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Abstract

Sestrimska, M., Titova, T. & Nachev, V. (2025). Application of intelligent classifier for multi-dimensional identifi-
cation of food and beverages. Bulg. J. Agric. Sci., 31(6), 1234–1244

This publication presents models of intelligent recognition systems aimed at the non-destructive quality of food and bever-
ages, in particular, fruit yogurts and tea blends with herbal and fruit ingredients. The experimental study is based on obtaining 
diffuse reflectance spectral curves for the tea samples and measuring basic physicochemical parameters, such as pH, total 
soluble solids, and color, for the sour milks.

Naive Bayes Classifier, Back-propagation Artificial Neural Network, and Self-Organizing Map models were synthesized, 
and the highest classification accuracy was achieved with PC-BP-ANN.

Keywords: Naive Bayes classification; Back-propagation Artificial Neural Network; Self-Organizing Map; PCA; 
yogurt; tea

1. Introduction

In scientific research, it is becoming increasingly import-
ant to solve problems of a diverse nature, both theoretical 
and applied, to make correct conclusions and predictions. 
The assumption that the world around us and its issues are 
multiparametric systems leads to the need to use multivari-
ate research methods, based on which reliable classification, 
modeling, and prediction of specific properties inherent in 
the research objects can be carried out. 

On this basis, it is possible to create mathematical mod-
els for predicting the state of objects in various applications, 
such as quality assessment, authenticity, and technological 
control.

The processing of multivariate data, obtained directly 
from simple sensors or through a sophisticated measurement 
process, has several advantages. It enables the exploitation 
of both unique and redundant information from each source, 
as well as the synergistic information gained from their com-

bined use (Nikovski, 2022). Multivariate data tasks require 
the use of specific methods for evaluating the parameters of 
the object under study, optimizing analytical signals, and 
studying their correlation with various experimental factors. 
Interpretation of analytical data is successfully achieved by 
using the chemometric methods for “intelligent analysis”. 

Wold et al. (2001) define chemometrics as a part of chem-
ical disciplines in which, based on mathematical, statistical, 
and other methods of formal logic, models are created for a 
specific product (object). Optimum or modified procedures 
are sought to experiment as well as to extract maximum use-
ful information from the acquired experimental data.

A large part of scientific research in the food industry in 
recent years has been devoted to the idea of creating a con-
ceptual model for the evaluation of quality indicators of food 
and beverages. 

There is a growing interest in creating adaptive intelli-
gent recognition techniques that seek an analogue to the hu-
man sensory system. Several studies have focused on the im-
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plementation of non-destructive recognition (classification) 
systems, including UV/VIS/NIR spectral analysis, Mass 
spectrometry, “electronic nose”, and “electronic tongue” 
techniques.

The authors Huang et al. (2015), used an electronic nose 
to classify honey according to its botanical and geographi-
cal origin. They analyzed a total of 84 samples, divided into 
two classes based on their geographical origin: China and 
Australia. 

The research employed elements of pattern recognition 
methods, including Principal Component Analysis (PCA), 
Partial Least Squares (PLS), and Support Vector Machine 
(SVM), to create predictive models for key physicochemical 
parameters of honey, such as glucose, fructose, hydrometh-
ylfurfural, amylase activity, and acidity. PLS-SVM model 
achieved the highest prediction accuracy of.

The authors demonstrate that the use of an electronic 
nose, combined with chemometric approaches for data anal-
ysis, can be successfully applied to identify honey based 
on its botanical and geographical origin of its constituents 
(Huang et al., 2015). 

Liu et al. (2013) used high-performance gas chromatog-
raphy and an electronic nose to characterize a modified vari-
ety of white pepper (Piper nigrum L.). The total protein, lip-
id, starch, piperine, and essential oil contents were analyzed. 
The electronic nose system was used to create a general gas 
profile of the investigated samples. 

Parra et al. (2006) propose an electronic tongue system 
for the identification of red wine samples, based on the aging 
time and the type of barrels in which they were stored. The 
experimental data were analyzed using PCA. The method 
divides the studied samples into two classes based on aging 
time (3 and 6 months). Each of the classes is divided into 
nine subclasses (cluster groups) according to the type of ma-
terial from which the barrel is made. Based on the analysis, a 
predictive model was developed to predict the aging time of 
the wine. The predictive model was developed using the Soft 
Independent Model of Class Analogy (SIMCA) algorithm. 

Gang and Yang (2013) studied the classification possi-
bilities of four different coffee brands based on VIS/NIR 
spectral analysis. For this purpose, one qualitative and three 
quantitative discrimination algorithms were considered  – 
PCA, Linear Discriminant Analysis (LDA), artificial neural 
network, with „backpropagation “ training algorithm (BP-
ANN), and SVM classifier. 

Khashman (2011) describes an automated system for 
classifying individual portions of chicken meat. The research 
aims to build and train an artificial neural network to rec-
ognize six different portions of chicken: bone-in breast, leg, 

boneless fillet, whole leg, and shoulder wings. The develop-
ment involved taking high-resolution RGB color images of 
288 portions of meat. To ensure efficient training of the neu-
ral network, the pictures were taken at eight different angles. 

A three-layer artificial neural network with 400 neurons 
in the input layer, 30 neurons in the hidden layer, and six out-
put neurons was trained to recognize the different portions of 
a chicken, achieving an accuracy of 97.57% in 206 seconds. 

According to the same author, the good results achieved 
in the study could be used to implement an automated sort-
ing system that does not have physical contact with the raw 
poultry meat. Such a system would limit the risk of biologi-
cal contamination of the food product and reduce labor costs.

The identification of foods with varying compositions is 
crucial for accurately determining their quality and safety.

In the context of the presented works, the research aims 
to synthesize intelligent classifiers for analyzing types of 
fruit yogurt and multi-component herbal tea mixtures with 
fruit ingredients.

2. Methodology section

Bulgarian yogurt is among the most popular food prod-
ucts produced and consumed worldwide. It is considered 
part of food products with a high energy value and a positive 
bioactive effect, usually enhanced by the addition of prebiot-
ic ingredients and probiotic bacteria (Aryana and . McGrew, 
2007; Staffolo et al., 2004). To increase the functionality and 
antioxidant capacity of dairy products, various types of fruit 
are often added.

2.1. Preparation of dairy fruit samples
For the study, 360 samples of fruit-sour milk were pre-

pared and divided into three groups. The first group consists 
of 120 yogurt samples from three different brands, purchased 
from the Bulgarian retail network. A fruit puree of strawber-
ries, raspberries, and blueberries is added to the milk base in 
a ratio of 80% to 20%.

The second group of samples consists of 120 samples of 
three types of fruit yogurts from a single brand.

The third set of 120 samples consisted of three different 
brands of commercial yogurt colored with food dye E122 
(azorubin, carmoisine). The dye was added to ensure that the 
color of the dyed samples matched the color of the samples 
from the other two groups as closely as possible.

The experimental study of the prepared dairy-fruit sam-
ples involves measuring the hydrogen index (pH), the to-
tal content of soluble dry substances expressed as sucrose 
equivalent (Brix), and determining color indicators in two 
color spaces – CIELab and XYZ.
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A digital pH-meter (PH-201, Micronix) was used to de-
termine the pH of the milk and fruit samples, and all mea-
surements were performed at a relatively constant tempera-
ture of 20–22°C.

Total soluble solids were measured using a refractometer 
(HI 9680, HANNA).

The color descriptors of the studied samples were deter-
mined using a fiber optic spectrometer (USB4000, Ocean 
Optics) in combination with specialized software, Spectra-
Suite, for obtaining experimental data, which are recorded 
and stored in digital and graphic form.

The CIELab model defines color evaluations through the 
following components: L*  – illuminance, brightness (ratio 
between white and black color), a* – coordinates on the axis 
corresponding to red-green color, b*  – coordinates on the 
axis corresponding to yellow-blue color, c* – color satura-
tion, h* – color shade.

The XYZ space is a modification of the RGB color mod-
el. Based on the conducted experiment, a 10-dimensional 
vector of the form: x→ (pH, TSS, X, Y, Z, L*, a*, b*, c*, h*). 
As a result, a sample set was obtained, including primary 
information for each object in the form of a vector of numer-
ical values (with a dimension of 360 elements).

2.2. Preparation of tea samples
The study included 350 samples of five different types of 

tea. The first class (group) consists of 100 samples of herbal 
tea with the following ingredients: linden, chamomile, and 
mint. Class 2 is composed of 49 samples, a blend of black tea 
with additions of lemon and lemon peel. In Class 3, 100 sam-
ples of the tea type “Ceylon Melange” are grouped, which is 
a type of black tea grown in Sri Lanka’s tea plantations. The 
tea boasts a rich, aromatic profile and a balanced, sweet, and 
astringent taste.

Classes 4 and 5 include 100 and 40 tea samples, respective-
ly, which are multi-component mixtures with fruit ingredients, 
such as papaya, passion fruit, melon, nuts, rose leaves, straw-
berries, raspberries, blackberries, and blueberries. Multi-sen-
sorial blend with a pronounced fruity taste and aroma.

Tea bags (2–3 g) of each type are steamed with distilled 
water heated to 100°C for 3–5 minutes. The samples thus 
prepared are cooled to room temperature (22–23°C), poured 
into 20 mL glass closed tubes, and prepared for further pro-
cessing. All tea samples were prepared and stored under the 
same conditions.

For the prepared tea blends, the diffuse reflectance spec-
tral characteristics in the VIS/NIR range of the electromag-
netic spectrum from 470 nm to 1010 nm are measured. Each 
sample is placed in a 9 cm diameter glass petri dish, with 
the liquid filling approximately two-thirds of the petri dish’s 

volume. The spectrometer probe is positioned 15 cm from 
the petri dish, at an angle of 45°. Five spectral features were 
taken for each sample, and the results were averaged during 
post-processing.

2.3. Principal component analysis (PCA)
One of the most common methods for reducing the di-

mensionality of a dataset is the statistical technique of Prin-
cipal Component Analysis (PCA). The method diagonalizes 
the covariance matrix of the data, decorrelates the signal 
in the transformed region, thereby minimizing the mean 
squared error of the data compression, and merges the el-
ements with the most significant variance (Cabrita et al., 
2012). In the space of variables, new directions are formed, 
where the distance between the points for the corresponding 
objects (samples) is the largest. These directions are referred 
to as principal components or eigenvectors. In the calcula-
tion process, the principal components are arranged in as-
cending order of importance. The first eigenvector realizes 
the most significant part of the variation of the experimental 
data, the second principal component contains the informa-
tion not explained by the first, and so on.

The principal components method is an effective way to 
visualize the information contained in a dataset. It allows for 
grouping the studied objects according to a specific feature. 

2.4. Naive Bayes classification
The Bayes Classifier is a classic approach within proba-

bilistic-statistical methods for pattern recognition. The strat-
egy is based on Bayes’ Theorem, which allows for predicting 
class membership by estimating the a priori probability of a 
given event’s realization.

The mathematical expression of Bayes’ theorem is as 
follows (Jadhav and Channe, 2016; Taheri and Mammadov, 
2013):

� (1)

where: Di are the defined classes D = {D1, D2,..., Dm};
P(Dj|s) is the posterior probabilities for a feature vector 

object sj = [s1j, s2j,..., snj];
P(Dj) – prior probabilities for the classes;
P(s|Dj) – a priori probabilities for belonging to a feature 

vector to a corresponding class Dj;
Σm

i=1 P(Di.P(s|Dj) – normalizing component,
The final classification decision is arrived at by maxi-

mizing the posterior probability where the vector s is most 
strongly associated with the class Dj:
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s ϵ Dj ⇔ argmax[P(Dj|s)].� (2)
                    D

The Bayes Classifier yields relatively good results when 
implemented with physically distinct quality features. The 
main drawback of this approach could be the difficulty the 
algorithm encounters when training with large datasets (Dre-
sp-Langley and Wandeto, 2021; Blanquero et al., 2021).

2.5. Self-Organizing Map (Kohonen Network)
Self-organizing maps (SOMs) are unsupervised learning 

systems that have a two-layer structure consisting of an input 
layer and an output competitive layer (Pedró et al., 2019). 
The input layer contains object features. The output layer is a 
2-D self-organizing map in which the neurons of the network 
“compete” to achieve the best proximity between the model 
and the object under study. Each neuron of the output layer 
is functionally connected to the neurons of the input layer. In 
Figure 1, the structure of Kohonen’s self-organizing neural 
network is graphically presented.

The neurons of the network compete with each other, ac-
cording to classical regression dependence:

modelNet = Σn
i=1 Sij.Wij� (3)

where: Sij – input vectors for the artificial neural network;
Wij – weight vector connecting the ith neuron of the input 

layer to the  element of the output map.
The values of the weight vectors are modified adaptively 

for each iteration (repetition) of the learning process.
The learning algorithm for self-organizing neural net-

works is called Winner Takes All or Winner Takes Most. In 
the initial stage of training, the weight vectors have randomly 

and uniformly distributed values in the network architecture. 
When a data vector enters the input layer, each neuron in the 
output layer strives to achieve the most significant similarity 
to the elements of the input vector. The “winning” neuron is 
the one for which the value of the product (Sij.Wij) is the larg-
est, resulting in the winning neuron generating a “+1” at the 
output of the network (Musci et. al, 2020; Pedró et. al, 2019).

The winning neurons and their neighbors are determined 
in the training process by sequentially adjusting the weights 
according to the formula:

Wij(k + 1) = Wij(k) + α(t).[Sij (k) – Wij(k)]� (4)

where: α(t) is a monotonic decreasing function defining the 
learning rate (Dresp-Langley and Wandeto, 2021; Damyan-
ov, 2006; Mici et al., 2018). 

To determine the neurons adjacent to the winner, a simi-
larity metric function is defined, which aims to find the mini-
mum distance between the weight vector for the correspond-
ing neuron and the input vector. The most commonly used 
measure of proximity is Euclidean distance:

� (5)

Kohonen’s artificial self-organizing networks find appli-
cation in practice, with their main goal being to compress 
high-dimensional input data into a 2D hexagonal map that 
represents the studied objects using a smaller number of neu-
ral weights (Zhang et al., 2022).

2.6. Backpropagation Artificial Neural Network (BP-
ANN)

The Backpropagation algorithm refers to the “superviso-
ry” methods of machine learning (machine learning). Back-
propagation Artificial Neural Network has the architecture 
of a multilayer perceptron, made up of one input layer, one 
(or several) hidden layers, and one output layer. Each input 
vector corresponds to a target output vector, which is com-
posed of the desired values for the elements in the output lay-
er of the neural network – the weight of the net elements is 
recalculated (adjusted) using a rule that aims to minimize the 
error in the output layer (Skowron et al., 2019; Amin, 2020).

The training stage proceeds in two conditional directions: 
forward and reverse. In the straight-through run, the train-
ing vectors are fed to the network’s input, and successively, 
in the following layers, the values of the weight vectors are 
calculated. The element values of the output layer are com-
pared to the desired output for a corresponding input vector. 
In the reverse pass, the error between the obtained and de-
sired values for the output vector is re-propagated through 

Fig. 1. Schematic diagram of the Self-Organizing  
Network

Source: Authors’ own elaboration
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the intermediate (hidden) layers of the network, aiming to 
minimize the sum of squares error of the output (Saritas and 
Yasar, 2019). 

3. Discussion

3.1. Identification of dairy fruit samples
In the study of fruit yogurts, three groups of 120 samples 

were selected, comprising fruit, commercial brands, and arti-
ficially colored samples. The qualitative parameters, acidity, 
total soluble solids, and color, were measured for them. 

The diagrams in Figure 2 present the distribution of a part 
of the signs selected from the complete set.

For the dairy and fruit samples from the three analyzed 
groups, a Naive Bayes Classifier was synthesized based on 
two defining characteristics: pH and total soluble solids (TSS). 
Figure 3 shows the Gaussian distribution of the two factors.

The Naive Bayes Classifier model predicts the class 
(group) belonging of the studied samples with a total of 8 
errors between the first and third groups. Table 1 presents the 
error matrix for the synthesized classifier. 

To utilize the entire available experimental data set for 
dairy-fruit products, the principal components analysis meth-
od was employed. In Figure 4 the location of the sour milk 
samples is visualized in the space formed by the first three 
eigenvectors, the result of the PCA analysis. The formation 
of three relatively compact cluster groups was observed, cor-
responding to the a priori grouping of the studied samples.

Fig. 2. Box plots for the yogurt dataset
Source: Authors’ own elaboration

Fig. 3. Gaussian contours for two factors – pH and TSS
Source: Authors’ own elaboration

Table 1. Confusion matrix
Naive Bayes  
Classifier

Actual Class ei, 
(%)FY TY CY

Predicted 
Class

FY 116 0 4 3.33
TY 0 120 0 0.00
CY 4 0 116 3.33

gi, (%) 0.33 0.00 0.33 2.22
*FY – Fruit Yogurt, TY – Trademark Yogurt, CY – Colored Yogurt,
gi – false omission rate; ei – false discovery rate
Source: Authors’ own elaboration

Fig. 4. Projection of the analyzed samples in the space 
formed by the first three principal components

Source: Authors’ own elaboration
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The PCA algorithm calculates ten new determinants. In 
Figure 5, the relationship between the 10 principal compo-
nents calculated using the statistical approach and the cor-
responding eigenvector values is presented. The first five 
principal components collectively account for 99.71% of 
the variation in the original experimental data; i.e., the five 
eigenvectors sufficiently accurately characterize the studied 
objects (samples), and it would be appropriate to use them 
as input vectors in the synthesis of a recognition classifier.

Table 2 presents the error matrix resulting from the PC-
NB prediction model. A relatively large resulting error of 
18.33% is obtained, which can be attributed to the loss of 
information in the reduction of the feature space by PCA.

At the next stage of the study, a model of Kohonen’s 
self-organizing neural network was synthesized. The neu-
rons in the input layer of the network correspond to the first 
five principal components resulting from the PCA analysis. 
Figure 6 presents a projection of the factor space defined 
by the self-organizing network. In this case, the green as-
terisks represent a projection of the experimental points or-

ganized according to the grid algorithm. The red points are 
the weighted positions of the neurons, and the gray lines ex-
press the metric measure of proximity between neighboring 
neurons – the squared Euclidean distance. Each grid element 
represents a model, a point projected within the feature space 
defined by the experimental data. Neurons compete to inter-
pret the experimental values as accurately as possible, with 
the “winning” neuron being the one for which the model 
most closely approximates the values of the input vector.

Figure 7 is a projection of the output layer of the Ko-
honen network – two-dimensional hexagonal map with di-
mensions of 10×10 neurons. The elements (neurons) in the 
output layer are determined according to the type of study.

The artificial neural network clusters the examined milk-
fruit samples into three distinct groups. Dark hexagons rep-
resent the “winning” neurons. Their area is proportional to 
the number of samples strongly associated with that element. 
Low-density units are assumed to be cluster limits.

Table 3 presents the confusion matrix, which reflects the 
overall classification error of the PC-SOM model. A total of 
8 samples were incorrectly predicted to belong to a group. 
One sample from group 2 was misidentified as part of the 
fruit-dairy products (group 1) and seven samples from the 
colored products were misclassified as part of group 1. In the 
specific case, Kohonen’s self-organizing network achieves 
a classification accuracy of 97.92% (with an error rate of 
2.08%). 

Kohonen’s artificial neural networks are a good option 
for analyzing high-dimensional experimental data. The out-

Fig. 5. Relationship between eigenvectors and their 
eigenvalues

Source: Authors’ own elaboration

Table 2. Confusion matrix

PC – NB
model

Actual Class ei, 
(%)FY TY CY

Predicted 
Class

FY 107 1 12 10.83
TY 10 110 0 8.33
CY 40 3 77 35.83

gi, (%) 31.85 3.51 13.48 18.33
Source: Authors’ own elaboration

Fig. 6. Self-organizing map weight positions
Source: Authors’ own elaboration
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put layer is a 2-D hexagonal map model, on which the an-
alyzed objects are grouped according to the grid algorithm.

In the present study of fruit yogurt, high classification ac-
curacy was obtained using PC-SOM. The proposed method-
ology can be applied to identify food products with varying 
ingredients, component ratios, and quality levels.

To perform a comparative analysis and select the 
best classifier, a neural network was synthesized. It has a 
three-layer structure with Tangent-sigmoidal and Softmax in 
the hidden and output layers, respectively. The number of 
input training vectors in the network is equal to the first five 
principal components, accounting for approximately 99% of 
the variation in the experimental data. Neurons in the output 
layer are coded in binary code combinations.

In percentage terms, the experimental database is divided 
as follows: 70% for training, 15% for validation, and 15% 
for testing.

Figures 8 and 9 present the error matrices for the synthe-

sized neural network during training and testing, respective-
ly. In the training process, three samples were misclassified 
as part of group 3 instead of group 1. When running the test 
set, one sample was misidentified, with the error again be-
tween fruit and unnatural colored products.

Fig. 7. Self-organizing map for dairy fruit samples
Source: Authors’ own elaboration

Table 3. Confusion matrix

PC – SOM
model

Actual Class ei, 
(%)FY TY CY

Predicted 
Class

FY 120 1 7 6.25
TY 0 119 0 0
CY 0 0 113 0

gi, (%) 0.00 0.83 5.83 2.08
Source: Authors’ own elaboration

Fig. 8. Summary confusion matrix for dairy fruit sam-
ples

Source: Authors’ own elaboration

Fig. 9. Confusion matrix for the test set of the back-
propagation artificial neural network

Source: Authors’ own elaboration
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Figure 10 presents the variation of the MSE error during 
training, testing, and validation of the network. The test and 
validation curves exhibit a similar appearance, characterized 
by a decreasing pattern of variation, with no overtraining of 
the network observed.

The overall training and test classification accuracies of 
the BP-ANN model are 99.2% and 98.1%, respectively.

3.2. Classification of multicomponent tea blends
A total of 350 tea samples from five types of multicompo-

nent mixtures were included in the study. Diffuse reflectance 
spectral characteristics were taken for them in the range from 
470 nm to 1010 nm of the electromagnetic spectrum.

Figure 11 shows the averaged spectral curves for the five 
types of tea blends. It can be observed that each of the five 
classes of analyzed samples exhibits a distinct spectral char-
acteristic.

Fig. 10. Plot of mean squared error (MSE) for  
the learning, test, and validation set of BP-ANN

Source: Authors’ own elaboration

Fig. 11. VIS/NIR spectral characteristics of five types  
of tea mixtures

Source: Authors’ own elaboration

Fig. 12. Eigenvectors, eigenvalues, and variance from 
principal component analysis
Source: Authors’ own elaboration

Fig. 13. Score cluster plot in the plane formed by  
the first and second principal components

Source: Authors’ own elaboration
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As a result of the experiment, a feature space of the type  
was formed, i.e., 2830 points were obtained from the spectral 
curves for each of the 350 analyzed samples.

For the formed database, the Principal Components 
Analysis method was applied to recalculate and reduce the 
number of qualitative characteristics accordingly.

The PCA algorithm yields 10 new determinants, whose 
informative value is represented in Figure 12. The first five 
principal components collectively account for 99.68% of the 
variation in the experimental data.

Figures 13 and 14 present projections of the analyzed tea 
samples in the planes formed by the first and second princi-
pal components, respectively.

A Bayesian classifier was synthesized, using the first five 
principal components as training vectors. From the error ma-
trix presented in Table 4, it is evident that the PC-NB model 
accurately identifies the studied tea samples with an overall 
error of approximately 40%.

At the next stage of the study, a predictive algorithm is 
sought to recognize the tested samples with higher accuracy. 
For this purpose, a PC model, specifically a Self-Organizing 
Map, has been implemented. The five eigenvectors calculat-
ed by PCA are selected as input vectors of the network. The 
output layer, with 15 × 15 neurons, is presented in Figure 15. 
Five distinct cluster groups formed, with 17 samples from 
class 1 (herbal blends) misidentified as part of class 4 (tea 
with fruit ingredients). Also, five samples from class 5 were 
misclassified. Two of these were predicted as part of class 2 
(black tea with lemon admixture) and three were misrecog-
nized as part of class 4 (fruit tea). The total classification 
error of the model is 6.3%. The predicted class affiliation of 
the analyzed tea samples is presented in Table 5.

Fig. 14. Score cluster plot in the plane formed  
by the second and third principal components

Source: Authors’ own elaboration

Table 4. Confusion matrix

PC – NB 
model

Actual Class ei, 
(%)CL 1 CL 2 CL 3 CL 4 CL 5

Pr
ed

ic
te

d 
C

la
ss

CL 1 70 8 0 22 0 30.0
CL 2 6 30 0 13 0 38.8
CL 3 0 1 45 14 0 25.0
CL 4 5 1 34 53 8 47.5
CL 5 4 11 14 0 11 72.5

gi, (%) 19.7 41.2 51.6 48.0 42.1 40.3
*” CL” – Class; gi – false omission rate; ei – false discovery rate 
Source: Authors’ own elaboration

Fig. 15. Clustering through tea data
Source: Authors’ own elaboration

Table 5. Confusion matrix

PC – SOM 
model

Actual Class ei, 
(%)CL 1 CL 2 CL 3 CL 4 CL 5

Pr
ed

ic
te

d 
C

la
ss

CL 1 83 0 0 0 0 0.0
CL 2 0 49 0 0 2 3.9
CL 3 0 0 60 0 0 0.0
CL 4 17 0 0 101 3 16.5
CL 5 0 0 0 0 35 0.0

gi, (%) 20.5 0.0 0.0 0.0 12.5 6.3
Source: Authors’ own elaboration
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Figure 16 presents the so-called unified distance ma-
trix. It helps to define the limits of the cluster groups on the 
source layer of the Kohonen network. Light colors repre-
sent highly interconnected objects, while dark colors signify 
more strongly differentiated elements, i.e., smaller and larger 
values for the squared Euclidean distance, respectively.

Figure 17 presents the error matrix for a synthesized 
PC-Backpropagation Artificial Neural Network. The net-

work identified tea samples with a total of three errors, with 
3 class 1 samples misclassified as class 4. The achieved clas-
sification accuracy of PC-BP-ANN is within 99.1%.

Summary information on the accuracy of the synthesized 
PC-NB, PC-SOM, and PC-BP-ANN for the two types of 
food products analyzed is presented in Figure 18. 

Intelligent classifiers, such as artificial neural networks, 
perform better than Bayesian classifiers. The highest accu-
racy in predicting class membership for both sample types 
was achieved using an artificial neural network with back-
propagation. 

4. Conclusion

Traditionally used instrumental techniques, compatible 
with computer technologies and modern data processing 
methods, lead to the creation of intelligent, adaptive sensor 
systems that can determine authenticity, degree of freshness, 
presence of impurities, and a number of other indicators that 
determine the quality of food products.

This publication presents a strategy for synthesizing a 
multisensory quality system that combines experimental 
data sets, mathematical approaches for extracting new, infor-
matively valuable features, and the development of intelli-
gent classifiers tailored to identify foods and beverages with 
different quality indicators.
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