
43

 
№ 2 (3),  2021 

 
 
 

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

 

 

              JOURNAL  OF  INFORMATICS  AND  INNOVATIVE  TECHNOLOGIES  (JIIT)    
 

STUDY  AND  DESIGN  OF  SIMPLE NEURAL CLASSIFIERS 
FROM TYPE PERCEPTRONS: A case of two-class classification 

Chavdar Damyanov 

IIIT - Plovdiv Tech Park PLC, 14 Valko Shopov Str., Plovdiv-4023, Bulgaria 
chavdam@yahoo.com 

Abstract — Some of the important technological 
aspects of the classification are highlighted in the 
article and an attempt is made to trace the path of 
construction of simple classifiers. Despite its 
simplicity, the perceptron allows training and 
solving quite difficult problems with classification 
and is the main building block in multilayer neural 
networks. 

A methodology for direct construction of four 
types of recognition systems is presented, in which 
after the construction of a hyperplane dividing the 
whole space of the characteristics of the regions, 
each of which belongs to a separate class, the 
recognition system automatically generates the 
classification decision. The advantage of the 
proposed recognition structures is that they are built 
only of linear and relay elements. 

The results of the research can be used as a 
practical recommendation for the selection and 
construction of recognition systems. 

Keywords — pattern recognition, single-layer and 
multilayer perceptrons, simple classifiers, feature 
selection, analysis and evaluation of errors. 

I. INTRODUCTION 
During the last twenty years when solving numerous 
problems in the field of automatic control, robotics, 
artificial intelligence and other fields of science and 
technology, there is an increasingly necessary to 
connect them with parallel tasks of recognition and 
classification of various objects, images, scenes, 
situations, etc. based on the use of pattern recognition 
(PR) methods. As an independent scientific field, image 
recognition was formed in the 60s of the last century, 
when the first attempts to create a mathematical 
theory of recognition began. The most difficult 
question in any theory is how to practically apply the 
available tools. In fact, image recognition covers a very 
wide range of problems and cannot be encompassed 
by a single theory or universal method. Pattern 

recognition is used to solve engineering problems, as 
well as problems in geodesy, meteorology, diagnostics, 
transport, radio astronomy, seismology, finance, or, 
for example, in modeling brain functions in 
neurophysiology and psychology. To some extent, the 
task of recognition has a dual character (duality) with 
the task of identification, as well as with the theory of 
evaluation, adaptive control and other scientific fields, 
with which there are many things in common and 
mutual overlap, which makes pattern recognition a too 
interdisciplinary science and theory, difficult to apply 
to a unified methodology and general scientific theory. 
Under duality it is perceived the property of internal 
symmetry, inherent in a number of theories and 
expressed by the interchangeability of some basic 
concepts [8]. The object (image) serves as a starting 
point in the recognition. Almost always, a preliminary 
(a priori) idea of the object of study is formed at the 
very beginning. The pattern as such is postulated as 
formed by simple standard elements, which are chosen 
in accordance with the "physical" nature of the studied 
objects. Abstract symbols, relationships or functions 
can be used as such elements, but the role of these 
elements can lead to identical structures. The etiology 
of the term "pattern" allows interpretations, but in this 
work it is assumed that the starting point is the object, 
present with its various form of patterns (visual, 
acoustic, olfactory, tactile, etc.). 
The distinction between objects is called classification. 
In every study there is often a classification, i.e. the 
reference of the studied object to some already 
studied objects. In the classification, attention is paid 
only to individual aspects of the studied object. The 
wording "reference of the object under study to some 
already studied objects" leads to the idea of a class that 
unites in a group some individual objects and to the 
presentation of recognition as identification of the 
object as an element of a certain set, i.e. as a process 
of matching different elements from one set to the 
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same elements from another set. 
The task of pattern recognition (classification) comes 
down to assigning a corresponding pattern/image to 
one of the predefined belonging classes. It is essentially 
close to the discrete analogue of the tasks for finding 
an optimal solution, in which some, usually 
inhomogeneous, but can also be blurred, inaccurate 
and/or incomplete information should be established 
whether the studied object has a fixed finite set of 
properties that allow it to be assigned to a certain class 
or to a finite set of sufficiently homogeneous processes 
[2,6,10]. People have unusual abilities in the field of 
classification, they are relatively good at defining rules 
that recognize one, two and even three classes, but 
with three or more classes, they begin to find it difficult 
to cope with the interactions between them. In 
contrast, the use of recognition systems (RSs) is often 
required in contexts where classification among 
dozens of classes is sought. This is especially evident in 
the synthesis of the recognition systems themselves. 
As a unique class of systems, RSs also contain 
interdisciplinary elements of adaptive, optimal, 
distributed, nonlinear and biological systems. They are 
used in very important engineering applications of 
robotics, medical and technical diagnostics, 
classification, forecasting, identification and in a 
number of other current fields of science and 
technology. On the basis of RS a wide range of 
commercial products is realized in the field of image 
analysis, video and sound recording, symbol 
recognition, speech, biomedical instruments, data 
transmission, signal processors, scanners, modems, 
etc. Expectations in the near future are for exponential 
growth of the list of products, as well as for expanding 
the areas of application. In this paper, some of the 
important technological aspects of the classification 
are highlighted and an attempt is made to trace the 
path of construction of simple classifiers. The definition 
of "simple" for classifiers is usually used when it 
concerns their structure as a structure or type of 
classification task to be solved. In this case, this applies 
to both. The proposed classifiers have a simple 
technical implementation and solve the simplest 
classification problem - classification in two classes. 

                                                           
1 In general, the synthesis of the optimal control is reduced 
to the construction of a hypersurface of switching, which 
divides the hyperspace into two parts of the sign constancy 
of the control. Difficulties in constructing a hypersurface 
switching have been reported in a number of publications 

II. HISTORICAL AND METHODOLOGICAL NOTES 

Historically, the foundations of the theory of PR and 
future neural networks were laid in the work of 
McCulloch and Pittts [22] in 1943. In retrospect, the 
emergence of neural networks (NNs) began within the 
framework of linear threshold logic [18,20,24]. The 
American scientists McCulloch and Pittts in 1948 
proved the theorem that every logical function is 
represented by some network of linear threshold 
elements. The next step was taken by the American 
scientist Frank Rosenblatt in 1957, who experimented 
with training his so-called perceptron for pattern 
recognition. The perceptron invented by F. Rosenblatt 
is essentially a linear threshold automaton [30]. Its 
extreme simplicity and possibility for technical 
realization provokes far-reaching optimistic forecasts 
and, along with the unusual and intriguing name 
"perceptron", immediately triggers the interest of 
scientists. However, the lack of a training methodology 
for multilayer perceptrons soon narrowed the 
potential for their application. Attempts to improve 
perceptrons by individual researchers in the 1960s did 
not lead to noticeable positive results. This mainly 
concerned the lack of their ability to extrapolate, ie. 
poor recognition ability for objects outside the training 
sample. It is also necessary to note the analogy with 
the synthesis of the switching line by segmental-linear 
approximation in the problem of optimal control. The 
realization of the function switching the optimal 
control can be realized in many ways, as one of the 
most effective is the method of the sign-equivalent 
functions of L. Gunchev [13], based on a model 
identical to the perceptron1. 

One of the pioneers of Artificial Intelligence (AI), the 
prominent American scientist Marvin Minsky, 
considering the problem of what part of the Boolean 
functions (of n variables) can be represented by 
functions realized with neural networks, came to the 
conclusion that every finite machine – (finite-state 
machine) is equivalent to a neural network (NN), which 
can be considered a black box and will be exactly as the 
finite machine. Moreover, M. Minsky comes to the 
interesting and little-expected fact that the opposite is 

and various techniques have been presented to achieve 
results close to the optimal ones, but with simpler 
approximately optimal control structures [5] or other 
approaches [26,27]. 
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true: Each NN can be considered as a finite state 
machine.  
It should be noted, however, that M. Minsky himself is 
also part of the group of scientists who do not have 
high expectations for NN. One of his criticisms 
concerns the impossibility with one perceptron to 
realize a linear separability of a simple binary function 
f(s1, s2), realizing a two-input exclusive “OR” [23].  
Having 4 points lying in one plane, in the two-
dimensional case there is no linear separation. This is 
actually the popular configuration of exclusive OR - 4 
coplanar points in one plane (Fig. 1), in which it is not 
possible to draw a single line dividing the data space 
into two subspaces, one of which correspond to area 
 + and the other to  -. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Linear inseparability of a simple binary function 
f (s1, s2), realizing a two-input switching "OR" 
 
This example and the mathematical substantiation of 
some of the limitations of the perceptrons in [23] cause 
a cooling and stagnation of interest in NM in scientific 
circles. It was only after 1983 that research on neural 
networks again drew the attention of the scientific 
community to neural networks after the funding of 
defense research projects - DARPA [9]. Later H. -
Nielsen substantiated the approximation properties of 
multilayer perceptrons [15,16,25] and with a number 
of other researchers (Kohonen, Grossberg, Anderson, 
Hopfield,…) [11,17,38,39] considered different neural 
structures and closely approach the idea of NN. 
Despite the obvious simplicity of the single-layer 

perceptron (SLP), there is no universal SLP. Learning 
SLP through various adaptive optimization techniques 
leads to a large family of linear classifiers [29,40]. It can 
be assumed that linear classifiers arise with the theory 
of perceptrons [2,10,14].  
The single-layer perceptron (SLP) is the key element 
component in the multilayer feedforward networks 
used to solve more general problems, such as 
nonlinear models in the real world. 
The artificial neuron/perceptron takes a set of numeric 
values 𝑢𝑢𝑘𝑘 as input and converts them into one output 
value V: 

𝑉𝑉 = 𝛴𝛴𝑘𝑘=1
𝑛𝑛 𝑤𝑤𝑖𝑖,𝑘𝑘𝑢𝑢𝑘𝑘 + 𝑤𝑤𝑖𝑖,0, 

which is a highly simplified modeling of the biological 
neuron in the manner shown in Fig.2. 
 
 

 
Fig. 2. Artificial neuron model 

Basically, a neuron is simply a linear regression 
function with many inputs, the difference between the 
two being that in a neuron, the output of a multi-input 
linear function is transmitted through another 
activating function. The activation function performs a 
nonlinear conversion of the multi-input linear 
regression function of the output. The activation 
functions used in the perceptron are the Heaviside 
function: 

𝑈𝑈 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝑉𝑉) = {0, 𝑖𝑖𝑖𝑖  𝑉𝑉 ≤ 0
1, 𝑖𝑖𝑖𝑖  𝑉𝑉 > 0   (1) 

or sign - function: 

𝑈𝑈 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝑉𝑉) = {−1, 𝑖𝑖𝑖𝑖  𝑉𝑉 ≤ 0
1, 𝑖𝑖𝑖𝑖  𝑉𝑉 > 0  (2) 

The next logical connection is the creation of multilayer 
perceptrons, which become the basis on which 
artificial neural networks are built. The neural network 
consists of a set of neurons that are connected 
together, grouped in layers (Fig. 3). The layered 
network has three types of neuronal layers: input 
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layer; one or more hidden layers and an output layer. 
This network is considered a fully connected one-way 
network because each neuron is connected to all 
neurons in the next layer in the network and the 
information flow is directed from the input to the 
output.  
 

 
 
Fig. 3. Typical NN architecture (Multi-layer perseptron 
- MLP). 
 
When training multilayer NNs for activating functions, 
it is more appropriate to use the monotonically limited 
logistic sigmoidal function with non-negative outputs 
or the tangent-hyperbolic function: 

𝑈𝑈 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝑉𝑉) = 1/(1 + 𝑒𝑒𝜆𝜆𝜆𝜆);   (3) 

𝑈𝑈 = 𝑡𝑡𝑠𝑠ℎ(𝑉𝑉) = (1 − 𝑒𝑒−𝜆𝜆𝜆𝜆)/(1 + 𝑒𝑒−𝜆𝜆𝜆𝜆), (4) 

where λ is a parameter reflecting the slope of the 
curve. 
These functions take any value between minus infinity 
and plus infinity and convert it to a pre-limited output 
range. For sgn - function the range is from 0 to 1, and 
the function tgh is from -1 to 1 (Fig. 2). These nonlinear 
activation functions are differentiable and allow the 
network to learn much more complex nonlinear 
functions.  
The practical application of neural networks began 
after the publication of the method of training a 
multilayer perceptron by Rumelhart et al. [31], which 
they call error back-propagation (BP) and which 
became the most common technique for training NN. 
The training of the neural network consists in finding 
the right weights for the connections in the network. 
The BP algorithm is a gradient-type back-propagation 
optimization algorithm. It is controlled by the 

initialization of the weights, the number of iterations 
and the training step parameter. There are various 
ways to manage the learning process, described in the 
literature [14,25], related to the cost function and the 
optimization techniques used. The latter include 
second-order gradient methods, such as Newton's 
method and its modifications or approaches borrowed 
from multicriteria (vector) optimization, such as those 
described in [3,4].  
Currently, different types of neural networks are 
created by changing the number of layers, the number 
of neurons in each layer, the type of activating 
functions used, the direction of connections between 
layers, the training method and other parameters 
(recurrent, self-organizing, probabilistic, ART, etc.). In 
the last 10 years, NN with deep training have been 
especially attractive and relevant. These are neural 
networks that have many hidden layers, and their 
depth is relative to the number of those hidden layers 
they have.  
Currently, neural networks have a wide practical 
application in a wide variety of areas. Artificial 
intelligence, and in particular NN, is responsible for 
interpreting and inspiring human cognitive functions 
related to the processing of information in the brain 
and including functions such as recognition, 
understanding, decision making, memorization and 
self-learning, all abilities inherent in humans. 
 
III. TECHNOLOGICAL ASPECTS OF THE CLASSIFICATION  
Data preparation. Data preparation requires a certain 
expertise, which begins with the selection of data 
sources, prevention of manipulation and achieving 
maximum reliability. The ultimate goal of data 
preparation is the formation of a statistically 
representative sample. Usually there is a set of objects 
based on which the representative sample is made. In 
practice, the available survey objects are divided into 
two parts: a training (draft, learning) sample Q, which 
is used to train the classifier, and a test (control) 
sample T, which is used to assess the actual level of 
accuracy achieved by the classifier. The two samples 
are formed by a selected methodology or randomly, 
but must have a common basis i.e. to have a close 
probability distribution and to be from one general 
population (batch). As a rule, the training and test sets 
should not have common elements. In some cases, a 
third - validating sample V is formed, which is used for 
additional more precise validation of the RS 
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parameters. The ideal case is when sufficiently large 
samples are available, because large samples lead to 
greater accuracy of approximation in training. In 
practice, this raises the important question: What 
should be the dimensions (volumes) of the samples Q 
and T? This problem is much discussed in the literature, 
but here, without going into mathematical details, will 
be given the result of research in [2,8,11,36], made 
with a normal distribution of data. Estimation of the 
accuracy of the work of a classifier is given by tests in 
which the ratio m/n is large enough (m is the number 
of input data and n is the dimension of the input 
vector). The analysis and the performed simulations 
show that m/n should not be less than 20. This 
condition defines the training sample as small, if m/n 
<20. It is intuitively clear that for the improvement of 
the generalizing capabilities of RS it is necessary not 
only to optimize the structure in the direction of 
minimization, but also to be able to operate with large 
enough data samples. Theoretically, V.N. Vapnik [36] 
derived a criterion providing empirical risk 
minimization (the measured level of errors in the 
trained RS) at a given volume of the training sample.  
It is generally assumed that the classes are present in 
the sample with equal parity. This means that the 
number of samples in each class is the same. 
Unbalanced classes create certain difficulties in the 
training of the classifier and require additional 
resources. To deal with class imbalances, see for 
example [37]. More information about imbalanced 
data classification can be found in the articles 
[1,19,21].  
Preliminary data analysis is the first important step in 
any empirical study. Careful study of the data 
summarized in the sample is a guarantee for the 
construction of a reliable model, allowing to extract 
maximum information about the studied objects [2]. 
The information from the data is analyzed and 
evaluated in terms of the goals and objectives of the 
recognition (diagnostic) system. The composition of 
the information can be divided into two parts: relevant 
and irrelevant, or information related and not related 
to the task.  
The irrelevant component of the information is 
undesirable for the recognition process. It is a 
consequence of side disturbances, noise, fluctuations 
and other reasons that prevent the possibility of 
achieving a more adequate model to the image - the 

original. As a rule, irrelevant information reduces the 
recognition ability of the RS and should be eliminated 
(filtered) in subsequent processing of the information. 
It is also one of the main sources of recognition errors. 
Relevant information is differentiated by usefulness 
(value) depending on how much one or another part of 
it contributes to the more effective achievement of 
goals. The raw data are subject to the influence of 
random factors, inaccuracies, and errors in their 
registration, as well as the need to combine numerical 
and categorical parameters, etc.  
As noted above, data generated as a result of 
disturbances in the measurement process or random 
events are considered irregular. All those data that do 
not correspond to the normal modes of operation and 
state of the process are invalid. Such data should be 
removed or interpolated.  
The primary processing of the data sample usually 
begins with the so-called "normalization" and is 
performed by applying linear or nonlinear data 
transformation. Normalization also includes that in the 
presence of categorical variables, they must be 
converted to numerical ones.  
In real diagnostic tasks, real data belong to some 
limited area and their numerical values must be scaled 
to the appropriate level. Most software products 
(Matlab, Femlab, ST, etc.) automatically scale the 
parameters, converting their numerical values into the 
required range.  

Synthesis of features. Small computing resources are 
associated with simple algorithms that are faster and 
more productive. The requirement for complex 
algorithms is primarily related to the need for highly 
precise and powerful classifiers, in which the quality of 
the classifier is determined by the high accuracy of 
classification. The alternative assessment of the 
recognition power and power of the classifier is 
determined by the level of total error generated by the 
classifier. The synthesis of signs takes place in two 
stages: 
 - Feature selection. 
 - Feature extraction.  
In the first part, a certain set of the most informative 
features forming the space of features should be 
created and selected. "Feature space formation" 
means an operation that aims to simplify the work of 
analyzing data. This is an important step, as only those 
features are selected that carry the most (in terms of 
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quantity) and most useful (in terms of value) 
information for further division into classes. 
In the synthesized group of features, not all are 
necessarily useful for the classification task. There may 
be unnecessary or even inappropriate signs between 
them. The process of selecting features in practice 
comes down to finding the most informative and 
compact subset of features.  
Here the main limitations are reduced to the 
separation of features that more economically 
describe the classes and at the same time to the 
features that effectively divide the classes. It is natural 
to separate signs that are a combination of these two 
limitations. At the same time, the calculations of the 
features are strictly limited in time, which is imposed 
by the real-time nature of the work of the classifiers. If 
possible, the features should not contain non-linear 
operations (rooting, logarithm, etc.), use intermediate 
results, for example, some features should be 
components of other features, etc.  
From an engineering and practical point of view, the 
selected features must be: a) If possible limited, not 
large number; b) Simple in configuration and 
calculation; c) Convenient for computer classification 
and storage. 
The main problem in synthesizing features is that there 
is no universal approach and formal rules that allow 
the formation and selection of such features that are 
best with a selected criterion for the quality of the 
classifier. The synthesis of features is conducted 
empirically, where many of the selected strategies are 
suitable only for the specific case. This is mainly due to 
the fact that the choice of features is largely 
determined by subjective and heuristic assessments of 
their significance (usefulness). The compiler of the 
features must have an insight into how useful each 
proposed feature is and how its description will extract 
valuable information from the raw data. Emphasizing 
the term insight means that it must have the available 
capacity for knowledge of the problem under study.  
The exact solution to the problem of finding a minimal 
subset of features involves the complete combination 
of all possible groups of features, which is not as 
laborious as a process that takes too long. If r has a few 
features, the number of possible combinations of 
feature groups, each of k number of elements 
(features) without repetition is: 

𝐶𝐶𝑟𝑟𝑘𝑘 =
𝑟𝑟!

𝑘𝑘!(𝑟𝑟−𝑘𝑘)! .      (5) 

The total number of all combinations of subsystems 
𝐶𝐶𝑟𝑟𝑘𝑘  at large values for r and k makes it practically 
impossible to implement all combinations. For 
example, in a selected variant of the 12 most 
informative groups of features out of 24 available 
traits, according to (5) all possible combinations 
amount to 1,352,078.  
Most often, in practice, heuristic methods of 
consistently improving estimates are used, which 
significantly shorten the scheme of complete 
combination. A forward or reverse step-by-step 
procedure is used [6]. In the initial system of features 
it turns out that most of them are interdependent, as a 
result of which the value of a feature changes 
depending on what set of features it is combined with. 
Therefore, such procedures are only close to optimal. 
According to some authors [2,10,17], only the 
complete combination leads to optimality, for the 
stated reason that sometimes self-informative 
features, but strongly correlated with each other, can 
form a few informative features. Other authors believe 
[36,38] that the most informative subsystem of 
features is found with the help of algorithms that 
implement a procedure of random search with 
adaptation, by "encouraging" and "punishing" the 
individual features by changing the probability of their 
inclusion in a subsystem. When solving practical 
problems, good convergence is obtained with a small 
number of features (k ≈ 8 ÷ 12). The synthesis of the 
most informative set of features comes down to the 
selection of features that better describe a class than 
others and that effectively separate the tracks. 
The task of feature quality is inextricably linked to the 
second stage - Feature extraction, which is aimed at 
achieving a minimum description of the feature space, 
ie. to reduce its dimension. There are many methods 
for reducing the feature space, such as the Method of 
principal components, Wavelet transforms, etc., which 
have the potential to fundamentally change this 
situation.  
One of the most common methods for reducing the 
dimension of the feature space is the "Principal 
Component Analysis -PCA" [8,10]. The purpose of this 
method is to determine the main directions of the 
presented set of data, transforming them into their 
own new space with a smaller dimension. The use of 
this method achieves more efficient data storage, 
faster and easier search for information and 
visualization of the feature space provides a clearer 
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idea of the recognition and classification of objects. 
Although the principal components are a linear 
combination of the original variables, their 
interpretation is more difficult than that of the original 
characteristics. This means that after applying PCA, 
special attention must be paid to the correct 
interpretation of the results obtained in relation to the 
initial variables. 

IV. SYNTHESIS OF CLASSIFIERS  
Deterministic methods represent a large group of 
methods that are diverse in nature - discriminant 
functions, algebraic models, metric methods, k-nearest 
neighbors, potential functions. By applying them, the 
task of synthesizing a classifier is reduced to finding a 
decisive rule, respectively a separating function by 
means of which the object presented for recognition 
can be referred to a certain area Dk of the feature 
space. As already noted in the deterministic methods, 
it is assumed that the areas of the individual classes in 
the feature space do not intersect and overlap. The 
classical approach to class separation belongs to the 

methods of discriminant functions. The linear 
discriminant (dividing) function (Fig. 4-a) has a value 
greater than 0 for one class and less than 0 for the 
other. For the coordinates of the features (S1, S2) on the 
line itself, the discriminant function has a value of 0. 
Such classes are called linearly separable. For the case 
of fig. 4-b requires a more complex discriminant 
function and although the classification is binary (for 
two classes: D1 and D2) it is necessary to combine 
several linear functions in a network so that the 
complex curve separating the two classes is 
approximated by a certain number of straight lines, in 
which the requirement for sign definiteness of the 
areas to the left and right of the dividing line is 
retained. The training is supervisory i.e. controlled by a 
teacher (expert), where the description of each object 
in the sample is known and the relevant class to which 
it belongs. Thus, the series of pairs is formed as initial 
information for the learning process:  
(u1, v1), (u2, v2),…, (uN, vN). N is the number of all 
samples. 

 
 

 
 
 
 
 
 
 
 

 
 
 
 

a)             b) 
 

Fig. 4. Linear (a) and nonlinear (b) discriminant functions. 

 
 
Both experimental results and theoretical 
developments show that it is not possible to construct 
a universal classification algorithm that is applicable to 
all situations [6,25,38]. The different classifiers have a 
more limited or wider applicability in terms of 
simplicity, speed of learning, complexity of 
implementation, accuracy of classification and other 
characteristics that depend on the specific case. 

Computational efficiency is a very important 
component that shapes the quality of any algorithm. It 
should be noted that the implementation of the 
different algorithms and their comparison in speed 
should take into account the parallelization of the 
neural networks, which would greatly accelerate their 
learning compared to the standard sequential mode of 
other algorithms. 
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   o          o          o          o     *   *       *      * 
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 o          o    o     o         o      *   *    *  
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S2      o           o      o    o          o   *          * 

o          o            o      o    o        *      *    * 

     o       o      o           o           *          *      * 

o    o   D1    o   o       o         *       *          *     

    o     o        o  o       *     *    *  *    D2 
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 o    o          o             *       *  *      *  * 
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Fig. 5. Linear approximation: a) in the plane of the variables (x1, x2); b) in the space of features (S1, S2, S3). 

Synthesis of simple approximators and classifiers.  

In Fig. 5-a, the smooth discriminant line L0 dividing the 
plane (x1, x2) into two regions of sign constancy + and 
– is approximated in parts linearly with segments 
carried by the lines pi, (i = 1,2, ... , m) having the 
following equations:  
pi : pi(x,w)=wi0 + wi1 x1+ wi2 x2 =0, (i=1,2,...,m). (6) 
To derive equations (6), the coordinates of the nodal 
points between the approximating lines and the 
approximated curve L0 are used. At two endpoints Ai-1 
(x1,i-1 , x2 i-1) and Ai (x1i, x2i) from each segment, the 
equation of the corresponding line pi can be 
determined and the coefficients wi0, wi1 and wi2 are 
calculated. It is assumed that wi2 = 1, and the 
coefficients wi0 and wi0 are calculated by the formulas: 

1,11

1,2121,1










ii

iiii
i0 xx

xxxx
w ;  

1,11

21,2










ii

ii
i1 xx

xx
w  . (7) 

Therefore, if the form of the discriminant function is 
known, the necessary and sufficient information for 
the parameterization of the partially linear 
approximating function are the coordinates of their 
nodal points. 
Simple approximators can be built according to the 
method of equivalent sign functions proposed as early 
as 1966 by L. Gunchev [see 13], used for the purposes 
of optimal management, designed and developed later 
in the work [5]. The application of the method of 
equivalent sign functions leads to the synthesis of 3 

main types of structures: sequential, parallel and 
mixed. 

Parametric synthesis of approximating structures 
1о  Parametric synthesis of a sequential  

π - structure with sgn - elements. 

Introduced by the expression: 

𝐺𝐺𝑚𝑚
π (𝒙𝒙) = 𝑣𝑣𝑚𝑚s𝑔𝑔n{𝑣𝑣𝑚𝑚−1𝑠𝑠𝑔𝑔𝑠𝑠{𝑣𝑣𝑚𝑚−2⋯[𝑣𝑣2𝑠𝑠𝑔𝑔𝑠𝑠𝑧𝑧1(𝒙𝒙, 𝑤𝑤1) + 

+𝑧𝑧2(𝒙𝒙, 𝑤𝑤2)] + ⋯ +  𝑧𝑧𝑚𝑚−2(𝒙𝒙, 𝑤𝑤𝑚𝑚−2)} + 
+𝑧𝑧𝑚𝑚−1(𝒙𝒙, 𝑤𝑤𝑚𝑚−1)} +  𝑧𝑧𝑚𝑚(𝒙𝒙, 𝑤𝑤𝑚𝑚),  (8) 

where: 𝑧𝑧𝑖𝑖1(𝒙𝒙, 𝑤𝑤𝑖𝑖) = 𝑤𝑤𝑖𝑖1𝑥𝑥𝑖𝑖 + 𝑤𝑤𝑖𝑖2𝑥𝑥2 are linear 
functions; 𝑥𝑥 = [𝑥𝑥1 𝑥𝑥2]𝑇𝑇 - vector of the input variables;  
𝑤𝑤𝑖𝑖 = [𝑤𝑤𝑖𝑖1, 𝑤𝑤𝑖𝑖2] and 𝑣𝑣𝑖𝑖 – parameters, (i = 1,2, ..., m);  
m - number of used linear functions 𝑧𝑧𝑖𝑖.  
The parametric synthesis of the classifier is reduced to 
the determination of the coefficients 𝑣𝑣𝑖𝑖 and 𝑤𝑤𝑖𝑖𝑖𝑖, (i = 
1,2, ..., m; j = 1,2). The same is done on the basis of 
equations (6) and formulas (7). The coefficients vi 
coincide with wk0 and are calculated according to (7). 
The parameters of (8) thus determined show that this 
structure consists only of linear and sign - elements.  

2 Parametric synthesis of a sequential p-structure 
with sat-elements.  

This structure is composed of series-connected 
amplifiers with saturation 

𝑠𝑠𝑠𝑠𝑠𝑠 (⦁) = {
−1, 𝑖𝑖𝑖𝑖  (⦁) < −1;
(⦁) ,      𝑖𝑖𝑖𝑖  |(⦁)| ≤ 1;

+1, 𝑖𝑖𝑖𝑖   (⦁) > +1.
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The sequential structure is represented by the 
expression: 

𝐺𝐺𝑚𝑚
𝑝𝑝 (𝑥𝑥1, 𝑥𝑥2) = 𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠𝑠𝑠{𝑟𝑟𝑚𝑚−1𝑠𝑠𝑠𝑠𝑠𝑠 ⋯ [𝑟𝑟2𝑠𝑠𝑠𝑠𝑠𝑠(𝑠𝑠1𝑥𝑥1) + 

+𝑠𝑠2𝑥𝑥1] + ⋯ + 𝑠𝑠𝑚𝑚−1𝑥𝑥1} + 𝑠𝑠𝑚𝑚𝑥𝑥1 + 𝑥𝑥2,   (9) 

where 𝑟𝑟𝑖𝑖  and 𝑠𝑠𝑖𝑖 , (i = 1,2, ..., m) are parameters, m – 
number of approximating lines. The parameters 𝑟𝑟𝑖𝑖 and 
𝑠𝑠𝑖𝑖, (i = 1,2, ..., m) are calculated by the formulas: 

0,1
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ii
i w

ww
s ; sm=wm1 ,

      (10) 
where the coefficients 𝑤𝑤𝑖𝑖𝑖𝑖 (i = 1,2, ..., m; j = 0,1,2) are 
obtained on the basis of (7). 
 
3  Parametric synthesis of a parallel  

Σ – structure with sgn - elements. 

The parallel structure has the form: 

𝐺𝐺𝑚𝑚
𝛴𝛴 (𝑥𝑥1, 𝑥𝑥2) = 𝛴𝛴𝑖𝑖−1

𝑚𝑚 𝑞𝑞𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑖𝑖(𝒙𝒙, 𝑤𝑤𝑖𝑖) = 
 = 𝛴𝛴𝑖𝑖−1

𝑚𝑚 𝑞𝑞𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠(𝑤𝑤𝑖𝑖0 + 𝑤𝑤𝑖𝑖1𝑥𝑥1 + 𝑤𝑤𝑖𝑖2𝑥𝑥2),  (11) 
where qi and wik are constant coefficients. The set of m 
numbers makes pi divide the plane (x1, x2) into regions 
Θk (k = 1,2,…, N), as shown in Fig.5-a. This division 
must be in accordance with the requirement for sign-
specificity of the function 𝐺𝐺𝑚𝑚

𝛴𝛴 (𝑥𝑥1, 𝑥𝑥2) , i.e. the 
separation to ensure the sign constancy of Gm in the 
regions  + and –. 

       Table 1 
 
 
 
 
 
 
 
 
 
 
 
 

The coefficients qi are determined using the so-called. 
“Significance table” (Table 1). In the last column of 
Table 1 the signs “+” or “-” of the function Gm are 
placed in advance for each area Θk: sign “+” if Θk∈+ 
and sign “-” if Θk∈ –. The signs of the function. 

sgn pi(x,wi) = sgn(wi0+ wi1x1+ wi2x2)  (12) 

are entered in the "significance table". 

In accordance with (11), (12) and Table 1 there are such 
values for qi, (i = 1,2,…, m) that the sums qi sgn pi have 
a sign corresponding to the actual sign of the function 
Gm (x) in the corresponding region Θk, (k = 1,2,…,M). 
The completed “significance table” Table 1 illustrates 
fig. 5-a. 

 
4 Parametric synthesis of a parallel – λ structure with 

sat - elements. 
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 ,  (13) 

where ai = 1 / x1i, (i = 1, 2,…, m).   (14)  
The parameters hi are solutions of an algebraic system 
of equations: 
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 (15) 

When the inequalities x11 <x12 <… <x1,i-1 <x1i <… <x1m are 
observed, the system (15) always has a solution. The 
structure (13) generates a function Gm(x1, x2) 
symmetric with respect to the coordinate origin. In the 
case of an asymmetric function, the modification is 
used: 

  


m

i
iiim bxasathhxxxG

1
10221 )()(~   , (16) 

where: ai=2/(x1,i+1-x1i);  bi=0,5(x1,i+1+x1i). (17) 

The parameters are obtained as a system solution: 






















...
................................................

,...
,...
,...

23210

233210

223210

213210

mm

m

m

m

xhhhhh

xhhhhh
xhhhhh
xhhhhh

  (18) 

The coefficient h0 has a value other than zero when the 
approximating line does not pass through the origin.  
With the given 4 types of structures, approximation 
functions of different complexity can be realized.  

 

pi  
k 

p1 p2 p3 Gm(x) 

1 + – + +3 
2 + + + +5 
3 – + + +1 
4 + + – +1 
5 – + – –3 
6 – – – –5 
7 – – + –1 
qi 2 1 2  
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Fig.6. Block diagrams of simple classifiers for the case of two recognition classes 

In Fig. 6 shows the exemplary type of schemes 
implementing these 4 structures at m = 4. 
If two sets of objects are linearly separable into two 
classes D1 and D2, then for their correct classification 

with the help of the considered approximating 
structures it is necessary to perform the parametric 
synthesis in the way indicated above. The example in 
Fig. 5-a is the simplest case of two classes and two 

a) 

b) 

c) 

d) 
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variables, which is a commonly used example allowing 
graphical representation. If it is necessary to classify 
the objects not in two, but in more N number of 
classes, the task can be reduced to the sequential 
construction of N-1 dichotomies and by introducing 
appropriate logical conditions in the algorithm to 
perform the classification. 
In the general case, for the n-dimensional vector x 
some difficulties arise for the parametric synthesis. At 
n=3, the smooth surface of the discriminant function is 
approximated by partially linear plane segments (Fig. 
2-b). The methodology for parametric synthesis is 
given in [6], as the required accuracy of approximation 
to the exact surface is determined by the number of 
members of the accepted approximation order. The 
parametric synthesis of the basic structures (8) and 
(11) is significantly complicated in the hyperspace of 
the variables x, (n> 3). It should be noted that in all the 
cases under consideration it is a question of dividing 
the plane, the space, respectively the hyperspace into 
two, i.e. formation of areas for reference of objects 
(patterns), objectively belonging to two classes. 
Therefore, if the dividing hypersurface exists and is 
constructed, then for each point in the domain  + the 
form Gm(x) will have a constant sign “+” and for the 
domain – - the opposite sign “–”. If the number of 
classes is greater than two, the introduction of 
corresponding logical conditions will further 
complicate the recognition algorithm. 

V. ANALYSIS OF ACCURACY, RESPECTIVELY  
OF CLASSIFICATION ERRORS [7,32]  

The choice of measures for quality assessment of 
recognition systems and classifiers is the subject of 
attention of researchers from different fields of 
application: bioinformatics, diagnostics, educational 
tests, machine learning and techniques for 
measurement, sorting and others. The problem of how 
to choose objective measures for assessing the quality 
of classifiers is not trivial and there is no universal 
solution [7,32].  
Binary classification is the most common classification 
task. In this case, the input data must be classified into 
one of two classes (D1 and D2). Regarding classes D1 and 
D2, there are four possible solutions: two probabilistic 
solutions that correspond to the accepted expert 
assessments and two probabilistic solutions that are 
wrong.  

The correctness of the classification can be assessed by 
calculating the number of correctly recognized 
examples for the reference class (true positive-TP), the 
number of correctly recognized examples that do not 
belong to the class (true negative-TN), and examples of 
which were incorrect assigned class (false positives-
FP), or which have not been recognized as examples of 
the class (false negatives-FN). These four numbers 
constitute the confusion matrix shown in Table 2 for 
the case of binary classification. 

    Table 2 

 EXPERT EVALUATION (EE) 
𝑚𝑚𝑖𝑖

𝑟𝑟 

RECOGNITION 
SYSTEM (RS) 

 𝑇𝑇𝑇𝑇 = 𝑚𝑚11 𝐹𝐹𝑇𝑇 = 𝑚𝑚12 𝑚𝑚1
𝑟𝑟 

 𝐹𝐹𝐹𝐹 = 𝑚𝑚21 𝑇𝑇𝐹𝐹 = 𝑚𝑚22 𝑚𝑚2
𝑟𝑟 

𝑚𝑚𝑘𝑘
𝑐𝑐  𝑚𝑚1

𝑐𝑐 𝑚𝑚2
𝑐𝑐  𝑚𝑚

 
So far, various measures have been used in 
engineering practice to assess the quality of classifiers. 
For a wide range of classification tasks, the following 
indicators are used as reliable and effective 
assessments of the quality of classifiers: 

- Accuracy:  𝐴𝐴𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝐹𝐹𝑇𝑇+𝑇𝑇𝑇𝑇;  (19) 

- Error rate: 𝐸𝐸𝑟𝑟𝑟𝑟 = 𝐹𝐹𝑇𝑇+𝐹𝐹𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝐹𝐹𝑇𝑇+𝑇𝑇𝑇𝑇 ;  (20) 

- (𝐸𝐸𝑟𝑟𝑟𝑟 = 1 − 𝐴𝐴𝑐𝑐𝑐𝑐);    (21) 

- Precision:   𝑇𝑇𝑟𝑟𝑟𝑟 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇 ;   (22) 

- Sensivity:   𝑆𝑆𝑟𝑟𝑒𝑒 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇 ;   (23) 

- Specificity: 𝑆𝑆𝑝𝑝𝑟𝑟 = 𝑇𝑇𝑇𝑇
𝐹𝐹𝑇𝑇+𝑇𝑇𝑇𝑇 .   (24) 

Ensuring a reliable assessment involves the selection of 
an appropriate measure from the above, 
corresponding to the quality of the data, such as the 
representativeness and unimodality of the classes, the 
informativeness of the features and other 
characteristics of the original data. 
The most used empirical measure, accuracy (19), does 
not distinguish between the number of correctly 
recognized objects for different classes. This most 
common way of comparing classification algorithms is 
not conducive to specific applications. In practice, it 
turns out that a set of features and a learning algorithm 
can better represent one class, and another set and 
algorithm - the other class. In the general case of 
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automatic classification, recognition reliability 
estimates include two types of errors: primary and 
secondary.  

The primary (main) error is calculated according to the 
expression: 

𝑒𝑒𝑖𝑖 = 100(∑ 𝑚𝑚𝑖𝑖𝑖𝑖
𝑁𝑁
𝑖𝑖=1 − 𝑚𝑚𝑖𝑖𝑖𝑖) 𝑚𝑚𝑖𝑖

𝑟𝑟⁄ , %  (25) 

where: i=1,2,…,N is the number of the corresponding 
class; 𝑚𝑚𝑖𝑖

𝑟𝑟 - number of objects (products) assessed on 
the basis of expert evaluation (EE) in class i; 𝑚𝑚𝑖𝑖𝑖𝑖  - 
number of objects according to EE in class i, which after 
the algorithmic classification, erroneously turned out 
to be in class k; 𝑚𝑚𝑖𝑖𝑖𝑖  - correctly recognized objects in 
class with number i, or the number of objects with EE 
in class i, remaining after the algorithmic classification 
in class i. The main error is constant for the control 
algorithm and does not depend on the distribution of 
objects in the sample. It can also be said that the main 
error in a large sample does not depend on the number 
of objects in the corresponding class.  

The alternative (secondary) error is determined by the 
expression: 

𝑔𝑔𝑖𝑖 = 100(∑ 𝑚𝑚𝑖𝑖𝑖𝑖
𝑁𝑁
𝑖𝑖=1 − 𝑚𝑚𝑖𝑖𝑖𝑖) 𝑚𝑚𝑖𝑖

𝑐𝑐⁄ , %  (26) 

The alternative error reflects the operation of the 
algorithm with all classes simultaneously, which means 
that the ratio between the quantities of products in the 
individual classes affects the error. In synthesized 
form, the error is the difference between the 
evaluation of the expert and the result of the program 
implementation of the algorithm after the training. 
Summarizing the two-alternative case of errors, the 
main error shows how many objects went wrong in 
other classes, i.e. how many objects are not assigned 
to this class to which they actually belong, and the 
alternative - how many objects came wrong from other 
classes and in this sense are equivalent to errors of the 
first and second kind in mathematical statistics. If the 
errors (25) characterize the accuracy with which the 
algorithm classifies a class, ie. how many percent of 
objects erroneously "leak" from the respective class to 
the other classes, the errors (26) reflect the "pollution" 
of a class with objects from other classes.  
The average values for the errors 𝑒𝑒𝑖𝑖  and 𝑔𝑔𝑖𝑖  can be 
calculated with the expressions: 

е̅ = ∑ 𝑒𝑒𝑖𝑖
𝑁𝑁
𝑖𝑖 𝑁𝑁⁄ ; �̅�𝑔 = ∑ 𝑔𝑔𝑖𝑖

𝑁𝑁
𝑖𝑖 𝑁𝑁⁄ .  (27) 

Errors (27) are not equivalent to the one who makes 
the classification decisions. In recognition systems, 

they reflect the risk of the developer and the risk of the 
user.  

The total (resultant) error is determined by the 
formula: 

𝑒𝑒0 = 100 ∑ (∑ 𝑚𝑚𝑖𝑖𝑖𝑖
𝑁𝑁
𝑖𝑖=1 − 𝑚𝑚𝑖𝑖𝑖𝑖)𝑁𝑁

𝑖𝑖=1 𝑚𝑚 = 100 All errors
All samples ⁄ , %

      (28) 

where: 𝑚𝑚 = ∑ (∑ 𝑚𝑚𝑖𝑖𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ) =𝑁𝑁

𝑖𝑖  ∑ 𝑚𝑚𝑖𝑖
𝑟𝑟𝑁𝑁

𝑖𝑖=1 =  ∑ 𝑚𝑚𝑖𝑖
𝑐𝑐𝑁𝑁

𝑖𝑖=1  
is the total number of all objects in the training sample. 
Expressed with a priori probabilities, the common 
error is: 

𝑒𝑒0 = 100 ∑ 𝑒𝑒𝑖𝑖. 𝑃𝑃(𝐷𝐷𝑖𝑖)𝑁𝑁
𝑖𝑖=1 , %   (29) 

where: 𝑃𝑃(𝐷𝐷𝑖𝑖) = 𝑚𝑚𝑖𝑖
𝑟𝑟 𝑚𝑚⁄ ,  𝑖𝑖 = 1, 2, … , 𝑁𝑁  are the a priori 

probabilities of distribution of the objects of the 
respective classes.  
After the training, the operability of the algorithm and 
in particular its accuracy are assessed using a control 
sample. The resulting test errors are reflected in the so-
called. error table (Table 3), which gives a summary 
picture of the errors for the case of 3 classes (N = 3).  

  Table 3. Error table 

 
The analysis of the errors from a series of tests shows 
that the provision of minimum errors 𝑒𝑒𝑖𝑖 is equivalent 
to the provision of minimum errors 𝑔𝑔𝑖𝑖,(i, k=1,2,…, N), 
as the differences depend on the specific goal and 
criteria for achieving the recognition algorithm. 
For example, the requirement to provide a maximum 
clean first class must be provided with a minimum 
secondary error for that class, which is equivalent to a 
minimum basic error for second and third class. Or, in 
other words, second and third grade not to "transfer" 
objects to first class. It is obvious that this dual nature 
of errors in practice leads to different consequences, 
respectively to different losses or prices.  
Classification error as the ratio of misclassified samples 
to the total number of samples is the most commonly 

        EЕi 
RSk mi1 mi2 mi3 𝑚𝑚𝑖𝑖

𝑟𝑟 ei, [%] 

m1k m11 m12 m13 𝑚𝑚1
𝑟𝑟 e1 

m2k m21 m22 m23 𝑚𝑚2
𝑟𝑟 e2 

m3k m31 m32 m33 𝑚𝑚3
𝑟𝑟 e3 

𝑚𝑚𝑖𝑖
𝑐𝑐  𝑚𝑚1

𝑐𝑐 𝑚𝑚2
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used assessment to measure the quality of classifiers. 
However, it turns out [33] that this index is not a good 
enough and appropriate measure if the samples are 
not well structured and balanced. Estimates (19 - 24) 
have different weights and in practice lead to different 
consequences. There are various strategies for 
estimating errors, the reasons for their occurrence, the 
losses caused by them and the techniques for 
estimating them. This requires the evaluation scheme 
to be extended to other indices. 

ROC - curves and ROC - analysis  
Receiver Operating Characteristic Analysis or ROC for 
short is the classical methodology of signal theory 
[12,34], which is currently widely used in medical 
diagnostics [28], as well as for visualization and analysis 
of the properties and quality of diagnostic systems 
[33,35]. Let us consider the so-called two-class 
problem. Therefore, we have two groups (classes, 
factions) of objects, denoted by P and N, respectively, 
for example: positive - negative, true - false, sick - 
healthy, success - failure, fit - unfit, correct - defective, 
etc. The task is for the classifier to diagnose each object 
in the test sample, deciding which class it belongs to - 
P or N.  
In Fig. 7 shows the conditional probabilities of 
distribution Pr for both fractions T and N. With selected 
threshold S*, the decisive rule will be that: 
 - if S> S*, then the object is of class N; 
 - if S <S*, then the object is of class P.  
Due to the overlap of the classes, the following outputs 
are possible (Table 1): 
 - Solution TP - the object is correctly recognized in the 
class of positive cases P - m11; 
 - Solution FP - the object is of class N, but is incorrectly 
recognized as a class in class P - error of type II - m12; 
 - Solution FN - The object is of class P, but is incorrectly 
classified in class N - error of type I - m21; 
 - Solution TN - the object is of class N and is correctly 
classified - m22. 
It can be shown (Fig. 7) that the different fractions P 
and N are related to the equations: 
               TPF + FNF = 1     и     TNF + FPF = 1,          (30) 
where:  TPF = TP/(TP+FN)  и  TNF= TN/(TN+FP). (31) 
It follows from equations (23), (24) and (30), (31) that 
the sensitivity   𝑆𝑆𝑒𝑒𝑒𝑒  and the specificity 𝑆𝑆𝑝𝑝𝑒𝑒  represent 
two types of accuracy. The first for the really positive 

cases and the second for the really negative cases. 
From the additional terminology introduced with (30) 
for TPF, as part of the fraction P of the really positive 
cases and for TNF, as part of the fraction N of the really 
negative (negative) cases, it can be seen (Fig. 7) that 
they correspond to the indices for sensitivity   𝑆𝑆𝑒𝑒𝑒𝑒 and 
specificity 𝑆𝑆𝑝𝑝𝑒𝑒. From Fig. 7 also shows that these two 
indices suggest two new definitions - FPF and FNF. 
According to (30) the knowledge of TPF =   𝑆𝑆𝑒𝑒𝑒𝑒 and FPF 
= 1 - TNF = 1 - 𝑆𝑆𝑝𝑝𝑒𝑒 leads to the determination of the 
four solutions in Table. 1. 
 

 
Fig.7. Conditional distributions of two fractions 

P and N with an exemplary decision threshold  S*. 
 

Therefore, changing the threshold S* will give different 
test results. Changing the location of the threshold S* 
on the S axis will lead to different pairs (TPF, FPF), 
which can be graphically represented as "X" and "Y" 
coordinates. The axes of this graph vary from 0 to 1, as 
these are the possible changes in the values of TPF and 
FPF. Obviously, the points of all combinations of (TPF, 
FPF) lie on one curve (Fig. 8). This curve is called the 
ROC-curve of the diagnostic test because it describes 
its inherent characteristics.  

 
Fig. 8. ROC - curves of two classifiers A and B. 
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The graphic starts in the lower left corner and ends in 
the upper right corner. The test provides information 
for making a decision if the ROC curve is located above 
the diagonal of the ROC plane. The closer the curve is 
to the upper left corner, the higher the diagnostic 
quality of the classifier. In essence, the ROC curve 
describes the trade-offs that can be made between TPF 
and FPF and allows the optimal threshold value S* to 
be determined at a suitably selected operating point 
on the ROC curve.  
ROC analysis allows for comparisons between different 
classifiers, which are tested with the same 
combinations of TPF and FPF. 
Figure 8 shows the comparison between classifier A 
and classifier B. It can be seen that classifier B is the 
one with a larger area under the ROC curve, which 
means that it performs a better classification than A. 
From the example of ROC curves shown, it can be 
concluded that they are an extremely useful tool for 
graphical representation and evaluation of the 
performance of classifiers. 
They are able to give more complete information about 
the accuracy, frequency of errors and their size. This 
facilitates a number of tasks related to the synthesis of 
classifiers in diagnostic systems.  

CONCLUSIONS AND DICUSSION  

The study is limited to two diagnostic modalities - two 
classes. Finding simple solutions to the problem of 
classification and functional approximation are 
important in PR, optimal management, decision 
making. Choosing between two alternatives is one of 
the most common example for classification, diagnosis 
and decision making. It is usually difficult to predict in 
advance all possible situations in which the recognition 
system will work. This is especially true in recognizing 
the quality of food products, in meteorology, medical 
diagnostics and others areas of human activity where 
insufficient a priori information on the statistical 
characteristics of classes is one of the main reason for 
their overlap, as a result of which the desired minimum 
of errors cannot be achieved. Some of the important 
technological aspects of the classification are marked 
in the paper and an attempt is made to trace the path 
of construction of simple classifiers. A proposition is 
made for structures and a method for parametric 
synthesis of simple linear approximators, performing 
the role of classifiers operating in a deterministic 
environment. The created classifiers, realized only by 

linear and relay elements in their simplicity, are 
practically without competition in their class. The 
assessment of errors, respectively the accuracy of the 
classification is a basic criterion and an effective 
objective measure for determining the correctness of 
the choice of relevant theories and their application, 
while providing a convenient basis for comparison 
between competing methodologies and their 
implementing algorithms.  
Formulas are derived and a description of the most 
important errors, assessing the functional suitability 
and accuracy of recognition in automatic sorting 
machines. Error formulas (26-30) have universal 
application and can be used in other recognition 
algorithms. In practice, the most common criterion for 
assessing the effectiveness of the traits and the quality 
of the RS as a whole is the experimentally obtained 
error or the number of erroneous classifications in a 
selected set of features. It follows that attempts to 
reduce the error of one species lead to an increase of 
the error of the other. The only way to reduce the 
errors of both types at the same time is to increase the 
sample size, which in practice may be difficult to 
implement. The two types of errors lead to different 
consequences and are not equivalent for the one who 
makes the decisions of the classification. In most 
practical cases, the "cost" of errors of the first type is 
more significant than that of errors of the second type.  
The article shows that the introduction of the indices 
of "sensitivity" and "specificity" and the related ROC 
curves lead to more accurate assessments of the 
quality of the tested classifiers. The conclusions and 
summaries of the ROC - analysis allow to optimize the 
diagnostic strategies. It makes it possible to solve 
several problems, such as:  
(1) determining the optimal solution threshold, 
minimizing errors;  
(2) shows the areas in which one classifier is superior 
to another;  
(3) identifies areas in which the classifier performs 
worse or better. 
ROC analysis has practical application in procedures for 
choosing a solution between two or more alternatives. 
After the classification, the obtained results can be 
compared with the predicted values. 
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