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ABSTRACT 
Context. The problem of information-extreme machine learning of the functional diagnosis system is considered by the example 

of recognizing the technical state of a laser printer by typical defects of the printed material. The object of the research is the process 
of hierarchical machine learning of the functional diagnosis system of an electromechanical device. 

Objective. The main objective is to improve the functional efficiency of machine learning during functional diagnostics system 
retraining using automatically forming a new hierarchical data structure for an expanded alphabet of recognition classes.  

Method. A method of information-extreme hierarchical machine learning of the system of functional diagnosis of a laser printer 
based on typical defects of the printed material is proposed. The method was developed with functional approach of modeling the 
cognitive processes of natural intelligence, which makes it possible to give the diagnostic system the properties of adaptability under 
arbitrary initial conditions for the formation of images of printing defects and flexibility during retraining of the system due to an 
increase in the power of the alphabet of recognition classes. The method is based on the principle of maximizing the amount of 
information in the process of machine learning. The process of information-extreme machine learning is considered as an iterative 
procedure for optimizing the parameters of the functioning of the functional diagnostics system according to the information 
criterion. As a criterion for optimizing machine learning parameters, a modified Kullback’s information measure is considered, 
which is a functional of the exact characteristics of classification solutions. According to the proposed categorical functional model, 
an information-extreme machine learning algorithm has been developed based on a hierarchical data structure in the form of a binary 
decomposition tree. The use of such a data structure makes it possible to split a large number of recognition classes into pairs of 
nearest neighbors, for which the optimization of machine learning parameters is carried out according to a linear algorithm of the 
required depth.  

Results. Information, algorithmic software for the system of functional diagnostics of a laser printer based on images of typical 
defects in printed material has been developed. The influence of machine learning parameters on the functional efficiency of the 
system of functional diagnostics of a laser printer based on images of defects in printed material has been investigated. 

Conclusions. The results of physical modeling have confirmed the efficiency of the proposed method of information-extreme 
machine learning of the system of functional diagnosis of a laser printer based on typical defects in printed material and can be 
recommended for practical use. The prospect of increasing the functional efficiency of information-extremal learning of the 
functional diagnostics system is to increase the depth of machine learning by optimizing additional parameters of the system’s 
functions, including the parameters of the formation of the input training matrix.  

KEYWORDS: information-extreme machine learning, categorical functional model, information criterion, control tolerance 
system, functional diagnostics, laser printer. 

 
ABBREVIATIONS 

IEI-technology is an information-extreme intellectual 
technology; 

SCD ia s system of control tolerances; 
SFD is a system of functional diagnostics. 

 
NOMENCLATURE 

M is a set of recognition classes; 
m is a number of the recognition class; 
N is a set of recognition features in the structured 

vector; 
i is a number of the recognition feature; 
J is a set of structured vectors of recognition features;  
j is a number of the structured vector; 
H  is a set of tiers of decursive tree; 
h  is a number of the tier of decursive tree; 

S  is a set of strata of decursive tree;  
s  is a number of the stratum of decursive tree; 

sm  is a serial number of the recognition class in the s-

th stratum; 
| |SX  is an averaged vector of recognition class 

features | |SX ; 

, , sh s md  is a radius of the hyperspherical container of 

the recognition class , , sh s mx ;  

,h s  is a parameter equal to half of the control field of 

tolerances on the characteristics of the recognition classes 
of the s-th stratum of the h-th tier; 

H  is a parameter equal to half the normalized field 

of tolerances for recognition features; 
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, , sh s mE  is an information criterion for optimizing 

machine learning parameters for the recognition 
class

o
, , sh s mX ;  

EG  is a working (permissible) area for determining 

the function of the information criterion of optimization; 

dG  is an allowable range of values of the radius of the 

containers of the recognition classes; 
G is a set of input factors; 
T is a set of moments of time reading information;  
  is a space of recognition signs;  
Z  is a set of technical conditions of the object of 

diagnosis;  
Y  is an input training matrix; 
X  is a working binary training matrix; 
g  is a decursive tree construction operator; 

1f  is a training matrix formation operator;  

2f  is an operator of binary training matrix formation 

X; 
CI  is a set C of statistical hypotheses; 
Q  is a set Q of exact characteristics; 

, ,h sG  is a valid range of parameter values ,h s ; 

d  is a parameter that characterizes in code units the 
value of the radius of the containers of the recognition 
classes; 

 
, , s

k
h s m  is an error of the first kind, calculated in the 

k-th step of machine learning; 
 

, , s

k
h s m  is an error of the second kind, calculated in 

the k-th step of machine learning; 
p  is a small enough number that is entered to avoid 

division by zero; 
 jx  is a recognizable vector of signs; 

sm  is an membership function of the vector  jx  of 

the recognition class o
, , sh s mX ;  

*
, , sh s md  is are optimal values of the recognition class 

container o
, , sh s mX ; 

L  is a set of steps of the machine algorithm for 
sequential optimization of control tolerances; 

l  is a number of the step of machine algorithm; 
  is a repeat operation symbol; 

*
1D  is an extreme value of the first reliability; 
*  is an extreme value of the error of the second kind; 

,h sM  is a set of recognition classes in the s-th stratum 

of the h-th tier; 

,h sm  is a number of the recognition class in the s-th 

stratum of the h-th tier; 
}{k  is a set of steps of machine learning; 

||~ M  is a fuzzy division of the feature space into M 
recognition classes; 

||SY  is an input training matrix of recognition classes 
S strata of decursive tree;  

||SX  is a binary training matrix of recognition classes 
S of decursive tree strata; 

Е is a term set of values of the information criterion; 
R is an operator of construction of division |2|  of 

space of signs on recognition classes; 
Ψ is an operator for testing the basic statistical 

hypothesis about the affiliation of the vector , , sh s mx  of 

the recognition class 
o
, , sh s mX  ;  

  is an operator of formation of a set of exact 

characteristics for the set system of estimations of 
decisions;  

  is an operator for calculating the information 

criterion for optimizing the parameters of machine 
learning;  

ym, i is a value of the i-th diagnostic feature of the 
average of the educational matrix vector ym of the 
recognition class o

mX ;  

U is an operator that regulates the process of machine 
learning; 

Mh, s is a number of recognition classes of the s-th 
stratum of the h-th tier.  

 
INTRODUCTION 

No matter how reliable a laser printer is, over time it 
loses its initial stability. Defects can be caused by 
individual pieces of equipment, consumables, printing 
materials, internal or external software, and 
environmental conditions. Therefore, the creation of SFD 
laser printer by analyzing the image of the printed 
material is an urgent task. The main way to solve this 
problem is to apply ideas and methods of data mining 
based on machine learning and pattern recognition.  

A method of hierarchical information-extreme 
machine learning for task of information synthesis of SFD 
laser printer by defects in printed material is proposed. 

The object of research is the process of SFD 
hierarchical machine learning. 

The recognition classes alphabet expansion leads to 
increase the degree of their intersection in the fixed 
diagnostic features space and to reduce the full probability 
of correct diagnosis. One of the ways to increase the 
functional efficiency of SFD machine learning is a 
transforming a linear data structures to hierarchical ones. 
However, the existing methods of data mining, including 
artificial neural networks, have a problem of retraining 
the system. The solution of this problem requires 
reprogramming of the intelligent system by changing its 
structure or functional model. 

The subject of research is the method of SFD 
information-extreme hierarchical machine learning. 
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The known divisive or agglomerative hierarchical 
machine learning methods have functional efficiency that 
significantly depends on the power of the recognition 
classes alphabet. Therefore, important tasks are to reduce 
the impact of the alphabet’s power for high efficiency and 
rapidity of diagnostic solutions. 

The purpose of the work is to increase the functional 
efficiency of SFD machine learning during its retraining 
after expanding the recognition classes alphabet by 
automatically forming a new hierarchical data structure. 

 
1 PROBLEM STATEMENT 

Consider the formalized formulation of the problem of 
information synthesis capable of learning the SFD of a 
laser printer based on images of defects in printed 
material.  

Let the alphabet },,1|{ MmX o
m   of recognition 

classes, which characterize the different technical states of 
the laser printer be given. Based on the results of scanning 
the images of defects in the printed material of the laser 
printer, the input training matrix of brightness is formed 

( )
,|| | 1, ; 1, ||j

m iy i N j J  , in which i-th column of the 

matrix is a training sample, and j-th row is a structured 
vector of features of the recognition class o

mX . 

By constructing a decursive hierarchical structure, it is 
necessary to divide the alphabet o{ }mX  into pairs of the 

nearest neighboring recognition classes.  
According to the concept of IEI-technology, the input 

training matrix is transformed into a working binary 
matrix, which in the process of machine learning is 
adapted to the maximum reliability of diagnostic 
solutions. Let the depth of machine learning be equal to 
two levels. At the first level, the optimal (hereinafter in 
the informational sense) geometric parameters of 
hyperspherical containers of recognition classes are 
determined, and at the second level, the system of control 
tolerances for recognition features is determined. In this 
case, the vector of operating parameters that affect the 
functional efficiency of machine learning system to 
recognize the vectors of class features o

, , sh s mX , has the 

form 
 

, , , , , ,, , δ .
s sh s h s m h s m h sg x d   (1)

 
The restrictions are imposed on the parameters of the 

system, which will be called machine learning 
parameters:          

– the radius , , sh s md  of the recognition class container 
o
, , sh s mX  must be less than the center-to-center distance to 

its nearest neighbor of the corresponding stratum; 
– the range of parameter values δh,s is given by the 

inequality 
 

δh, s < δH / 2. 
 

In the process of machine learning SFD is necessary: 
1) optimize the parameters of vector (1) according to 

the alphabetical average of recognition o
, ,{ }

sh s mX  

information criteria 
 

,

2

, , , , ,
1

1
max ( );

2 s s
E d s

h s h s m h s m
G Gm

E E d


   (2)

 
2) according to the optimal geometric parameters of 

the containers of recognition classes obtained in the 
process of machine learning to build decisive rules for 
each stratum of the hierarchical structure, which 
guarantee a high total probability of making the correct 
diagnostic decisions. 

3) at the stage of examination it is necessary to make a 
classification decision on the belonging of the recognized 
recognition to one of the classes of the formed alphabet of 
the corresponding final stratum; 

4) automatically form a decursive hierarchical data 
structure that contains the learning matrix of the new 
recognition class and retrain the SFD. 

Thus, the task of information-extreme synthesis of 
learnable SFD is to optimize the parameters of its 
machine learning by approaching the global maximum of 
the information criterion (2) to its maximum limit value. 

 
2 REVIEW OF THE LITERATURE 

A detailed analysis of the causes of possible defects of 
the material printed on a typical laser printer is considered 
in [1, 2]. In practice, diagnosing a laser printer for defects 
in printed material requires a high level of 
professionalism and experience from the person 
performing the repair. However, the search for the cause 
of the defect is usually associated with the need to study 
the technical condition of the components and devices of 
the laser printer and test the system software. At the 
current level of development of information technology, 
increasing the efficiency of troubleshooting machines and 
complex devices is achieved through computer-integrated 
systems of functional diagnostics (SFD) [3, 4]. As the 
main way of information synthesis of SFD is the use of 
intelligent information technologies of data analysis [5–
7]. At the same time, the most widespread methods of 
machine learning and pattern recognition [8, 9]. 
Algorithms of machine learning based on neural networks 
[10–12] and the method of reference vectors [13, 14] are 
known, but due to the many dimensions of the feature 
dictionary and significant intersection of recognition 
classes, they do not allow to achieve high enough image 
recognition reliability. In [15–17], the application of 
fuzzy neural networks for functional diagnostics is 
considered, but there is also the problem of 
multidimensionality, which significantly limits the 
capability of fuzzy logic.  

In [18, 19] to reduce the impact of 
multidimensionality, it is proposed to use input data 
extractors built on artificial networks, but this approach 
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can lead to loss of information. The use of ideas and 
methods of the so-called IEI-data analysis technology, 
which is based on maximizing the information capacity of 
the system in the process of its machine learning [20–22], 
should be considered as a promising area. The main 
paradigm of information-extreme machine learning, as in 
neuro-like structures, is the adaptation of the input 
mathematical description of the system to the maximum 
reliability of pattern recognition. But in contrast to neuro-
like structures, the decision-making rules constructed 
within the framework of the geometric approach are 
practically invariant to the multidimensionality of the 
dictionary of features. Since the use of functional 
diagnostics is expedient at high power of the alphabet of 
recognition classes, which characterize the possible 
technical conditions of the device, it is necessary to 
retrain the SFD in automatic mode. To this end, [23–25] 
considers the functioning of the SFD in the mode of 
information-extreme hierarchical machine learning, which 
allows you to automatically retrain the system when 
expanding the alphabet of recognition classes. But these 
works do not explore the problem of building a new 
hierarchical data structure, which inevitably arises when 
retraining SFD.  

The article considers the problem of increasing the 
functional efficiency of information-extreme machine 
learning by automatically forming a new hierarchical data 
structure when retraining SFD through the expansion of 
the alphabet of recognition classes.  

  
3 MATERIALS AND METHODS  

The method of information synthesis of SFD will be 
considered as part of IEI-technology based on 
maximizing the information capacity of the system in the 
process of information-extreme machine learning. It is 
known that with increasing the power of the alphabet of 
recognition classes and the constant space of diagnostic 
features increases the degree of intersection of recognition 
classes. Since in [21] the degree of intersection of 
recognition classes is characterized by the ratio of the 
total probability Pf of making erroneous diagnostic 
decisions to the total probability Pt of making correct 
diagnostic decisions, the reliability of diagnosis, 
respectively, due to increasing probability Pf will 
decrease. A recognized way to reduce the impact of the 
multidimensionality of the recognition alphabet on the 
functional efficiency of machine learning is the transition 
from a linear data structure to a hierarchical.  

Consider the possibility of automating the formation 
of the input learning matrix by expanding the alphabet of 
recognition classes by implementing the method of 
information-extreme machine learning using a 
hierarchical data structure in the form of a binary 
decursive information tree. The data structure in the form 
of a binary tree will be called decursive, in which, in 
contrast to the recursive attribute from the top of the 
upper tier is transferred to the top of its stratum of the 
lower tier. In our case, the learning matrices of the 
corresponding recognition classes are considered as 

attributes of the vertices. Final executions from which 
attributes are not transferred will be called final. Thus, as 
the power of the recognition class alphabet increases, the 
decursive hierarchical structure is divided into strata, each 
of which consists of the two closest in binary space 
Hamming features of the recognition classes. This allows 
for their classification to use a linear algorithm of 
information-extreme machine learning of the required 
depth. In contrast to neuro-like structures, the depth of 
information-extreme machine learning is determined not 
by the number of hidden layers, but by the number of 
machine learning parameters that are optimized by the 
information criterion. 

The incidence matrix A={aπ, ς} of a decursive tree will 
be determined as follows: 

aπ, ς = 1, if the beginning of the edge ς connects to the 
vertex π and has a direction from the vertex π; 

aπ, ς = –1, if the end (arrow) of the rib ς connects to 
another vertex and has a direction from the vertex π; 

aπ, ς = 0, if the beginning of the edge ς does not 
connect to the vertex π; 

aπ, ς = *, if the beginning of the edge ς connects with 
the vertex π and has a direction from the vertex π to the 
vertex of the stratum of the lower tier with the same 
attribute.  

For the incident matrix of a decursive tree the specific 
difference from the oriented graph establishes the 
following lemma. 

Lemma. For a decursive graph with ς edges, the 
number of columns of the incident matrix that have zero 
sum of elements is equal to ς – π*, where π* – the number 
of vertices that pass their attributes. 

The functional categorical model of information-
extreme machine learning according to the hierarchical 
data structure will be presented in the form of an oriented 
graph of mappings by machine learning operators of the 
corresponding sets one on top of the other 

 
IB=<G, T, Ω, Z, H, Y |S|, X |S|, g, f1, f2>. 

 
The categorical model of information-extreme 

machine learning of SFD according to the decursive 
hierarchical structure of data is shown in Fig. 1.  

 
Figure 1 – Categorical model of SFD machine learning 

 
Shown in Fig. 1 the operator g from the source of 

information, which is given by the Cartesian product of 
sets ZGT  , forms a decursive binary tree H, 
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and the operator f1 forms the input fuzzy learning matrices 
of the corresponding strata Y |S|. The operator f2 by 
comparing the recognition features with their specified 
control tolerances forms a set of X |S| binary working 
matrices, which in the process of machine learning 
through allowable transformations are adapted to the 
maximum possible probability of making the correct 
classification decisions. The term set E, the elements of 
which are calculated at each step of machine learning 
values of the information criterion, according to the 
principle of complete composition is common to all 
contours of optimization of learning parameters. The 

operator r : E → | |M  At each step of machine learning 
restores in the radial basis of the binary space of 
Hamming signs containers of recognition classes, which 

form a partition ||~ M . The operator ξ displays the 

partition ||~ M  on the fuzzy distribution of binary vectors 
of recognition classes o

, ,{ }
sh s mX . Next, the operator 

ψ : Xh, s → I |C| tests the basic statistical hypothesis 
( ) o
, , , ,γ :

s s

j
h s m h s mx X . The operator γ determines the set of 

accuracy characteristics ℑ |Q|, where Q=C2, and the 
operator φ calculates the set E of values of the 
information criterion of optimization, which is a 
functional of the accuracy characteristics. The control 
tolerance optimization loop is closed by a term set D, the 
elements of which are the values of the control tolerances 
on the recognition features. The operator uH regulates the 
process of machine learning.  

Thus, the proposed categorical model of information-
extreme machine learning allows directly in the operating 
mode to automatically retrain SFD when expanding the 
alphabet of recognition classes. 

Information-extreme machine learning according to 
the hierarchical data structure in the form of a binary 
decursive tree is carried out according to the scheme: 

1) the average vectors },1|{ Mmym   of structured 

diagnostic features are determined by the input training 
matrices of the initial alphabet recognition classes; 

2) for a given parameter δ of the field of control 
tolerances are calculated for each i-th feature of the vector 
ym lower AHKm, i and upper ABKm, i control tolerances for 
diagnostic features according to the formulas 

 
AHKm, i = ym, i – δ; ABKm, i = ym, i + δ; 

 
a set of  {xm} binary averaged vectors of diagnostic 
features is formed as a rule 
 

, , ,
,

1, if ;

0, if otherwise;

HKm i m i BKm i
m i

A y A
x

  


 

 
3) the vectors of the set {xm} are ordered by 

increasing the code distance from the zero binary vector; 

4) binary ordered vectors of diagnostic features are 
divided into two approximately equal groups, which 
determine the two branches of the binary decursive tree; 

5) as attributes of vertices of the first (upper 
according to dendrographic classification) tier of a 
decursive tree containing one stratum, educational 
matrices of recognition classes are selected, the averaged 
vectors of features of which are adjacent for each group; 

6) strata of the lower tiers of each branch of the tree 
contain in addition to the transported from the upper tier 
of the training matrix also the training matrix of the 
nearest neighboring in its group recognition class; 

7) the construction of the tree continues until the 
final strata are formed, which contain training matrices of 
all recognition classes from the initial complete alphabet 

}{ o
mX . 

Thus, the binary decursive tree constructed according 
to the above scheme divides the given alphabet of high 
power into strata, each of which contains the two nearest 
neighboring classes. As a result, the necessary condition 
is created for the construction of highly reliable decision 
rules for each stratum by information-extreme machine 
learning according to a linear algorithm.    

According to the categorical model (Fig. 1), the 
information-extreme algorithm of SFD machine learning 
according to the hierarchical data structure will be 
presented in the form of a procedure for finding the global 
maximum averaged alphabetically o

, ,{ }
sh s mX  classes of 

recognition of the corresponding stratum criterion (2): 
 

, ,

*
,, , arg max { max ( )}.

h s E d

h sK h s
G G G

E d
 

   
(3)

 
Thus, in contrast to the linear algorithm, in which the 

optimal value of the parameter δ is determined for the 
entire alphabet of recognition classes, in information-
extreme machine learning on a hierarchical decursive data 
structure, the parameter   is determined for each stratum 
separately. 

The internal cycle of procedure (3) implements the 
basic algorithm, the functions of which are the calculation 
at each step of machine learning criterion (2), finding its 
global maximum and determining the optimal geometric 
parameters of the containers of recognition classes. 

The input data of the basic algorithm are an array of 
implementations ( )

,{ | 1, ; 1, , 1, }j
m iy m M i N j n   , a 

system of control tolerances {δK, i} for diagnostic features 
and levels of selection {ρm, i} of coordinates of binary 
averaged feature vectors, which in our case by default are 
equal to ρm, i = 0,5.  

Optimization of geometric parameters of containers of 
recognition classes takes place according to the following 
main stages of the basic algorithm of machine learning: 

1) formation of the input structured learning matrix; 
2) determination of average implementations of 

recognition classes; 
3) the formation of a binary training matrix with a 

given system of control tolerances for diagnostic signs; 
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4) determination of averaged binary feature vectors, 
the coordinates of which are calculated by statistical 
averaging of the corresponding binary training samples; 

5) determining the center-to-center distances for a 
given alphabet of recognition classes by calculating the 
code distances between the averaged vectors of features 
of recognition classes. 

6) calculation at each step of learning the average 
information criterion for optimizing the parameters of 
machine learning; 

7) search for the global maximum of the average 
information criterion for optimizing the parameters of 
machine learning, which is in the working (permissible) 
area of determining the function of the criterion; 

8) determination of optimal radius of containers of 
recognition classes, which at each step of machine 
learning are restored in the radial basis of the space of 
diagnostic features by iterative procedure 

 
*

,, , , , ,arg max ( ), 1, ,
E d

h sh s m h s m h s
G G

d E d m M


   (4)

 
9) STOP. 
In the external cycle of procedure (3) the operator of 

change of the parameter δh, s of the field of control 
tolerances is realized until the value of the information 
criterion of optimization of parameters of machine 
learning does not reach the maximum value.  

As a criterion for optimizing the parameters of 
machine learning SFD for each stratum of the decursive 
hierarchical data structure was used a modified Kulback’s 
information measure, which for equally probable two 
alternative hypotheses has the form 

 
( ) ( ) ( )
, , , , , ,

( ) ( )
, , , ,

2 ( ) ( )
, , , ,

1
{2 [ ( ) ( )]}

2

2 [ ( ) ( )] 10
log .

( ) ( )] 10

k k k
h s m h s m h s m

k k p
h s m h s m

k k p
h s m h s m

E d d

d d

d d





    

   


  

 (5)

 
When calculating the information criterion of 

optimization (5) in the process of implementing the 
machine learning algorithm due to the limited random 
samples in the training matrix instead of the exact 
characteristics used their estimates. 

According to the optimal geometric parameters of 
hyperspherical containers of recognition classes, decisive 
rules in the form of implication are constructed  

 
| | ( ) | |

, ,

( )
, ,{ }

( )
, ,

( )( ){ [( 0) &

& ( max{ | 1, 2}]

}.

s

s s

s

o M j M
m h s m

j o
m m s h s mm

j o
h s m

X x if

m then x X

else x X

     

    



(6)

 
In expression (6) function μm the affiliation of the 

vector x(j) to the hyperspherical container of the 

recognition class o
, , sh s mX  is determined by the formula  

 
( ) *

, ,
*
, ,

( )
1 .

j
h s m

m
h s m

d x x

d


    (7)

 
Thus, the vector of features  jx  belongs to the class 

from the given alphabet of the corresponding stratum, for 
which the membership function (6) is positive and 
maximal. In addition, built on the geometric approach of 
the decision rules (6) allow you to make diagnostic 
decisions in real time, which is relevant in functional 
diagnosis. 

 
4 EXPERIMENTS 

As an example of the implementation of information-
extreme machine learning SFD images of seven printing 
defects were considered, which characterized the 
corresponding recognition classes, arranged according to 
the above scheme of construction of the variation series 
and shown in Fig. 2. 

 

       
            а                    b                     c                     d 

                    
                       e                      f                      g 

Figure 2 – Image of printing defects: а – class o
1X ; 

b – class o
2X ; c – class o

3X ; d – class o
4X ; e – class o

5X ; 

f – class o
6X ; g – class o

7X  

 
The following are the factors that determine the causes 

of defects in printed material: 
1) damaged coating of the photoconductor, which 

causes a defect on the edge of the printed image in the 
form of repeating black stripes (recognition class o

1X ); 

2) amaged corotron (charge roller), in which 
repeated vertical stripes are visible in the middle of the 
printed image (recognition class o

2X ); 

3) damage to the thermal film, in the case of which 
horizontal black lines appear on the printed image 
(recognition class o

3X ); 

4) worn drum coating, which causes the appearance 
of wide repeating black stripes on the edge of the printed 
image (recognition class o

4X ); 

5) worn corotron, which leads to the appearance of 
repeating spots on the printed image (recognition class  

o
5X ); 
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6) incorrectly installed bushing on the corotron, 
which leads to the black color of part of the printed image 
(recognition class o

6X ); 

7) poor quality toner cartridge, which causes the 
appearance of wavy lines and blurs on the printed image 
(recognition class o

7X ). 

The input training matrix was formed by reading the 
brightness of the pixels of parts of the images of the 
printed material with the dimension of 100100   pixels 
that contained defects, shown in Fig. 2. Since the images 
are considered stationary in brightness, their scanning was 
carried out in the Cartesian coordinate system. In 
addition, its transposed matrix was attached to the input 
training matrix, which allowed to double the space of 
diagnostic features and thus, in accordance with the 
maximum-distance principle of recognition theory, create 
the necessary conditions to increase the average interclass 
code distance. 

In order to test the functional efficiency of the 
proposed method, information-extreme machine learning 
of the SFD was first implemented according to the 
hierarchical decursive structure of the first five and 
seventh shown in Fig. 2 recognition classes. In Fig. 3 
shows the initial decursive data structure, built according 
to the above algorithm.  

 

 
Figure 3 – Hierarchical data structure for the six classes 

 
Analysis of fig. 3 shows that the alphabet of the six 

recognition classes was divided into four final strata, each 
consisting of the two nearest neighboring classes. If one 
class is included in the two final stratas, then when 
constructing the decision rules (6) the membership 
function (7) is chosen with the optimal geometric 
parameters of the class for which the radius determined 
by procedure (4) is minimal. 

In order to test the algorithm of information-extreme 
machine learning of the SFD of the printer, the sixth class 
of recognition was added to the alphabet. (Fig. 2f). Since 
the fifth class was the nearest neighbor for the new 
recognition class in the variation series, they formed a 
new final stratum. Figure 4 shows the decursive tree of 
the new hierarchical data structure.  

 

 
Figure 4 – Hierarchical data structure for seven recognition 

classes 
 

As a result of SFD retraining, new decision rules were 
built for the extended alphabet of recognition classes. In 
the operating mode, diagnosing the printer according to 
the image of the defect of the printed material is carried 
out by consistent implementation of the decisive rules 
built at the stage of machine learning (6). 

 
5 RESULTS 

Information-extreme machine learning of the SFD of a 
laser printer for defects in printed material was initially 
carried out for six classes of recognition according to the 
hierarchical structure shown in Fig. 3. As an example, 
consider the results of the implementation of the machine 
learning algorithm for the execution of the first tier 
(according to the dendrographic classification, the tiers 
are counted from above) and the first execution of the 
second tier. In fig. 5 shows a graph of the dependence of 
the average information criterion (5) on the parameter of 
the field of control tolerances for recognition features, 
obtained by procedure (3) with parallel optimization of 
control tolerances for recognition features for the 
execution of the first tier of the decursive tree. 

 

 
Figure 5 – Graph of the dependence of the information 

criterion on the parameter of the field of control tolerances for 
the execution of the first tier  

 
In Fig. 5 and further, double hatching indicates the 

working area for determining the function of criterion (5), 
in which the first reliability is greater than 0.5, and the 
error of the second kind is less than 0.5. Analysis of Fig. 5 
shows that the optimal value of the parameter of the field 
of control tolerances is *

1, 1 10   (hereinafter in the 
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gradations of brightness) at the maximum value of the 
information criterion *

1, 1 2.78E  . 

To build the decision rules (6) it is necessary to know 
the optimal geometric parameters of the containers of 
recognition classes. Figure 6 shows graphs of the 
dependence of the information criterion (5) on the radius 
of hyperspherical containers of the strata recognition 
classes of the first tier of the decursive tree. 

 

  
а                                            b 

Figure 6 – Graph of the dependence of the information criterion 
on the radius of the containers of the classes of recognition of 

the strata of the first tier: а – class o
3X ; b  – class o

4X  

 
The analysis of Fig. 6 shows that the optimal radius of 

the containers of the recognition classes are: 21*
3 d  

(hereinafter in code units) for the recognition class o
3X  

and 25*
4 d  for the recognition class o

4X . 

In Fig. 7 shows a graph of the dependence of the 
average information criterion (5) on the parameter of the 
field of control tolerances on the recognition features for 
the first stratum of the second tier of the decursive tree. 

  

 
Figure 7 – Graph of the dependence of the information criterion 
on the parameter of the field of control tolerances for the first 

stratum of the second tier  
 
Analysis of Fig. 7 shows that the optimal value of the 

parameter of the field of control tolerances is equal 
47*

1,2   to the maximum value of the information 

criterion 48,3
*

1,1 E . 
The result of optimization by criterion (5) of the 

geometric parameters of the the recognition classes  
containers of the first stratum of the second tier is shown 
in Fig. 8.  

Analysis of Figure 8 shows that the optimal radius of 
the containers of the recognition classes are: 65*

2 d  for 

the recognition class o
2X  and 46*

3 d  for the recognition 

class o
3X . Since the class o

3X  belongs to the stratum of 

the first tier and the first stratum of the second tier, the 
optimal radius of its container according to the minimum-
distance principle of recognition theory should be equal to 

21*
3 d , that corresponding to the Fig. 6а. 

 

  
а                                             b 

Figure 8 – Graph of the dependence of the information criterion 
on the radius of the containers of the recognition classes of the 
first stratum of the second tier: а – class o

2X ; b  – class o
3X  

 
Similarly, in the process of machine learning, the 

geometric parameters of hyperspherical containers of 
other recognition classes, which are part of the 
hierarchical structure shown in Figure 4, were optimized.  

After optimizing the geometric parameters of the 
containers of all seven classes of recognition, the average 

value of the information criterion was equal to 
*

3.28E  . 
Since the maximum limit value of criterion (5) for the 
given parameters 30n  and 2p  is equal to  

max 4.35E  , the algorithm of parallel-sequential 

optimization of control tolerances in the form of a 
procedure was used to increase the functional efficiency 
of SFD machine learning 

  

, ,

*
,,

1
arg max { max ( )}} , 1, .

h s E d

L
h sK i

l G G G
E d i N




 

 
   

  
 (8)

 
The control tolerances defined at the parallel 

optimization stage are accepted as starting points for the 
sequential optimization algorithm. Since the optimization 
of the i -th diagnostic feature other subsequent features 
have suboptimal control tolerances, the sequential 
optimization in this case requires iterative runs until the 
value of the information criterion of optimization will not 
change. 

Table 1 shows the results of parallel-sequential 
optimization of machine learning parameters for 
recognition classes of all strata of the decursive tree 
(Fig. 4). 
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Table 1 – The results of machine learning 
Exact characteristics 

Classes *
mE  *

md  
*
1D  *  

o
1X  4.35 19 1.00 0 

o
2X  3.89 31 0.89 0.03 
o
3X  4.35 48 1.00 0 
o
4X  3.89 28 0.88 0.05 
o
5X  4.35 24 1.00 0 
o
6X  2.19 25 0.55 0.25 
o
7X  4.35 27 1.00 0 

 
Analysis of table 1 shows that the average value of the 

information criterion after additional sequential 
optimization of control tolerances according to procedure 

(8) was equal to 
*

3.91E  , which exceeds the value of 
this criterion obtained by parallel optimization. 

 
6 DISCUSSION 

The obtained results of information-extreme machine 
learning according to the hierarchical structure of data in 
the form of a decursive tree open a promising direction 
for solving the problem of multidimensionality of the 
alphabet of recognition classes. The possibility of 
automatic retraining of the system with increasing power 
of the alphabet of recognition classes, which characterize 
the relevant technical conditions of the device, is proved 
on the example of information synthesis of the SFD of a 
laser printer capable of learning from typical defects of 
printed material. It is known that the application of a 
linear algorithm of machine learning at high power of the 
alphabet leads to a significant reduction in the reliability 
of recognition by increasing the degree of intersection of 
recognition classes with constant dimensionality of the 
space of recognition features. In contrast to the linear 
algorithm of information-extreme machine learning, 
which determines the optimal system of control tolerances 
for all recognition classes, in the proposed method, 
optimal control tolerances are determined only for the 
nearest neighboring classes. Building a hierarchical data 
structure in the form of a binary multi-tiered decursive 
tree allows the division of the high-power alphabet into 
strata, which consist of the nearest neighboring 
recognition classes. As a result, for each stratum in the 
process of machine learning determines its optimal 
system of control tolerances as shown in Figures 4 and 6. 
It is shown that machine learning should be carried out by 
parallel-sequential optimization of control tolerances. In 
this case, both the reliability of recognition and the 
efficiency of machine learning increases, because with 
consistent optimization, the search for the global 
maximum of the information criterion is carried out in the 
work area, which is determined by parallel optimization. 

 
CONCLUSIONS 

1. A functional categorical model is proposed, on 
the basis of which an algorithm of information-extreme 

machine learning according to the hierarchical data 
structure is developed and programmatically 
implemented. At the same time, building a hierarchical 
data structure in the form of a binary decursive tree allows 
you to divide a powerful set of recognition classes into 
pairs of nearest neighbors. As a result, the optimization of 
machine learning parameters is carried out by a linear 
algorithm of sufficient depth for the two nearest 
neighboring recognition classes, which provides high 
recognition reliability. 

2. Decisive rules based on the example of 
information-extreme machine learning SFD laser printer 
on images of defects of printed material are not infallible 
on the training matrix, which requires increasing the 
depth of machine learning by optimizing other parameters 
of the system, including parameters of input information 
description of the system. 
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АНОТАЦІЯ 
Актуальність. Розглянуто задачу інформаційно-екстремального машинного навчання системи функціонального 

діагностування на прикладі розпізнавання технічного стану лазерного принтера за типовими дефектами друкованого 
матеріалу. Об’єктом дослідження є процес ієрархічного машинного навчання системи функціонального діагностування 
електромеханічного пристрою. 

Мета. Підвищення функціональної ефективності машинного навчання системи функціонального діагностування 
шляхом автоматичного формування нової ієрархічної структури даних при перенавчанні системи через розширення 
алфавіту класів розпізнавання. 

Метод. Запропоновано метод інформаційно-екстремального ієрархічного машинного навчання системи 
функціонального діагностування лазерного принтеру за типовими дефектами друкованого матеріалу. Метод розроблено в 
рамках функціонального підходу до моделювання когнітивних процесів природнього інтелекту, що дозволяє надати системі 
діагностування властивості адаптивності при довільних початкових умовах формування зображень дефектів друку та 
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гнучкості при перенавчанні системи через збільшення потужності алфавіту класів розпізнавання. В основу методу 
покладено принцип максимізації кількості інформації в процесі машинного навчання. Процес інформаційно-екстремального 
машинного навчання розглядається як ітераційна процедура оптимізації параметрів функціонування системи 
функціонального діагностування за інформаційним критерієм. Як критерій оптимізації параметрів машинного навчання 
розглядається модифікована інформаційна міра Кульбака,  яка є функціоналом від точнісних характеристик 
класифікаційних рішень. Згідно із запропонованою категорійною функціональною моделлю розроблено алгоритм 
інформаційно-екстремального машинного навчання за ієрархічною структурою даних у вигляді бінарного декурсивного 
дерева. Застосування такої структури даних дозволяє розбивати велику кількість класів розпізнавання на пари найближчих 
сусідів, для яких оптимізація параметрів машинного навчання здійснюється за лінійним алгоритмом необхідної глибини. 

Результати. Розроблено інформаційне, алгоритмічне і програмне забезпечення системи функціонального 
діагностування лазерного принтеру за зображеннями  типових дефектів друкованого матеріалу. Досліджено вплив 
параметрів машинного навчання на функціональну ефективність  системи функціонального діагностування лазерного 
принтеру за зображеннями дефектів друкованого матеріалу. 

Висновки. Результати фізичного моделювання підтвердили працездатність запропонованого методу інформаційно- 
екстремального машинного навчання системи функціонального діагностування лазерного принтеру за типовими дефектами 
друкованого матеріалу і можуть бути рекомендовані для практичного використання. Перспектива підвищення 
функціональної ефективності інформаційно-екстремального машинного навчання системи функціонального діагностування 
полягає в збільшенні глибини машинного навчання шляхом оптимізації додаткових параметрів функціонування системи, 
включаючи параметри формування вхідної навчальної матриці. 

КЛЮЧОВІ СЛОВА: інформаційно-екстремальне машинне навчання, категорійна функціональна модель, 
інформаційний критерій, система контрольних допусків, функціональне діагностування, лазерний принтер. 
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АННОТАЦИЯ 

Актуальность. Рассмотрена задача информационно-экстремального машинного обучения системы функционального 
диагностирования на примере распознавания технического состояния лазерного принтера по типовым дефектам печатного 
материала. Объектом исследования является процесс иерархического машинного обучения системы функционального 
диагностирования электромеханического устройства. 

Цель. Повышение функциональной эффективности машинного обучения системы функционального диагностирования 
методом автоматического формирования новейшей иерархической структуры данных при переобучении системы через 
расширение алфавита классов распознавания. 

Метод. Предложен метод информационно-экстремального иерархического машинного обучения системы 
функционального диагностирования лазерного принтера по типовым дефектам печатного материала. Метод разработан в 
рамках функционального подхода к моделированию когнитивных процессов естественного интеллекта, позволяющего 
придать системе диагностирования свойства адаптивности при произвольных начальных условиях формирования 
изображений дефектов печати и гибкости при переобучении системы из-за увеличения мощности алфавита классов 
распознавания. В основу метода положен принцип максимизации количества информации в процессе машинного обучения. 
Процесс информационно-экстремального машинного обучения рассматривается как итерационная процедура оптимизации 
параметров функционирования системы функционального диагностирования по информационному критерию. В качестве 
критерия оптимизации параметров машинного обучения рассматривается модифицированная информационная мера 
Кульбака, которая является функционалом от точных характеристик классификационных решений. Согласно предложенной 
категориальной функциональной модели разработан алгоритм информационно-экстремального машинного обучения по 
иерархической структуре данных в виде бинарного декурсивного дерева. Применение такой структуры данных позволяет 
разбивать большое количество классов распознавания на пары ближайших соседей, для которых оптимизация параметров 
машинного обучения осуществляется по линейному алгоритму требуемой глубины. 

Результаты. Разработаны информационное, алгоритмическое и программное обеспечение системы функционального 
диагностирования лазерного принтера по изображениям типовых дефектов печатного материала. Исследовано влияние 
параметров машинного обучения на функциональную эффективность системы функциональной диагностики лазерного 
принтера по изображениям дефектов печатного материала. 

Выводы. Результаты физического моделирования подтвердили работоспособность предложенного метода 
информационно-экстремального машинного обучения системы функционального диагностирования лазерного принтера по 
типовым дефектам печатного материала и могут быть рекомендованы для практического использования. Перспектива 
повышения функциональной эффективности информационно-экстремального обучения системы функционального 
диагностирования заключается в увеличении глубины машинного обучения путем оптимизации дополнительных 
параметров функционирования системы, включая параметры формирования входной обучающей матрицы. 
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