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Abstract 
In the present paper two types of artificial neural 

networks adapted to recognize the multicomponent 
tea mixed with fruit ingredients are presented. 
Experimental study of tea samples is based on spectral 
analysis in the visible and near infrared region of the 
electromagnetic spectrum of light (VIS/NIR spectral 
analysis). In parallel with the spectral characteristics 
were measured and color characteristics and pH of 
the tea samples. Principal components analysis (PCA) 
is used to reduced high dimensional feature space to 
three specific factors. 

The results of neural networks: Backpropagation 
Artificial Neural Network (BP-ANN) and Kohonen's 
Self-organizing map (SOM) shows recognize the 
analyzed samples with an accuracy of 99.4% (error 
0.60%) and 98% (error 2%)., respectively.  

In this paper are considered basic methods for 
research the properties of multicomponent mixtures 
based multifactor statistical regression models. 

Keywords: VIS/NIR spectral analysis, principal 
component analysis, artificial neural network, self-
organizing maps, tea, regression models, mixture 
design, experiments with mixtures. 

I. NEURAL  NETWORK  FOR  IDENTIFICATION 
     OF MULTICOMPONENT MIXTURES OF TEA 

Tea is a beverage, which is obtained by brewing of 
various herbs, dried flowers or fruits of various plants. It 
is among the most consumed beverage in the world. 

The qualities of tea are determined by a large content 
of various organic compounds such as polyphenols, 
alkaloids, flavonoids, caffeine and others. The leaves of 
the tea plant contain many vitamins such as vitamin C, E, 
B1, B6, carotene, folic acid, and also the minerals - 
manganese, potassium, fluoride and etc. [3, 11, 17]. 

Traditionally, the quality characteristics of tea are 
determined by a combination of organoleptic analysis  

 
and conventional analytical instrumentation. These 
methods are costly in terms of the time and labor and 
also inaccurate for a number of reasons. 

The purpose of this paper is to synthesize and train 
artificial neural networks, in particular Backpropagation 
Artificial Neural Network (BP-ANN) and Kohonen's Self-
organizing map (SOM), to identify the types of tea with 
different fruit ingredients. 
 

MATERIALS AND METHODS 
This study used 500 samples of six different types of 

tea multicomponent mixtures purchased from market. 
Samples are pre-selected in six groups, each of which 
receives an identification code (label). The distribution of 
the tea samples in groups, and the label of each of the 
groups are presented in Table I. 
 

Table I. Grouping of tea samples 
Identification 
code (label) 

Number of 
samples Ingredients 

Cluster 1 50 

Chamomile, hibiscus, walnuts, 
almonds 
Dried fruits: papaya, passion 
fruit, melon, bigaradiya 

Cluster 2 60 Ceylon mélange tea 

Cluster 3 60 Green tea (Camellia sinensis), 
ginkgo biloba, lemon grass 

Cluster 4 60 Ceylon tea, lemon 

Cluster 5 120 Black tea, rose leaves (10%), 
rose flavoring (3%) 

Cluster 6 150 
Tea (Camellia sinensis), 
strawberries, raspberries, 
blackberries, blueberries 

* Information on ingredients and origin of the tea samples  
   is taken from the product label. 

The tea packages (2-3g) was put (from 3 to 5 minutes) 
in the distilled water, which is heated at 100°C 
previously. 
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So prepared samples were cooled to the room 
temperature 22-23°C, poured in 20 ml glass tubes closed 
and prepared for further processing.  

All samples of tea are prepared and stored under 
identical conditions. 

To determine the pH of the samples tested tea used 
digital pH-meter PH-201, the measurement was 
performed at the room temperature. 

Color characteristics of tea samples (L*, a*, b*, с*, h*) 
were measured by a spectrophotometer optic USB4000, 
equipped with a suitable sample holder and the 
necessary optics. In CIELAB color space, chromaticity 
coordinates of the samples are defined as follows: L* - 
illumination (relative brightness); 0 – to black color and 
100 – to white; 𝑎𝑎* - tone relation between the colors red 
(+𝑎𝑎*) and green (−𝑎𝑎*); 𝑏𝑏* - tone relation between the 
colors yellow (+𝑏𝑏*) and blue (−𝑏𝑏*); 𝑐𝑐* - color saturation; 
h* - color shade [8, 13]. 

Spectral characteristics of diffuse reflection in 
VIS/NIR range of the electromagnetic spectrum of light 
from 460 to 975,43nm are collected for all types of tea. 
Each sample is placed in a glass Petri dish with a diameter 
9 cm, height 1 cm, as the liquid fills 2/3 of the volume. 
The light source of the spectrophotometer (FO-THLS-
3100) is positioned 15 cm from Petri dish, and fiber-optic 
probe is placed at an angle of 45° to a height of 10 cm [3, 
11]. For each sample are measured five spectral 
characteristics of reflection. They were averaged to 
obtain one pattern. 

So acquired spectral characteristics are subject to 
preliminary processing where the curves are smoothed 
by the method of moving average defined with: 
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where: l is width of the line filter accepting odd values;        
iR  are values for spectral reflection (Reflection %) in the 

range 460÷975,43nm, for different wavelengths  λ. 
On the basis of performed measurements is obtained 

so-called matrix of experiment 275500X , which contains 
data about pH, color and spectral characteristics of 
diffuse reflection. 

Experimental matrix is subject to PCA-analysis 
(Principal components analysis), in order to reduce the 
factor space and extracting the most valuable 
informative signs characterizing the samples. 

The method of principal components analysis is a 
mathematical procedure in which a plurality of output 
probability of correlated variables is transformed into a 
smaller number of uncorrelated variables called 
principal components. PCA mathematically is defined as 
an orthogonal linear transformation that converts the 
output factor space in a new coordinate system so that 
the greatest variation for each projection data contained 
in the first coordinate called the first principal 
component. The amount of information not described 
the first principal component contained in the second 
and so on [11]. 

The reduction of dimensionality (number of features) 
for the method of principal components analysis is a 
projection of the objects studied by multidimensional 
space of signs in k-dimensional space factor. This 
transformation is a convenient way for graphical 
representation and interpretation of multifactor 
dataset. 

Self-organizing neural networks or called Kohonen 
networks (Self-organizing maps, SOM) are unsupervised 
learning system, which are able to present the 
multidimensional input space in 2-D space factor called 
self-organizing map (SOM). Kohonen networks having 
two-layer structure in which the first (input) layer 
contains as neurons, as are sign elements and the object 
and the output (second) layer is connected to each 
neuron of the input layer. The number of neurons in the 
output layer is determined by the operator [1, 12].  
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Fig. 1. Basic structure of the self-organizing map. 

(n –number of analyzed samples; r - Number of input variables - factors) 



20

 
№ 3 (3),  2021 

 
 
 

ISSN: 2682 – 9517 (print)         ISSN: 2683 – 0930 (online) 
 

 
 

              JOURNAL  OF  INFORMATICS  AND  INNOVATIVE  TECHNOLOGIES  (JIIT)    
 

Figure 1 present the basic structure of self-organizing 
neural network of Kohonen. 

Each node j (element) of the output layer, is 
connected to each element i of the input layer. The 
weight vector )(tW , consisting of weights )(t

ijW  presents 
the relationship between input and output layer and 
adaptive changes for each iteration t of the learning 
process. In the initial stage of training )(tW  is randomly 
and uniformly distributed in the architecture of the 
network. When the input of the network is submitted 
input vector data of each neuron of the output layer 
strive to achieve the greatest similarity with the 
elements of the input vector in the space of a predefined 
metric (Euclidean most often). The neurons of the 
output layer of the network, calculate the cumulative 
distance between its the weight coefficient of and the 
elements of the input vector, such as "winner" becomes 
this neuron whose weight vector represents the 
minimum distance to the corresponding input vector [1, 
9, 16]. 
 

RESULTS AND DISCUSSION 
Figure 2 shows the average spectral characteristics of 

diffuse reflection for six types of tea. In addition to 
characteristics of reflectance of tea samples, 
characteristics of color (L*, a*, b*, с*, h*) and the pH 
were measured. 
 

 
Fig. 2. Averaged spectral characteristics of six types of 

tea mixtures. 
 

Figure 3 is shown the location of tea samples in 
feature space generated by the first three principal 
components resulting from PCA - analysis are formed 

(with some overlap) six clusters corresponding to the six 
types of tea [13]. 

 
Fig. 3. Score cluster plot with first three principal 

components. 
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Fig. 4. Relationship between the number of principal 
components and the value of the eigenvectors. 

 
Figure 4 is presented the relationship between the 

number of principal components and the value of the 
eigenvectors, and the informative value of the first three 
principal components. The first three eigenvectors 
reflects the aggregate 97.87% of the variance of the 
output experimental data. Precisely this is the reason 
why they were selected as the inputs of the artificial 
neural network. 

PC 1 91,19 % 
PC 2 5,06 % 
PC 3 1,62 % 

Total: 97,87 % 
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A. BackPropagation Artificial Neural Network 
The classification of tea samples done is this paper 

used one-way feed-forward artificial neural network 
trained with the backpropagation method, using the 
Matlab (version R2015a). 

Backpropagation algorithm aims at minimizing the 
mean square error of the output of the network, which 
is carried out using a gradient procedure [1]. 

In this case, a multilayer perceptron is constructed 
with a three-layer structure consisting of an input, an 
hidden layer and an output layer, and is trained with 
backpropagation method. As activation functions in the 
hidden and output network layer are used respectively 
tangent-sigmoid function and Softmax function. The 
number of input neurons of the network is three 
corresponding to the first three most informative 
principal components obtained from PCA-analysis of the 
output test data. In the hidden layer of neuron network 
has three neurons, and in the output layer 6 neurons, 
corresponding to six different types of tea (Figure 5).  

 
To each of the six groups of tea corresponds one of 6 

neurons in the output layer network whose elements 
can take binary value 0 and 1. The unit position shows 
the belonging of a particular element (sample) for the 
respective cluster group (Table II) [11]. 

 
Table II. Encoding the elements in the output layer  

of the BP-ANN 
Neurons from the output 

layer of the network 
 

Binary mask 
Neuron 1 1 0 0 0 0 0 
Neuron 2 0 1 0 0 0 0 

Neuron 3 0 0 1 0 0 0 

Neuron 4 0 0 0 1 0 0 

Neuron 5 0 0 0 0 1 0 

Neuron 6 0 0 0 0 0 1 
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Fig. 5. Structure of an Artificial Neural Network. 
 

The percentage distribution of the experimental 
database is randomly as follows: 60% (325 samples) in 
training, 20% (100 samples) for validation, 20% (100 
samples) for test. Figure 6 illustrates the change of the 
mean square error training, test and validation of a 
neural network. Curves on validation and testing, has 
similar, decreasing trend. Indication of likely ineffective 
training would be the presence of a significant increase 
on test before the growth of validation curve [13]. 

 
Figure 7 presents a summary table of the errors 

(Confusion matrix), which shows the diagnostic accuracy 
of neural classifier [2]. The table of errors is seen that a 
sample of cluster 1 (with a volume 50 samples) is 
mistakenly identified as part of the cluster 5 and two 
samples of cluster 5 (with a volume 120 samples) were 
incorrectly classified in cluster 3.  

The total diagnostic accuracy of the network, 
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expressed as a percentage is 99.4%, i.e. BP-ANN 
committed an error within 0.6% [11]. 

 
 

Fig. 6. Amendment of the mean square error for the 
learning process, test and validation of ANN. 

 
 

 
 

Fig. 7. Confusion matrix. 
 

The percentage ratio between training, validation 
and test sample was changed experimentally in order to 
observe the change in the classification accuracy and 
neural network error. 

The MATLAB software package allows the network to 
be retrained if the obtained result does not meet the set 
accuracy requirements. The results obtained during 
training and retraining of the classifier with different 
percentage of input data are presented in Table III. 

 

Table III. Errors in dividing the input data into different 
percentages, with a fixed neural network structure 

 Ratio between training, validation and 
test samples 

 Training Retraining 

 Accuracy 
(%) 

Error 
(%) 

Accuracy 
(%) 

Error 
(%) 

70% (350 samples): 15% (75 samples):15% (75 samples) 
Training set (%) 94,6 5,4 98,0 2,0 
Validation set (%) 96,0 4,0 97,3 2,7 
Test set (%) 93,3 6,7 98,7 1,3 
Total Accuracy 
Network (%) 94,6 5,4 98,0 2,0 

65% (325 samples):15% (75 samples):20% (100 samples) 
Training set (%) 97,2 2,8 99,1 0,9 
Validation set (%) 96,0 4,0 97,3 2,7 
Test set (%) 98,0 2,0 100 0 
Total Accuracy 
Network (%) 97,2 2,8 99,0 1,0 

60% (300 samples): 20% (100 samples):20% (100 samples) 
Training set (%) 97,7 2,3 99,3 0,7 
Validation set (%) 93,0 7,0 100 0 
Test set (%) 95,0 5,0 99,0 1,0 
Total Accuracy 
Network (%) 96,2 3,8 99,4 0,6 

 
B.  Kohonen’s Self-organizing map (SOM) 

High-dimensional experimental feature space 
(500×275) is adapted to the self-organizing artificial 
neural network of Kohonen, where 500 are the number 
of samples analyzed and 275 – experimental quality 
features, as color descriptors, pH and the reflection data 
for different wavelengths λ. SOM has 275 input neurons. 
 

 
Fig. 8. Clustering through data learning by the self-

organizing map. 
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Figure 8 presents output layer of self-organizing 
neural network of Kohonen. It is a two-dimensional 
hexagonal card with size 10×10. The number of neurons 
in the network layer is determined by the operator in the 
Matlab programming environment. In this case, it is 
chosen structure 10×10 neurons in which achieved the 
best classification accuracy and best visual 
interpretation of the result achieved. 

Dark hexagons represent 'winners' neurons. Their 
size is proportional to the number of samples strongly 
associated with this element. Units with low density are 
considered border of clusters [13, 16]. 

Figure 8 shows that the network divides the tested 
samples of 6 cluster groups. There is overlap between 
the clusters 2 and 3. In this case, SOM mistakenly 
identified 10 tea samples. One sample is classified in 
cluster 3, instead of the cluster 6 and 9 samples were 
recognized as part of the cluster 2, instead of cluster 3. 
The total classification accuracy of artificial neural 
network is 98% (or error within 2%).  

 

 
 

Fig. 9. Projection of the factor space defined by the self-
organizing neural network. 

 
Figure 9 is projection of the factor space defined by 

the Kohonen network is presented. The green stars 
represent the experimental points organized according 
to the grid algorithm. 

The red dots are the weight positions of the neurons, 
and the black lines express the Euclidean distance 
between neighboring neurons. Each grid node is a 
prototype, a point designed within the feature space 
defined by the experimental data. Neurons compete to 
interpret the experimental values as accurately as 

possible, with the "winning" neuron being the one for 
which the model is closest to the values of the input 
vector. 
 

 
Fig. 10. Unified matrix of distances. 

 
Figure 10 is presented the so-called. a Unified matrix 

of distances, which is determined by the neural network 
after the learning process. The U-matrix reflects the 
connections (distances) between the neurons of the 
network. The gray hexagons represent the neurons of 
the network, and the red lines are the connections 
between them. The different distances between the 
neurons of the network are reflected and the 
connections between them are colored in different 
colors. Light tones correspond to close distances (i.e, 
close connections between neurons), and dark colors 
mean long distances [12].  

Thanks to this methodology, it is possible to 
determine the boundaries of the clusters defined by the 
self-organizing neural network. 
 

II. MULTICOMPONENT ANALYSIS OF BASIC PHYSICO 
CHEMICAL PARAMETERS OF BULGARIAN YOGHURT. 

 
Modern food production is characterized with 

multiparametric composition on the technology of the 
product. Requirements for quality and safety of products 
require the compilation of reliable multifactor models. 
This requires the use of methods for assessing the 
parameters of the research object, optimization of 
specify qualitative and quantitative characteristics and 
study of their relationship with different instrumental 
and experimental factors. 

The task of optimization of products focuses on 
modeling mixture through a finite number of 
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experiments. 
The purpose of modeling is to clarify the influence of 

individual components on the quality of food to provide 
for the nutritional properties of the finished product, 
and create a product with optimal quality characteristics 
[4, 10]. 

In the present paper is committed multi-parameter 
study of mixtures in a specific task to investigate the 
effect of adding fruit mixture on basic physicochemical 
parameters of Bulgarian yoghurt. 

Statistical optimization of products in the food 
industry uses the analogy of the problem of the synthesis 
of multicomponent mixtures in many other areas - 
metallurgy, medicine, chemical industry and others. The 
research product is presented as the sum of its 
constituent components. The total quantity of mixture is 
taken to be equal to one (or 100%): 
 

,1
1




q

i
ix   10  ix , (i = 1, 2, … ,q)              (2) 

where: xi is i – th component in the mixture, q – total of 
the components constituting the mixture. 

These conditions determining factor space, require 
special coordinate system for presenting 
multicomponent mixture. It is called barycentric 
coordinate system or simplex diagram of  the 
composition  of  the mixture. It consists of (q-1) - 
dimension simplex defined area of change components 
(factors). For a three-component mixture barycentric 
coordinate system is an equilateral triangle presented in 
Figure 11 [7, 14].  

Experimental-statistical, simplex centroid plan for a 
three-component mixture is presented in Table IV. 
 

Table IV. A simplex centroid design for a mixture 
system with three components. 

№  Components Coordinates Response 
𝒙𝒙𝟏𝟏 𝒙𝒙𝟐𝟐 𝒙𝒙𝟑𝟑 y 

1 1 0 0 (1, 0, 0) y1 
2 0 1 0 (0, 1, 0) y2 
3 0 0 1 (0, 0, 1) y3 
4 0.5 0.5 0 (0.5, 0.5, 0) y12 
5 0.5 0 0.5 (0.5, 0, 0.5) y13 
6 0 0.5 0.5 (0, 0.5, 0.5) y23 
7 0.33 0.33 0.34 (0.33, 0.33, 0.33) y123 

 

Simplex-centroid plans are saturated plans, i.e. the 
number of coefficients of the model is equal to the 
number of experiments in the plan.  
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Fig.11. Simplex - centroid baricentrical diagram of a 
three-component mixture. 

 
Based on symmetrical coordinates of the model in 

barycentric coordinate system (Fig.11) are derived 
formulas for calculating the coefficients of the 
polynomial model [10].  

The used model in our study is aligned cubic 
polynomial: i.e incomplete polynomial of third degree 
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where: ŷ a predicted value for research property, bi, bij 
and  bijk are regression coefficients. 

Coefficients of a mathematical model are obtained by 
replacing in equation (3) the coordinates of a point of the 
plan and the respective experimental value of the index 
y [4, 6]. 

After obtaining regression equation is necessary to 
verification of the mathematical model. For this purpose 
they performed additional L (control) and the experience 
is determined experimentally properties of the mixture 
there in yu (u = 1,2,…,L). The number of control points L 
is usually chosen by 4 ÷ 6. The residual variance is 
determined by the expression: 
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where: yu and ŷu are respectively experienced and modal 
value of the property of the mixture y in control points 
u. 
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For determining the variation of the experiment is 
carried out n parallel experience in one of the points of 
the plan or any of the additional points. 

Reproducibility variance is: 
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Verification of adequacy is performed by Fisher  
criterion: 

   
s
sадF 2
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  .        (7) 

 
Samples to be analyzed are structured in three 

separate groups. The first group is composed of the 
experimental samples, which consist of yoghurt (80%) 
and fruit pulp (20%) of the strawberries - x1,       
raspberries - x2 and blueberries - x3. The third group of 
35 samples of different brands of fruit yogurts bought 
retail chain. The fruits are finely pureed and pasteurized. 

For obtaining experimental data, according to the 
statistical plan are prepared seven types of mixtures. 
First three mixtures were prepared by adding each of the 
types of fruit puree separately. The next three mixtures 
satisfy the two-component mixture, i.e. fruit ratio is 
50:50% and the final mixture is a three-component, i.e. 
fruit puree were mixed in equal proportions 33: 33: 34%. 
 

Dry matter is related to the content of protein, fat, 
carbohydrates and minerals in the product. By definition 
Brix degrees represent percentages by weight extract 
identified as equivalent to the sucrose content in the 
solutions or mixtures, i.e: 1°Brix=1g saccharose /100g 
solution=1% sugar solution. 

In this study the total soluble solids, expressed as the 
equivalent of sucrose is determined by a digital 
refractometer HANNA, HI96-801, at a temperature of 
20°C.  

To determine the pH of the analyzed samples used 
digital pH-meter PH-201. 

The color is the main organoleptic characteristics 
associated with quality and perception of food. To 
determine the color characteristics of the fruit yoghurts 
(L*, a*, b*, с*, h*) is used fiber-optic spectrophotometer 
USB4000 company Ocean Optics, equipped with a 
suitable sample holder, and the necessary optics [10]. 

The spectrophotometer is connected to a personal 
computer and specialized software (Spectra Suite), by 
which the data obtained are recorded in digital and 
graphic form. Software may change the number of 
repetitions waive the features, the number of averaged 
to obtain a spectrum step of scanning and frequency 
range. 

Table V presents the values of the studied physico-
chemical indicators of the fruit yogurt obtained 
according to accepted experimental and statistical plan 
(Table IV). 

 
Table V. Basic physic-chemical parameters of fruit mixture 

№ on 
sample x1 x2 x3 pH °Brix L* a* b* c* h* 

1 1 0 0 4.24 7.94 37.96 1.56 23.85 23.9 1.51 

2 0 1 0 4.17 7.40 48.71 2.33 18.13 18.28 1.44 

3 0 0 1 4.22 7.40 46.33 0.18 16.72 16.72 1.56 

4 0.5 0.5 0 4.20 7.76 43.04 4.59 15.98 16.63 1.29 

5 0.5 0 0.5 4.28 7.72 33.74 4.58 10.18 11.16 1.15 

6 0 0.5 0.5 4.21 7.52 36.29 5,.03 12.68 13.64 1.19 

7 0.33 0.33 0.34 4.25 7.56 43.04 3.64 10.73 11.33 1.24 

𝑥𝑥1  – strawberries puree; 𝑥𝑥2  – raspberry puree;𝑥𝑥3  – puree of blueberries; a* - color coordinates on the axis, 
corresponding to the red-green color, according to standard CIELAB; 𝑏𝑏* - color coordinates on the axis corresponding 
to the yellow-blue; 𝐿𝐿* - relative brightness (brightness); с* - saturation; h* - hue. 
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Fruit purees used to make fruit yogurts affect the 
pH and color characteristics. In Fig. 12-15 show simplex 
isolines for the characteristics of pH, a*, b* and soluble 
solids. Physico-chemical parameters of other two 
groups also differ samples (Table V). Total sucrose 
content trademarks fruit yogurts is the highest that 
could be explained by further adding sugar production 
conditions or a different sort the fruit. The acidity of 
the tested samples ranged in very small ranges. 

 
Fig. 12. Mixture design for pH. 

 

 
Fig. 13. Mixture design for soluble solids (TSS, °Brix). 

 
On the basis of experimental-statistical plan and the 

experiments are derived mathematical regression 
models for the content of soluble solids, pH and color 
characteristics. 

The obtained coefficient of determination R2 for the 
models from Table VI is not less 0.97. These 
coefficients of determination shows that the selected 
factors significantly affect the resulted sign, which 
confirms the correctness of their inclusion in the 
experimental - statistical model [13]. 

 
Fig. 14. Mixture design for color descriptor a*. 

 

 
Fig. 15. Mixture design for color descriptor b*. 

 
Table VI. Regression models. 

ŷ1(pH)=4.24x1+4.17x2+4.22x3+0.02x1x2+0.20x1x3+0.06x2x3+           
+0.36x1x2x3 
ŷ2(°Brix)=7.94x1+7.40x2+7.40x3+0.36x1x2+0.20x1x3+0.48x2x3-             
-3.66x1x2x3 
ŷ3(L*)=37.96x1+48.71x2+46.33x3-1.18x1x2-33.62x1x3-44.92x2x3 
+204.24x1x2x3 
ŷ4(a*)=1.56x1+2.33x2+0.18x3+10.58x1x2+14.84x1x3+15.10x2x3 
-59.91x1x2x3 
ŷ5(b*)=23.85x1+18.13x2+16.72x3-20.04x1x2 - 40.42x1x3-
18.98x2x3 -0.27x1x2x3 

 
For the assessment of practical suitability of 

regression equations are been made additional 
attempts at random points experimentally-statistical 
plan [4]. On the basis of conducted an additional 
experiment were obtained dispersion and dispersion 
adequacy of the experience as follows:  
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42 10.25,3)( pHsад  and 42 10.2,2)( pHs ;            (8) 

00141,0)(2 Brixo
адs  and 012,0)(2 Brixos                (9) 

 
The calculated values Fisher’s criteria are 

respectively 49,1)( pHF  and 118,0)( BrixF o . Both 
values for Fisher’s criteria are smaller than the critical 
Fcritical = 6,39 for degrees of freedom υад=4 и υε=4 level 
of significance α=0,05. Therefore deduced based on 
experimental- statistical plan regression models were 
adequate and could be used to predict the values of 
soluble solids and pH at fruit mixtures [10]. 
 

 
Fig. 16. Optimal region of change pH and total soluble 

solids. 
 

Figure 16 shows region of change for the 
characteristics of pH and total dry matter content is 
presented, graphically constructed according to set 
indicators, as follows: 

 
pH = [4.18÷4.25],    TSS (°Brix) = [7.5÷7.8]. 
 
For each point in the range considered, both the 

quantitative values for the components of the mixture 
and the indications for the qualitative characteristics of 
the product can be determined. In Fig. 16. two 
arbitrary points from the optimal region are 
determined. 

Results from the analysis of samples by the Principal 
Components  Analysis (PCA) are shown in Figure 17 and 
Figure 18 [10, 13]. 
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Fig. 17. Principal Components Analysis. 
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Fig.18. Principal Components Analysis. 

 
CONCLUSION 

This paper presents an approach for synthesis and 
training of neural classifiers for identifying different types 
of tea with fruit ingredients based on Backpropagation 
Artificial Neural Network and Kohonen's Self-organizing 
map. The experimental study includes collected spectral 
characteristics in the range 460÷975,43nm, 
measurement of color and pH of the tea samples. The 
resulting high rate of accuracy confirms the successful 
realization for classification task [11]. The proposed 
methodology could be seen as an opportunity to identify 
the different types of tea with different ingredients, 
geographic origin and ratio of the components. 

In the present article discussed the influence of three 
types of fruit purees on basic physical-chemical 
parameters of Bulgarian yoghurt. Based on experimental 
and statistical simplex centroid plan for analyzing 
mixtures are derived adequate regression equations that 
could be applied to predict and obtain fruit yogurts with 
desired physic-chemical characteristics (pH, soluble 
solids, color) [13].  
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