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Abstract

Different varieties of wheat as one of the strategic crops are cultivated in Iran based on the specific geographical
and climatic conditions of each area. Classification of wheat varieties is important in order to guarantee the final
products acquired from wheat flour. Fourier Transform-Mid Infrared (FT-MIR) spectroscopy as a hondestructive
approach combined with chemometrics was employed to classify four varieties of Iranian wheat. 160 samples were
analyzed and various preprocessing algorithms were used to correct unwanted information. Then, Principal
Component Analysis (PCA) as unsupervised and Support Vector Machine (SVM) as supervised models with Max-
Relevance Min-Redundancy (MRMR) feature selection algorithm were applied to investigate the classification of
these varieties. The best result of SVM model without feature selection was with S-G+D2+MSC preprocessing
with 99.4% of accuracy. The output of 100% with SVM model and MRMR feature selection algorithm confirmed
the capability of FT-MIR spectroscopy method for classification of Iranian wheat flour varieties.
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Introduction

Wheat stands out as the most commonly
used cereal due to its high carbohydrate content,
providing enough calories to satisfy both
human and animal needs on a daily basis.
Several factors contribute to the differences in
bread wheat flour, such as the type of wheat
variety, the growing conditions, and the
environmental conditions. These factors vary
between regions and from year to year,
impacting the quality of flour. Therefore, if
various types of wheat are intentionally
combined, variations and inconsistencies can
lead to variations in the quality of the resulting
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wheat flour and it is important to assess these
factors before and during the trading process to
ensure the quality of the wheat flour.
Unfortunately, mixing varieties from different
wheat classes can occasionally occur during
storage, which cause potentially lower quality
and is the primary concern for both buyers and
sellers due to the fact that the product may not
meet the specifications and expectations when
delivered. Therefore, it is important to evaluate
the uniformity and consistency of the wheat
varieties before they are utilized in food
processing facilities. Achieving the correct
wheat quality will minimize the low crop output
and boost production, that is the primary
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objective for profitable wheat production. In
Iran, the authentication of various wheat flour
varieties, such as Baran, Homa, Sardari,
Hashtrood, and Sadra, is a significant concern
due to their popularity and productivity. The
yield of such varieties ranging from 1200-1600
kg per hectare in the northwest region of the
country (Khojastehnazhand & Roostaei, 2022).

Currently, various traditional techniques,
including chemical and mechanical methods,
were utilized for classification. However, these
approaches had several drawbacks, such as
being destructive, expensive, and time-
consuming. As a result, there is a need for
alternative methods that are non-destructive,
cost-effective, and efficient. Vibrational
spectroscopies such as Fourier Transform-
Infrared (FT-IR) spectroscopy are commonly
chosen for authenticating flour varieties due to
their non-destructive nature, affordability, and
user-friendly application. The FTIR method is
a reliable tool for identifying biochemical
fingerprints, allowing for the detection of trace
compounds in intricate food compositions with
subtle differences between closely related
samples. Additionally, this technique provides
precise measurement capabilities and efficient
screening processes (Deniz et al., 2018; Ellis,
Muhamadali, Haughey, Elliott, & Goodacre,
2015). In FTIR spectra, the positions of bands
are associated with structural information,
whereas the areas of the bands indicate the
concentration of specific molecules. This
information can be valuable for examining food
samples based on their contents of proteins,
carbohydrates, lipids, and nucleic acids (Deniz
etal., 2018).

After data acquisition, it is essential to
establish a link between the targeted sample
characteristics and the IR absorption or
transmittance measurements. Chemometrics is
the keystone that utilizes spectral data alongside
pattern recognition methods in order to
efficiently tackle authentication challenges in
products. The combination of FT-IR and
chemometrics has been applied in numerous
studies. For example, Wadood et al. (2019)
utilized NIR spectroscopy combined with
chemometric methods to classify wheat based

on its production year, geographical origin, and
genotypes. The results of LDA model indicated
classification accuracies of 69% for production
year, between 72.2% and 100% for
geographical origin, and 69% for genotypes
(Wadood, Guo, Zhang, & Wei, 2019).

In another study, De Girolma et al. used FT-
NIR and FT-MIR techniques to evaluate
identification of durum wheat pasta adulterated
with common wheat. The results of LDA and
PLS-DA models to classify samples had
acceptable classification accuracy ranged from
80% to 95% for three groups, and from 91% to
97% for two groups (De Girolamo et al., 2020).

In another research, FT-IR spectroscopy
combined with chemometrics were applied to
detect the adulteration of blankit in wheat flour.
By evaluating various preprocessing techniques
with different models, the SVM model
achieved the highest classification accuracy,
attaining 100% for two classes (pure and
adulterated) and 79.62% for five classes (pure
and adulterated at various adulteration levels).
This demonstrates the effectiveness of FT-MIR
spectroscopy combined with chemometric
methods for identifying fraud in wheat
(Kazemi, Mahmoudi, & Khojastehnazhand,
2023).

The aim of this research is to classify four
major varieties of Iranian wheat flour through
Fourier Transform-Mid Infrared (FT-MIR)
spectroscopy combined with chemometric
analysis. In this study, the Max-Relevance Min-
Redundancy (MRMR) algorithm was used to
assess the performance of feature selection with
SVM model to develop a robust classification
method for Iranian wheat flour varieties. This
methodology can enhance quality control,
prevent mislabeling, and address food fraud,
thus supporting the Iranian wheat industry in
meeting stringent quality standards and
reinforcing consumer confidence.

Materials and Methods

After preparing the sample classes and
getting spectral data from each sample, various
data preprocessing methods were applied to
remove unwanted effects on acquired spectral
data. Then firstly, PCA analysis was performed
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for clustering and SVM model without
application of feature selection method was
created. MRMR feature selection algorithms
were then applied to compare the outcomes.
The flowchart of steps for classification of
Iranian wheat flour is shown in Fig. 1.
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Fig. 1. The flowchart of wheat flour classification
using FT-MIR spectroscopy approach

Data acquisition

After getting wheat seed varieties including
(Baran, Hashtrood, Homa, Sadra) from dryland
agricultural research institute in Maragheh,
Iran, some initial processes including removing
impurities from samples, milling the seeds with
benchtop mill, and passing from sieve (420um)
were done to acquire pure flour samples of
wheat. Then 40 samples of each variety were
transferred to the laboratory in microtubes. All
flour samples were then scanned by an FT-MIR
spectrometer (Perkin Elmer, USA) equipped
with an Attenuated Total Reflectance (ATR).
Approximately 50mg of each sample was
loaded on the ATR crystal and pressed until the
signal intensity could be measured. The
acquired spectra were in transmission mode and
in the range of 400-4000 cm™* with a resolution
of 0.5 cm™.

Preprocessing of Spectral Data

Data were preprocessed before being
explored or classified. Dealing with
uninformative spectra due to light scattering or
system noise is a key aspect of spectral data
analysis (Lopez-Maestresalas et al., 2019).
There are 2 primary categories of preprocessing
methods in  NIR spectroscopy: spectral
normalization and  spectral  derivatives.
Multiplicative Scattering Correction (MSC)
and Standard Normal Variate (SNV) are the
most common used algorithms used to correct

the scatter effects from spectral data. Savitzky-
Golay derivative is one of the most common
algorithms which is used to smooth the spectra
and eliminate the useless changes in signals
(Holden, Wolfe, Ogejo, & Cummins, 2021;
Sacré et al, 2014). In this study, the
combination of S-G smoothing (window size of
15 points), first and second derivatives, and
MSC algorithms were applied. All of
preprocessing methods were applied by
Unscrambler X10.4 (Camo software, Oslo,
Norway).

MRMR Feature Selection

Using all the different characteristics of a
spectrum to create the model can lead to
overfitting, which can make it harder for the
model to apply to new data. Furthermore, in
datasets with many variables, some of the
features may be duplicate or provide redundant
information. This indicates that some
characteristics are closely related to other
characteristics, leading to  redundant
information being supplied. This significantly
increases the complexity of training the model
and can lead to overfitting problems. To
enhance the model's effectiveness, it is crucial
to decrease the dimensionality of the data.
Feature selection is one of the techniques that
involves selecting a specific subset of unique
and independent features to improve the
modeling process by removing irrelevant
elements from the original set. Maximum-
Relevance Minimum-Redundancy (MRMR) is
an algorithm that selects features by minimizing
the correlation among variables to reduce
redundancy in information. The main goal of
MRMR is to find the most fitting group of
attributes through maximizing correlation with
target values and minimizing redundancy
among variables (Ma, Chen, & Liu, 2024).

The MRMR feature selection method takes
into account both the relationship between the
input variable features and the target variable,
as well as the redundancy between features, in
order to select the most optimal subset of
representative features. Before applying the
learning algorithm, this method employs a
filtering algorithm, like the MRMR algorithm,
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to choose a subset of features (Ma et al., 2024).
By minimizing overlap between the new feature
and the chosen subset, this method enhances the
relationship between the new feature and the
target variable (Ramirez-Gallego et al., 2017).
The ultimate target is to screen and determine
the most appropriate feature subset.

Mutual information (M) is a core concept in
information  theory, that measures the
dependency level between two random
variables. After picking a specific subset S of
features, we can measure the correlation
between these features and the target value y
using Ml as:

SY) = = Exe s (xi39)
In the same way, within the unique subset S,

the redundancy concept is defined as R by
employing MI.

R(S) = 1 Ty, s (i, %))

The i feature variable within the feature
subset S is represented by the variable x;.

In selecting wavelengths for NIR spectral
characteristics, the chosen wavelengths must
adhere to two fundamental principles
simultaneously. The goal is to increase the
mutual information between the chosen feature
subset S and the target value y, making sure that
each feature in S has a meaningful impact on
the target. Additionally, the aim is to decrease
redundancy among the features in subset S in
order to decrease correlation between model
variables and improve the model's efficiency
and performance. In order to simultaneously
follow the constraints noted, it is possible to
enhance the difference in importance between
MI and redundancy R (Ma et al., 2024).

Modelling

The output data obtained from different
preprocessing methods were applied to build
classification models firstly without application
of feature selection and then with application of
feature selection algorithm. The applied
classification models were unsupervised (PCA)
and supervised (SVM). Among the
unsupervised clustering methods available,
including PCA, hierarchical cluster analysis
(HCA), and K-means, PCA is often preferred

for detecting potential data patterns through
examination of variable similarities and
differences (Granato, Santos, Escher, Ferreira,
& Maggio, 2018). In the present investigation,
PCA model was utilized on the FTIR-S-G-D2-
MSC spectra to enhance data visualization
within a transformed space. By utilizing PCA,
the fundamental data is summarized into a score
plot and loading plot derived from the original
dataset. The score plot is considered as a useful
tool for identifying patterns in highly correlated
data, allowing us to observe how samples from
similar groups tend to cluster together.
Furthermore, the loading plot can uncover
valuable insights about the original dataset by
identifying which wavenumbers show the
highest data variance and contribute most
significantly to group clustering and separation.
Therefore, by implementing a PCA model to
reduce the original number of variables, the
decision-making  process for  selecting
classification algorithms in machine learning
tests is streamlined and made more intuitive.

Support vector machine as one of the best
techniques for classification, unlike clustering
algorithms, is considered in the category of
supervised learning and has two phases of
training and testing. The result of this model is
a representation of data in a multi-dimensional
space where the data is divided in classes and
the ranges between the data are determined by
a hyperplane. The SVM utilizes a method
known as kernel trick, including Linear,
Polynomial, Radial Basis function, and
Sigmoid for data conversion. In simpler terms,
SVM uses intricate calculations to figure out
how to differentiate the data according to
specified labels or results (Khojastehnazhand &
Roostaei, 2022). In the present research, all of
modelling algorithms were applied by
MATLAB R2017b (The MathWorks, MA,
Natick, USA).

Results and Discussion

PCA
The acquired spectra of flour samples is shown in Fig. 2.
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Fig. 2.The raw acquired spectra for flour varieties

PCA model was applied on the spectral data
to observe any possible similarities and
differences among four samples. PCA
categorizes vast datasets with common
identifying features in to clusters using an
unsupervised approach. In PCA interpretation,
it is typical for each separate cluster to contain
samples with the highest spectral similarities
that  mirror  composition similarities
(Keshavarzi, Barzegari Banadkoki, Faizi,
Zolghadri, & Shirazi, 2020). Fig.3.a, illustrates
the score plot of flour samples. PC1, PC2, and
PC3 account for 53%, 21%, and 7% of the
overall variances, respectively. The explained-
variance plot Fig. 3.b, gives an indication of
how much of the variation in the data is
described by the different components.
According to Fig. 3.b, the optimal value of the
factor for the model is 7, and factors number
first and second had more ability to describe
independence variables, among which the first
factor had the largest contribution in describing
the data. From the fourth factor onwards, the
increase in the number of main components was
ineffective and may decrease the validity of the
model. The classification of flour classes was
acceptable according to the obtained score plot.
Various classes were identified separately and
clustered together. However, some samples
from Homa and Baran varieties showed overlap
most likely due to the similarities of their
composition. In addition, the loading plot of
NIR data were obtained to determine optimal
wavelengths. Fig. 3.c, shows the obtained
loading plot for the first three PCs. The
regression coefficients of each wavelength at
each PC in PCA loadings provide insight in to
which wavelengths have the greatest impact on

the discrimination (Barbin, Badaro, Honorato,
Ida, & Shimokomaki, 2020). When there is a
larger absolute loading value for a certain
wavelength region, the connection to PC
becomes stronger. The peaks at 3350, 950, and
530 cm™ related to the fats, unsaturated bonds
C=C connected to the oxygen atoms (Cotovanu
& Mironeasa, 2022).
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Fig. 3. a) The score plot of PCA model b) The
explained-variance plot of PCA model c¢) The loading
plot of PCA model

SVM Model

SVM, an algorithm rooted in statistical
learning theory, is recognized for its ability to
classify ~ samples  with its  nonlinear
computational approach. SVM model with 70%
of data for training and 30% for test was
employed for the obtained data with various
preprocessing methods. The application of
SVM model on the spectral data for flour
variety classification yielded promising results,
particularly after the preprocessed data with S-
G + D2 + MSC method. The combination of
pretreatment algorithms played a significant
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role in enhancing the discriminative capabilities
of SVM model, S-G filtering helps in reducing
noise and smoothing the spectral data, thereby
improving the signal-to-noise ratio. The
application of the second or first derivative
enhances the spectral features by highlighting
variations in the spectral curve, making subtle
differences between flour varieties more
pronounced. Additionally, MSC preprocessing
addresses multiplicative effects such as
baseline shifts and scaling differences, thereby
normalizing the spectral data and mitigating
variability related to instrumental differences or
sample presentation. As it is observable from
Table.1, the result of MSC preprocessing was
weaker than D1 or D2. The choice of
preprocessing method can affect the
performance of the model trained on the
preprocessed data. If the model is better suited
to the features generated by derivative
preprocessing, it might perform better
compared to when trained on features generated
by MSC preprocessing. Furthermore, certain
preprocessing techniques may be better suited
to handling specific types of data. In the
spectral data of present research, the
multiplicative effect was weaker than noises
and the peaks of data had to be clearer by
derivative algorithms. According to Table.1,
the application of SVM model on the spectral
data for classification of flour varieties had
yielded acceptable results, particularly with the
application of various kernel functions. In this
study, we explored the performance of SVM
model applying linear, quadratic, and cubic
kernels. The outcomes indicated that the linear
kernel outperformed other kernels, achieving
the accuracy of 99.4%. Linear kernels establish
decision boundaries that are linear hyperplanes
in the feature space. The reason for better
performance of linear kernel might be the less
complexity of dataset. Furthermore, quadratic
and cubic kernels introduce higher degrees of
non-linearity in to the decision boundary, which
can lead to overfitting, particularly when
dealing with high-dimensional data and the risk
of overfitting is less with a linear kernel, as it
imposes a simpler, more constrained decision
boundary among classes. In another study,

Mohamed et al. used combined handheld
spectrometer and SVM model to classify three
different types of flour (whole wheat, organic
wheat, and rice flour). The outcome of 100%
for accuracy was acquired with the proper
preprocessing algorithm (Mohamed, Solihin,
Astuti, Ang, & Zailah, 2019). Therefore, the
result of present study was similar to the result
of that study, however, the classification in our
study was between 4 flour varieties and a little
more difficult than 3 classes. In another
research, Sampaio et al. applied near-infrared
(NIR) spectroscopy associated to SVM model
created after MSC preprocessing showed the
result of 91% accuracy for prediction dataset
which was weaker than the outcomes of present
study (Sampaio, Castanho, Almeida, Oliveira,
& Brites, 2020). In order to decrease and select
important features in the dataset, MRMR
feature selection algorithm was also applied to
illustrate the effects of each feature on the
classification results. Removing of irrelevant
features can lead to improved classification
results. Furthermore, with utilizing just a
fraction of the available features will greatly
enhance the systems speed (Karimi, Kondrood,
& Alizadeh, 2017; Khojastehnazhand &
Roostaei, 2022). The acquired plot of MRMR
feature selection algorithm is shown in fig.4,
the threshold of important feature was selected
250 cm™ by trial and error.

FCSMRMR
0.25

=)
=3 X =3
& o )

Predictor importance score

=)
=1
&

0
0 500 1000 1500 2000 2500 3000 3500

Predictor rank

Fig. 4. The plot of MRMR feature selection
algorithm

Table 1, shows the result of SVM model
without application of feature selection and
with feature selection algorithm selecting 250
important features. As shown in the table, SVM
model was improved in S-G and S-G+MSC
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preprocessing methods. The accuracy of S-
G+D2+MSC was improved from 99.4% to
100% and was selected as the best model.
However, the feature selection algorithm did
not have especial effect of S-G+D1, S-G+D2
models. In a similar research Khojastehnezhand
and Roostaei applied this algorithm to the
dataset of wheat seeds classification by
computer vision technique. The SVM model
had not improved in any of the number of
features used (Khojastehnazhand & Roostael,
2022). For further studies it is suggested to
explore the effects of other feature selection
algorithms on the machine learning algorithms
like SVM.

Conclusion

The classification of wheat flour was
explored with the combination of Ft-MIR
spectroscopy and chemometrics techniques.
PCA model as unsupervised method was used
to reduce dimensionality of data and explore
similarities of samples of classes. SVM
algorithm as supervised model was applied to
investigate classification. The best outcome
was with dataset with S-G+D2+MSC
preprocessing with 99.4% of accuracy. Then
with the application of MRMR feature selection
method the accuracy improved to 100%.
Therefore, the applicability of FT-MIR
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