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ABSTRACT

The aim of this study was to develop and validate qualitative and quantitative models
to discriminate different types of maize and also estimate biochemical constituents.
Spectral data were taken from the central leaf of randomly-chosen plants grown in field
trials in 2011 and 2012. Leaf chlorophyll and protein content and stalk protein content
were determined in the same plants. Four different Support Vector Machine (SVM)
models were generated and validated in this study. In qualitative models, maize type was
designated as dependent variable while Full Spectral (FS) data (400-1,000 nm) and
Spectral Indices (SI) data (34 indices/bands) were independent variables. In the two
quantitative models (SVMR-FS and SVMR-SI), independent variables were the same,
whereas dependent variables were assigned as the quantitatively measured traits. Results
showed the qualitative models to be a robust method of classification for distinguishing
different maize types, such as High Oil Maize (HOM), High Protein Maize (HPM) and
standard (NORMAL) maize genotypes. The SVMC-FS model was superior to SVMC-SI
in terms of the genotypic classification of maize plants. Quantitative models with full
spectral data gave more robust prediction than the others. The best prediction result
(RMSEC= 222.4 pg g, R? for Cal= 0.739, SEP= 213.3 pg g'; RPD= 2.04 and r= 0.877)
was obtained from the SVMR-FS model developed for chlorophyll content. Indirect
estimation models, based on relationships between leaf-based spectral measurements and
leaf and stalk protein content, were less satisfactory.

Keywords: Genotypic classification, Support Vector Machine, Zea mays.

INTRODUCTION

Hyperspectral techniques are a novel
method widely used in different areas
nowadays. Remote sensing and ground-
based spectral techniques are utilized in
various fields such as agriculture, geology,
and mining. The application of hyperspectral
techniques in agriculture particularly has
been made possible by research into yield
prediction (Weber et al., 2012; Demirel et
al., 2014), detection of plant stress (Genc et

al., 2011), measurement of pigment content
(Sims and Gamon, 2002), analysis of
biochemical components (Ozyigit and
Bilgen, 2013; Kaufman et al., 2010).
Previous studies aimed to associate
spectral data and the biochemical
components of plant leaves by developing
hyperspectral models obtained from canopy
level measurements. One well-known
example is the PROSPECT radiative transfer
model, aimed at determining protein and
chlorophyll content in plant leaves (Botha et
al., 2005). Another study showed that it was
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possible to determine pigment content in
wheat leaves using spectral indices
generated by spectral measurements (Jin et
al., 2012). Spectral prediction models were
also developed to determine the chlorophyll
content in maize (Haboudane et al., 2002).
In recent years, there has been considerable
effort to develop innovative models or
instruments utilizing hyperspectral
techniques, such as HyperART, which
enables the user to determine disease
symptoms and pigment content in leaves
(Bergstridsser et al, 2015). Most studies
using these methods have so far focused on
determining pigment content and nutrient
deficiency in plants, as summarized above.
Comparative studies involving the new
approaches could also make a significant
contribution to the literature and open up
new areas of application. In the case of using
this innovative method to characterize and
distinguish genetic materials in maize
breeding experiments, it would become a
powerful tool for relatively easy use by
researchers.

The genetic resources of maize vary
highly in their morphological and
physiological features. Specialty maize
genotypes (e.g. high oil, high protein) differ
not only in their kernel structure but also
leaf characteristics (leaf thickness, pigment
content, etc.) (Kahriman, 2013).
Discriminant models, which have the
potential to discern between normal and
specialty maize genotypes, could be
developed based on these differences.
Indeed, previous studies have shown that it
is possible to discriminate different species
with different leaf characteristics using
hyperspectral measurements (Slaton et al.,
2001). In recent years, research has been
carried out to distinguish between weeds in
agricultural crops based on hyperspectral
measurements at canopy level (Martin et al.,
2011; De Castro et al., 2012; Herrman et al.,
2013). Additionally, a recent paper
illustrated how it was possible to monitor
crop status at canopy level based on
hyperspectral measurements (Rundquist et
al., 2014). However, although there have

1706

been approaches aimed at discerning
different species, to our knowledge there has
been no/limited research aimed at discerning
genotypes within the same species.

The discriminatory power of hyperspectral
techniques is further increased by analyzing
data using modern statistical methods, such
as Support Vector Machine (SVM), which is
one of the best methods for non-linear
classification and solving regression
problems. SVM is applicable to small
number of samples, it is not affected by
outliers and is a user friendly method
compared to other multivariate data
analyses. Also, it has high generalization
ability because it uses the maximum margin
of hyperplane for discrimination and has
several non-linear discriminant functions
(Abu-Kalaf, 2015). The different functions
in SVM are linear, polynomial, and radial
basis functions. Among these, radial basis
function is the most commonly used thanks
to its attractive features in preserving the
structure of the data analyzed (Liu et al,
2012). SVM was used for accurate disease
identification (Abu-Kalaf and Salman,
2014). Previous studies have shown that
using full spectral data may give better
results for discrimination of samples and/or
quantification of constituents rather than
using data for spectral indices. However, in
the main, previous studies addressed the
relationship between spectral indices and the
investigated traits. There is a need for more
extensive research using both methods in
order to reveal which method is more
effective in its discrimination/quantification
potential.

From this standpoint, the aim of this study
was to generate and compare spectral
models based on data from full spectral
measurements and spectral indices. We
hypothesized that there was potential to
discriminate special maize genotypes from
normal maize genotypes based on
differences in their leaf structure.
Additionally, we wanted to show the
possibility of indirect estimation of protein
content in other plant parts based on leaf-
based spectral measurement.
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MATERIALS AND METHODS

Plant Material and Experimental
Design

We used a set consisting of 8 genotypes,
Including normal (B73 and Mo17), High Oil
(IHO, IHOxB73, IHOxMol7) and High
Protein (IHP, IHPxB73, IHPxMo17) maize
genotypes. IHO and IHP were obtained from
North Central Regional Plant Introduction
Station, Ames, USA. Experimental hybrids
were generated by crossing B73 and Mol7
with high oil and high protein parents in
2010. Field experiments were conducted at
the Dardanos Agricultural Research Station
of Canakkale Onsekiz Mart University in
2011-2012. The sowing dates were May 18
and May 13 in 2011 and 2012, respectively.
Randomized complete block design with
three replicates was used as the experimental
design. Genotypes were planted in two-row
plots, 70x20 cm apart. Fertilization was
made with 180 kg ha” pure nitrogen. Drip
irrigation was used for the water
management. Plots were given 422.6 mm
and 420.2 mm of irrigation water in the first
and second year of the experiment,
respectively. Monthly data showed that
mean temperature values were higher in
both years than the long term average. The
second year was hotter, especially in the
growing period (May to September),
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compared to the first year of the experiment.
However, precipitation data indicates that
the second year received more rainfall than
the first (Table 1).

Spectral Measurements

Hyperspectral data were collected with an
ASD Field Spectroradiometer (Analytical
Spectral Devices Inc, Boulder, CO, USA)
from the central leaf of each sampled plant.
The measured leaves were tagged with a
permanent marker pencil for further use. In
each of the two experimental years, spectral
measurements were made within 325-1075
nm intervals on five sampling dates
designated as Days After Sowing (DAS):
DAS40, DAS60, DAS82, DASI100,
DAS122. We measured 720 randomly-
selected plants (360 plants per year) in this
study. Five scans were taken from each of
the examined plants using a lens with 1°
field-of-view. These scans were
simultaneously recorded onto a laptop
computer serially connected to the
spectroradiometer. All measurements were
made on cloudless days between the hours
of 10:00-14:00. Sunlight was used as the
light source and photosynthetically active
radiation (PAR) and temperature values
were recorded (Figure 1) on a microclimate
station (Onset Computer Corporation, USA)
at 2-minute intervals. The spectroradiometer

Table 1. Monthly temperature and precipitation in Canakkale Province.”

Mean temperature (°C)

Total precipitation (mm)

Month 2011 2012 Long Term 2011 2012 Long Term
January 7.01 4.79 6.3 354 72.4 93.3
February 6.44 4.76 6.7 16.7 74.8 71.5
March 8.48 9.16 8.3 529 25.4 68.4
April 11.45 15.04 12.6 58.8 59.8 46.5
May 18.18 19.57 17.5 14 89.4 322
June 24.05 26.38 22.3 44.6 6.0 21.8
July 27.78 30.09 25.1 0.2 0.0 11.9
August 26.95 28.66 24.9 1.6 45.5 6.5
September 25.00 23.97 20.8 24 3.8 23.6
October 15.41 20.51 16.0 121 95.5 56.2
November 9.40 14.94 11.8 4.6 42.7 86.7
December 9.54 8.37 8.5 157.3 222.7 109.8

“ Source: Turkish Meteorological Office. Long term data is mean from 1950 to 2014.
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Figure 1. Temperature and Photosynthetically Active Radiation (PAR) values within 10:00-14:00

time interval on measurement days.

was calibrated with a plate of barium
sulphate prior to five plant measurements.
After completion of the field experiment, the
spectral data were converted to text files
using the device's own software. Then, five
scans of each sample were averaged to find
the mean spectral reflectance of each
sample. Collected data were used to
calculate several spectral indices (30
indices) utilized in the current study (Table
2). Twenty-two of these indices were related
to leaf chlorophyll content and nine were
water indices, which were commonly used
in previous studies (Jordan, 1969; Tucker,
1979; Penuelas et al., 1994; Carter et al.,
1996; Gamon and Surfus, 1999; Penuelas et
al., 1995; Daughtry et al., 2000; Barton
2001; Strachan et al., 2002; Sims and
Gamon, 2002; Gitelson, 2004; Gitelson et
al., 2005; Babar et al., 2006; Gitelson et al.,
2006; Guang and Liu, 2009; Kaufman et al.,
2010; Bergstrisser et al., 2015). We used the
water indices to further discriminate the
experimental material. Also, we used two
band values (940 and 970 nm) and their
ratios (970/940, 940/970), related to pigment
concentration, for spectral model
development.

Determination of Biochemical
Constituents

Ten leaf discs were taken from the tagged
leaves used in spectral measurements using
a cork borer. These ten samples were bagged
in striped bags and saved in dry ice. Next, in
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the chlorophyll analysis, the chlorophyll a,
chlorophyll b, and chlorophyll a+b content
of the samples was determined according to
the Dimethyl Sulphoxide (DMSO) method
(Hiscox and Israelstam, 1979). The
measured plants were harvested at soil level,
and then separated by plant parts (stalk,
leaves, and ears). The separated parts of the
samples were dried at 70°C. The dried
samples were ground in a laboratory mill
(Fritsch, pulverisette 14, Germany) with a
0.5 mm-size sieve. Protein content in the
leaf and stalk samples was determined using
a Near Infrared  Spectrophotometer
(Spectrastar 2400D, Unity Scientific, USA).
For this purpose, scans were taken at 1,200-
2,400 nm intervals using the appropriate
sample cup (stationary or rotated) of the
instrument according to sample quantity.
These scans were subjected to an INGOT
(International NIR  Global  Operating
Technologies) calibration model, namely,
Grass Silage and Forage, to estimate the
protein content of the samples.

Development of Calibration Models

The calibration models were developed
using Unscrambler 10X software (CAMO
Software, Oslo, Norway). Averaged scans
(raw spectra) were converted to reflectance
values (1/R) before model development. To
reduce the effect of noise at the beginning
(375-400 nm) and end (1,000-1,075 nm) of
the spectral range, only measurements
between 400-1,000 nm were used for the
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Table 2. Spectral indices used in this study.

Spectral Indices Equations

R
WBI =—2; NPCI =

(Reso B R430) .

Ry (Reso-Ruz0)
RI:M'NDVI =M'RGI: R690

Water  Band  Index  (WBI); (R, +R.) ’ 05T e LR R
Normalized Pigment Chlorophyll Index BT 70 30
(NPCI)“; Photochemical Reflectance : ypy7 = Ryoo —Reso ;IR — RED = R,y — Ry
Index (PRI)*; Red Edge Normalized w00 T Reso
Difference Vegetation Index (NDVI;s); R R (Roys —Ro,.)
Red/Green Index (RGI)“ Normalized PSSR=-—2 3SR, = 750 ; SIPI ., = 77800 “R445/ .
Difference Vegetation Index (NDVI)*; Ry Rs (Rygoo + Ryys)
Infrared-Red Difference Index (IR- (Rgpo — Ross) . Ry, .
RED); Pigment Specific Simple Ratio GNDVI = W s REPht = ’
(PSSR)“; Simple Ratio (705) “; Structure (Rygo + Riss) Ryo0
Iéltensitive PigmenF Index (S?Plpen)“; WDRVI = 0.1x(Ryyy — Regy)  GCT = Ry 1

reen Normalized Difference 0.1x(Ryy, + Rego) R,
Vegetation Index (GNDVI)‘; REPht;
Wide Dynamic Range Vegetation Index  Rutcart = Res : PSRI = Riso = Rs iREM = Ry _ 1;
(WDRVI)  Green Chlorophyll Indices 60 R, Ry
(GCI)%; Ratcart ratio”; Plant Senescence R R
Reflectance Index (PSRI)‘; Red Edge GM =015 VoG =14
Model (REM); Green Model (GM)“; Rsso 720
Vogelman (VOG)®; Zarco and Miller M = Ri5, BV = 2.5(Rgy — Ry35) )
Index (ZM)“; Enhanced Vegetation - ’ - _ ’
Index (EVI)*; Floating-position water Rono (Rigo +62Rg7s =7:52Ru50 +1)
band index (fWBI); Normalized Water fWBI = Ry SNWI —1= (Ryzg = Royo) .

Indices (NWI-1); Normalized Water
Indices (NWI-2);

Simple Ratio Index (SR)*; Simple NWI —2=

Ratio Pigment Index (SRPI)"; Structure
Intensive Pigment Index (SIPT)*; R

Modified Chlorophyll Absorption in SRPI =—2%;SIPI =
(MCARI); Ryso

Reflectance Index
Transformed Chlorophyll Absorption in

R
Reflectance Index (TCARI)”; Modified MCARI = [(Rmo - R670)_ 0.2(R;¢ — Rsso)]x(RmJ

Triangle Vegetation Index (MTVI)“

R
TCARI = 3((Ryp0 = Rgz9) = 0.2(Ryy — RSSO)){ » J)

min(Ry;, — Ryg)

(Ryny + Rogg)
(R970 — Rsso) 'SR = Ry ;
(Ry70 + Rgso) Reso
(Rgp9 = Rys0)
(Rsoo - Reso)

670

670

MTVI =1.5x[1.2x(R,,, — Rysy) — 2.1x(Rezy — Risy )]

“ Chlorophyll sensitive index.

model development. Data were randomly
partitioned into two sets, namely, calibration
sets (n= 240 per year) and validation sets
(n= 120 per year). Pre-treatment of the
spectral data was carried out to improve the
prediction performance of the spectral
models. Standard Normal Variate (SNV)
transformation was used for light scatter
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correction (Dhanoa et al,, 1994), and first
derivative (Segment size= 5, Gap size= 2)
was applied to correct the baseline shift in
spectral data (Chu et al., 2004). These pre-
treatments were applied only to Full Spectral
(FS) data. To generate the Spectral Indices
(SI) data, we used untreated spectral scans
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from the calibration and validation sets
independently.

In the current study, we compared the two
main models and two sub-models, which
were generated by use of full spectral data
(400-1,000 nm) and spectral indices (34
indices/bands), Qualitative and quantitative
models were developed for the classification
of genotypes according to their groups
(NORMAL, HOM, HPM) and for
quantification of biochemical constituents
(leaf chlorophyll and protein content, stalk
protein content), respectively. The qualitative
models (n= 240 for each year) were generated
by Support Vector Machine Classification
(SVMC) while the quantitative models were
generated by Support Vector Machine
Regression (SVMR) methods. Radial Basis
Function (RBF) was used as kernel function
with  default parameter for model
development (CAMO Software, Oslo,
Norway). The dependent variable in the
qualitative models (SVMC-FS and SVMC-
SI) was designated as the maize type (HOM,
HPM, and NORMAL). The independent
variables were full spectral data for the
SVMC-FS model and spectral indices data
for the SVMC-SI model. Independent
variables were the same for the quantitative
models (SVMR-FS and SVMR-SI), but
dependent variables were assigned as the
quantitatively measured traits: chlorophyll a,
chlorophyll b, chlorophyll a+b, and leaf and
stalk protein content of the whole plant. We
construct two different models regarding the

abovementioned statistical methods. First
type of the models was direct models, for
which chlorophyll content was determined in
the same area of the measured leaf as spectral
measurements. Second type of the models
was indirect estimation models where leaf-
based (central leaf) spectral measurements
were associated with the protein content of
different parts of the whole plant such as
leaves and stalk. External validation was
undertaken to learn the estimation power of
the generated models using validation
datasets (n= 120) generated by independent
samples from calibration sets. True
classification rate was used in the evaluation
of qualitative calibration models. Quantitative
models were evaluated according to
parameters such as Root Mean Squares Error
of Calibration (RMSEC), Standard Error of
Estimation (SEE), determination coefficient
(R%), Standard Error of Prediction (SEP),
Relative Performance to Deviation (RPD),
and multiple correlation coefficient (r).

RESULTS AND DISCUSSION
Changes in Measured Traits

Descriptive  statistics of  dependent
variables in the quantitative models are
presented here for the calibration (n= 240 for
each year) and validation (n= 120 for each
year) sets (Table 3). The mean values for
quantitative traits were higher in 2012 than

Table 3. Descriptive statistics for measured traits in calibration and validation sets by year.

Calibration Validation

Year Mean Min Max STD* Mean Min Max STD
Chlorophyll a 2011  707.2 7.51 22053 429.9 690.1 5.24 1765.7 434.3

2012  982.9 1.21 3057.7 5282 929.6 8.96 25584 5549
Chlorophyll b 2011 1327 5.78 360.7 79.74 129.9 16.1 3329 769

2012  185.1 2.18 888.4 120.5 174.7 14.8 609.5 105.7
Chlorophyll a+b 2011 8504  23.2 2243.8 509.9 8304 232 2125.0 5152

2012  1182.8 3.40 39152 642.7 1118.2 30.7 3024.3 656.7
Leaf protein 2011 12.21 579 19.85 2.74 12.07 5.18 17.24  2.68

2012 1258 7.58 17.58 2.06 12.53 7.83 17.37 2.23
Stalk protein 2011  6.70 3.25 139 2.25 6.89 3.35 1243  2.23

2012  17.14 331 125 1.71 7.22 391 12.26 1.61
¢ Standard Deviation.
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2011. This shows that climatological
differences in the second year caused
significant changes in the observed traits.
The measured traits herein are quantitatively
inherited and they  interact  with
environmental factors. Previous studies
indicated that pigment concentration in
maize leaves decreases under stress
conditions (Homayoun et al, 2011). Our
monthly data indicated that the second year
of the experiment had higher temperature
values; however, they were not high enough
to cause temperature stress (Table 1). Thus,
we expected that the chlorophyll content
would be less in 2012. However, previous
studies showed that a moderate increase in
temperature might enhance photosynthesis
performance in plants, depending on
geographical region and species (Xu et al.,
2011). Additionally, high temperatures in
2012 might have promoted an increase in
leaf biochemical traits such as chlorophyll
and protein content.

Evaluation of Qualitative Models for
Plant Phenotyping

The True Classification Rates (TCR) of
the qualitative models, developed for
discrimination of different maize types
(HOM, HPM, NORMAL), are summarized
in Table 4. The SVMC-FS model had
greater success in classification of different
types of maize (TCR> 70-80%) than the
SVMC-SI model. TCR values of the SVMC-

JAST

FS model were similar in both years (2011=
83.1; 2012= 83.4), while the SVMC-SI
model had a lower TCR value (68.9%) in the
first than the second year (Table 4). It is
noticeable that the NORMAL genotypes had
lower true classification rate than the others in
the SVMC-FS model. External validation
results also showed that SVMC-FS had
better classification potential than the
SVMC-SI model. Overall, we can say that
this model may have the potential to
discriminate different maize types (Table 4).
The literature lacks data on the
discriminatory ~ potential of  spectral
techniques for different maize types.
Therefore, comparing our results with
previous studies is difficult. However, there
have been a few studies of cultivar
identification for different agricultural
products. Kong et al. (2013) found that
using full spectra was better for cultivar
identification in rice than  optimal
wavelength selection procedures. They
could distinguish four cultivars using SVM
model with 100% accuracy. Our results are
in agreement with this study indicating that
using full spectral data is appropriate for
discrimination studies. He et al. (2007) also
developed Artificial Neural Network (ANN)
models to discriminate 8 groups of tea
varieties. They classified the tea varieties
with 100% accuracy in their study.
However, we should note that the
abovementioned studies were conducted in
controlled environments and relied on seed
or processed samples, favoring the rate of

Table 4. True Classification Rates (TCR) in SVMC-FS and SVMC-SI models for distinguishing maize

types.
True classification rate
Calibration Validation
Year TYPE N SVMC-FS SVMC-SI N SVMC-FS SVMC-SI
2011 NOR 60 78.3 75.5 30 66.7 66.7
HOM 90 83.3 65.6 45 57.8 44 .4
HPM 90 87.8 65.6 45 53.3 44 .4
2012 NOR 60 76.7 70.0 30 63.3 63.3
HOM 90 86.7 76.7 45 48.9 44 .4
HPM 90 86.7 76.7 45 60.0 51.3
2011 240 83.1 68.9 120 59.3 51.8
2012 240 83.4 74.5 120 57.4 53.0
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success. To our best knowledge, our study is
the first for genotypic classification using
hyperspectral techniques in field conditions.
There may be numerous environmental
factors affecting the model performance in
field studies as in the current research. Thus,
classification powers of the models
developed here were lower than those
reported in literature.

Evaluation of Quantitative Models for
Monitoring Biochemical Constituents

The evaluation parameters of the models
revealed that the SVMR-FS model gives
more robust results than the SVMR-SI
model (Table 5). Both models gave more
accurate estimations in the first year of the
experiment (Table 5, Figure 2). External
validation also showed that the SVMR-SI
model made a more accurate prediction for
quantification of leaf chlorophyll content.
Concerning models for chlorophyll content,
the SVR-FS model for chlorophyll a content,
developed by using 2011 data, was the best
model, giving robust estimations (RMSEC=

2224 ug g, R? for Cal= 0.739, SEP=213.3
ug g'; RPD=2.04, r= 0.877). The SVMR-SI
model for total chlorophyll content followed
this model in terms of prediction
performance (Table 5, Figure 2). When
considering model evaluation parameters, R’
values of the models for total chlorophyll
content varied between 0.672 and 0.739, and
these values were higher (R* changes 0.14 to
0.66) than in some previous studies (Botha
et al., 2005) yet lower (R* varied between
0.868 to 0.964) than others (Jin et al., 2012).
Indirect estimation models had relatively
lower robustness than the models for
pigment concentration. However, it was
understood that the spectral measurements
taken from the central leaf of a maize plant
could give an idea of the protein content in
the whole leaf and stalk of the plant. Leaf
and stalk protein content were more
accurately predicted based on the first year
data, as seen In models related to
chlorophyll content. The SVMR-FS model
had an obvious advantage over the SVMR-
SI model in determination of both leaf and
stalk protein content (Figure 2). The best
prediction result (RMSEC= 1.666%, R*=

Table 5. Evaluation parameters in calibration and validation sets for quantitative estimation models.

Trait Model Year Calibration (n= 240) Validation (n= 120)
RMSEC R’ SEP RPD

Chlorophyll a SVMR-FS 2011 222.4 0.739 213.3 2.04
2012 292.0 0.685 266.4 1.96

Chlorophyll a SVMR-SI 2011 234.6 0.709 216.4 2.01
2012 286.4 0.688 262.6 1.99

Chlorophyll b SVMR-FS 2011 46.5 0.666 41.8 1.84
2012 64.5 0.565 54.3 1.69

Chlorophyll b SVMR-SI 2011 50.9 0.592 42.7 1.80
2012 63.3 0.572 54.2 1.70

Chlorophyll a+b SVMR-FS 2011 263.8 0.739 256.1 2.01
2012 355.0 0.672 320.6 1.93

Chlorophyll a+b SVMR-SI 2011 280.8 0.704 260.2 1.98
2012 347.8 0.688 315.8 1.96

Leaf protein SVMR-FS 2011 1.666 0.649 1.615 1.66
2012 1.456 0.504 1.690 1.32

Leaf protein SVMR-SI 2011 1.795 0.574 1.711 1.57
2012 1.423 0.518 1.656 1.35

Stalk protein SVMR-FS 2011 1.645 0.546 1.674 1.33
2012 1.449 0.318 1.411 1.13

Stalk protein SVMR-SI 2011 1.622 0.513 1.642 1.36
2012 1.417 0.325 1.388 1.17
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Figure 2. Observed and predicted values in calibration sets of SVMR-SI and SVMR-FS models for
chlorophyll a, chlorophyll b, and chlorophyll a+b, leaf protein content, and stem protein content,
respectively. Null circles indicate the 2011 while null squares indicate 2012 data.

0.649, SEP=1.615, r= 0.801) was obtained
from the SVMR-FS model developed using
first year data for prediction of leaf protein
content. This finding was confirmed by
external validation (Table 5). Although the
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results obtained demonstrate that the
SVMR-FS model was superior, neither this
nor the SVR-SI model showed sufficient
success regarding indirect estimation of leaf
and stalk protein content. Indeed, the RPD


https://dorl.net/dor/20.1001.1.16807073.2016.18.6.3.1
https://jast.modares.ac.ir/article-23-1492-en.html

[ Downloaded from jast.modares.ac.ir on 2025-04-07 ]

[ DOR: 20.1001.1.16807073.2016.18.6.3.1 ]

Kahriman et al.

values of models for leaf and stalk protein
content verified this finding. Diller (2002)
reported that when RPD value was below 2,
calibration model is not suitable for use. We
should say that both SVMR-FS and SVMR-
SI models need to be improved for
estimation power, because RPD values were
below 2 for all of them.

On the other hand, it should be considered
that the R° and RPD values of the SVMR-SI
model were notably lower compared to
SVMR-FS models. Although there have
been some studies aimed at determination of
leaf biochemical constituents in the literature
(Yi et al., 2008; Wang and Li, 2012), they
did not investigate the relationship of
spectral measurement to biochemical
constituents in other parts of the plant, such
as leaves and stalk. In this regard, the
current study may well be notable for
proposing a new approach to the use of
spectral ~ techniques. @~ More  detailed
investigation into the relationship of leaf-
based spectral measurement with other
biochemical constituents in different parts of
the maize plant, and testing the models
under different conditions, could provide a
better understanding of the potential of
spectral techniques in maize research.

The estimation power of quantitative
models was skewed by the effect of
climatological changes during the two
experimental years. Models based on second
year data appeared to be less reliable than
models for the first year. This was due to the
second year being hotter, and also having
irregular light conditions, as seen in Figure
1. We used sunlight as the light source in the
current study. Spectral reflectance is
significantly affected by climatological
conditions such as air temperature, air
moisture, dust, aerosols and cloudlessness
(Pfitzner et al, 2011). In our study, the
temperature and PAR values changed year to
year during measuring (Figure 1), which in
this case resulted in differences in the
estimation power of the generated models
based on yearly data. Our data showed,
interestingly, that air temperature was higher
in the second year while PAR was lower.
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Although it was expected that an increase in
air temperature would result in an increase
in PAR values, some studies have shown
that this relationship could in fact show
differences depending on climate (Chang
and Root, 1975). Indeed, Furuuchi et al
(2013) found that temperature increase over
time resulted in a global radiation decrease.
Our results were in line with this finding and
this phenomenon should be clarified. The
adverse effect of high temperature and
irregular light conditions on the power of
spectral models was observed in our study.
Some advice is given in the next section for
improving the prediction accuracy of
generated models.

CONCLUSIONS

Hyperspectral techniques can be used for
different purposes in maize research. The
qualitative models developed herein have
the potential to discriminate maize plants by
their genotypic specialties (HOM, HPM or
NORMAL). We found that Ieaf-based
spectral measurements can also be used for
quantitative determination of leaf pigment
and protein content. Our findings revealed
that climatological changes had an important
effect on the discrimination/estimation
power of both qualitative and quantitative
calibration models. This study was
conducted using a destructive sampling
procedure resulting in the taking of spectral
measurements from different plants. In
future research, it may be possible to
develop more robust models using non-
destructive sampling methods. Individual
plant selection and characterization could be
practiced with the support of spectral
techniques. New instruments which have a
wide scanning interval (750-2,500 nm) and
own-light source may provide sensitive
results for development of qualitative and
quantitative prediction models. Additionally,
remote sensing techniques can be used for
genotype characterization in maize breeding
studies with the use of canopy level
measurements.
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