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Abstract : Objective of this study was to investigate effects of pre-processing method and number of sampling leaves
on stability of the reflectance measurement for Chinese cabbage and kale leaves. Chinese cabbage and kale were transplanted
and cultivated in a plant factory. Leaf samples of the kale and cabbage were collected at 4 weeks after transplanting
of the seedlings. Spectra data were collected with an UV/VIS/NIR spectrometer in the wavelength region from 190 to
1130 nm. All leaves (mature and young leaves) were measured on 9 and 12 points in the blade part in the upper area
for kale and cabbage leaves, respectively. To reduce the spectral noise, the raw spectral data were preprocessed by different
methods: i) moving average, ii) Savitzky-Golay filter, iii) local regression using weighted linear least squares and a 1%
degree polynomial model (lowess), iv) local regression using weighted linear least squares and a 2" degree polynomial
model (loess), v) a robust version of ‘lowess’, vi) a robust version of ‘loess’, with 7, 11, 15 smoothing points. Effects
of number of sampling leaves were investigated by reflectance difference (RD) and cross-correlation (CC) methods. Results
indicated that the contribution of the spectral data collected at 4 sampling leaves were good for both of the crops for
reflectance measurement that does not change stability of measurement much. Furthermore, moving average method with

11 smoothing points was believed to provide reliable pre-processed data for further analysis.
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I. Introduction

Chinese cabbage (Brassica rapa, subspecies pekinensis
and chinensis) is a Chinese vegetable in the brassica
family, having a loose head of dark green leaves with
thick white stems, It is sometimes called bok choy,
Peking cabbage, or snow cabbage, The various names
probably stem from the fact that there are numerous
varieties of plants in this species (Wu et al., 2008),
Chinese cabbage is rich in Vitamin C, fiber, and
folate, The color of the leaves suggest that it is rich
in beta—carotene and calcium, especially in comparison
to other types of cabbages that are less green, It is
a vegetable that is generally low in fat but high in

potassium (Lee et al,, 2002)., Chinese kale (Brassica
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oleracea var, alboglabra Bailey), also called Kailaan
or Chinese Broccoli, has glossy, blue—green leaves
with crisp and thick stems, This vegetable adapts well
to cold and hot climates and is grown all year round
in Korea (Noichinda et al,, 2007), Chinese kale vegetable
plants, which are sweeter tasting than broccoli, are
high in Vitamins A and C, and rich in calcium, There
are two Chinese kale varieties, one with white flowers
and one with yellow flowers, The white flower variety
is popular and grows up to 19 inches high, The yellow
flower plant only grows to about 8 inches tall, Both
varieties are heat resistant and will grow through the
winter in most areas (La et al., 2009).

The visible and near—infrared (400—2500 nm) have
been identified as a popular region that are probably
sense localized factors relating to the soil and crop,

Results from spectral reflectance measurements have
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been widely used in agricultural research to evaluate
such factor as: soil properties (Chang et al,, 2000;
Shepherd and Walsh, 2001; Lee et al,, 2010; Chung et
al,, 2011; Ge et al,, 2011); nitrogen detection (Strachan
et al,, 2002; Rodriguez et al., 2006); weed detection
(Feyaerts and Gool, 2001; Bossu et al,, 2005); carotenoids
and chlorophylls detection (Fridgen and Varco, 2004;
Gitelson et al,, 2003; Gitelson et al,, 2002); water
content or water stress (Sims and Gamon, 2003; Zarco—
Tejada et al,, 2003); plant tress (Smith et al., 2004),
However, despite these research activities, spectral
reflectance techniques have still not widely covered for
commercial applications, A variety of nutrients and
phytochemicals such as glucosinolate, anthocyanin,
carotenoid that may work synergistically to help prevent
cancer or nutritional supplement need to be detected and
widely used,

There is no substitute for optimal data collection,
but, after proper data collection, pre—processing of
spectral data is the most important step before
chemometric bi—linear modeling (Rinnan et al,, 2009),
The most widely used pre—processing techniques can
be divided into two groups: those which directly use
available reference values for the pre—processing
operation, and those that do not, The first group of
scatter—corrective pre—processing methods includes
Multiplicative Scatter Correction (MSC), Inverse MSC,
Extended MSC (EMSC), Extended Inverse MSC, de—
trending, Standard Normal Variate (SNV) and nor—
malization, The spectral derivation group includes the
following techniques: finite difference, Savitzky—Golay,
and Norris—Williams, The methods use a smoothing
of the spectra prior to calculating the derivative in
order to decrease the detrimental effect on the
signal—to—noise ratio that conventional finite difference
derivatives would have (Sun, 2009).

Spectral measurements need to be accurate and
precise representations of the target material but
there are a variety of factors that affect the quality

of spectral measurements, Careful consideration must
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be given to the methods adopted to undertake spectral
measurement, and to the variety of factors including
the optical propagation and those environmental and
experimental issues that can affect the quality of
resultant spectral data (Pfitzner et al., 2006), There
is little information on the accuracy of practical use
of VIS/NIR spectroscopy. To obtain high accurate
measurement and save time for data collection,
determination of sampling leaves is one of the
important issues, Weir and Rochester (2011) reported
that leaf samples between 30—50 leaves should supply
sufficient fresh material for analysis, 50 leaf samples
are enough for a sample, Collect 10 leaves per plant
from shoots randomly selected from all sides of the
plant and combine them into one sample was suggested
by Phosyn Analytical (2008). For almonds and apricots
analyses, 100 leaves are needed, In fruits and nuts
species such as apples, peaches, pears, nectarines
and pecans, 60 to 80 leaves were needed for the
analysis as suggested by Viveros (2000), Table 1
summarized number of sampling leaves of some
example crops (Reuter and Robinson, 1997):
However, despite these research activities, effects
of sampling leaves have still not considered specifically,
Consequently, the aim of this study was to investigate
effects of pre—processing method and number of
sampling leaves on stability of the reflectance meas—

urement for Chinese cabbage and kale leaves,

II. Materials and Methods

1. Plant material and leaf sampling

The experimental site was located in Precision
Agriculture Lab, Chungnam National University, Republic
of Korea, Two commonly consumed cruciferous vegetables
in Korea including Chinese cabbage (Brassica rapa,
subspecies pekinensis and chinensis) and kale (Brassica
oleracea var, alboglabra Bailey) were selected in our

experiements, Chinese cabbage and kale were grown
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Table 1. Summary of no. of sampling leaves of example crops.

No. of Leaves

Crop Plant Part
Avocado 4-5 months old
Banana fully emerged leaf
Citrus flush
Coffee

Custard Apple

Mango Latest mature leaves just prior to flowering
Macadamia . .

non-fruiting terminals
Olives Fully expanded basal to mid-shoot leaves
Peach and
Nectarine
Pecan

Youngest mature leaf, from non-fruiting shoots only

Mature leaves from mid-portion of shoot, current season’s terminal growth

Leaves-recently expanded, mature and healthy. Non-fruiting terminals approx. 20 leaves

Strips 20 cm wide from each side of midrib from the center section of the third 6 plants, 2 leaves per plant

Healthy, mature leaves from middle of non-fruiting terminals of previous spring 50 leaves

3rd or 4rd pair of leaves from tip of actively growing and bearing branches 10 trees, 4 leaves per tree

20 leaves

30 leaves

6-7 month old mature leaves from 2" whorl or current season’s growth, from 40 leaves

10 trees, 4 leaves per tree

80 leaves

Pairs of leaflets from midway along youngest fully expanded leaf on fruiting 50 leaves

wood. Select leaflets from branches up to 2 m above the ground

Table 2. Environmental conditions of Chinese cabbage and kale.

Item Growth condition
Light source, LED color ratio R :B: W =11:4:3
PPFD, pmol-m’s” 160
Humidity, % 65+5
pH 6.0 £ 0.5
EC, uS/cm 1,200 = 90
Day/night circle, hour 16/8
CO;, ppm 1000 + 100

Temperature, °C 20 + 1

in a plant factory with the same growth conditions
of light source, humidity, pH, and electrical conductivity
(EC). Growth conditions of the crops were summarized
in Table 2, A total of 10 sample crops were collected
at 4 weeks after transplanting for optical reflectance

measurement (5 crops for each species).

2. Spectral reflectance of leaf upper

surface

By using an UV/VIS/NIR spectrometer (USB2000,
Ocean Optics, FL, USA), spectral reflectance of all
sample leaves were collected at wavelength bands
from 190 to 1,130 nm in a dark condition, Spectral

measurement was implemented by a light source
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Fig. 1. Location of reflectance measurement for Chinese cabbage
and kale leaves.

constructed with DeuteriumTungsten Halogen (200~
1,000 nm) and two CCD detectors, The wavelength
regions of two detectors were 190~890 nm (UV/VIS)
and 470~1,130 nm (NIR), respectively, Spectra data
were collected using the software provided by the
manufacturer, Measurements were obtained over the
inter—veinal blade part in the upper area of leaf, as
suggested by our previous study (Ngo et al,, 2013),
For each leaf measurement, 12 and 9 reflectance spectra
were determined for cabbage and kale, respectively,

and expressed as a mean (Fig, 1),
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3. Analytical procedures

The spectra in the range of 250~1100 nm were used
to analyze because the spectra out of that range were
too noisy, Before analytical procedures were applied,
reflectance data were necessary to remove high—noise
measurement bands and improve accuracy of comparison,
To reduce the spectral noise, the raw spectral data
were preprocessed by different methods: i) moving
average, ii) Savitzky—Golay filter, iii) local regression
using weighted linear least squares and a 1°* degree
polynomial model (lowess), iv) local regression using
weighted linear least squares and a o degree
polynomial model (loess), v) a robust version of lowess’
(rlowess), vi) a robust version of loess (rloess), with
7, 11, 15 smoothing points, To describe the effects of
number of sampling points and pre—processing methods,
standard deviations of reflectance difference and
cross—correlation methods were applied,

Reflectance difference spectroscopy (RDS), also known
as reflectance anisotropic spectroscopy, measures
changes in reflectivity as a function of the light
polarization and is sensitive to optical anisotropy
(Shioda and Weide, 1998). A reflectance difference
(RD) between two reflectance spectral (r; and r9) is
defined as (Yasuda et al., 2003):

It is very effective in detecting slight differences
and changes between two spectra, The calculation of

difference spectra is useful to analyze perturbation—

Raw spectral reflectance

100 . w

Reflectance (%)
S

400 600 800
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dependent NIR spectra such as temperature—dependent,
pH—dependent, or concentration—dependent spectra,
To calculate reliable difference spectra one must
measure spectra with very high wavelength accuracy,

Correlation determines the degree of similarity
between two spectra, If the spectra are identical, the
correlation coefficients is 1; if they are totally
different, the correlation coefficient is O, and if they
are identical except that the phase is shifted by
exactly 180°, then the correlation coefficients is —1,
When two spectra are compared the procedure is
known as cross—correlation, and when the same
spectrum is compared to phase shifted copies of itself,
the procedure is known as autocorrelation, Cross—
correlation is the method which basically underlies
implementations of the Fourier transformation: signals
of varying frequency and phase are correlated with
the input signal, and the degree of correlation in
terms of frequency and phase represents the frequency
and phase spectrum of the input signal (Yoo and Han,
2009). All of data analysis including pre—processing
of the raw reflectance data, reflectance difference,
cross—correlation and standard deviation were

carried out using Matlab (ver, 7,10, The MathWorks,
USA) software package.

III. Results and Discussion

Figure 2 shows the effect moving average method

Moving average 7-smoothing points
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a
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o
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1000

Fig. 2. The effect the moving average method with 7 smoothing points on example cabbage leaf spectra.
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Fig. 3. Standard deviation of reflectance difference; and mean
correlation between spectra of raw data and those of pre-
processed data of an example kale plant.

have on an example spectra, Results of pre—processed
spectra were less noisy than that of the raw data,
However, it is difficult to fully evaluate the relative
distance between the spectra by simple inspection of
Figure 2, Therefore, we totally evaluate effects of
pre—processing methods through results of reflectance
difference and cross—correlation analyses,

Reflectance difference between the spectra of raw
data and those of pre—processed data can be calculated
by subtracting the spectra of raw data from those of
pre—processed data, To evaluate similarity between
the spectra of raw data and those of pre—processed
data, correlation between two spectra was examined,
Standard deviation of reflectance difference and
correlation between the spectra of raw data and those
of pre—processed data from a sample kale plant were
described as shown in Figure 3,

As it can be observed from Figure 3, standard
deviation of reflectance difference decreased whereas
mean correlation between the spectra of raw data and

those of pre—processed data increased as the number
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Fig. 4. Standard deviation of cross-correlation from one
example cabbage and kale plants.

of smoothing points increased, The increase and
decrease of standard deviation from rlowess and
rloess methods were not as obvious as the other
methods, The difference between the spectra of raw
data and that of rlowess, rloess data were higher than
those of the other methods even though their cor—
relations to the spectra of raw data were also higher
than those of the others, Results of moving average
method on reflectance difference and correlation
procedure seem to be the best with low standard
deviation of reflectance difference and high correlation
to the spectra of raw data, Difference between the
spectra of raw data and those of moving average data
with 11 smoothing points was less than those with 7
and 15 smoothing points, Furthermore, its mean
correlation was also quite similar between 11 and 15
smoothing points,

Cross—correlation method was applied to investigate
effects of number of sampling leaves on stability of
spectral measurement, By using Matlab, number of
sampling leaves was selected randomly, Cross—
correlation method was implemented between the
spectra of raw data and those of each number of
sampling leaves, Standard deviation of cross—correlation
was then calculated and shown as Figure 4,

Correlation between averaged spectrum and individual

reflectance spectrum increased as the number of
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sampling leaves increased, Results of cross—correlation
showed high values while reflectance measurements
were carried out on 4 sampling leaves of cabbage and

2 sampling leaves of kale,

IV. Conclusions

Results of pre—processed data were less noisy than
that of the raw data, Correlation between averaged
spectrum and individual reflectance spectrum was
high while reflectance spectra were applied by rlowess
and rloess pre—processing methods, Their variability,
however, was also high whereas preprocessed data
using moving average showed low variability and high
correlation, Moving average smoothing method could
provide reflectance spectra of reliable representation
as well as the other methods, To determine the optimal
number of sampling leaves, standard deviation of RD
and CC decreased as the number of leaves increased,
Cross correlation showed high value while reflectance
measurements were carried out on 4 sampling leaves

of cabbage and 2 sampling leaves of kale,
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