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Abstract: Ensure the quality and authenticity of the products has been a concern of several country. The goal of
this work was to attempt characterization and classification of moroccan pomegranates according to their
botanical origin based on the leaf analysis by Attenuated Total Reflectance-Fourier Transform Mid Infrared
Spectroscopy (ATR-FTMIR) and find the markers of their authenticity. This study was focused on the
pomegranate samples of five varieties and picked in same farm. The classification models were developed by
principal component analysis (PCA) and support vector machines (SVMs). On the basis of a PCA, five distinct
clusters were recognized. The SVMs procedure was then elaborated. The model resulted able to separate the
five classes and classify new samples into the appropriate defined classes with a percentage prediction of
98.11%. This Result show the capability of MIR and the important role of chemometric tools in developing
accurate models to identify rapidly pomegranates variety.

Keywords: Authenticity, chemometric tools, leaf, mid infrared spectroscopy, pomegranates.

I.  Introduction

Food authenticity is a problem with increasing importance for food processors, retailers, regulatory
authorities and consumers [1]. In fact, the authenticity of food has become a worldwide problem, making it
more necessary to detect the introduction of certain deceitfully labelled and low quality products, either for
economical reasons or for public health matters [2], [3].

Food authenticity is a term which simply refers to whether the food purchased by the consumer
matches its description. False description can occur in many forms, from the undeclared addition of water or
other cheaper materials, or the wrong declaration of the amount of a particular ingredient in the product, to
making false statements about the source of ingredients i.e., their geographic, plant, or animal origin [4]. A
discussion on the concept of authenticity can be found in Ref. [5].

Generally, determination of authenticity is very important for the protection of wealth and health of
consumers. Also, the authenticity of food and the methodology for testing are well-known topics in food science
since many years [6].

In order to protect consumer interests and to combat the problems of food fraud and adulteration, Many
of scientific expertise and technologies are constantly being developed to test the authenticity of foods [7].
Adulteration can occur for a variety or geographical origin of food, according to ecomomic reasons, often
linked to financial gain.

Additionally, in recent years, much research has been done on the different techniques to achieve a
robust identification and characterization method, such as molecular markers [8], [9] and genetic profile [10],
but these methods are not fast and cannot measure on site. In addition, they are also expensive and time-
consuming.

On the other hand, The spectroscopic techniques to study the origin and differentiation of food
products have been developed considerably in recent years. In particular,Fourier transform infrared
spectroscopy (FTIR) has been successfully adopted to qualitative studies. For qualitative analysis, the mid-IR
(MIR) spectroscopy has more applications, because the ’fingerprints’ of functional groups can be displayed
narrowly and intensely in the MIR region (4000-400 cm™). Fourier transform infrared (FTIR) spectroscopy with
attenuated total reflectance (ATR) or transmission cell accessories has been used to characterize, identify or
classify fats and oils [11], [12], [13], [14], [15].

FTIR data have been often treated with multivariate analytical techniques to develop methods of
classification and characterization, through the building of relative models. This approach has demonstrated to
be very useful in many applications, due to the ability in achieving the spectral resolution of the FTIR signals
[16], [17], [18], [19], [20].
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In this case, the goal of this study was to evaluate and evince the potential of ATR-FTIR combined
with chemometrics to characterize and testing the authenticity of Moroccan pomegranate by using the ATR—
FTIR data carried out from direct analysis of the pomegranate leaves. In fact, the application of FTIR
spectroscopy which combined with chemometric methods is a relatively new approach in food characterization
studies [21]. It is a non-destructive technique that offers a fast and effective method of food analysis [22];
simple and easy to apply in research, quality control laboratories and industrial settings.

To our knowledge, this is the first study on the characterization and classification of Moroccan
pomegranate for five varieties by ATR-FTIR spectra of leaves.

Il. Materials And Methods
2.1. sampling and procedures

The study area is confined to region of Beni mellal- Khnifra in central Morocco, expanded on a
surface of nearly 33 208 Kmz. Investigation was focused on the pomegranate leaves samples of five varieties :
Nagro Monstruoso (NM), Grenade Rouge (GR), Sefri (S), Wenderful (W) and Ounk Hmam (OH) ; picked up
from trees belonging to the same farm in Beni Mellal area.

A series of 150 pomegranate leaves were sampled during the harvested season 2015. In fact, we created
two different collections of samples. The first includes 80 leaves were manually harvested from the farm belong
to Beni-Mellal area. The second consists of 70 leaves were randomly collected from same farm after 20 days of
first collection.

In total 150 samples chosen from the harvested leaves based on their size and the absence of surface
defects. Similar size leaves were chosen to minimize the effect of size on spectral measurements.

A series of 53 samples (from second collection) was used as an external validation set (prediction set).
This last series was used to establish the robustness of the SVMs model. whilst the remaining 97 samples were
selected to build up the calibration models.

The leave samples were kept in cold storage (7°C) during the nights between the days of
measurements. Spectroscopic measurements were taken from the laeves after they had been brought into
equilibrium with the room temperature of 25°C.

2.2. Instrumentation and analysis

ATR-FTIR spectra were obtained using a Vector 22 Bruker FTIR Spectrophotometer equipped with an
attenuated total reflectance accessory (ATR single reflexion, Diamond, incident angle 45°, Pike Miracle, Pike
Technologies, Madison, USA) with DTGS detector, Globar (MIR) Source and KBr Germanium separator, with
a resolution of 4 cm™ at 60 scans. Spectra were scanned in the absorbance mode from 4000 to 600cm * and the
data were handled with OPUS logiciel. Leaf of pomegranate samples were directly deposited between two well-
polished KBr plates, without preparation on an Attenuated Total Reflectance cell provided with a diamond
crystal. For ATR-FTIR measurements, it was necessary to keep a controlled pressure, to ensure good contact
between the sample and the diamond surface. Analyses were carried out at room temperature (25°C). The
background was collected before every sample was measured. Between spectra, the ATR plate was cleaned in
situ by scrubbing with ethanol solution, enabling to dry the ATR.

2.3. Statistical treatment of data
2.3.1. Principal Component Analysis (PCA)

Principal component analysis (PCA) is a non-supervised statistical tool commonly used for
classification of data [23]. It is a method of data reduction [24], constructs new uncorrelated variables called
principal components (PCs) that are linear combination of the original measurement variables [25], [26], [27].
Then, PCs can define most of variation in data [28]. In classification case, PCs are oriented according to the
largest variance, not according to the largest class separation ability [29]. So, PCA is a linear projection method,
based on variance, reduces the dimensionality of the original data matrix retaining the maximum amount of
variability [30], [31]. Results of PCA are visualised by scores and loading plots. The scores vectors describe the
relationship between the samples and allow checking if they are similar or dissimilar, typical or outlier, while
the loadings vectors describe the importance of each variable [32], [33]. PCA was used in this work to perform
pomegranates characterization according to their botanical origin.

2.3.2. Support Vector Machines (SVMs)

Support Vector Machines (SVMs) is a supervised classification technique [34], [35]. SVMs are kernel
based learning algorithms introduced by Vapnik [36], [37]. It uses linear or non-linear kernel-functions to
project the data into a high-dimensional feature space. Correlation is then performed in this hyperspace based on
the structural risk minimization principle; i.e., aiming to increase the generalization ability of a model [38], [39].
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SVMs as multivariate analyse of classification show effective results in various applications [40], [41], [42],
[43].

2.3.3. Data pre-processing procedures and Software

PCA and SVMs were carried out on the spectral data. ATR-FTIR spectra were standardized by using
mean centre pre-treatment to remove or minimise any unwanted baseline contribution. To apply classification
methods, a series of pre-treatment elaborations were tested on the data matrice. The Savitzky—Golay [44] and
Norris gap [45] algorithms were tested for data derivatization. Standard normal variate (SNV) and multiple
scatter correction (MSC) [46] were also tested.
The pre-processing procedures and all classification methods were performed by using the Unscrambler X
software version 10.2 from Computer Aided Modelling (CAMO, Trondheim, Norway).

I11. Results And Discussion
3.1. Data acquisition

ATR-FTIR spectra of 150 leaf samples were recorded and divided in two sets: a calibration set of 97
samples and an external validation set of 53 samples. A mean spectrum was calculated for each class of
calibration set. The resultant mean spectra of five classes are shown in Fig. 1.

Fig.1 shows the mean FTIR spectra of the studied pomegranate leaves. The differences among them
were clearly small and occurred only in limited regions of the spectra. The obtained spectra are dominated by
significant bands of water are clearly visible in the leaf spectra at 3400 and 1640 cm™. The two bands at 2920
cm™ and 2848 cm™ are characteristic of lipids composition. The typical infrared pattern of sugar is observed in
the region 1200 - 900 cm™, while the range 2400 - 2300 cm™ is due to CO, [46], [47], [48], [49].

The use of single peaks or narrow wavelength ranges to obtain information useful to distinguish the
pomegranates according to their botanical origins seemed very hard. These data were so conveniently handled
by multivariate statistical techniques. With the aim to obtain more information from the ATR-FTIR spectral
data, the spectra were firstly subjected to mathematical elaboration. In particular, derivative transformations
were applied [50]. The best improvement in data variance was reached when the derivative function through the
Gap algorithm was used. The derivative parameters were optimised and so fixed: 2nd order, gap size 17 with
centered data. After this pre-treatment, the data were conveniently handled by appropriate multivariate statistical
tools.
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Fig. 1. The mean spectra calculated for each class: Nagro Monstruoso (NM), Grenade Rouge (GR), Sefri (S),
Wenderful (W) and Ounk Hmam (OH)

3.2. PCA modeling
The PCA model was built with the NIPALS algorithm, by considering all frequency intervals 4000—
600 cm *, as X variables, and the model was validated by full Cross validation. With full Cross validation, the
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same samples are used both for model estimation and testing: leaves out only one sample at a time [51]. Results
of PCA are visualised by scores and loading plots.

According the score plot (Fig.2) the separation among the five classes is clearly shown when the plot is
in 3D. The explained variance (%) obtained from the full cross-validation of the PCA model and three PCs were
selected for a complete description of the variance in the spectral data set: 93% and are able to cluster the
samples in the five classes.

Scores

Scores

Fig. 2. 3D- Score plot by PCA analysis on the calibration set : Nagro Monstruoso (NM), Grenade Rouge (GR),
Sefri (S), Wenderful (W) and Ounk Hmam (OH)

In Fig.3, it is 1-D correlation loading plot. The 1-D correlation loading plots are especially useful when
interpreting important wavelengths in the analysis of spectroscopic. In the 1-D correlation loadings plot there
are red dashed lines for the bounds of the 50 and 100% explained variance for the given latent variable. Values
that lie within the upper and lower bounds of the plot are modelled by that latent variable. Those that lie
between the two inner bounds are not.

ATR-FTIR spectra of leaf samples were examined by loadings plot (Fig.3) of PCA, to determine the
bandwidths, which can be considered as the finger-prints of discrimination between studied samples : Typical
fingerprint regions of carbohydrates (1200900 cm™), proteins (1680-1540 cm™), lipids (3000-1700 cm™) and
water (3400 cm™ and 1641 cm™).
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Fig. 3. 1-D correlation loadings of the first three principal components (PC1, PC2 and PC3)

From the loadings plot corresponding to the first three components, it is possible to determine peaks
responsible of this distinction. The results from Fig.3. indicated that the spectral regions (2960.197-2761.564
cm?) and (1756.833-1091.512 cm™) associated with lipids and sugar composition were the best ones for leaf
samples discrimination by PCA.

3.3. Classification model : SVMs modeling

The SVMs model was built by considering, as X variables, all spectra ; and the classification model
was validated by Cross validation with segment = 97. We constructed SVMs model with a radial SVM-kernel
classification, different kernels have been tested on these data, and the results showed that the best choice is the
linear kernel, to determine the hyperplane that give best separates the classes. The optimal parameter for
“gamma’is selected as the value that give the maximum correct classification rate, “gamma”= 0.0005668934.
Consequently, 94 of calibration samples are retained as support vectors, where 15 samples of Nagro Monstruoso
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(NM) variety, 19 of Grenade Rouge (GR) samples, 22 of Sefri (S) samples, 19 of Wenderful (W) samples and
19 samples of Ounk Hmam (OH) variety.
The obtained SVMs model was able to separate and discriminate all samples of the calibration set with

a correct classification of 100%. This result can be seen in the score plot of Fig. 4.
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Fig.4. 2D score plot of classification results by SVMs on calibration : (a) with 2 wavelenths 2854.131 /
1091.512 cm-1; (b) with 2 wavelenths 1091.512 /1756.833 cm-1

This result is confirmed by confusion matrix (Table.1). The confusion matrix is a matrix used for
visualization for classification results from supervised method, SVMs. It carries information about the predicted
and actual classifications of samples, with each row showing the instances in a predicted class, and each column
representing the instances in an actual class. Table.1 shows that all samples are well classified.

Tablel. Confusion matrix of calibration set, carried out by SVMs

Confusion matrix NM GR S W OH
Predicted 1 2 3 4 5
NM 16 0 0 0 0
GR 0 20 0 0 0

S 0 0 22 0 0
W 0 0 0 20 0
OH 0 0 0 0 19

3.4. Classification of new samples by SVMs model

Classification model of SVMs is trained with calibration samples from five classes and is used to
classify future samples (prediction set) into one of these classes. The SVMs model was applied to a group of
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unknown samples from different pomegranate leaves of the five varieties (53 external pomegranate leaf
samples), the results are listed in Table 2.

Table2. Classification of pomegranate leaf samples of the prediction set by using SVMs model

Samples Predicted Reference class
NM1 NM NM
NM2 NM NM
NM3 NM NM
NM4 S NM
NM5 NM NM
NM6 NM NM
NM7 NM NM
NM8 NM NM
GR1 GR GR
GR2 GR GR
GR3 GR GR
GR4 GR GR
GR5 GR GR
GR6 GR GR
GR7 GR GR
GR8 GR GR
GR9 GR GR
GR10 GR GR
GR11 GR GR
GR12 GR GR
Sl S S
S2 S S
S3 S S
S4 S S
S5 S S
S6 S S
S7 S S
S8 S S
S9 S S
S10 S S
S11 S S
S12 S S
w1 W W
W2 w W
W3 W W
W4 w W
W5 W W
W6 W w
W7 w W
W8 W w
W9 W W
OH1 OH OH
OH2 OH OH
OH3 OH OH
OH4 OH OH
OH5 OH OH
OH6 OH OH
OH7 OH OH
OH8 OH OH
OH9 OH OH
OH10 OH OH
OH11 OH OH
OH12 OH OH

Table.2 shows the classification results with the comparison between the predicted results of each class
and the theoretical reference classes. The rate of correct classification was 98.11% within the test set. In
particular 52 samples were safely assigned in the five classes, while one samples (NM4) resulted classified in
another class.

IV. Conclusions
In this work, we arrived to separate pomegranate leaf samples of five varieties by differences in their
ATR-FTIR spectra. MIR spectroscopy combined with chemometric tools PCA and SVMs are successfully
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applied to the characterization and classification of pomegranates according to their botanical origin (percentage
of correct classification is 98.11%).

These results indicate that ATR-FTIR with chemometrics can be a useful tool for rapid control of

pomegranate authenticity. Its application was rapid and simple because no chemical treatment of samples was
required. Also, it can be used in agricultural-food industry for the reliable, cheap and fast quality control of raw

material.
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