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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 S is a set of strata of decursive tree;
[EI-technology is an information-extreme intellectual s is a number of the stratum of decursive tree;
technology; my is a serial number of the recognition class in the s-

SCD ia s system of control tolerances;

. . . . th stratum;
SFD is a system of functional diagnostics. um;

X is an averaged vector of recognition class
NOMENCLATURE features XS

M is a set of recognition classes; dy s s aradius of the hyperspherical container of

m is a number of the recognition class; B

N is a set of recognition features in the structured the recognition class xj,  ,,

vector; 8y, s is a parameter equal to half of the control field of
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 1is a number of the tier of decursive tree; of tolerances for recognition features;

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

Oy 1is a parameter equal to half the normalized field
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Ej, s, m, 18 an information criterion for optimizing

maching learning parameters for the recognition

class Xh, somg s

G is a working (permissible) area for determining
the function of the information criterion of optimization;

G, 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;

Q is a space of recognition signs;

Z 1is 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;

/1 is a training matrix formation operator;

f> is an operator of binary training matrix formation

I 8 is a set C of statistical hypotheses;
S‘Q‘ is a set O of exact characteristics;

Gs, 5, s 1s a valid range of parameter values Op,s;
d is a parameter that characterizes in code units the

value of the radius of the containers of the recognition
classes;

NG

h,s,m
k-th step of machine learning;
()
B h,s,m;
the k-th step of machine learning;
p 1s a small enough number that is entered to avoid

is an error of the first kind, calculated in the

s

is an error of the second kind, calculated in

division by zero;

J

x( ) is a recognizable vector of signs;

W, 1is an membership function of the vector A7) of

the recognition class x© ;

58, Mg

dp,s,m, is are optimal values of the recognition class

container x© ;
, 8, Mg

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

[ is a number of the step of machine algorithm;

® is a repeat operation symbol;

Dl* is an extreme value of the first reliability;
B* is an extreme value of the error of the second kind;
M,  is a set of recognition classes in the s-th stratum

of the A-th tier;
my, ¢ is a number of the recognition class in the s-th

stratum of the /-th tier;
{k} is a set of steps of machine learning;
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>SIM| - L. .
RM| s a fuzzy division of the feature space into M
recognition classes;

Y"® is an input training matrix of recognition classes
S strata of decursive tree;

X s a binary training matrix of recognition classes
S of decursive tree strata;

E is a term set of values of the information criterion;

R is an operator of construction of division %R/ of
space of signs on recognition classes;

Y is an operator for testing the basic statistical
hypothesis about the affiliation of the vector *a,s,m, of

.. ()
the recognition class X, h, sk m, >

y 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;

Vm, i 18 a value of the i-th diagnostic feature of the
average of the educational matrix vector y, of the
recognition class X, ;

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

M,  is a number of recognition classes of the s-th
stratum of the A-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. L

Let the alphabet {X.|m=1,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
|y 1i=1,N;j=1,J ||, in which ith column of the

m,
matrix is a training sample, and j-th row is a structured
vector of features of the recognition class X ;; .

By constructing a decursive hierarchical structure, it is
necessary to divide the alphabet {X ,(;,} 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 X}(l)’ sm, has the

form

8h,s =< xh,s,mgdh,s,msﬂah,s > (D
The restrictions are imposed on the parameters of the
system, which will be called machine learning
parameters:
—the radius d), ; ,, of the recognition class container
XO

s m OUSt be less than the center-to-center distance to
L8, mg

its nearest neighbor of the corresponding stratum;
— the range of parameter values §,, is given by the
inequality

Sp s <11/ 2.
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In the process of machine learning SFD is necessary:
1) optimize the parameters of vector (1) according to

the alphabetical average of recognition {X Z “m )
information criteria
_ 12
Ens=— Z max Eh, s, mg (dh, s, mg ); )
m=1 GE [ d,s '

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 IEl-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 P, of making erroneous diagnostic
decisions to the total probability P, of making correct
diagnostic decisions, the reliability of diagnosis,
respectively, due to increasing probability P, 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
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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={a, .} of a decursive tree will
be determined as follows:

ax, .= 1, if the beginning of the edge g connects to the
vertex 1 and has a direction from the vertex =;

ax, .=—1, if the end (arrow) of the rib ¢ connects to
another vertex and has a direction from the vertex m;

a, .= 0, if the beginning of the edge ¢ does not
connect to the vertex T;

ax, .= *, if the beginning of the edge ¢ connects with
the vertex @ and has a direction from the vertex @ 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 ¢ edges, the
number of columns of the incident matrix that have zero
sum of elements is equal to ¢— 7', where ©° — 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

]B:<G, T, Q, Z’ H’ Y‘S‘: X|S|7 g7ﬁ7ﬁ>’

The categorical model of information-extreme
machine learning of SFD according to the decursive
hierarchical structure of data is shown in Fig. 1.

Hy

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 Tx G x Q x Z, forms a decursive binary tree H,
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and the operator f; forms the input fuzzy learning matrices
of the corresponding strata Y. The operator f; by
comparing the recognition features with their specified
control tolerances forms a set of X' 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 — RIM! 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 ‘JT{'M'. The operator & displays the

partition R on the fuzzy distribution of binary vectors
of recognition classes {XZ o m ) Next, the operator

viX, s—1 Il tests the basic statistical hypothesis

y:x) ¢ x© . The operator y determines the set of
h, s, mg h, s, m

accuracy characteristics 3¢, where O=C°, and the
operator ¢ 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 uy 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 {y, |m =1,M} of structured
diagnostic features are determined by the input training
matrices of the initial alphabet recognition classes;

2) for a given parameter § of the field of control
tolerances are calculated for each i-th feature of the vector
Vm lower Apg,, ; and upper A, ; control tolerances for
diagnostic features according to the formulas

AHKm,i :ym, i 8> ABKm,[ :ym, i + 8:

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

xm,i

LA Ay i < Yimyi < Apgm, i
0, if otherwise;

3) the vectors of the set {x,} are ordered by
increasing the code distance from the zero binary vector;
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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
(X0

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 {Xh0 o) Classes of

s Mg

recognition of the corresponding stratum criterion (2):

5 =arg max { max Eh,‘ d)}.
Kohs gGa. h.s{ £NGy (D} (3)

Thus, in contrast to the linear algorithm, in which the
optimal value of the parameter § 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 {y%)i m=LM;i=L,N,j=1n}> 2
system of control tolerances {dx ;} for diagnostic features
and levels of selection {p,, ;} of coordinates of binary
averaged feature vectors, which in our case by default are
equal to p,, ;= 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

* — -
dh,S,m:arg max Ehys(dh,s,m)’m:LMh $°
GyNGy ’

“4)

9) STOP.

In the external cycle of procedure (3) the operator of
change of the parameter 6, , 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

1
S =52l @B, @)
2l @B, @110 5)
x1087 —.
ol @+pP L (@)]+107
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

vxp g € R e )M Gif [, >0)&

(6)

, 8, M

& (n,, =maxip,, |mg =1,2}] then x/) e X
fmp

).

s

else x) ¢ XZ

s, m

In expression (6) function p,, the affiliation of the
vector x” to the hyperspherical container of the
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recognition class x©
58, My

is determined by the formula

AV @x; )
Wy = l_ﬁ. @)

*
dh,s,m

Thus, the vector of features Y ) 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.

e f
Figure 2 — Image of printing defects: a — class X 10 ;
b — class X§ ; ¢ —class Xg) ; d —class Xff ; e —class Xg) ;
f—class Xg ; g —class X?

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 X} );

2) amaged corotron (charge roller), in which
repeated vertical stripes are visible in the middle of the
printed image (recognition class X5 );

3) damage to the thermal film, in the case of which
horizontal black lines appear on the printed image
(recognition class X3 );

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

5)  worn corotron, which leads to the appearance of

repeating spots on the printed image (recognition class
X3);
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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 X¢ );

7) poor quality toner cartridge, which causes the
appearance of wavy lines and blurs on the printed image
(recognition class X7 ).

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 100 x100 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.
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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.

£

4,0
3,0
2,0

1,0

0,0 ]
0

20

40 60 80 100 120 140

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 Si 1 =10 (hereinafter in the
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gradations of brightness) at the maximum value of the
information criterion E’f 1 =278 -

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.

E]. 'E!‘

40 | 4.0

30 | 30

20 | 2,0

1.0 | 1.0

0,0 T d0.0 T ’
0 10 20 30 40 50 : 0 10 20 30 40 50 !

a 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: a — class Xg ; b —class Xff

The analysis of Fig. 6 shows that the optimal radius of
the containers of the recognition classes are: d; =21

(hereinafter in code units) for the recognition class X3
and d, =25 for the recognition class X3 .

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.

4,0

3,0

2,0

1,0

0,0 s
0 10 20 30 40 S50 60 70 80 90 100
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
6;, =47 to the maximum value of the information

criterion E11=3,48.

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: d, =65 for
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the recognition class X3 and d; = 46 for the recognition

class X3 . Since the class X3 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
d; =21, that corresponding to the Fig. 6a.

60 80 a 0 20 40 60 80 9

a 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: a — class X S ;b —class X §

0 20

40

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 E =3.28.
Since the maximum limit value of criterion (5) for the
given parameters n=30 and p=2 is equal to
Eax =435, the algorithm

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

of parallel-sequential

5* ; =arg ® max { max Ehs(a’)}} 1,N.

I=1Gs 4 s GENGy

®)

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

Classes E; d; Exact* characteris*tics
D, B
XP 435 19 1.00 0
X5 | 389 | 31 0.89 0.03
X3 | 435 | 48 1.00 0
X5 389 28 | o088 0.05
X3 | 435 | 24 1.00 0
Xg | 219 | 25 0.55 0.25
X7 | 435 | 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

—k
(8) was equal to £ =3.91, 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
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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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VK 681.518:004.93
IH®OPMALIAHO-EKCTPEMAJIBHE MAIIIMHHE HABYAHHSI CACTEMHU ®YHKIIOHAJIBHOI'O
JIATHOCTYBAHHS 3 IEPAPXIYHOIO CTPYKTYPOIO JAHUX

Ilesexos I. B. — kaHx. TexH. HayK, JOLEHT, NOLEHT Kadeapyu kommtorepHHX HayK CyMCBKOTO JEp>KaBHOTO YHIBEPCHTETY,
Cymu, YkpaiHa; JOKTOpaHT KadeIpu KOMIT FOTEPHUX CHCTEM, MEepex i KibepOesneku, HamioHanbHUIT aepOKOCMIYHHN YHIBEPCHTET
iM. M.€. XKykoBcbkoro «XapKiBCbKHH aBialliiHuil iHCTUTYT», XapKiB, YKpaiHa.

Bapuenko H. JI. — xaHza. TexH. HayK, JOLEHT Kadenpn KoM roTepHux Hayk CyMCBKOTro JiepkaBHOro yHisepcurery, Cymu,
Vkpaina.

Hpunena [I. B. — acucrent xadenapu komn toTepHIX Hayk CyMCBKOTO Jep:kaBHOTO yHiBepcutety, Cymu, YkpaiHa.

Biouk M. B. — acuctent KoHoTtoncekoro iHcTuTyTy CyMCBKOTO A€pKaBHOTO yHiBepcuTeTy, Konororm, Ykpaina.

AHOTANIA

AKTyaJabHicTb. PosrnsHyTo 3amady iH(GOpPMAaLifHO-eKCTPEMaJbHOTO MAIIMHHOTO HAaBYaHHSA CHUCTEMH (PYyHKIIOHAJIBHOTO
JIarHOCTYBaHHS Ha IPUKJIAAI PO3II3HABAHHS TEXHIYHOTO CTaHy JIa3epHOrO IIPHHTEpA 3a THIIOBUMH JAe(eKTaMH JPyKOBAHOTO
Marepianmy. O0’€KTOM HOCTIDKEHHS € MPOIEC i€papXiYHOTO MAIIMHHOTO HAaBYAHHA CHCTEMH (DyHKI[IOHAIBHOTO iarHOCTYBaHHS
€JICKTPOMEXaHIYHOT'O IPUCTPOIO.

Mera. IligBumeHHs (yHKIIOHaNTEHOT e(QEKTHBHOCTI MAIIMHHOTO HABYaHHS CHCTEMH (YHKLIOHAJBHOTO MiarHOCTYBaHHS
LIUIAIXOM aBTOMAaTHYHOrO (OpMyBaHHS HOBOI i€papXiyHOi CTPYKTYpH IaHMX IPU I[EPEHABYAHHI CHUCTEMH 4Yepe3 PO3LIMPEHHS
andasiTy KJ1aciB po3Ii3HaBaHHSI.

Metoa. 3ampomoHOBaHO — METOH — iHPOPMAIHHO-EKCTPEMAIbHOTO  1€PAapXiyHOrO  MANIMHHOTO  HABYaHHSA  CHCTEMH
(YHKLIOHANBEHOTO AiarHOCTYBaHHS JIa3€pHOTO MPUHTEPY 32 THIIOBUMH Ne(eKTaMH JPYyKOBAHOTO MaTepiamy. MeToa po3poOiieHo B
paMKax (yHKIIOHAJIBHOTO MiAXO0My O MOJIEIIOBAHHS KOTHITHBHHX IIPOLECiB IPHPOAHBOTO IHTEJIEKTY, 1[0 JO3BOJISIE HAJaTH CUCTEMI
JIIarHOCTYBAaHHS BJIACTUBOCTI aJAaNTHBHOCTI NPU JIOBUIBHHX IOYaTKOBHX yMOBax (opMyBaHHS 300pakeHb NEe(eKTiB APyKy Ta
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THYYKOCTI ITIPH II€pPEHaBYAaHHI CHUCTEMH dYepe3 30UIBIIEHHS IOTYXXHOCTI aidaBiTy KiaciB po3mi3HaBaHHA. B ocHOBYy Merony
MOKJIaZIeHO MPHHIMI MaKcuMi3awii KibKkocTi iHpopManii B mpoueci MammHaOr0 HaBuauHs. [Iporec iHdopManiliHo-eKCcTpeMaIbHOro
MaIIMHHOTO HAaBYaHHS pPO3IJIANAETBCS SIK  iTepallifiHa mpolexypa onrTuMizamii mapamerpiB  (YHKIIOHYBaHHS CHUCTEMH
(YHKIIOHAIBHOTO JiaTHOCTYBaHHs 3a iH(popMaLiiiHuM KpuTepieMm. Sk kpurtepiil ontumizauii mapamMerpiB MalIHHHOIO HAaBYaHHS
posrisinaeTbesi MoaubikoBana inpopmaniiina Mipa Kynbbaka, gka € (YHKIIOHAJIOM Bi TOYHICHHX XapaKTEPUCTHK
knacu(pikamifHuX pimeHp. 3TiAHO 13 3alMpOIOHOBAaHOK KAaTETOPIHHOW (QYHKIIOHATHHOI MOACIUII0 PO3POOICHO aIropuT™M
iHpOpMaIifHO-eKCTPEMAaIbHOTO MAIIMHHOTO HABYAHHS 32 1€PAapXidHOI0 CTPYKTYPOIO AAaHUX Y BUIVIALI OiHAPHOTO NEKYPCHBHOTO
JepeBa. 3acTOCyBaHHs Takoi CTPYKTYpH JaHUX J03BOJISAE PO30MBATU BEJIMKY KUIBKICTh KJIaciB po3Mi3HaBaHHS Ha Mapu HalOIIIKIMX
CyCiaIiB, IJIst SIKUX ONTHMI3allis ITapaMeTpiB MaIIMHHOTO HaBYAHHS 3/ ICHIOEThCS 3a JTIHIMHIM aJropuTMOM HEOOXiTHOT TITHOHHH.

PesyabTatn. Po3pobiieHo iHpopmamiiiHe, anropurMiuHe 1 TporpamMHe 3a0e3MEUYCHHS CUCTEMH  (DYHKIIOHAIBHOTO
JIarHOCTYBaHHs JIa3ePHOTO IPUHTEPY 32 300pakKeHHSAMM  TUIOBHX Je(eKTiB IpyKoBaHOTO Marepiaiy. JlOCITIIPKEHO BILIUB
rnapaMeTpiB MalIMHHOTO HaBYaHHSI Ha (YHKIIOHANbHY €()EeKTHBHICTH CHCTEMH (YHKIIOHAJIBHOIO IiarHOCTYBAHHS Ja3epHOTrO
MIPUHTEPY 32 300pakeHHsIMHU e eKTiB APYKOBAHOTO MaTepiay.

BucHoBku. Pesynpratu (i3MYHOrO MOJENIOBAaHHS MiATBEPIAWIM MpAIe3laTHICTh 3alPOMOHOBAHOTO METOAY iH(pOpMaLiiiHO-
eKCTPEMaJIbHOTO MAIIMHHOTO HAaBYaHHS CUCTEMH (DYHKILIOHAIBHOTO J[iarHOCTYBAaHHS JIA3EPHOTO IPUHTEPY 3a THIOBUMH AedeKTamu
JIPYKOBAHOTO MaTepially i MOXYyThb OyTH pEKOMEHIOBaHi Juii NpPAaKTUYHOIO BHKOPUCTaHHs. IlepcHekTHBa ITiBHILCHHS
¢yHKIiOHAIBHOT e(heKTUBHOCTI iH()OPMaLiHHO-eKCTPEMaIbHOTO MAIIMHHOTO HABUAHHS CHCTEMH (DYHKIIOHAIBHOTO J1arHOCTYBAaHHS
NoJIATae B 30UIBIICHH] TIMOMHHM MAIIMHHOTO HaBYaHHS LULIXOM ONTHMI3allii JOAATKOBHX MapamMeTpiB (yHKLIOHYBaHHS CHCTEMH,
BKJIIOYAIOYH ITapaMeTpH popMyBaHHs BXiTHOI HABYAIEHOT MaTPHIL.

KJIIOYOBI CJIOBA: indopmaniiiHo-eKCcTpeMajibHe MAIIMHHE HaBYaHHs, KaTeropiiiHa (QyHKUioHaJdbHA MOJEIb,
iHopMaLiiiHIil KpUTEpiii, cuCTeMa KOHTPOJIBHUX IOMYCKIB, (GYHKLIOHATbHE JiarHOCTYBAaHHSL, JIA3ePHUI IPHHTEP.

VK 681.518:004.93

NHO®OPMAIMOHHO-9KCTPEMAJIBHOE MAIIMHHOE OBYYEHUE CUCTEMBbI ®YHKIIUIOHAJIBHOI'O

JIATHOCTHUPOBAHHUS C HEPAPXUYECKOM CTPYKTYPOM JAHHBIX

Ilesaexos U. B. — kanx. TexH. HayK, JOIEHT Kaeapsl KOMITIOTEPHBIX HayK CyMCKOro rocyqapcTBeHHOro yausepcurera, CyMel,
VYkpanHa; JOKTOpaHT Ka(eapbl KOMIBIOTEPHBIX CHCTEM, ceTedl u KubepOe3omacHocTH, HarMoOHAIBHEIH adpOKOCMUYECKUI
yausepcuteT M. M.E. JKykoBckoro «XapbKkoBCKUI aBUAllMOHHBIH HHCTUTYT», XapbKOB, YKpauHa.

Bapuenxo H. JI. — xanxa. TexH. HayK, JOLEHT Kadenpbl KOMOIOTEpHbIX Hayk CyMCKOTO rOCyAapCTBEHHOI'O YHHBEPCHTETA,
Cywmbl, YKpauHa.

ITpuaena /1. B. — acucrent kadenpsl KOMIIOTepHBIX Hayk CyMCKOTO rocyiapcTBeHHOro yHuBepcuteTa, CyMmbl, YKpauHa.

budux M. B. — acucrent Konorornckoro uacTHTyTa CyMCKOTO rOCYIapCTBEHHOTO YHHBEpcuTeTa, KoHoTom, YkpanHa.

AHHOTAIUSA

AxTyansHOCTh. PaccMoTpena 3amada MH(DOPMAIIMOHHO-IKCTPEMATBHOTO MAIIMHHOTO OOYYCHUS! CHCTEMBI (PyHKIMOHAIEHOTO
JUarHOCTUPOBAHMS Ha IPHMEpPE PACIIO3HABAHMS TEXHHYECKOTO COCTOSHHS JIa3ePHOTO MPUHTEPA 10 TUIOBBIM JAe(eKTaM Ie4aTHOrO
Marepuaia. OOBEKTOM HCCIIEIOBaHUS SBJISAETCS INPOIECC HMEePApXMYECKOr0 MAIIMHHOTO OOYYeHHSI CHUCTEMBI (YHKIHOHAJIBHOTO
JIMarHOCTUPOBAHMA 3JIEKTPOMEXaHUYECKOI0 yCTPOHCTBA.

Iesn. TToBbimenre QyHKIHOHATBHOH 3G ()EKTUBHOCTH MAIIMHHOTO O0YUYECHHS CHCTEMbI (yHKIMOHAIBHOIO AUArHOCTHPOBAHUS
METO/IOM aBTOMAaTHYECKOTro (hOPMUPOBAHMS HOBEHIICH MepapXU4eCKOH CTPYKTYpHl JaHHBIX HPH IEPEOOYUYCHHHM CHCTEMBI yepes
pacumpenue ajadaBuTa KJIaccoB paclio3HaBaHUSL.

Metoa. Ilpemnoxen MeTox HH(POPMAMOHHO-OKCTPEMAIBHOIO HEPAPXHUYECKOTO  MANIMHHOTO OOY4YEeHHS CHCTEMEI
(YHKIIMOHAJIBHOTO JAUarHOCTHPOBAHUS JIA3€PHOTO NPHUHTEpA 110 TUIIOBBIM Je(eKTaM IedaTHOro MaTepuana. Mertox pa3paboraH B
paMKax (PyHKIIMOHAIBHOIO IIOJIXOJa K MOJEIMPOBAHUIO KOTHUTHUBHBIX IPOLECCOB E€CTECTBEHHOI'O HMHTEIUIEKTA, MO3BOJISIONIETO
NpUJIaTh CHCTEME [UarHOCTUPOBAaHMs CBOMCTBA aJalTUBHOCTH IIPU IIPOM3BOJIBHBIX HAYaIbHBIX YCJIOBHSX (HOPMHPOBAHUS
n300paxkeHUH Ae(EeKTOB IeyaTd M T'MOKOCTH INpH MHepeoOydeHHH CHCTEMBl HM3-32 YBEIMYEHHS MOIIHOCTH an(aBUTa KIacCOB
pacrno3HaBaHus. B 0CHOBY MeTO/1a 10JI03KEH MPUHIUI MAKCUMH3AlHUK KOJINYECTBA MH(OPMALIMK B IIPOLIECCE MALLIMHHOTO O0yYeHHSI.
IMpouece HHGOPMALMOHHO-3KCTPEMAIIBHOIO MAIIMHHOIO 00y4YEeHHsl PacCMaTPHUBAETCS KaK MTEPALMOHHAs MPOLeaypa ONTHMH3ALUK
napameTpoB (pyHKIMOHMPOBAHHS CHCTEMBbI (DYHKIMOHAIBHOTO JHAarHOCTHPOBAHUS MO MH(GOPMANMOHHOMY KpHUTEpHI0. B kauectBe
KPUTEpHUs ONTUMHU3ALMU IapaMeTPOB MAIIMHHOTO OOy4YeHMs paccMarpuBaercs MoaudHUUIUpoBaHHas HH(OOPMAIMOHHAS Mepa
Kynb6axa, koTopast sBisieTcst pyHKIIOHAIOM OT TOYHBIX XapaKTEPUCTHK KJIACCH()UKAMOHHBIX pemennii. COracHo NpemIoskeHHOH
KaTeTrOpHaIbHON (YHKIMOHATIHHONH MOJENHN pa3paboTaH aJrOPUTM HH(OPMAIOHHO-IKCTPEMAIBHOTO MAIIMHHOTO OOydYeHHUS II0
HepapXU4YecKod CTPYKTYpe JaHHBIX B BHAE OMHApHOTO JEKypCHBHOTO jaepeBa. [IpuMeHeHne Takoil CTPYKTYphI JAHHBIX HO3BOJISET
pa3buBaTh OOJBIIOE KOJIMYECTBO KJIACCOB PACIIO3HABAHMS Ha Mapbl ONMKAHIIMX coceneil, Ul KOTOPBIX ONTUMHU3AIMS MTapaMeTpoB
MAIIMHHOTO 00YUYEeHHS OCYLIECTBIISIETCS 110 IMHEHHOMY alropuT™My TpeOyeMoit riryGHHbIL.

PesyabTarhl. Pa3spabotansl HHGOPMAIMOHHOE, AITOPUTMHYECKOE W MPOTPaMMHOE 00ECHEeYEHHE CUCTEMBbI (yHKIMOHAIBHOTO
JIMarHOCTUPOBAHMS JIA3EPHOTO MPHHTEpa MO H300pa)KCHHMSM THIOBBIX Je()EKTOB IEYaTHOro Marepuana. MccieaoBaHO BIHSHHE
rmapaMeTpoB MAIIMHHOTO 00ydeHHs Ha (PyHKIMOHANBEHYI0 3()(EKTHBHOCTH CHCTEMBI ()YHKIHMOHAIBHON AMArHOCTHKH JIA3€PHOTO
MIpUHTEpa M0 H300paKeHNSIM Ae(EKTOB IIEYaTHOIO MaTepuaa.

BeiBoabl. PesympTaTel  u3mueckoro  MOJASNMPOBAHUS MOATBEPAWIN  pabOTOCIIOCOOHOCTh  HMPEUIOKEHHOTO  METoJa
MH(OPMAIMOHHO-IKCTPEMAIEHOTO MAIIMHHOTO O0YUYEeHHUs] CUCTEMbI ()YHKIMOHAJIBHOTO IMarHOCTHPOBAHUS JIa3ePHOTO NPHHTEPA I10
TUIOBBIM JeheKTaM IEeYaTHOTrO MaTepuaja W MOTyT OBITh PEKOMEHIOBAHBI JUIS MPAKTHYECKOTO MCIOJIb30BaHus. [lepcrexTrBa
MOBBINIEHUS (DYHKUMOHANBHOH 3()GEeKTHBHOCTH HMH(OPMALOHHO-3KCTPEMAIBHOIO OOy4YeHHs CHUCTeMbl (DYHKLHOHAIBHOTO
JMarHOCTUPOBAHUS 3aKJIOYAeTCs B YBEJMYCHMH INIyOMHBl MAlIMHHOTO OOYHYECHHsS MyTEeM ONTHMHU3ALMU JOHNOJIHUTEIbHBIX
rapameTpoB (HYHKIMOHHPOBAHHUS CHCTEMBI, BKIIFOYAs TapaMeTpbl (JOpMHUPOBAHHUS BXOAHOH 00ydYaromieii MaTpHUIIBI.
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