absorption features ‘positive’.

was performed to compute the contribution to principal
components by each wavelength as an indicator of wavelength
selection. In the PCA algorithm, the raw spectral reﬂectance data
X ¼ ðx1 ; x2 ;    xp Þ that has a dimension p and the sample number
m could be subject to:

AðkÞ ¼  lgðRðkÞÞ

X mp ¼ T mk Pkp þ Ek

ð2Þ

where RðkÞ is the reﬂectance of each wavelength (k). Then we converted the spectrum to energy space, where AðtÞ is frequency; the
transformed spectra is shown in Fig. 3.

AðtÞ ¼

1000
AðkÞ

where T is a vector of scores, P is the spectral loadings and Ek is the
residual of the kth principal components. The algorithm extracts
one component at a time. Each component is obtained iteratively,
by repeated regression of X on T to obtain an improved P; and of
X on P to obtain an improve T. The spectra loadings for each principal component can be viewed separately, or, alternatively, it reﬂects
the correlation between the principal component Y j and the ith
wavelength X i . According to this correlation, we can calculate the
total contribution of the ith wavelength v i to the kth principal components separately. Therefore, v i is the evidence of wavelength
selection by PCA.

ð3Þ

3.2. Wavelength selection
The hyperspectral data also cause the high correlation between
adjacent wavelengths; it was not necessary to include all measured
2151 wavebands in the application at one time. In this paper, in order to make a comprehensive comparison for all possible wavelength selections and, hence, to select the optimal wavelengths
that best describe rice characteristics under controlled growing
conditions, we used representative methods, including spatial inter-band correlation analysis, principal component analysis (PCA)
and partial least squares (PLS) analysis. The most efﬁcient wavelengths were selected by these methods separately, and then all
the possible narrow bands were combined in several special ways
for regression analysis and later for linear discrimination analysis
(LDA).
Firstly, inter-band correlation analysis was applied to highlight
wavelengths with rich information content from redundant wavelengths. The coefﬁcient of determination (R2 ) between all the
hyperspectral wavelengths were computed in matrix form. The
matrices were plotted against wavelengths. The R2 models of
wavelength (ki ) against wavelength (kj ) were performed to provide
a rigorous search criterion that every single wavelength (ki ) was
correlated with every other wavelength (kj ), leading to ki  kj plots
(where i, j = 2151 wavelengths). In our hyperspectral data set, we
provided a total of 2,311,250 coefﬁcient of determination (R2 )
involving all possible wavelength combinations. The criterion of
band selection is that the lower the R2 value, the less the redundancy between two wavebands. According to the criterion, the
wavebands corresponding to the ﬁrst 100 minimum R2 values were
selected from all rice leaf spectra collected from the different cases,
and then these bands were analysed.
The inter-band correlation analysis would select a rough spectral region with little redundancy, and then the PCA algorithm

a

1.6

vi ¼

P2 ðY j ; X i Þ

ð5Þ

The two methods (inter-band correlation and PCA) were integrated in order to determine the wavelength with the highest frequency of occurrence in the full spectral range. However, the
selected wavelengths with these methods cannot be conﬁrmed
with direct measurements of leaf physiological status. We adopted
a PLS regression method for narrow-band selection and further for
regression assessment. PLS regression is a recently developed generalization of multiple linear regression (MLR) (Höskuldsson,
1988). PLS regression is of particular interest because, unlike
MLR, it can analyse data with strongly collinear (correlated), noisy,
and numerous X-variables, and also simultaneously model several
response variables. PLS regression aims to link the response variable Y (in this paper referring to biochemical content), to the matrix of predictors X (spectral reﬂectance data) through latent
variables (or factors) (Hansen and Schjoerring, 2003). In addition,
PLS regression models both the ‘structure’ of X and Y, which gives
richer results than the traditional multiple regression approach.
PLS regression has the desirable property that the precision of
the model parameters improves with the increasing number of
relevant variables and observations. It reduces full-spectrum data
to a smaller set of independent latent variables or principal
components (PCs). As a result, full-spectrum wavelength loadings
for signiﬁcant PLS regression factors, from which regression coefﬁcients for each wavelength are derived, describe the spectral variation most relevant to the modelling of variation in the data
1.8

appropriate
insufficient
excessive

1.6
1.4

1.4

1.2

A(v)

1.2
1.0

A(v)

k
X
j¼1

b

appropriate
no
insufficient
excessive

1.8

ð4Þ

0.8
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0.6
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Fig. 3. (a) The rice raw spectra transformed to energy space under four different nitrogen levels at the same appropriate level of irrigation, and (b) under three different
irrigation levels at the same appropriate level of nitrogen fertilizer.
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(Nelson et al., 1996). The subjection of predicators X and the ﬁnal
model predicting y has the following form:

X ¼ t 1 p01 þ    þ t a p0a þ Ea

ð6Þ

y ¼ t1 q1 þ    þ ta qa þ fa

ð7Þ

The equations are similar to the PCA algorithm; t is a vector of
scores calculated by ta ¼ X a1 wa with scaled weights wa ¼ cX a1 ;
ya1 , c is the scaling factor, p are the spectral loadings, q the biochemical loadings, and E and f are the predictor and response
variable residuals, respectively, of the estimated effect of the ath
factor. Thus, the algorithm may be deﬁned successively using the
above equations and by incrementing a ¼ 1; 2;    ; A. The number
of factors to use in the PLS regression model may be determined
through leave-one-out cross-validation (Rao and Wu, 2005).
The ﬁrst weight eigenvector w1 is the ﬁrst eigenvector of the
combined variance–covariance matrix X 0 YY 0 X; similarly, the ﬁrst
score vector t1 is an eigenvector to XX 0 YY 0 . The weights give information about how the variables combine to form the quantitative
relation between X and Y, thus providing an interpretation of the
scores ta . Hence, these weights are essential for the selection of
the important X-variables that have large wa values. So the PLS
regression weights wa express both the ‘positive’ correlations between X and Y. That is to say, everything varying in X is primarily
related to Y, and wa is informative as its interpretation supplies evidence directly in the PLS regression wavelength selection.
3.3. Band combination and regression assessment
Together with the principle component analysis (PCA), bandband correlation analysis and the partial least squares (PLS) regression analysis, we could select the wavelengths which have the least
spectral redundancy and are highly correlated with rice growing
status. However, the effect may not be signiﬁcant when we
combine all the selected wavelengths for the rice remote sensing
monitor. That is because some wavelengths might have a similar
contribution to rice characteristics when combined together, for
example, the wavelengths sensitive to nitrogen content and
chlorophyll content, respectively, would have a similar regression
effect. In comparison to the performances of these selected wavelengths, we established several wavelength combinations to make
a regression analysis and to test its discriminative capability. The
regression analysis was based on PLS regression and PCA. The
PLS regression algorithm was mentioned above, while for PCA
regression analysis we have:

C ¼ A0 þ

k
X

Ai W i ¼ ð1; W 1 ;    W k ÞðA0 ; A1 ;    ; Ak ÞT ¼ XA

ð8Þ

i¼1

where W i is the ith component, C is a measured variable of leaf biochemical content, the coefﬁcient matrix A is calculated by least
squares.
For PLS regression and PCA models, the validation was performed on two data sets (raw data and energy space transformed
data) by comparing differences in R2 , root mean square error
(RMSE) and relative percentage deviation (RPD) (Williams and
Norris, 2004). RMSE values were calculated according to Eq. (9).
The RPD is the ratio of the standard deviation of the y data to the
RMSE of cross-validation predictions.

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pn
2
^
i¼1 ðyi  yi Þ
RMSE ¼
n

n 
^i  yi 
y
100 X


RPD ¼
 y 
n
i¼1

ð9Þ
ð10Þ

i

^i is the predicted value and yi is the measured variables
Where y
of rice, and n is the sample size. The goodness of ﬁt is given by R2

and Q 2 (the cross-validation of R2 ) statistics, which give the restrict
bounds, determine how well the model explains the data, and predicts new observations.
3.4. Discrimination between paddy leaves from different cultivation
conditions
In the wavelength selection processing, we selected the narrow
bands that are particularly sensitive indicators of stresses that are
caused by nitrogen content and water content. The ﬁnal aim of this
paper is to demonstrate the feasibility of narrow-band combinations as an exploratory measure for the remote sensing supervision
of high-yielding cultivation techniques for super hybrid rice. The
classiﬁcations of two cases were adapted, based on a LDA procedure, for which several other researchers had achieved good discrimination results (Gong et al., 1997; Van Aardt and Wynne,
2001; Clark et al., 2005). The data used in the demonstration are
both leaf-level reﬂectance spectra and energy space transformed
spectra of rice leaves. The emphasis is on the ability of methods
to separate the groups of rice growing cases with narrow-band
combinations under different nitrogen cultivation levels and water
irrigation levels.
4. Results and discussions
ki —kj plots show the very high correlation (r 2 ) between any two
wavebands, indicating rich or redundant information under two
cultivation cases (Fig. 4a and b). For the nitrogen-controlled cultivation case, the most frequently occurring wavebands included the
green, red and NIR from 500 to 850 nm; while for the watercontrolled irrigation case, the least redundant spectral region was
concentrated in the short-wavelength infrared, which were from
1100 to 2100 nm.
The waveband widths and central wavelengths were optimized
to provide maximum information and are determined from the
ki —kj plots. The shade of grey indicates the redundancy between
wavelengths. Based on Fig. 4a, it can be concluded that the visible
and ‘red edge’ of the spectrum contained the most information
during leaf nitrogen absorption, due to the development of leaf
pigments. More pigments imply a larger absorption of the electromagnetic energy in the visible part of the spectrum for photosynthetic use (Horler et al., 1983; Filella and Penuelas, 1994; Kumar
et al., 2001), resulting in a decrease in reﬂectance. On the contrary,
wavelengths positioned in the long region of the near-infrared
spectrum apparently have most impact for leaf water absorption.
The leaf optical properties in this region are driven by the mesophyll structure, dry matter and water content of the leaves
(Jacquemoud et al., 1996). Therefore, it is believed that spectral
changes due to different water irrigation levels are partially compensated by spectral changes due to structural alterations.
Based on the inter-band correlation analysis, a rough spectral
region was selected, but we still do not have the exact contribution
of each wavelength to the spectral characteristic. We carried out
the PCA analysis to compute the principal components by using
factor loadings (or eigenvectors) of each wavelength and multiplied the factor loadings by their respective wavelength reﬂectivity. This showed wavelengths with the highest factor loadings
(eigenvectors) and the percentage of variability explained by each
principal component. Therefore, the whole range of wavelengths
can be reduced to the ﬁrst few PCs (e.g. PC1–PC5). Two of the most
frequently occurring wavelengths in each PC were presented under
nitrogen stress and water stress separately (Table 2). The ﬁrst ﬁve
PCs, which explained nearly 95% of the variability of the rice fullrange spectral energy space, provided the highest factor loadings
and were listed from PC1 to PC5. The listed wavelengths indicate
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Fig. 4. Coefﬁcient of determination (R2 ) for all combinations of wavelengths of rice leaf hyperspectral data. Areas of lowest R2 value are the wavelength regions with the least
redundancy and highest information content. (a) The rice spectra under four different nitrogen levels at the same appropriate level of irrigation; the wavelength extent was
from 350 to 900 nm, which reﬂects the most information on leaf nitrogen content. (b) The rice spectra under three different irrigation levels at the same appropriate level of
nitrogen fertilizer. A total of 301,950 (a) and 2,311,250 (b) combinations were investigated.

Table 2
PCA to select the optimal hyperspectral bands under nitrogen and water stresses.
Band centres (nm) with ﬁrst 10highest factor loadings

Percentage variability explained

PCA components

PCA1

PCA2

PCA3

PCA4

PCA5

PCA1

PCA2

PCA3

PCA4

PCA5

First ﬁve PCAs

Nitrogen cultivation
Water irrigation

585; 605
1175; 1315

675; 685
1295; 1315

655; 675
1305; 1195

605; 585
1305; 1175

655; 675
1305; 1175

71
53

14
25

6
8

3
3

1
2

94
96

the magnitude or ranking for that wavelength based on its factor
loadings.
The results of PCA analysis of rice spectra under nitrogen stress
showed that some wavelengths, such as 585 and 675 nm, were
heavily involved in the ﬁrst two principal components, and had
the highest factor loadings in the entire spectral range; that means
the low red dominated the PC1 with a 71% frequency of occurrence,
and the bands close to the ‘red edge’ in PC2 explained 14% of the
variability. Also, the wavelengths at 1175 and 1315 nm provided
the best results in the PCA analysis of rice samples with three
water irrigations, while the far short-wavelength infrared (FSWIR)
bands dominated PC1–PC2, explaining 78% of the variability. These
results indicate the importance of low red and NIR wavelengths for
nitrogen cultivation, and the FSWIR wavelengths for water irrigation of rice.

With the inter-band correlation analysis and PCA analysis, we
selected the signiﬁcant wavelengths and waveband regions that
contain rich information on the rice leaf spectra. However, we
are still not sure about the direct relation between spectral wavelength and leaf chemical content (such as nitrogen content, chlorophyll content and water content). The results of the PLS weight
analysis for each wavelength showed the contribution of each
wavelength to the leaf chemical content. We used both the raw full
spectra data and the spectra energy space data to establish this
relationship.
The different components can be deﬁned by their respective
scores and loadings. The scores are related to the single samples,
while the loadings quantify the contribution of each wavelength
to the model. The PLS loading weights (LWs) are loadingsorientated, allowing the optimal ﬁt for the speciﬁc rice variable

Fig. 5. (a) Loading weights of AðkÞ for the PLS regression models calibrated to estimate nitrogen content, chlorophyll-a content and water content. High numerical values of
regression coefﬁcients indicate the high importance of the reﬂected wavelength in the PLS analysis. (b) The absorption features and reﬂectance features of the rice leaf
spectral curve.
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Table 3
The sensitive wavelengths selected by PLS weight analysis of leaf chemical composition with foliar spectral reﬂectance and spectral energy space.
Variable/
Chemicalcontent

WavebandCentres
(nm)

Waveband range corresponded to the weights
(nm)

The weights of raw spectra
wR

The weights of energy space
wAðkÞ

Nitrogen content

552
675
775

540–553
672–683
755–780

0.407 to 0.359
0.359 to 0.394
0.415 to 0.477

0.4522 to 0.466
0.452 to 0.491
0.509 to 0.523

Chlorophyll content

556
660
776

545–563
654–663
771–783

0.295 to 0.312
0.348 to 0.371
0.387 to 0.411

0.304 to 0.332
0.304 to 0.332
0.502 to 0.523

1149–1170
1372–1386
1950–1974

0.366 to 0.385
0.485 to 0.502
0.285 to 0.322

0.429 to 0.491
0.520 to 0.566
0.362 to 0.466

Water content

1158
1378
1965

of interest. The LWs related to the three investigated variables
(nitrogen content, chlorophyll content and water content) are
shown in Fig. 5a, reﬂecting the relationship between the performance of spectral wavelengths and the key canopy biochemical
content. Based on this ﬁgure, it can be concluded that the biochemical contents (which in this paper are nitrogen, water and

chlorophyll-a) have impacts on the entire range of the spectrum.
However, the nitrogen and chlorophyll-a have very similar PLS factor weighting distributions, with impacts concentrated in the
green, red and NIR regions. Water impacts mostly on the FSWIR
wavelengths; the visible part of the spectrum tends to change
the most during leaf expansion, due to the development of leaf

Fig. 6. The relationship between predicted values and observed values of leaf nitrogen concentration in eight kinds of wavelength combination using spectral reﬂectance data
and spectral energy space transformed data (AðtÞ). Dashed lines indicate 95% conﬁdence interval of the regression; solid outermost lines indicate 95% conﬁdence interval of
prediction.
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pigments. The exact results are listed in Table 3, which shows that
the central wavelengths of 552, 675 and 775 nm have the greatest
PLS loading weights of nitrogen content; the central wavelengths
of 556, 660 and 776 nm have the greatest PLS loading weights of
chlorophyll-a content; and the wavelengths of 1158, 1378 and
1965 nm have the greatest PLS loading weights of water content.
The selected signiﬁcant wavelengths conﬁrmed our impressions
from an initial visual inspection of the spectral curves. From
Fig. 5b we can see that nearly all these selected central
wavelengths are close to the signiﬁcant absorption valleys and
reﬂectance peaks.
According to the raw spectral curve of healthy rice leaves, we
ﬁnd that the wavelengths close to 550 and 750 nm correspond
to the leaf reﬂectance characteristics, and wavelengths in the
red region, close to 670 nm, correspond to the leaf spectral radiation absorption characteristics. These characteristics coincide
quite well with our results from the PLS weight analysis of nitrogen and chlorophyll content. In the same way, the absorption
valleys of the raw spectral curve located in the vicinity of
1200, 1400 and 1950 nm are also close to our selected wavelengths at 1158, 1378 and 1965 nm (Fig. 5b). The PLS regression
method, by selecting wavelengths with the largest loading
weight, has great capability to reﬂect the characteristics of leaf
biochemical content.
4.1. Wavelength combinations
Considering the redundancy of hyperspectral data and the represented spectrum range selected by the wavelengths or bands, we
set a series of wavelength (band) combinations, in order to determine the nitrogen inversion effects of the selected wavelengths.
Since the leaf water content affects mainly the long band of the
NIR region, expressed as spectral absorption characteristics, we
just selected a 3-wavelength combination, according to the result
of the PLS loading weight analysis.
The eight wavelength combinations are separated into two
groups. The ﬁrst three are broad-band combinations based on the
results of PCA analysis and band-band correlation analysis, and
the last ﬁve combinations are narrow-band combinations based
on the results of PLS loading weight analysis. The combination details are as follows:
(1) A 215-band combination, dividing the spectrum from 350 to
2500 nm into 215 bands by calculating each 10 nm wavelength average, and thus is similar to the band set of the ﬁrst
space-borne hyperspectral sensor, Hyperion (Pearlman et al.,
2003).
(2) A 46-band combination, dividing the spectrum from 400 to
850 nm into 46 bands by calculating each 10 nm wavelength
average. These bands are mainly in the visible and nearinfrared regions, which contain abundant information on
vegetation.
(3) A 17-band combination. These bands are selected by the
inter-band correlation analysis. The central wavelengths
are 405, 565, 585, 605, 620, 640, 660, 680, 695, 705, 740,
780, 865, 910, 1085, 1530 and 1960 nm.
(4) A 10-wavelength combination: 410, 422, 556, 660, 675, 694,
705, 755, 758 and 776 nm. These wavelengths are chosen
according to the PLS loading weight analysis against leaf
nitrogen content regression.
(5) A 4-wavelength combination: 552, 675, 705 and 776 nm.
This combination is chosen from the 10-wavelength combination but is more effective and representative.
(6) A 3-wavelength combination: 552, 675 and 776 nm. These
three wavelengths have the largest PLS loading weights in
the green, red and near-infrared regions, respectively.

679

(7) A 2-wavelength combination: 675 and 776 nm. These two
wavelengths adjacent to the ‘red edge’ contain important
growing information on vegetation, and it is also quite useful
for constituting a narrow-band normalized difference vegetation index (NDVI).
(8) A 3-wavelength combination for leaf water content regression: 1158, 1378 and 1965 nm.
The eight waveband or wavelength combinations listed have a
high level of relevance in providing various vegetation or crop
characteristics, as determined through ﬁndings from literature, as
discussed below. According to existing research, the selected 4wavelength combination (552, 675, 705 and 776 nm) is of particular relevance.
Shibayama and Munakata (1986) established a vegetation index
(VI), respectively employing the wavebands at 950/650 and 1100/
1200 nm to associate with the dry biomass of the paddy rice canopies. Elvidge and Chen (1995) detected plant stress at rededge bands centred at 705 and 735 nm. Blackburn (1999) and
Thenkabail et al. (2000) found the wavelength around 675 and
680 nm was most strongly correlated with the chlorophyll content
of crops or vegetation. Schepers et al. (1996) indicated the strong
relationships with total chlorophyll and nitrogen content at
555 nm. A further study by Thenkabail et al. (2004) recommended
22 best narrow bands (10 nm width) in the 350–2500 nm range, to
discriminate natural vegetation and crop species. Some researches
(Curran et al., 2001) also showed that the four wavebands centred
at 1182, 1216, 1936, and 1920 nm were of particular importance
for the plant water absorption.
The results of each study (wavelength selection) had unique
purposes and signiﬁcance, while our study aimed to select the
wavelengths that could recognize and discriminate the paddy rice
under different growing stresses. It is necessary to evaluate the performance of the selected waveband (wavelength) combinations.
4.2. Waveband combination regression
Each wavelength (band) combination used 120 (3  4  10)
training samples to establish an inversion model, and the last 60
(3  4  5) samples were used for observed data. The correlations
between observed values and predicted values of each combination are shown in Fig. 6. The performance of each combination
was compared to that observed in a multivariate calibration based
on PLS regression. We took the PCA as a comparison method with
the PLS; obviously, PLS has much better regression results. With
the energy space transformation of spectral (AðkÞ), PLS regression
increased all R2 values by around 0.02–0.16, compared to raw
spectral data (C). This spectral transformation model has the most
signiﬁcant improvement when the number of variables is very
small, such as the 3-wavelength combination regression of water,
where R2AðkÞ increased to 0.715. Evaluated on the basis of the RMSE,
which represents the average error, the AðkÞ PLS model improved
the models compared with the raw spectral data (Table 4). The
validation was performed on two data sets by comparing
differences in R2 , RMSE and RPD, to estimate the predictive ability
of the models.
It is shown that the correlation coefﬁcient between the predicted and measured values for the validated samples of rice leaf
is high with these eight band (wavelength) combinations. The
215-band combination has the largest coefﬁcient of determination
(0.89), and the 2-wavelength combination has the smallest value at
0.68. The narrow-band combinations, which combined 2–10 wavelengths, have regression values from 0.68 to 0.83, indicating good
prediction accuracy of the regression models. The 4-wavelength
combination with 552, 675, 705 and 776 nm wavelengths just
added a 705 nm to the 3-wavelength combination, but obviously
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Table 4
Results of the partial least squares regression (PLS) modelling using both spectral energy space transform data (AðkÞ) and raw spectral data (C) to investigated rice biophysical
variables of nitrogen and water.
Wavelengthcombinations

Y

Components number

RMSE

Coefﬁcient of determination

RPD

PLS

PCA

PLS

PCA

PLS

PCA

PLS

PCA

215 wavelength (N)

C
AðtÞ

12
11

10
10

0.23
0.19

0.35
0.33

0.89
0.91

0.88
0.89

2.03
2.28

3.96
4.28

46 wavelength (N)

C
AðtÞ

10
10

10
10

0.25
0.19

0.51
0.42

0.86
0.88

0.81
0.83

2.51
3.06

4.47
4.89

17 wavelength (N)

C
AðtÞ

10
10

10
10

0.31
0.27

0.72
0.67

0.83
0.85

0.80
0.83

3.14
3.59

5.28
5.71

10 wavelength (N)

C
AðtÞ

7
7

8
8

0.32
0.28

0.82
0.68

0.83
0.86

0.77
0.84

4.03
4.81

5.96
6.33

4 wavelength (N)

C
AðtÞ

5
5

6
6

0.42
0.35

0.97
0.83

0.82
0.83

0.65
0.76

5.11
4.89

6.24
6.81

3 wavelength (N)

C
AðtÞ

3
3

4
4

0.51
0.46

1.03
0.9

0.75
0.81

0.63
0.71

5.23
4.92

6.71
7.15

2 wavelength (N)

C
AðtÞ

3
3

4
4

0.82
0.66

1.2
1.15

0.68
0.77

0.59
0.71

6.03
5.54

7.31
7.12

3 wavelength (W)

C
AðtÞ

3
3

4
4

0.50
0.28

0.62
0.36

0.53
0.72

0.44
0.58

5.23
2.4

8.01
6.69

increased the coefﬁcient of determination from 0.75 to 0.82, while
the 10 narrow-band combination and the 17 broad-band combination provide little improvement to the regression result, with an
increase of just 0.01 to around 0.83. However, because of the water
loss of leaf samples during our measurement experiment, the 3-

wavelength (1158, 1378 and 1965 nm) regression for water
content of rice leaves has poor accuracy compared with the narrow-band combinations for leaf nitrogen content regression. These
results indicate that the limited narrow-band (wavelength) combination is capable of overcoming the redundancy drawback of
hyperspectral data and providing sufﬁcient information on rice,
and has great potential for remote sensing applications.
4.3. Discrimination analysis
In order to test the classiﬁcation ability of the narrow-band
combinations, without a priori knowledge of the rice growing
state, we used the 4-wavelength combination (552, 675, 705 and
776 nm) and the 3-wavelength combination (1158, 1378 and
1965 nm) for the ﬁnal classiﬁcation of rice samples of two cases,
with four nitrogen cultivation levels and three water irrigation levels generated by LDA. Fig. 7 presents the distribution result of test
samples in the discriminant space. The two discriminant functions
of LDA are effective in distinguishing paddy leaves in the two cultivation cases. In combination with the LDA classiﬁcation, the results indicate that our methods for extracting inﬂuential narrow
bands from the hyperspectral data succeeded in discriminating rice
leaves with different growing status. Focusing on the narrow-band
combinations, LDA proved an effective procedure for building the
best discriminative function.
5. Conclusions

Fig. 7. (a) Discriminant plots show a good distribution among rice leaf samples of
two cases in discriminant space with the selected narrow-band combination: (a) a
4-wavelength combination (552, 675, 705 and 776 nm) to discriminate samples
under nitrogen (N1–N4) stress; (b) a 3-wavelength combination (1158, 1378 and
1965 nm) to discriminate samples under water (W1–W3) stress.

Based on these investigations, it was revealed that the narrowband combinations had a great ability to characterize the rice
status, and also had great potential for rice growing environment
impact inspection and assessment. By using several parametric
and nonparametric methods, a comprehensive comparison was
made to select the most inﬂuential narrow-band combination
(552, 675, 705 and 776 nm) to discriminate rice leaves from four
kinds of nitrogen cultivation conditions; also a 3-wavelength combination (1158, 1378 and 1965 nm) was established to enhance
spectral discrimination of rice leaves grown in three kinds of irrigation conditions. These selected narrow bands contained the majority of the rice information, in comparison to the performances of
other representative band combinations. A further experiment
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with the narrow-band combinations was applied to the LDA-based
classiﬁcation.
The well-discriminated spaces directly testiﬁed to the feasibility of these selected narrow bands instead of employing the full
range of wavelengths. A reduction in the number of bands, without
signiﬁcant information loss, is important because it makes it possible to achieve ﬁne spatial resolution without sacriﬁcing the ability
to characterize the rice status. Most of the hyperspectral studies
(Thenkabail et al., 2000, 2002, 2004; Okin et al., 2001; Hansen
and Schjoerring, 2003) concluded that less than 30 wavebands
are needed to obtain the best crop and vegetation information.
The results, when compared with these studies, indicated that
the four narrow-bands combination we selected has prominent
signiﬁcance for explaining the characteristics of data. We believe
that a small number of narrow bands, which gives access to the
inﬂuences of environmental and cultivation conditions, is most
effective for monitoring and detecting the rice growing status.
Although the narrow-band combination for the discrimination
of rice in different cultivation conditions was successfully achieved
in this study, we need to increase the strength of the linkage between leaf-level and the canopy-level spectral features according
to Carter and Estep (2002) and Muttiah (2002); more observations
have to be investigated for detecting other stresses and more
appropriate wavelength selection methods need to be adopted or
developed. Finally, the method needs to be applied to more rice
varieties, under a range of different stresses.
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