
1. Introduction

Chlorophyll is closely related to the nutritional status
of plants. In general, organic solvents such as acetone,
ethanol, or dimethylsulfoxide (DMSO) are widely used

to extract chlorophyll (Hiscox and Israelstam, 1979;
McKinney, 1941). This method of extraction is not only
destructive but is also time consuming. A large variation
in the measured value may occur due to loss of
pigments during extraction or dilution (Nettoa et al.,
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2005). Furthermore, since the leaves are destroyed for
extraction, the sample cannot remain intact after
measurement.

Unlike conventional methods that are destructive,
portable meter can determine the relative amount of
chlorophyll content without sampling. The meter is
effective for monocotyledonous plants whose leaves
are long and narrow and needs a short length of time
for measurement. However, measurement accuracy
drops for low light intensity (Uddling et al., 2007).

Although there is no close correlation between
chlorophyll content and photosynthesis capacity
(Marini, 1986), the quantification of photosynthesis-
related pigments is used as a key index of crop
senescence (Hörtensteinera and Kräutler, 2011). In
addition, the loss of chlorophyll is highly influenced by
environmental stress, and thus variations in chlorophyll
and carotenoid ratio are used as a stress index (Hendry
and Price, 1993).

Light irradiated to plants is reflected from leaf
surfaces, permeated into the canopy, or absorbed by
substances such as leaf tissue moisture, metabolites, or
chlorophyll. Therefore, the reflectance at the leaf
surface indicates the physiological, morphological 
and biochemical state of the plant under given
environmental conditions.

The remote sensing technique based on hyper -
spectral imaging, i.e., reflectance characteristics of
visible and near infrared light, is used for investigating
vegetation (Jiang et al., 2006; Leprieur et al., 2000),
moisture content of vegetable seedlings (Jang et al.,
2018), biochemical components of leaves (Fourty et
al., 1996), or physiological characteristics (Penuelas
and Filella, 1998). Various indices for estimating 
these properties are presented (Daughtry et al., 2000;
Gitelson et al., 2003).

Since hyperspectral images have a number of
contiguous spectral bands with a narrow bandwidth,
each pixel of an image has characteristic attribute of
spectral reflectance information. In a hyperspectral

image with three-dimensional data, the first and second
data represent position information of a pixel, and the
third data represents spectral information. Therefore,
when a data processing technique is applied to a
hyperspectral image with spectral information for each
pixel, it will be possible to diagnose plant deformation,
accumulation of specific compounds, and structural
change depending on environmental stress as well as
crop growth characteristics. Hyperspectral image data
may have noise or defective pixels that need to be
removed by preprocessing operations (Rasti et al.,
2018; Vidal and Amigo, 2012) such as correction,
smoothing, and normalization.

Cucumber is one of the major vegetable crops.
Demand of grafted seedlings is still increasing because
grafting is to enhance the water and nutrient uptake, to
increase the tolerance to low temperature and to soil
salinity, and to reduce the incidence of soil-borne
disease. Grafted seedlings, greatly influenced by
physical environment conditions in the process of
grafting scion and rootstock, experience moisture
stress. Moreover, since low light intensity is given in
this process, the photosynthetic rate of the grafted
seedlings is low, and the changes in the chlorophyll
content and substrates are evident. This study attempts
to quantitatively identify the substrate changes
according to the environmental changes in the process
of healing grafted seedlings. The purpose of this study
is to select significant wavelengths for estimating the
chlorophyll content of the leaves of the cucumber
seedlings in a non-destructive manner according to the
hyperspectral imaging with preprocessing methods.

2. Materials and Methods

1) Variety and Grafting
The scion for seedlings used in this experiment was

cucumber, Cucumis sativus L. cv. (Joeun Baekdadaki,
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Dongbuhitek, Korea) and the rootstock was figleaf
gourd, Cucurbita ficifolia cv. (Heukjong, Monsanto,
Korea). Peat moss (BM1, Berger Peat Moss, Canada)
was used for seedling mixture.

Seedlings grown for 9-10 days in the 128-hole plug
trays were grafted into scion-rootstock union. The
scion, cut at an angle of 45° from 1 cm below the
cotyledon, was grafted with the stock whose root, but
one cotyledon, was removed. At this time, a grafting
clip fixed both scion and rootstock whose cutting 
face could align with each other for smooth union. The
pH and EC of the culture were adjusted to 5.5-6.0 and
1.5 mS·cm-1, respectively, using a portable meter
(HD98569, Delta Ohm, Italy).

2) Grafting Environment for Seedlings
The grafted cucumber seedlings were healed in a

closed seedling production system (‘closed system’)
capable of controlling temperature, relative humidity
and air velocity. Inside the closed system, a 4-shelf
aluminium profile of 1,200 × 600 × 2,000 (W × D × H)
mm was set up. Each shelf occupied with 160 cucumber
seedlings grafted in 4-40 plug trays had LED lamps
with white, red, blue, and red-blue mixed.

The light intensity of the LED lamp was adjusted
using a lamp controller (V1.0, ODTech, Korea) and 
a power supply (SE-450-36, Mean Well, Taiwan). 
Light intensity at each shelf was maintained at 50 
μmol·m-2·s-1 photosynthetic photon flux (PPF) with 
a quantum sensor (SKP215, Skye, UK). Temperature
and relative humidity in the closed system were
adjusted to 25°C and 90%, respectively, and the
photoperiod of the LED lamp was 16 h·d-1. For a
healthy graft, the PPF in each treatment shelf was raised
to 150 μmol·m-2·s-1, while the relative humidity was
reduced to 70% on the 7th day after the grafting.

3) Hyperspectral Image Acquisition and
Preprocessing
(1) System for Hyperspectral Image Acquisition
In this study, two hyperspectral imaging systems

were used to obtain hyperspectral images of cucumber
seedlings: one for the visible and near-infrared (VNIR)
images and the other for short-wave infrared (SWIR)
images.

The VNIR system consists of an image acquisition
unit, a sample transfer unit, and a light source unit. The
image acquisition unit is composed of an imaging
spectrograph (VNIR, Headwall photonics, USA), an
electron multiplying charge-coupled device (EMCCD),
and a camera (Luca DL-604M, Andor Technology,
USA). The sample transfer unit has a step-motor (Vexta
PK264, Oriental Motor, Japan) and a motor controller
(VXM-1, Velmex, USA). The light source unit has two
150W halogen lamps (93638EKE, Osram, Germany),
fiber optics (DC950, Dolan-Jenner Industries, USA)
and line light cables (QF5548, Dolan-Jenner Industries,
USA).

The light from the halogen lamp, whose irradiation
angle was adjusted by the guide, maintained an angle
of about 45° to minimize the non-uniformity of the
reflected light. The VNIR system was controlled by
Visual Basic 6.0. When the exposure time of the lens
is set, the camera can automatically calculate the travel
distance and speed of the step-motor. The image
projected on the lens is line-scanned through a slit with
a thickness of 25 μm and a spectrograph produces
spectra by each wavelength. The spectral information
is amplified by the EMCCD camera and stored as an
image. In this study, hyperspectral images of grafted
cucumber seedlings were obtained with the exposure
time of 5.0 ms, and the step motor movement of 
0.64 mm interval with 313 steps; a total movement of
20 cm.

The SWIR system consists of an image acquisition
unit, a camera fixing frame, and a light source unit. The
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image acquisition unit has a camera with a spectrograph
(SWIR 3.0, Specim, Finland), a detector (mercury
cadmium telluride, MCT) and a lens. The light passes
through the lens and the slit of 30 μm thickness. Spectra
were produced by spectrograph, and detected by
detector by each wavelength, and converted into three-
dimensional data for storage. Two 650 W halogen
lamps (64540BVM, Osram, Germany) were used in
the light source unit. In the measurement process, the
focus adjustment and the image acquisition were
performed in the same way as the VNIR imaging
system.

(2) Hyperspectral Image Acquisition
The 560 hyperspectral images in the wavelengths of

VNIR and SWIR were measured, for 80 seedlings (20
seedlings × 4 treatments) per day, 7 days from the 2nd
to 8th day after the initiation of the grafted cucumber
seedlings. At this time, a white reference plate (SRT-
99100, Labsphere, USA) with a reflectance of 99% was
placed beside the grafted seedlings.

The range of the measured VNIR image is 378.1-
1,002.2 nm where the interval of 4.7 nm per band
resulted in 133 bands. The range of SWIR image is
904.4-2,515.9 nm where the interval of 5.6 nm per band
resulted in 288 bands. Analysis excluded wavelengths
at the border region of VNIR and SWIR because the
output signal of sensor is low for that peculiar region.
Therefore, the range of the analyzed image is 400-1,000
nm for VNIR and 1,000-2,400 nm for SWIR.

(3) Hyperspectral Image Preprocessing
The flat field correction (FFC), shown in equation

(1), was applied to correct the brightness of the 
original image acquired using the hyperspectral
imaging system (Nieuwenhove et al., 2015).

                    Reflectance =                       (1)

where, Rraw is the original spectrum obtained through
the hyperspectral imaging system, Rdark is the dark
spectrum measured with the lens closed, and Rwhite is
the spectrum of the white reference plate with the
reflectance of 99%.

The spectral data of the brightness correction was
preprocessed by applying the Savitzky-Golay filter 
for Smoothing (SM), determining the spectral average
and standard deviation for Standard Normal Variate
(SNV), and by employing ideal spectrum data to
correct spectrum of samples for Multiplicative Scatter
Correction (MSC), and by using the First Derivative
(FD). Altogether, 7 different processes (FFC, SM, SNV,
SNV + SM, MSC, MSC + SM, FD) were applied in
this study (Fig. 1). MATLAB (2017a, MathWorks,
USA) were used for all preprocessing tasks.

(4) Extraction of Region of Interest
A monochrome binary image was made to separate

the cucumber leaves from the background of the
preprocessed hyperspectral image. Next, an erosion
mask was applied to the binary image to extract the
region of interest of the leaf.

Rraw – Rdark
Rwhite – Rdark
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4) Measuring Chlorophyll Content
A portable chlorophyll meter (SPAD-502, Minolta

Co., Japan) was used to measure the chlorophyll
content of the cucumber seedlings. The chlorophyll
content was measured at the left, right and center of 
the cotyledon surface. The mean value of chlorophyll
content measured in 5 replicates at each site was used
for statistical model development and validation.

5) Statistical Model Development and
Verification
(1) Selection of Significant Wavelengths
In order to determine the significant wavelengths

affecting the estimation of chlorophyll content in
cucumber seedlings from preprocessed spectrum data,
a correlation coefficient spectrum (CCS), a stepwise
multiple linear regression (SMLR), and a partial least
squares (PLS) were used. For model development, 560
datasets were divided into two groups: 420 datasets for
calibration and 140 datasets for validation. They were
analyzed using statistical software SAS (V9.4, SAS
Institute Inc., USA). In the CCS analysis, the absolute
value of the correlation coefficient (r) between the
reflectance per wavelength and the SPAD value of 
the cucumber seedlings, that is, the wavelength
corresponding to |r |>0.5 was determined. In the SMLR
analysis, the corresponding wavelength of the spectral
reflectance required to describe the chlorophyll content
is selected by the statistical significance level. In 
the PLS regression analysis, the coefficient β was
determined using X-loading, X-weight, and Y-weight
calculated in the analysis process. In this case, the β
value indicates the importance of each independent
variable. The larger the absolute of β value, the greater
the influence of the wavelength on the PLS regression
model (Min and Lee, 2005). In this study, the absolute
value criterion of coefficient β was set to 1.5. In the 
PLS analysis, a model with a minimum value of the
predicted residual error sum of squares (PRESS) in the

cross-validation process was used to determine the
appropriate number of factors. PRESS is the sum of
squares of the residuals between the observed values
and the predicted values of the PLS regression
equation. The smaller the PRESS value, the better 
the predictive power of the model (Osten, 1988).
Ultimately, the wavelengths commonly included in 
the results of CCS, SMLR, and PLS analyzes were
selected as the significant wavelengths required for
chlorophyll content prediction

(2) Statistical Model Development and Verification
PLS and SMLR methods were used to develop

calibration models in this study. The model developed
using 140 validation data was verified and the
coefficient of determination (R2), which indicates the
linear fitting of the variables, was used to evaluate the
fitness of the model. The standard error of calibration
(SEC), standard error of validation (SEV), and root
mean square difference (RMSD) were calculated to
verify the measurement error and the prediction error
of the developed model. These can be expressed as
follows.

               SEC =    ∑n
i=1ei

2                              (2)

                SEV =    ∑n
i=1 (ei – ē)2                      (3)

                RMSD =    ∑n
i=1ei

2                                      (4)

where, n is the number of samples, p is the number of
independent variables, ei is the difference between the
predicted value and the measured value, and ē is the
average of ei.

3. Results and Discussion

Out of 560 data measured by SPAD meter,
calibration dataset (420 measurements) whose mean
and standard deviation of SPAD values were 64.5 

1
n – p – 1

1
n – p – 1

1
n
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and 4.2, respectively, was used to develop a prediction
model for chlorophyll content in the cucumber seedling
leaves. In the meantime, the mean and standard
deviation of SPAD values using validation dataset (140
measurements) were 64.4 and 4.0, respectively, similar
to the distribution of calibration dataset.

Fig. 2, 3, and 4 demonstrate the simple correlation of
chlorophyll content measured by SPAD vs. reflectance
at each wavelength. The wavelengths at which the
absolute value of correlation coefficient is above a
certain level, 0.5 for this research, was selected as

significant. For VNIR range of 400-1000 nm, the
correlation coefficient between the SPAD value and the
spectral reflectance at each wavelength was higher with
SNV and SNV+SM than with the other preprocessing
methods (Fig. 2). The highest correlation coefficient
was -0.68 at 723 nm with SNV preprocessing, and 
-0.67 at 718 nm with combined preprocessing, SNV +
SM. The wavelength ranges at which | r | was higher
than 0.5 were 501-510 nm, 543-548 nm, 619-661 nm
and 704-727 nm with SNV (Fig. 2a), and 496-505 nm,
538-548 nm, 619-680 nm and 699-727 nm with SNV
+ SM (Fig. 2b). The highest correlation coefficient 
was 0.59 at 576 nm with FD, the first derivative
preprocessing. The wavelengths at which | r | was
higher than 0.5 were at 524-529 nm, 557-590 nm and
666-680 nm with FD (Fig. 3). For SWIR range of
1,000-2,400 nm, on the other hand, the correlation
coefficient between the spectral reflectance at each
wavelength and the SPAD value was lower than 0.4
with all preprocessing methods applied (Fig. 4).

Table 1 is the result of SMLR analysis by which the
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Fig. 3.  Correlation coefficients between reflectance at each
wavelength and SPAD value of calibration data set
with FD preprocessing.

Fig. 2.  Correlation coefficients between reflectance at each wavelength and SPAD value of calibration
data set with (a) SNV and (b) SNV+SM preprocessing.

Fig. 4.  Correlation coefficients between reflectance at each wavelength and SPAD value of calibration
data set (a) SNV+SM and (b) FD preprocessing.
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significant wavelengths were selected after calibration
dataset was preprocessed with all methods suggested
in the materials and methods. No common wavelength
was selected regardless of preprocessing methods.
However, the wavelength 619 nm was commonly
included in four (FFC, SM, MSC+SM, and FD)
preprocessing methods, 709 nm in three (FFC, SM and
MSC) methods, 960 nm by three (MSC, MSC+SM and
FD) methods. In addition, 444, 633, 642, 675, 694, 704,
832, 846, 860, and 926 nm were common wavelengths
selected by a pair of preprocessing methods.

Fig. 5 is the result of PSL by which β coefficient 
was determined with SNV preprocessing (Fig. 5a) and
with SNV+SM (Fig. 5b) in the VNIR region. Abrupt
changes in β value with SNV were remarkably reduced,
or smoothed with SNV+SM. Wavelengths corres -
ponding to |β |>1.5 were at 406, 477, 510, 638, 694,
718-732, 751, 959, 978, 983 and 992 nm for SNV
preprocessing, and at 401, 406, 444, 449, 496, 501, 505,
510, 515 and 543 nm for SNV+SM.

Accordingly, VNIR wavelengths at 501, 505, 510,
543, 548, 619, 718, 723, and 727 nm were commonly
included when two out of three (CCS, SMLR and 
PLS) analyses employed in this study.

There has been no report that hyperspectral imaging
was used to predict the chlorophyll content of the
cucumber seedlings. The reflectance for VNIR range
is closely related to the contents of chlorophyll,
xanthophyll or moisture in the plant leaf (Penuelas 
and Filella, 1998). Estimation of chlorophyll content
using reflectance index has mainly been done on food
crops or trees (Gitelson et al., 2003; Kochubey and
Kazantsev, 2007). An analysis of the relationship
between the chlorophyll content and the reflectance
characteristics in the VNIR of Eucalyptus leaves 
was reported that 710 nm was the most sensitive to
chlorophyll content changes (Datt, 1999). Reflectance
at 675 nm was used to determine the chlorophyll
content of orange leaves non-destructively (Wallihan,
1973). An attempt has also been made to determine
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Fig. 5.  B-matrix determined from calibration dataset using partial least square (PLS) analysis with (a)
SNV and (b) SNV+SM preprocessing.

Table 1.  Significant wavelengths selected by stepwise multiple linear regression (SMLR) analysis to predict chlorophyll
content of grafted cucumber seedlings

Preprocessing Significant wavelengths selected (nm)
FFC 619, 675, 694, 709, 846, 860, 931
SM 444, 449, 567, 571, 619, 642, 709, 832, 926, 950
MSC 633, 675, 694, 709, 841, 860, 959, 988, 992
MSC + SM 543, 619, 628, 633, 642, 704, 742, 926, 959, 964, 983
SNV 444, 510, 534, 704, 723, 832, 869
SNV + SM 406, 420, 501, 600, 718
FD 401, 576, 619, 623, 652, 737, 770, 846, 936, 959
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the chlorophyll content of pine trees using reflectance
at the red edge, or 680-730 nm (Ferns et al., 1984).

The leaf color of vegetables is greatly affected by
chlorophyll content. Therefore, leaf color is a major
factor for vegetable quality, but reports on the relation
between chlorophyll content and reflectance are not
sufficient (Jones et al., 2007). Thomas and Gaussman
(1977) presented a correlation between reflectance and
chlorophyll content of melon, cucumber and lettuce at
550 nm. In order to estimate the chlorophyll content of
lettuce and spinach where different concentrations of
nitrogen were applied, indices using reflectance at 720
and 740 nm were suggested (Xue and Yang, 2009). On
the other hand, a portable chlorophyll meter that can be
conveniently used in the crop field determines the
chlorophyll content by measuring the absorption at 
two wavelengths of 650 nm and 940 nm (Ling et al.,
2011). As a result, it can be seen that the significant

wavelengths affecting chlorophyll content changes are
not the same depending on the type of crop or leaf
structure.

Fig. 6 demonstrates the typical reflectance charac -
teristics of grafted cucumber seedlings with different
SPAD value in the VNIR and SWIR region. Spectral
reflectance of the cucumber seedlings was high for
higher SPAD value in the VNIR region (Fig. 6a).
Spectral reflectance was not decisive in the SWIR
region where reflectance was high for higher SPAD at
1,407-2,332 nm, but low at 1,000-1,136 nm.

Table 2 shows the results of the SMLR model
performance using validation dataset vs. calibration
dataset with the selected number of wavelengths,
according to the different preprocessing methods, listed
in the Table 1 to estimate the chlorophyll content of 
the cucumber seedlings. SM preprocessing method
showed that the best R2 for the validation dataset was
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Fig. 6.  Spectral reflectance for the leaf of grafted cucumber seedlings with low and high SPAD value in the (a) VNIR and
(b) SWIR region.

Table 2.  Results of stepwise multiple linear regression (SMLR) analysis using VNIR data with different preprocessing techniques

Preprocessing Number of
wavelengths

R2

SEC SEV
RMSD

Calib. Valid. Calib. Valid.
FFC 7 0.70 0.69 2.28 2.22 2.26 2.22
SM 10 0.72 0.72 2.24 2.13 2.21 2.14
MSC 9 0.71 0.70 2.26 2.19 2.24 2.18
MSC + SM 11 0.73 0.71 2.20 2.15 2.17 2.17
SNV 7 0.70 0.71 2.30 2.17 2.28 2.17
SNV + SM 5 0.69 0.66 2.34 2.34 2.32 2.34
FD 10 0.72 0.70 2.21 2.20 2.18 2.21
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0.72 and RMSD was 2.14. SNV+SM preprocessing
with the selected number of wavelengths, 5 from Table
1 resulted in no difference in standard errors (SEC,
SEV). In the meantime, the differences in R2 and
RMSD between calibration and validation datasets
were negligible.

Table 3 shows the results of PLS model performance
using validation dataset vs. calibration dataset
according to the different preprocessing methods. The
number of factors in Table 3 was the result from the
cross validation process based on the lowest PRESS
value. Most preprocessings generated 12 factors, except
11 for SNV+SM. In the VNIR region with PLS
regression model, R2 using validation dataset with 
FFC and SNV preprocessings was 0.72, the highest
performance. RMSD was 2.12 for FFC preprocessing
and 2.13 for SNV, respectively. In the PLS model, when
R2 and SEV using validation dataset was compared
with R2 and SEC using calibration dataset, the former
was consistently smaller than the latter. But PLS

performance inquiry with RMSD values according to
the different preprocessing method revealed inconclusive
between the two datasets. This consistency in the PLS
results was also found in the SMLR results. Namely,
model performance of both SMLR and PLS looks very
similar despite of their different analysis method. This
result encourages us to believe that both SMLR and
PLS models are not exclusive each other, and meet the
purpose of this study to select common, significant
wavelengths.

Table 4 is the results of PLS using SWIR data. 
The number of factors determined by PRESS value
when PLS regression model was run with different
preprocessing method was 11-15. Despite of this result
of a slight increase from the result with VNIR data, 
the validation performance of PLS regression model
with SWIR region was not suitable due to lower R2

and higher SEV and RMSD than that with VNIR
region. Lower R2 may be explained by over-fitting of
the PLS prediction model.
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Table 3.  Results of partial least square (PLS) regression analysis using VNIR data with different preprocessing techniques

Preprocessing Number of
factors

R2

SEC SEV
RMSD

Calib. Valid. Calib. Valid.
FFC 12 0.74 0.72 2.16 2.12 2.13 2.12
SM 12 0.72 0.71 2.22 2.16 2.18 2.17
MSC 12 0.74 0.71 2.17 2.13 2.13 2.14
MSC + SM 12 0.72 0.70 2.22 2.18 2.19 2.19
SNV 12 0.75 0.72 2.13 2.13 2.10 2.13
SNV + SM 11 0.71 0.69 2.28 2.21 2.21 2.25
FD 12 0.73 0.70 2.21 2.18 2.18 2.18

Table 4.  Results of partial least square (PLS) regression analysis using SWIR data with different preprocessing techniques

Preprocessing Number of
factors

R2

SEC SEV
RMSD

Calib. Valid. Calib. Valid.
FFC 13 0.50 0.33 2.99 3.29 2.94 3.28
SM 15 0.40 0.36 3.27 3.21 3.21 3.19
MSC 13 0.50 0.35 3.00 3.24 2.95 3.23
MSC + SM 15 0.47 0.33 3.10 3.28 3.04 3.28
SNV 11 0.43 0.32 3.17 3.29 3.13 3.30
SNV + SM 15 0.46 0.39 3.11 3.17 3.05 3.19
FD 15 0.45 0.31 3.15 3.34 3.09 3.33
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Vegetable grafting is to improve plant production, to
reduce disease susceptibility, and to increase plant
vigor. Commercial production and demand for grafted
vegetable plants continues to increase. However, there
was no report on estimating the chlorophyll content of
grafted seedlings. Hyperspectral imaging with different
preprocessing methods is a useful tool to estimate the
chlorophyll content of other crops as well as vegetable
seedlings. Significant wavelengths and the calibration
models obtained in this study can be applied for
developing new index to predict the chlorophyll content
of grafted seedlings in nursery.

In order to improve the accuracy of the prediction
model in the future, it is preferable to determine the
chlorophyll content of the cucumber seedlings by the
extraction method instead of using the portable
chlorophyll meter. In addition, increasing the number
of samples used in model development and verification
will also improve the accuracy of the model.

4. Conclusion

This study was conducted to select significant
wavelengths required for estimating chlorophyll
content of leaf, with different combination of
preprocessing methods and statistical analyses after
hyperspectral images were obtained from grafted
cucumber seedlings. A correlation coefficient spectrum
(CCS), a stepwise multiple linear regression (SMLR),
and partial least squares (PLS) regression were used 
to determine significant wavelengths. A model for
estimating chlorophyll content, developed using those
selected wavelengths, was tested using validation
dataset. Some wavelengths at 501, 505, 510, 543, 548,
619, 718, 723, 727 nm were selected as significant
common wavelengths as required to estimate the
chlorophyll content. In the VNIR region, SMLR
analysis model with SNV+SM or SNV preprocessing
needed less number (5 and 7 wavelengths) of selected

wavelengths, comparing with other preprocessings 
(9-11 wavelengths), to achieve competitive SMLR
model performance, or, became relatively simple. The
results from the calibration models built by SMLR and
PLS showed fair relationship between measured and
predicted chlorophyll concentration. With the best
calibration model built on wavelengths selected by
SMLR with SM preprocessing for VNIR data, R2 for
the validation dataset was 0.72, and RMSD was 2.14.
The calibration model built by PLS on the full spectral
region had an R2 of 0.72 for the validation dataset with
FFC and SNV preprocessings. RMSD was 2.12 for
FFC preprocessing and 2.13 for SNV, respectively.
When PLS analysis was applied in the VINIR, the
number of influential factors based on PRESS value
was 12 for all except SNV+SM preprocessing method.
In the SWIR, when PLS analysis was applied, more
influential factors based on PRESS value were selected
than in the VNIR. But lower R2, and higher SEV, and
RMSD indicate that analysis with the wavelengths 
in the SWIR region turns out to be inadequate for
developing a model for estimating the chlorophyll
content of the cucumber leaf. Therefore, the hyper -
spectral imaging technique in the VNIR region, not
SWIR, is suggested effective for estimating the
chlorophyll content of grafted cucumber leaves, non-
destructively.
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