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Abstract 

In this study, the feasibility of utilizing Fourier transform Raman 

spectroscopy, combined with supervised and unsupervised pattern 

recognition methods was considered, to distinguish the maturity stage of 

pomegranate “Ashraf variety” during four distinct maturity stages between 

88 and 143 days after full bloom. Principal component analysis (PCA) as an 

unsupervised pattern recognition method was performed to verify the 

possibility of clustering of the pomegranate samples into four groups. Two 

supervised pattern recognition techniques namely, partial least squares 

Discriminant Analysis (PLS-DA) and Soft Independent Modeling of Class 

Analogy (SIMCA) were also used as powerful supervised pattern recognition 

methods to classify the samples. The results showed that in all groups of 

samples, the Raman spectra of the samples were correctly clustered using 

PCA. The accuracy of the SIMCA classification for differentiation of four 

pomegranate groups was 82%. Also, the overall discriminant power of PLS-

DA classes was about 96%, and 95% for calibration and validation sample 

sets, respectively. Due to the misclassification among different classes of 

immature pomegranates, that was lower than the expected, it was not 

possible to discriminate all the immature samples in individual classes. 

However, when considering only the two main categories of "immature" and 

"mature", a reasonable separation between the classes were obtained using 

supervised pattern recognition methods of SIMCA and PLS-DA. The 

SIMCA based on PCA modeling could correctly categorize the samples in 

two classes of immature and mature with classification accuracy of 100%.  

 

 

Keywords: Non-destructive, Raman spectroscopy, Pomegranate fruits, 

Pattern recognition, Discriminant analysis.  

 

 

 

 

 

1. Introduction 

Pomegranate fruit (Punica granatum L.) is an economically important and 

one of the most widely consumed fruit crop in the world. It is well accepted 

to the consumers all over the world for its potential health benefits such as 

antioxidant, anti-hypertension, anti-mutagenic and anti-inflammatory 

activities and its special qualities such as delicious taste, excellent flavor, low 

calories, lovely size and attractive color (Fawole and Opara, 2013a,b; 

Khodabakhshian et al., 2016; Arendse et al., 2017). Also, pomegranate fruit 

contains considerable amounts of soluble solids, organic acids, vitamins, 

polysaccharides, mineral elements, fatty acids and vitamin C content 
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(Szychowski et al., 2015; Arendse et al., 2017). The edible fresh part of the 

pomegranate fruit, arils, is mainly consumed directly, but sometimes used 

after separation of seeds, for the preparation of fresh juice or canned 

beverages, as well as alcoholic beverages, jellies, jams and for flavoring and 

coloring agents (Szychowski et al., 2015; Khodabakhshian et al., 2016). 

These benefits of pomegranate fruit made it as one of the leading 

horticultural export products not only in Iran, but world widely, as reported 

by the Food and Agriculture Organization (FAO) statistics (FAO, 2017). 

As pomegranate is a non-climacteric fruit, maturity is an important factor 

associated with its quality evaluation. So, a minimum maturity state is 

required at harvest to increase the economical yield of pomegranate fruits 

(Kader, 1999). Many studies have demonstrated that several physico-textural 

attributes such as skin color, flesh firmness, size, shape and moisture or solid 

contents; chemical attributes such as sugar, starch or acid contents; 

estimation of development stage and morphological attributes are some 

suitable criteria for judging the maturity of fruits (Kader, 1999; Qin et al., 

2012; Khodabakhshian et al., 2017a; Barragán-Iglesias et al. 2018; Mim et 

al., 2018). Accordingly, the maturity state and quality of pomegranate fruit 

were determined on the basis of physiological parameters such as total 

soluble solids (TSS), pH, dry weight content (DW) and acidity that involve 

laborious laboratory techniques which are destructive in nature, time 

consuming and inapplicable for grading and sorting (Al-Said et al., 2009; 

Zarei et al., 2011; Fawole and Opara, 2013a,b; Khodabakhshian et al., 2017). 

Thus, to ensure the minimum acceptability of the quality of pomegranate 

fruit to consumers, developing efficient and nondestructive methods to 

determine its optimal harvesting time is a must.  

During the last decade, numerous optical methods have been performed for 

rapid, accurate, and nondestructive evaluation of quality, ripeness and 

maturity of fruits including electronic nose (Lebrun et al., 2008; Feng et al. 

2018); x-ray computed tomography (Donis-Gonzalez et al., 2014); ultrasonic 

wave propagation (Vasighi-Shojae et al., 2018); hyper-spectral imaging 

(khodabakhshian et al., 2017b; Li et al., 2018); nuclear magnetic resonance 

(Carvalho et al., 2019); near infrared spectroscopy (Zhang et al., 2019) and 

Raman spectroscopy and imaging (Qin et al., 2012). Similarly, many 

researches have been conducted worldwide to develop nondestructive 

methods to determine overall quality of pomegranate fruit. Machine vision, 

NMR (Nuclear Magnetic Resonance), dielectric spectroscopy, X-ray 

computed tomography, near infrared spectroscopy, multispectral imaging 

and luster sensor technology are some of the most recent nondestructive 

techniques used for quality evaluation of pomegranate fruit (Blasco et al., 

2009; Zhang and McCarthy, 2013; Castro-Giraldez et al., 2013; Magwaza 

and Opara, 2014; Khodabakhshian et al., 2017a; Khodabakhshian et al., 

2017c; Czieczor et., 2018; Arendse et al., 2018).  

As it is clear in the literature, although new and suitable analytical techniques 

have been investigated. Among them the Raman spectroscopy, which is an in 

situ and fast modern analytical technology that provides multiple analysis, 

chemical and structural molecular information with minimum requirements 

for sample preparation (Qin et al., 2012; Khodabakhshian, 2019). Among the 

main applications of Raman spectroscopy in food science are the 

identification of the origin and the characterization of vegetable oils, sugars 
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and some bioactive compounds such as carotenoids (Qin et al., 2012). In 

addition to these advantages, the method allows identifying species, content, 

and distribution of carotenoids in a biological system (Huo et al., 2011). 

Generally, Raman spectra could offer many slight changes that allow 

distinguishing a specific spatial conformation of certain phytochemicals. The 

possibility of in situ and direct analysis in a non-invasive way and with no 

pre-treatment requirements make this technique a fast and easy-to-handle 

alternative to characterize the main components of fruits and vegetables 

(Feltl et al., 2005, Qin et al., 2012). On the other hand, the pomegranate 

maturity process is associated with the accumulation of phytochemicals such 

as carotenoids, phenolics, flavonoid glycosides, flavones, flavonols, 

flavoxanthin in the fruit (Hmid et al., 2017). The concentration of these 

phytochemicals decreases with the advancing stage of fruit maturity. Also, 

The astringent taste of pomegranate fruit during the early stages of maturity 

is closely associated with the level of tannins content that decreases with the 

maturity of pomegranate fruit and almost disappears at the full matured stage 

(soft texture) (Saad et al., 2012). The review of literature indicates that few 

publications have addressed the use of Raman spectroscopy for agricultural 

produce and more specifically, no published results are available on the 

Raman spectroscopy of pomegranate fruit. 

Hence, this research aimed to investigate the capability of Raman 

spectroscopy, based on both supervised and unsupervised pattern recognition 

techniques for non-destructive detection of Ashraf variety of pomegranate 

fruits during its maturity development stages. The Principal component 

analysis (PCA) as an unsupervised pattern recognition method was used to 

verify the possibility of clustering of the pomegranate samples into four 

groups. Partial least squares Discriminant Analysis (PLS-DA) and Soft 

Independent Modeling of Class Analogy (SIMCA) were also used as 

powerful supervised pattern recognition methods to classify the samples. 

Subsequently, the studied pattern recognition methods were compared and 

the most useful classification method in detecting the pomegranates maturity 

stage was selected. In conclusion, this study was undertaken to acquire the 

Raman spectra of pomegranate fruits (Ashraf variety) at different maturity 

stages (four distinct maturity stages between 88 and 143 days after full 

bloom (DAFB)) to detect fruits‟ maturity by supervised and unsupervised 

pattern recognition techniques. 

 

2. Materials and methods 

2.1. Plant material  

A total of 150 pomegranate samples (Ashraf cultivar) were harvested and 

analyzed during four maturity stages based on the subjective evaluation of 

the skin texture of the fruit namely: immature stage with hard texture (S1); 

fairly half-ripe stage with fairly firm texture (S2); half-ripe stage with firm 

texture (S3), and full ripe stage with soft texture (S4) (Fig.1). The harvest of 

the maturity stages were made at 88, 109, 124 and 143 days after full bloom 

(DAFB), respectively (A sample of 35 fruits at each stage of DAFB). Fruit 

samples of free from external any defect and symptom of insect infestation 

were collected during 2014 in Shahidabad Village, Behshahr County, 

Mazandaran Province, Iran from five-year old trees at 5 × 7 m spacing. The 

trees are claimed to be organic pomegranate fruit, with no irrigation system 
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and adding any kind of chemicals e.g. fertilizer. Immediately after harvest 

the fruits were placed in boxes to protect from injuries. Before spectral 

acquisition, the required quantities of pomegranates fruits in each maturity 

stage were labeled, and allowed to reach thermal equilibrium with room 

temperature for approximately 2 h and then their morphological properties 

were measured and recorded (Mohsenin, 1986). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Fruit samples 

and arils of pomegranate (Ashraf cultivar) at different maturity stages: 

Immature stage, 88 DAFB; half-ripe stage, 109 DAFB; fairly half-ripe stage, 

124 DAFB; and full-ripe stage, 143 DAFB. 

 

2.2. Raman spectra acquisition 

The Raman spectra of pomegranates were collected using a Bruker RFS 

(FT)-Raman spectrometer fitted with a liquid nitrogen-cooled Ge detector
 

and Opus 5.5 acquisition software (Thermo Nicolet NEXUS 870 

spectrometer; Thermo Electron Corp, Madison, Wis., U.S.A). FT-Raman has 

three main advantages over the dispersive Raman systems: (1) reducing the 

laser-induced fluorescence that a number of samples exhibit; (2) easing the 

operation as with a Fourier transform infrared (FTIR) spectrometer; and (3) 

showing a high spectral resolution with a good wavelength accuracy (Yang 

and Ying, 2011). The radiation of excitation was the 1064 nm line from a 

Nd: YAG laser (coherent). The Raman scattered radiation was collected at 

180° geometry. All spectra were obtained with 100 mW laser power, at a 

resolution of 4 cm
-1

, and were the average of 1000 scans, resulting in an 
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acquisition time of 10 min. The size of laser spot on fruit sample was 

approximately 100μm with no sample pretreatment.   

 

2.3. Data analysis and chemometric procedures  

Prior to any pre-processing and further pattern recognition development, the 

sample preparation was performed to remove any dirt and soiling which can 

result in measurement errors. Temperature effects and the odd samples 

(Outliers) were also identified and removed, because they have meaningful 

influence on modeling. The outliers were detected using the Q-residual 

versus Hotelling's T² plot (Fig. 2) which are available summary statistics for 

factor-based models like PCA. This method has also been employed by 

others (Caporaso et al., 2017; Basati et al., 2018; Jamshidi et al., 2019).  The 

Hotelling's T² and Q-residuals provide the explanations of how well a model 

characterizes a given sample. The Hotelling's T² has a linear relationship 

with the leverage of samples and the Q-residual is the sum of squares of the 

residuals over the variables for each sample. The dash lines in Fig. 2 display 

the associated critical limits with significance levels at the 5% and the 

marked samples outside these limits are the detected outliers. After removing 

the outliers (10 samples), the remaining (140 samples) were used for 

clustering and classification (Figure 2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. The Q-Residual versus Hotelling's T² plot of the samples for outliers 

detection. 

 

Eliminating the noise due to inherent background signals is one of the major 

challenges when dealing with biomaterials, using Raman spectroscopy. 

These signals usually produce stronger output than the Raman scattering, so 

for the ease of quantitative analysis of the spectra they have to be removed. 

A wide range of commonly used methods in instrumental and computational 

programming approaches have been developed to remove the background 

noise of Raman spectra, such as polynomial fitting, wavelet transformation, 

Fourier transformation, and derivatives (Schulze et al., 2005). Recently, the 

polynomial fitting method has been widely accepted because of its 

simplicity, and rapid automatically identification of background regions. 

Moreover, their results are comparable with the other methods for 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

background subtraction (Qin et al., 2011; Qin et al., 2012). This method also 

provides spectra modeling, using different degrees of polynomial functions. 

In this study, a modified polynomial (Lieber and Mahadevan-Jansen, 2003) 

which well fits to the signals and able to remove the background for 

obtaining desired peaks was investigated. The proposed method is able to 

omit the fluorescence background while keeping Raman features. For each 

replication, all data points are initialized to the original values if their 

intensity are higher than those of the corresponding points in the original 

spectrum. The outcome of each trial is a curve which its polynomial 

coefficients can be obtained by least squares method. This procedure is 

continued until all data points are unified in a trial. The original, fitted, and 

corrected spectra of the pomegranate fruit are plotted in Figure 3.  

Subsequently, 1-normalization was performed on the spectra, to achieve a 

uniform quantitative analysis. Savitzky-Golay 2
nd

 order polynomial and 

moving average (segment size of 5) algorithms carried out to take the first 

derivative and smooth the signals. Due to the narrow vibration bands 

assigned to specific molecular vibrations, one must expect spectral overlap 

between chemical components. Deleting the fluorescence background by 

applying the aforementioned curve-fitting method of eight-order polynomial 

to all Raman spectra was carried out in next step.   The procedures described 

above were executed using programs developed in MATLAB (MathWorks 

Inc., Natick, MA, USA). 

Fig. 3. A typical example of background correction for Raman spectra of 

pomegranate fruit. 
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After eliminating the irrelevant information from spectra by pre-processing 

methods and removing the outliers (8 samples), discriminant analyses based 

on pattern recognition methods were conducted to assess the feasibility of 

Raman spectroscopy technology for non-destructive detection of 

pomegranates maturity. The first step involved classification, which was 

performed  on the remaining samples (92 samples) using an exploratory 

analysis with Principal Components Analysis (PCA) in order to verify the 

possibility of clustering of the pomegranate samples into the four groups. 

The principal components (PCs), as the linear composites of the original 

variables, are in the directions of maximal variance. The independent 

interpretation of each PC permits an overview of the data structure by 

revealing relationships among the samples as well as outlier samples 

detection. Generally, the first few PCs are utilized to analysis the common 

features among the samples and their grouping. By following the distribution 

of samples in PCs space, it is possible to analysis samples grouping (Massart 

et al., 1988). 

In the second step, two supervised classification methods were used; the so-

called Soft Independent Modeling of Class Analogy (SIMCA) (Wold and 

Kowalski, 1977) and the Partial Least Squares Discriminant Analysis (PLS-

DA) (Wold, 1976) as powerful supervised pattern recognition methods to 

classify the samples. SIMCA is a pattern recognition method for supervised 

classification of data which classifies samples/spectra based on their 

similarities in a principal components space. [Wold and Kowalski, 1977]. 

This method independently constructs a model for each class by PCA. For 

each modeled class, the mean orthogonal distance of training data samples 

from the line, plane or hyper-plane (calculated as the residual standard 

deviation) is used to determine a critical distance for classification. An 

unknown sample is compared with the class models and distance to a class. It 

is decided as a member of a class, at the 95 %confidence level, if it is similar 

enough to the calibration samples; otherwise it is rejected. In this model, the 

distance of a point from a class is determined by the out-of-space distance; 

that is, by the Euclidean distance of the point from the subspace spanned by 

the k principal components used to model the class. To attain SIMCA 

classification in this research, first, by applying the PCA using 75  % of the 

samples representative of the class population variance the four studied 

maturity classes were modeled. The optimum number of principal 

components (PCs) in leave-one-out full cross validation was selected in order 

to avoid over and under fitting of models. Lastly, the PCA models were 

validated using the remaining 25% of the samples in each class with the 

significance at the 5% level. 

The PLS-DA,  as another powerful supervised pattern recognition technique, 

constructs partial least squares (PLS) calibration model which is focusing on 

class separation revealing and requiring features of the data relevant for 

classification (Westad et al., 2013). The PLS-DA method discoveries latent 

variables (LVs) that have the highest covariance with variables that represent 

sample membership in different groups. In other words, PLS-DA is 

conducted in order to sharpen the separation among the groups of 

observations. This is done by rotating the PCA components so that a 

maximum separation among classes is obtained, and to understand which 

variables carry class-separating information. PLS-DA consists of a classical 
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PLS regression where the response variable is a categorical one (replaced by 

a set of dummy variables describing the categories) expressing the class 

membership of the statistical units (Westad et al., 2013). All the procedures 

described above were conducted using statistical software package of 

Unscrambler 9.7 software (Camo ASA, Oslo, Norway). 

 

3. Results and discussion 

3.1. Raman spectra of pomegranate fruits 

The polynomial fitting method was applied to all Raman spectra to remove 

the background signals. A typical example of an original and corrected 

Raman spectra of samples are shown in Figure 3. The performance of the 

modified polynomial curve-fitting method is proved using these spectra. As 

seen in the figure, the fitting method produced a good fit for the background 

signals at both high and low intensity levels. The removal of the signal 

baseline, improved the Raman peaks as can be seen in the corrected spectra.  

The representative Raman spectra of pomegranates at four studied maturity 

stages are shown in Figure 4. As it is seen, the FT-Raman spectra of the 

pomegranate fruits present a series of bands with various Raman scattering 

intensities. All the spectra shared in common a broad peak around 300 cm
-1

, 

which is the result of autofluorescence from the laser–pomegranate 

interaction. Three Raman peaks are seen in the corrected spectra, happening 

at the same wavelength as those for peaks of pure tannin (i.e. 650, 1357 and 

1590 cm
-1

) in the further stages of maturity. This is mainly because of the 

increasing tannin content in the higher maturity levels of fruit samples. The 

intensities of the Raman peaks generally increased as the pomegranate 

matured. Most of the bands in the region between 650 to 1357 cm
-1 

of the 

pomegranate fruit can be attributed to the existing chlorophylls, hydrolysable 

polysaccharides and waxes in their cuticular membrane (Shahidi and Naczk, 

2004; Hmid et al., 2017). These polysaccharides, which are associated with 

the plant cell wall and are responsible for the elastic modulus, stiffness and 

the linear elastic behavior of the cuticle, are pectins, hemicelluloses and 

celluloses. The Raman peaks around 650 cm
-1

 are closed to the absorption 

bands of –CH and –OH functional groups which can be due to absorption by 

water and carbohydrates in pomegranate (Hmid et al., 2017). Another 

absorption around 1357 cm
-1

 is related to –CH 2
nd

 overtone and finally 

absorption around 1590 cm
-1

 can be related to absorption of –CH and –OH 

functional groups. Integration of these results with findings from sample-

destructive measurements increased the possibility of non-destructive 

detection of pomegranate maturity by Raman-based method.  
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Fig. 4. Typical Raman spectra of pomegranate fruit at different maturity 

stages.  

 

3.2. Unsupervised Pattern Recognition 

As mentioned earlier, the aim of unsupervised pattern recognition is to 

evaluate whether clustering exists in a data set, without using class 

membership information in the calculations. Even if the class membership of 

samples are a priori known, a preliminary study based on unsupervised 

pattern recognition methods, such PCA, is advisable to characterize the 

structure of the data set.  

The PCA model was considered for five principal components, with an 

explained variance of 98%. Fig. 5 shows the scatter plot of PCA scores in the 

first two PC spaces on the Raman preprocessed data for clustering of the 

pomegranate samples into the four maturity groups (stages). These two PCs 

summarize more variation in the data than any other pair of components. 

Therefore, this plot can be used to interpret the differences and similarities 

among the samples. Totally, PC1 and PC2 explained 88% and 10% of all 

data variance, respectively. As it can be seen in Fig. 5, the data distribution in 

the two PC spaces displays clearly separated clusters, scattered 

corresponding to the four maturity stages, but there is an obvious overlap 

between te stage 1 and 2. This means that pomegranate fruit at stage 1 may 

have similar spectral characteristics as stage 2. Consequently, two powerful 

classifiers (PLS-DA and SIMCA) as supervised pattern recognition methods 

were also applied for the more clear separations. Also, the preliminary 

exploratory analysis of the data showed that Raman spectroscopy can 

categorize pomegranates according to their spectral characteristics and can 
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be used as supervised classification with two different classes or categories. 

This would separate the pomegranates, as „mature‟ and „immature‟ samples 

before entering the market. 

 

Fig. 5. The scatter plots of PCA scores in the first two PC spaces for 

clustering of the pomegranates into the four classes of “Stage 1”, “Stage 2” , 

“Stage 3” and “Stage 4”. 

 

3.3. Supervised Pattern Recognition 

Owing to the promising results of the unsupervised method, two supervised 

methods namely, SIMCA and PLS-DA, were applied to the Raman spectra. 

As stated earlier in section 2.3., these classification methods use a training 

data set to establish classification rules for classification of samples with 

unknown origin. The goodness of the classification rules needs to be 

evaluated. To do so, a “leave-a-fourth-out” cross-validation procedure was 

applied. Three-fourths of the samples were assigned to the training set and 

the rest to the test set. This assignment was repeated four times, so that each 

sample was predicted once. All classification results presented in this section 

refer to the validation results. The reliability of the classification models was 

evaluated in term of prediction ability, which is characterized by the 

percentage of the test set members adequately classified by the rules 

developed in the training step. Table 1 summarizes the results of two model, 

in each case the calibration and validation are presented in terms of correct 

classification ability (in percentage). As seen from the results of validation 

test, the optimum numbers of PCs to accomplish the best SIMCA models are 

either 4 or 5. Then, the constructed PCA models were used to classify the 

respective validation sample sets. The samples of maturity stages of 3 and 4 

were classified with the accuracy of 90% and 92% respectively, and a few 

sample of them were misclassified. The samples of stages 1 and 2 were 

categorized with the accuracy of 78% and 74% in their respective classes, 

respectively. Because of the overlap in immature classes (Fig. 5), some 

samples were simultaneously classified into more than one class. For 
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example, four samples belonging to the class of stage 2 were concurrently 

misclassified in two the classes of stage 1 and 3. Therefore, the lowest 

classification accuracy (74%) occurred for the class of stage 2 samples. This 

implies that SIMCA classification based on PCA modeling has a low 

performance for classifying immature samples with different percentages of 

maturity. This was mainly due to the existing overlap in some classes (stage 

1 and 2) and also the proximity of their PCA models. However, the mature 

samples (stage 3 and 4) were correctly categorized in their classes. The 

overall accuracy of the SIMCA classifier was 83% for the classification of 

the four classes of pomegranate samples. 

 

Table 1. Calibration and validation results in term of classification ability 

(percent) of PLS-DA and SIMCA classifications. 

Metho

d 
Class 

N

o. 

of 

P

C, 

L

V 

Calibratio

n set 

Correctly 

classified 

(%) 

Validatio

n set 

Correctly 

classified 

(%) 

SIMC

A 

Stage 

1 
5 79 78 

Stage 

2 
4 76 74 

Stage 

3 
4 90 90 

Stage 

4 
4 93 92 

Overa

ll 
 84.5 82 

PLS-

DA 

Stage 

1 
9 85 84 

Stage 

2 
10 83 82 

Stage 

3 
9 94 92 

Stage 

4 
10 96 95 

Overa

ll 
 90 88 

 

Due to the lack of proper classification in the classes of immature 

pomegranates that was lower than expected, the SIMCA analysis was 

accomplished as only two sample sets: immature (only the samples 

handpicked at standard harvest time being at the  stage 1 and 2) and mature 

(only the handpicked at last harvest time being at stage 3 and 4). 

Approximately 75% of the samples of each class, were randomly selected for 

the calibration set and remaining were used for validation set. By applying 

the SIMCA classification algorithm based on PCA modeling only to these 

classes, the overall classification accuracy was 100% for validation samples 

(Table 2). So, the supervised pattern recognition technique of SIMCA 
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classification had an excellent ability to categorize the samples into two 

groups of mature and immature pomegranate. 

 

Table 2. SIMCA classification results of calibration and validation for 

discrimination of pomegranate into immature and mature classes. 

Meth

od 

Class N

o. 

of 

P

C 

Calibrati

on set 

Correctl

y 

classified 

(%) 

Validati

on set 

Correctl

y 

classifie

d (%) 

SIMC

A 

Mature 3 100 100 
Immatu

re 

2 100 100 

Overall  100 100 

 

To assess these results (classification as immature and mature), the Coomans 

plots were applied and the results can be seen in Fig. 6. This plot depicts the 

orthogonal distance from all new projected samples to the mature (abscissa) 

and immature (ordinate) classes. Also the critical cut-off class membership 

limits are obtained from that plot and indicated for each two sample sets. If 

an object belongs to a mature model (class), it should fall within the 

membership limit, which is on the left of vertical line, while the immature 

objects should place below the horizontal membership limit. No sample was 

miscategorized in another class, simultaneously or mistakenly. Consequently, 

SIMCA classification based on PCA modeling had a high ability for 

separating immature and mature samples of pomegranate in the wavelength 

ranged from 100 to 3000 cm
-1

. 

 

Fig. 6. The Coomans plot of the test sample sets of pomegranate classes. 

 

Immature 

Mature 
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As seen in Table 1, the optimum numbers of latent variable (LV) for the 

PLS-DA method in the sample class was either 9 or 10. The predicted versus 

actual values for calibration set of PLS-DA model to classify the mature and 

immature pomegranate samples based on NIR spectra is depicted in Fig. 7. In 

this figure, the cut off value of 0.2 was used for the classification of mature 

and immature classes. It means that the samples with a predicted class value 

higher than 0.2 were recognized as mature, while those with a predicted class 

value lower than 0.2 were categorized as immature pomegranate. The PLS-

DA validation results revealed that the accuracy of prediction for the 

pomegranate samples of stage 1 and 2 was 84% and 82%, respectively and 

for the stage of 3 and 4 was 92% and 95%, respectively (see Table 1). The 

overall discriminant power of PLS-DA classes was about 96%, and 95% for 

calibration and validation sample sets, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. The PLS-DA classification results of the test sample sets. 
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The results also showed that in all sample classes when the samples were 

categorized by PLS-DA, higher values were seen in comparison with the 

SIMCA models (Table 1). This better performance is mostly due to the 

algorithm used to build the latter models. The PLS-DA discovers new 

directions in the data space which can directly discriminate classes, while 

SIMCA uses the PCA models to capture variations within each class. 

Moreover, in SIMCA, during computing the PCA models within each class, 

only the information of spectral matrix (without taking into account the 

information in the dependent class variable) is used, whereas in PLS-DA, 

those components in the spectral matrix are sought which can describe the 

information in the dependent spectral variables as much as possible and 

simultaneously have the maximum correlation with the dependent class 

variable (Khodabakhshian et al., 2016). Hence, the PLS-DA provides better 

results in comparison with the SIMCA. This was also pointed out for 

classification of other agricultural materials such as olive oils (Galtier et al., 

2011); date fruit (Mireei and Sadeghi, 2013), pomegranate fruit 

(Khodabakhshian et al., 2016), wheat (Basati et al., 2018). An exception has 

also been reported by Sirisomboon et al. (2009) who stated that SIMCA had 

better performance than PLS-DA in classification of green soybean pods. 

 

4. Conclusion 

This study provided information on the feasibility of joint application of 

Raman spectroscopy as an automated, nondestructive and rapid technique in 

the range of 100-3000 cm
-1

 and pattern recognition of unsupervised (PCA) 

and supervised (SIMCA and PLS-DA) techniques to classify the maturity 

stage of “Ashraf variety” pomegranate during four distinct maturity stages 

between 88 and 143 days after full bloom. The following are concluded from 

this investigation:  

 

1. It was demonstrated that Raman spectroscopy with pattern recognition 

techniques is a promising tool for nondestructive classification of 

pomegranate fruit maturity.  

2- The data distribution in the two PC spaces displays a clear separated 

clusters scattered corresponding to the four maturity stages, but there is an 

obvious overlap between stage 1 and 2. Consequently, two powerful 

classifier of PLS-DA and SIMCA as supervised pattern recognition methods 

were applied to make the separation procedure more efficient. 

3- Both supervised methods namely PLS-DA and SIMACA showed 

satisfactory discrimination. The results also revealed that in all sample 

groups when the samples were classified by PLS-DA, higher values were 

found in comparison with the SIMCA models. 

4- The accuracy of the SIMCA classification for differentiation of four 

pomegranate groups was 82%. This was mainly due to the misclassification 

among different classes of immature pomegranates. Therefore, more attempts 

are needed to achieve acceptable results to classify all immature samples. 

However, when considering only two main categories as immature and 

mature, an acceptable degree of separation between the classes obtained, 

when the classification procedure was integrated with supervised pattern 

recognition methods of SIMCA and PLS-DA. In this case the SIMCA based 
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on PCA modeling correctly categorized samples into two classes of 

immature and mature with classification accuracy of 100%. 

Considering the satisfactory results of this investigation, further studies are 

recommended to evaluate this method for the other commercial pomegranate 

varieties. 

 

Acknowledgment 

The authors would like to thank the Ferdowsi University of Mashhad for 

providing the laboratory facilities and financial support. 

 

References 

1- Al-Said, F.A., Opara, L.U. and Al-Yahyai, R.A. 2009. Physico-chemical 

and textural quality attributes of pomegranate cultivars (Punica granatum L.) 

grown in the Sultanate of Oman. Journal of Food Engineering, 90: 129–134. 

2- Arendse, E., Fawole, O.A., Magwaza, L.S., Nieuwoudt, H.H. and Opara, 

U.L. 2017. Development of calibration models for the evaluation of 

pomegranate aril quality by Fourier-transform near infrared spectroscopy 

combined with chemometrics. Biosystems Engineering, 159: 22–32. 

3- Arendse, E., Fawole, O.A., Magwaza, L.S. and Opara, U.L. 2018. Non-

destructive prediction of internal and external quality attributes of fruit with 

thick rind: A review. Journal of Food Engineering, 217: 11–23. 

4- Barragán-Iglesias, J., Méndez-Lagunas, L.L. and Rodríguez-Ramírez, J. 

2018. Ripeness indexes and physicochemical changes of papaya (Carica 

papaya L. cv. Maradol) during ripening on-tree. Scientia Horticulturae, 236: 

272–278. 

5- Basati, Z., Jamshidi, B., Rasekh, M. and Abbaspour-Gilandeh, Y. 2018. 

Detection of sunn pestdamaged wheat samples using visible/near-infrared 

spectroscopy based on pattern recognition, Spectrochimica Acta Part A: 

Molecular and Biomolecular Spectroscopy, 203: 308–314. 

6- Blasco, J.; Cubero, S.; Gomez-Sanchis, J.; Mira, P. and Molto, E. 2009. 

Development of a machine for the automatic sorting of pomegranate (Punica 

granatum) arils based on computer vision. Journal of Food Engineering, 90: 

27-34. 

7- Caporaso, N., Whitworth, M.B. and Fisk, I.D. 2018. Protein content 

prediction in single wheat kernels using hyperspectral imaging, Food 

Chemistry, 240: 32–42. 

8- Castro-Giraldez, M., Fito, P.J., Ortola, M.D. and Balaguer, N. 2013. Study 

of pomegranate ripening by dielectric spectroscopy. Postharvest Biolology 

and Technology, 86: 346-353. 

9- Cirino de Carvalho, L., Lelis Medeiros de Morais, C., Gomes de Lima, 

K.M. and de Almeida Teixeira, G.H. 2019. Assessment of macadamia nut 

quality defects by means of near infrared spectroscopy (NIRS) and nuclear 

magnetic resonance (NMR). Food Control, under publication. 

10- Czieczor, L., Bentkamp, C., Damerow, L. and Blanke, M. 2018. Non-

invasive determination of the quality of pomegranate fruit. Postharvest 

Biology and Technology, 136:74–79. 

11- Donis-Gonzalez, I.R., Guyer, D.E., Fulbright, D.W. and Pease, A., 2014. 

Postharvest noninvasive assessment of fresh chestnut (Castanea spp.) internal 

decay using computer tomography images. Postharvest Biol. Technol. 94, 

14-25. 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

12- FAOSTAT. 2017. Statistical Year Book of FAO, Available in: http:// 

faostat.fao.org. 

13- Fawole, O.A. and Opara, U.L. 2013a. Changes in physical properties, 

chemical and elemental composition and antioxidant capacity of 

pomegranate (cv. „Ruby‟) fruit at five maturity stages. Scientia Horticulturae, 

150: 37–46. 

14- Fawole, O.A. and Opara, U.L. 2013b. Fruit growth dynamics, respiration 

rate and physico-textural properties during pomegranate development and 

ripening. Scientia Horticulturae, 157: 90–98. 

16- Feng, L., Zhang, M., Bhandari, B. and Guo, Z. 2018. A novel method 

using MOS electronic nose and ELM for predicting postharvest quality of 

cherry tomato fruit treated with high pressure argon. Computers and 

Electronics in Agriculture, 154: 411–419. 

17- Feltl, L., Pacáková,V., Stulík, K. and Volka, K. 2005. Reliability of 

Carotenoid Analyses: A Review. Current Analytical Chemistry, 1: 93–102. 

18- Galtier, O., Abbas, O., Le Driau, Y., Rebufa, C., Kister, J., Artaud, J. and 

Dupuy, N., 2011. Comparison of PLS1-DA, PLS2-DA and SIMCA for 

classification by origin of crude petroleum oils by MIR and virgin olive oils 

by NIR for different spectral regions. Vibrational Spectroscopy 55: 132–140. 

19- Hmid, I., Elothmani, D., Hanine, H., Oukabli, A. and Mehinagic, E. 

2017. Comparative study of phenolic compounds and their antioxidant 

attributes of eighteen pomegranate (Punica granatum L.) cultivars grown in 

Morocco. Arabian Journal of Chemistry, 10: S2675-S2684. 

20- Huo, M.M., Liu, W.L., Zheng, Z.R., Zhang, W., Li, A.H. and Xu, D.P. 

2011. Effect of end groups on the raman spectra of lycopene and β-carotene 

under high pressure. Molecules, 16(3): 1973–1980. 

21- Jamshidi, B., Mohajerani, E., Farazmand, H., Mahmoudi, A. and 

Hemmati, A. 2019.  Pattern recognition-based optical technique for non-

destructive detection of Ectomyelois ceratoniae infestation in pomegranates 

during hidden activity of the larvae. Spectrochimica Acta Part A: Molecular 

and Biomolecular Spectroscopy, 206: 552–557. 

22- Kader, A.A. Fruit, Maturity, Ripening and Quality Relationships. Acta 

Horticulturae 1999, 485, 203–208. 

23- Khodabakhshian, R.; Emadi, B.; Khojastehpour, M. and Golzarian, M.R. 

2016. Carob moth, Ectomyelois ceratoniae, detection in pomegranate using 

visible/near infrared spectroscopy. Computers and Electronics in Agriculture, 

129: 9–14. 

24- Khodabakhshian, R., Emadi, B., Khojastehpour, M., Golzarian, M.R. and 

Sazgarnia, A. 2017a. Non-destructive evaluation of maturity and quality 

parameters of pomegranate fruit by visible/near infrared spectroscopy. 

International Journal of Food Properties, 20:41–52. 

25- Khodabakhshian, R. and Emadi, B. 2017b. Application of Vis/SNIR 

hyperspectral imaging in ripeness classification of pear. International Journal 

of Food Properties, 20: S3149–S3163. 

26- Khodabakhshian, R., Emadi, B., Khojastehpour, M., Golzarian, M.R. and 

Sazgarnia, A. 2017c. Development of a multispectral imaging system for 

online quality assessment of pomegranate fruit. International Journal of Food 

Properties, 20:107–118. 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

27- Khodabakhshian, R. 2019. Feasibility of using Raman spectroscopy for 

detection of tannin changes in pomegranate fruits during maturity. Scientia 

Horticulturae, 257:108670. 

28- Lebruna, M.; Plotto, A., Goodner, K., Ducamp, M.N. and Baldwin, E. 

2008. Discrimination of mango fruit maturity by volatiles using the 

electronic nose and gas chromatography. Postharvest Biology and 

Technology, 48(1): 122–131. 

29- Li, X., Wei, Y., Xu, J., Feng, X., Wu, F., Zhoua, R., Jin, J., Xu, K., Yu, 

X.  and He, Y. 2018. SSC and pH for sweet assessment and maturity 

classification of harvested cherry fruit based on NIR hyperspectral imaging 

technology. Postharvest Biology and Technology, 143: 112-118. 

30- Lieber, C.A. and Mahadevan-Jansen, A. 2003. Automated method for 

subtraction of fluorescence from biological Raman spectra. Applied 

Spectroscopy, 57: 1363–1367. 

31- Magwaza, L.S. and Opara, U.L. 2014. Investigating non-destructive 

quantification and characterization of pomegranate fruit internal structure 

using X-ray computed tomography. Postharvest Biolology and Technology, 

95: 1-6. 

32- Massart, D.L., Vandeginste, B.G.M., Deming, S.N., Michotte, Y. and 

Kaufman, L. 1988. Chemometrics: A Textbook, Elsevier Science Publisher, 

23: 395–397. 

33- Mima, F.S., Galib, S.M., Hasan, M.F. and Jerin, S.A. 2018. Automatic 

detection of mango ripening stages – An application of information 

technology to botany. Scientia Horticulturae, 237: 156–163. 

34- Mireei, S.A. and Sadeghi, M., 2013. Detecting bunch withering disorder 

in date fruit by near infrared spectroscopy. Journal of Food Engineering, 114 

(3): 397–403. 

35- Mohsenin, N.N. 1986. Physical Properties of Plant and Animal 

Materials.2ndRevised and Updated Edition.Gordon and Breach Science 

Publishers. New york. 

36- Qin, J., Chao, K. and Kim, M. 2011. Investigation of Raman chemical 

imaging for detection of lycopene changes in tomatoes during postharvest 

ripening. Journal of Food Engineering, 107: 277–288. 

37- Qin, J., Chao, K. and Kim, M. 2012. Nondestructive evaluation of 

internal maturity of tomatoes using spatially offset Raman spectroscopy. 

Postharvest Biology and Technology, 71:21-31. 

38- Schulze, G., Jirasek, A., Yu, M.M.L., Lim, A., Turner, R.F.B. and 

Blades, M.W., 2005. Investigation of selected baseline removal techniques as 

candidates for automated implementation. Applied Spectroscopy, 59 (5): 

545–574. 

39- Shahidi, F. and Naczk, M. 2004. Phenolics in Food and Nutraceuticals. 

Boca Raton, FL, CRC Press. 

40- Szychowski, P.J., Frutos, M.J., Burló, F., Pérez-López, A.J., Carbonell-

Barrachina, Á.A. and Hernández, F. 2015. Instrumental and sensory texture 

attributes of pomegranate arils and seeds as affected by cultivar. LWT - Food 

Science and Technology, 60: 656-663. 

41- Vasighi-Shojae, H., Gholami-Parashkouhi, M., Mohammadzamani, D. 

and Soheili, A., 2018. Ultrasonic based determination of apple quality as a 

nondestructive technology. Sensing and Bio-Sensing Research, 21: 22-26. 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

42- Westad, F., Bevilacqua, M. and Marini, F. 2013. Regression. In: Marini, 

F. (Ed,). Chemometrics in Food Chemistry. Elsevier, Amsterdam, 

Netherlands, pp. 127– 169. 

43- Wold, S.M. B.R. and Kowalski. 1977.  Chemometrics: Theory and 

Application, ACS Symposium Series 52, American Chemical Society, 

Washington, DC, pp. 243–282. 

44- Yang, D. and Ying, Y. 2011. Applications of Raman spectroscopy in 

agricultural products and food analysis: A review. Applied Spectroscopy 

Reviews, 46: 539-560. 

45- Zarei, M.; Azizi, M. and Bashir-Sadr, Z. 2011. Evaluation of 

physicochemical characteristics of pomegranate (Punica granatum L.) fruit 

during ripening. Fruits, 66: 121–129. 

46- Zhang, L. and McCarthy, M.J. 2013. Assessment of pomegranate 

postharvest quality using nuclear magnetic resonance. Postharvest Biolology 

and Technology, 77: 59-66. 

47- Zhang, Y.; Nock, J.F, Al Shoffe, Y. and Watkins, C.B. 2019. Non-

destructive prediction of soluble solids and dry matter contents in eight apple 

cultivars using near-infrared spectroscopy. Postharvest Biology and 

Technology, 151: 111-118. 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

 

 

 

 

 

 

 

 

          

 

 

 

 

 

Dear Editor 

 
The authors would like to thank the Ferdowsi University of Mashhad for providing the 

laboratory facilities and financial support. This is to certify that to the best of my 

knowledge, the content of this paper is my own work. This paper has not been submitted 

for any journals. Also, we should state that author contributions are following: 

 

1- Dr. Rasool Khodabakhshian: Conceptualization, Methodology, Software, Validation, 

Writing – Original, Writing – Editing. 

 

 

 

 

2- Dr. Mohammad Hossein Abbaspour-Fard: Resources, Writing – draft, Visualization, 

Writing – Review. 

 

 

 

 

 

Yours sincerely, 

Rasool Khodabakhshian 

 
 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

Declaration of interests 

 

☐ The authors declare that they have no known competing financial interests or 

personal relationships that could have appeared to influence the work reported in this 

paper. 

 

☒The authors declare the following financial interests/personal relationships which may be 
considered as potential competing interests:  
 

 

 

 

 

The authors would like to thank the Ferdowsi University of Mashhad for providing the laboratory 

facilities and financial support. 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

Highlights 

- Raman spectroscopy can be used as an automated, nondestructive and rapid 

technique for distinguishing the mature pomegranate samples from immature samples 

in the harvest and postharvest processing. 

- Unsupervised pattern recognitions (PCA) are useful to discriminate mature and 

immature samples. 

- Supervised SIMCA modeling could correctly categorize the samples in two classes 

of immature and mature with classification accuracy of 100%. 

- PLS-DA provides excellent classification results of mature and immature samples. 
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