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INFORMATION-EXTREME MACHINE TRAINING OF ON-BOARD
RECOGNITION SYSTEM WITH OPTIMIZATION
OF RGB-COMPONENT DIGITAL IMAGES

The research increases the recognition reliability of ground natural and infrastructural objects by use of an
autonomous onboard unmanned aerial vehicle (UAV). An information-extreme machine learning method of an
autonomous onboard recognition system with the optimization of RGB components of a digital image of
ground objects is proposed. The method is developed within the framework of the functional approach to
modeling cognitive processes of natural intelligence at the formation and acceptance of classification
decisions. This approach, in contrast to the known methods of data mining, including neuro-like structures,
provides the recognition system with the properties of adaptability to arbitrary initial conditions of image
formation and flexibility in retraining the system. The idea of the proposed method is to maximize the
information capacity of the recognition system in the machine learning process. As a criterion for optimizing
machine learning parameters, a modified Kullback information measure was used, this informational criterion
is the functionality of exact characteristics. As optimization parameters, the geometric parameters of
hyperspherical containers of recognition classes and control tolerances for recognition signs were considered,
which played the role of input data quantization levels when transforming the input Euclidean training matrix
into a working binary training matrix using admissible transformations of a working training matrix the
offered machine learning method allows to adapt the input mathematical description of recognition system to
the maximum full probability of the correct classification decision acceptance. To increase the depth of
information-extreme machine learning, optimization was conducted according to the information criterion of
the weight coefficients of the RGB components of the brightness spectrum of ground object images. The results
of physical modeling on the example the recognition of terrestrial natural and infrastructural objects confirm
the increase in functional efficiency of information-extreme machine learning of on-board system at optimum
in information understanding weight coefficients of RGB-components of terrestrial objects image brightness.

Keywords: information-extreme machine learning; information criterion; optimization; on-board recognition
system; unmanned aerial vehicle; ground object image.

system (ORS).
At present, there are all technical possibilities for
processing and operational analysis of digital images, so

Introduction

One of the important tasks of the onboard system

of an unmanned aerial vehicle (UAV) for autonomous
recognition of ground objects is to determine on the
electronic map of the area of interest areas in which
there is the highest probability of finding the ground
object to be searched. A promising way of information
synthesis of such systems is the application of ideas and
methods of machine learning and pattern recognition.
The segmentation reliability, i.e. the search for areas of
interest in the electronic image of the region, depends
on the adequacy of the input mathematical description
of the onboard frame identification system of the region
digital image to real conditions and the functional
efficiency of machine learning on-board recognition

the main deterrent to the introduction of autonomous
on-board ORS are scientific and methodological
complications associated primarily with the construction
of an informative learning matrix provided a priori
arbitrary division of feature space into recognition
classes. Therefore, increasing the functional efficiency
of machine learning ORS is an urgent task.

The article includes the method of information-
extreme machine learning of weight coefficients ORS
with optimization of RGB-components of the region
colour digital image, which allows adapting the input
mathematical depiction to make highly reliable
classification decisions.
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Problem analysis

The analysis of modern approaches and trends in
the development of ORS showed that increasing their
functional efficiency is associated with the use of
intelligent data analysis technologies [1-3]. The use of
data mining [4] traditional methods, including artificial
neural networks [5-7], for the information synthesis of
ORS does not always provide successful identification
of the region image frames due to the following
scientific and methodological limitations:

—arbitrary initial conditions for the objects images
formation in the area that are recognized, due to
different angles of aerial photography, the height of the
aircraft, the position and location of the object;

—intersection of recognition classes that
characterize the image of objects in the recognition
features space;

—-multidimensionality of the features dictionary
and the recognition classes alphabet;

-the influence of uncontrolled factors, such as
changes in weather conditions, lighting, camouflage,
etc.

One of the promising approaches to the analysis
and synthesis of ORS objects in the field is the use of
ideas and methods of domestic so-called information-
extreme intellectual technology (IEI-technology), which
is based on maximizing the information capacity of the
system in its machine learning [8, 9]. The main idea of
the IEl-technology methods as in artificial neural
networks is to adapt in the machine learning process of
the input mathematical description to the maximum full
probability of making the correct classification
decisions. But the main advantage of information-
extreme machine learning methods is that they, unlike
neuro-like structures, are developed as part of a
functional approach to modelling cognitive processes
inherent in human formation and classification
decisions, i.e. directly model the natural decision-
making mechanism. This approach, in contrast to
structural methods, allows methods of information-
extreme machine learning to provide flexibility in
retraining the system by expanding the recognition
classes alphabet. In addition, building a geometric
approach of decision rules practically solves the
problem of multidimensionality of the recognition
features dictionary, as modern computer systems can
process data sets that consist of a sufficiently large

number of 2%° recognition features.

Recognition of terrestrial moving and immovable
objects in the works [10, 11] is solved in two stages.
Initially, the ORS uses an optoelectronic surveillance
system to determine the frame of the area of interest in
which the object in question is most likely to be located.

For example, such an area of interest for the detection of
a land vehicle is usually a highway or other road. In the
second stage, each object that is in the frame of the
interest area is compared with the objects formed at the
stage of machine learning ORS. In this case, the
functional efficiency of ORS machine learning, the
main components of which are the reliability and
efficiency of the decisive rules, significantly depends on
the ORS machine learning method. The accumulated
experience of information-extreme machine learning
application methods of different functions and their
recognition systems has shown that at the formation of a
training matrix it is necessary to consider the specificity
of input data. In [12, 13] it was shown that setting limits
on the brightness of RGB components of a colour image
increases the image recognition reliability. In [14], an
algorithm for processing colour images obtained by an
RGB-D camera is proposed, which allows increasing
the informativeness of the input data in recognition
problems in robotic systems. In [15, 16] the
optimization of weight coefficients of RGB components
of images based on genetic algorithms is considered.
The disadvantage of this approach is the low efficiency
of genetic algorithms, which limits their use for the
development of information support for autonomous
ORS.

The article goal is to increase the recognition
reliability of the autonomous on-board UAV system of
terrestrial natural and infrastructural objects by
optimizing in the process of machine learning the
weights of RGB-component frames of the region digital
image.

Formalized problem statement

Consider in the framework of IEl-technology
formalized formulation of the problem of information
synthesis able to learn ORS to identify frames of the
region digital image.

Let the alphabet of
{X?n|m=J,_M} be formed, which characterize the

frames of the image of the area. For each recognition

recognition  classes

class, a three-dimensional training matrix ||yg)i || of

brightness is formed, in which row {yfTJ;)‘i li=1 N},

where N is the number of recognition features, is a
structured vector of the corresponding recognition class

features, and column matrix {y{; | j=1,n} is a random

training sample of i-th feature with volume n.

It is known that one of the IEI-technology methods
features is the transformation of the input training
matrix Y into a working binary matrix X, which
changes in the process of machine learning. Therefore,
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for the Hamming binary space the vector of functioning s 1M )
parameters is set, which influence the functional E :MglefiédEm{d}’ @)

efficiency of the ORS machine learning to recognize the
implementations of the recognition class X, :

gm =< Xm, dm, 8, WRGB' >, (1)

where X, is the averaged structured vector of pixel
brightness values of the image receptor field; d, —
radius of the hyperspherical container of the recognition
class X9,, which in the machine learning process is

restored in the radial basis of the recognition features
space; 6 — parameter, the value of which is equal to
half of the symmetric field of control tolerances on the
signs of recognition; wrgg ={Wg,Wg,wg} — the set
of weights of the corresponding RGB-components of
the region digital image frame.

Hereinafter, the structured feature vectors will be
called implementations of the corresponding recognition
classes.

The parameters of the system, which will be
referred to as machine learning parameters, are subject
to appropriate restrictions:

-the range of pixel brightness values is in the
range [0; 255] brightness gradations;

—-the range of container radius values of the
recognition class 1 is given by inequality

dy <d(X, ®x,),
is the center-to-center distance

where  d(x,, ®X,)
between the averaged vector of features x, and a

similar vector X of the nearest class X{ ;

—the range of values of the parameter & is given
by the inequality

6<6H/2,

where 3, is the normalized field of tolerances for

recognition features, which determines the control
tolerances values range;
-the value of parameter wrgp is limited by the

brightness scale [0, 255].

It is necessary in the process of machine learning
ORS:

1) optimize the parameters of machine learning
(1), which provide the maximum value of the
information criterion of optimization in the working
(permissible) area of its function definition:

where E%‘) is the value of the information criterion
calculated at a given radius of the recognition class
hyperspherical container X2, which is restored in the
Hamming space radial basis; Gg — working area for
determining the information criterion; Gy~ valid range

of recognition class container radii values;

2) at the stage of examination in order to verify the
functional effectiveness of machine learning to decide
whether the implementation of the recognized image to

one of the classes of a given alphabet X%y

Thus, the task of information synthesis of the
learnable on-board UAV system for autonomous
recognition of ground objects is to optimize the
parameters of its machine learning (1) by approaching
the global maximum of the information criterion (2) to
its maximum limit value.

Categorycal model

We will present the functional categorical model
of information-extreme machine learning of ORS in the
form of the directed graph of sets which are applied in
the course of training. The mathematical description of
the learnable ORS is presented by a structure

IBX =< G,T,Q,Z, K,Y,x;fl,f2 >

where G is the space of factors that affect the reliability
of classification decisions;

T — the set of information reading time moments;

Q - recognition signs space;

Z — the space of the ORS possible states;

K — the set of frames of the region digital image;

Y —input training matrix;

X — working binary training matrix, which in the
process of information-extreme machine learning adapts
to the maximum full probability of making the correct
classification decisions;

f; — the operator of the formation of the input

training Y matrix from the source of information,
which is given by the Cartesian product
GxTxQxZxK;

f, — the transformation operator of the training

matrix Y into a working binary training matrix X.

The categorical model of ORS information-
extreme machine learning with optimization of RGB-
components weight coefficients of a frame of the region
digital image is shown in Fig. 1.
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Fig. 1. Categorical model of information-extreme
machine learning

Term set E (Fig.1), which consists of the values
of the information criterion calculated at each step of
machine learning, is common to all circuits for
optimizing the parameters of the wvector (1). The

operator r:E S ®M in the process of machine
learning restores in the radial basis of the binary feature
space containers of recognition classes, which form in

the general case a fuzzy partition KM The operator 0

displays the partition 3™ on the distribution of a priori
classified binary vectors of the recognition classes

features. Next, the operator W:X—>I|S|, where 19 is a
set of hypotheses, tests the basic statistical
hypothesis«/l:xgrj\) e X3,. Operator y determines the

set of accuracy characteristics 31Q, where Q =52, and
operator ¢ calculates the set of values E of the

information criterion for optimizing the parameters of
machine learning, which is a functional of the accuracy
characteristics. The categorical model contains a
contour of operators of optimization of control
tolerances on signs of recognition which is closed
through term set D of admissible values of control
tolerance system. In this case, the operator &, at each

step of machine learning changes the control field, and
the operator §, determines whether the recognition

features of a given control field of tolerances. The
contour of the weights optimization of the RGB-
component frames of the region image is closed through
the term set Wreh of the allowable values of the

corresponding weights. Operators , changes the
values of weights, and operator vy, implements an

algorithm for their many parametric optimization by the
method of gradient descent [11]. Operator  regulates
the process of machine learning.

Thus, the functional set-theoretic model (Fig. 1)
can be considered as a generalized structural scheme of
the algorithm of information-extreme machine learning
ORS.

Machine learning with optimization
of RGB weight components of the image

According to the categorical model (Fig. 1), the
algorithm of information-extreme machine learning
ORS with optimization of RGB-components of the
digital image of the region will be presented in the form
of an iterative procedure for finding the global
maximum.

* — (k)
= 3
{Wroe}=argmax{mex{max E"}, @)

where WT?GB is a set of optimal weights of the

ORS components of the digital image frame; E(k) -

calculated on the k-th step of machine learning averaged
on the alphabet of recognition classes information
criterion for optimizing the machine learning
parameters; G, — allowable range of weights values
Wgrags Cs — the range of permissible values of control
tolerances for signs of recognition.

The internal cycle of procedure (3) implements the
so-called basic algorithm, which at each step of
information-extreme machine learning calculates the
information criterion, finds its maximum value in the

work area G, and determines the extreme value d?n of

the radius of the recognition class container x% by
procedure

* Q)
d, =argmax E;;’.
Genikl

As a criterion for optimizing the parameters of
machine learning, a modified Kullback information
measure is used. For two-alternative equally probable
solutions it is described as follows

1+D, ,(d)-B, (d
EK,m=[Dl,m<d>—ﬁm(d»]*logz[ +Dun @) 7P ()]

1-D; (d) +B, (d)
(4)

where D, (d) is the first reliability of decision-making
at the k-th step of machine learning; B, (d) — an error

of another kind; d — distance measure that determines
the radii of hyperspherical containers of recognition
classes constructed in the radial basis of the binary
Hamming space.

The normalized form of criterion (4) has the form
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E =—", )

where E, .« IS the maximum value of the information
criterion (4) at D, ,(d)=1and B_(d)=0.
Due to the limited number of training samples

when calculating the optimization criterion (4) it is
necessary to use estimates of accuracy characteristics:

KZ,m(d)

D,.,(@) = 2D o) - ©®)

min min

where K, (d) is the number of events that indicate that

the recognition class belongs to Xx°  “their”

implementations; K, (d) — the number of events that

indicate that the recognition class belongs to X7,

“foreign” implementations; nmin — the minimum size of a
representative training sample.

After the appropriate substitution of estimates of
accuracy characteristics (6) in expression (4) we obtain
a working formula for calculating the information
criterion for optimizing the machine learning parameters

o _ K@ -KE @)

E — ,m 2,m
n

%o Nyin + Kikn)q (d) B K(Zkr)n (d) +10°° (7)
10 —K® )+ KE (d)+107 |

2,m

where 107 is a small enough number that is entered to
avoid division by zero; p — a number that in practice is
selected from the interval 1<p<3.

Optimization of parameter 1 of the control
tolerances field is carried out in the middle cycle of
procedure (3):

* —(k)
& =argmax{max E }. (8)
¢ i {GE ex E}

Thus at first parallel optimization at which control
tolerances change for all signs of recognition at the
same time is carried out. The control tolerances
obtained during parallel optimization are used as
starting points, which allows to increase the efficiency
of the sequential optimization algorithm, which is
carried out according to the procedure.

I=1"i

5;}- arg[é{c% max{ max Ef”(d)}}} ©)

where ® is the symbol of the iteration operation;

Efl)(d) -— the average value of the information criterion

for optimizing the machine learning parameters,
calculated during the optimization of the control
tolerances of the i-th recognition feature on the I-th run
of the iterative procedure for optimizing the system of
control tolerances for the recognition features; L — the
number of runs of the iterative procedure for optimizing
control tolerances for recognition features; N — the
number of signs of recognition; G, — the number of

signs of recognition d, which determines the radius of
the hyperspherical container of the recognition class;

According to the optimal parameters {5;} the
lower {A;,|i=LN} and upper {Agy.;li=1N}
optimal control tolerances for the recognition features
are calculated:

AHK,i =Ym —%i5 ABk,i =Ym +90 . (10)

With optimal control tolerances for recognition
features, an external cycle of procedure (3) is
implemented using the gradient descent method to find

the global maximum of the averaged criterion (4),
which is represented as a multi-parameter function

E=f(wg,Wg,Wp).

Consider the main steps of the information-
extreme machine learning algorithm with the
optimization of RGB-component frames of the digital
image of the region.

1) the value A of the function change E and the
gradient step h;

2) set the initial values for each of the weights of
RGB-components: wg =wWg =wg =1;

3) the machine learning algorithm with parallel-
sequential optimization of control tolerances is
implemented and the control tolerances are optimal in
the information sense according to formula (10);

4) partial derivatives are calculated:

df  f(wg +A, WG,WB)—E*_
dwg A '

of  f(wg,Wg +Awg)-E
dwg A '

dof  F(Wg,Wg.Wg+A)—E
dwg A '

5) the value of the gradient is calculated
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df df
=) +(—

grad(RGB) =J(%)2 R )

6) the weights of the RGB components change in
the direction of increasing the gradient:

df

R

df
dwg

Wi (k) =W (k1) ~h

wg (K)=wg(k-1)—h

df

B

W (K) = Wy (k—1) ~h—

7) the input training matrix is formed, in which
the recognition features for each RGB-component
change in proportion to the corresponding new weights;

8) if |grad|<c, where c is the specified error,
then point 9, is fulfilled, otherwise 3;

9) STOP.

According to the optimal geometrical parameters
of the containers of recognition classes, decisive rules
are built, which we present in the form of production in
the form:

(VX esﬁ'“”')[if [0 > 0) & (= meX{, 3]

then x? e X° else x? ¢ X?° )' (12)

where xU) is a recognizable vector; Uy — a

membership function of vector x) of the recognition
class container Xp, .

In expression (11), the membership function for a
hyperspherical container of recognition class X°m is
determined by the formula

_d(x, ®@x)
o

Hy =1 (12)

m

where d(x’,;n @x(j)) is the code distance between the

* -
vector X,, and the recognized vector.

Thus, the decisive rules (11) constructed in the
machine learning process within the framework of the
geometric approach due to insignificant computational
complexity are characterized by high efficiency and are
practically invariant to the multidimensionality of the
recognition features dictionary.

An example of a machine learning
algorithm implementation

The implementation of the information-extreme
algorithm of machine learning ORS was carried out on
the example of identification of frames of the digital
image of the region shown in Fig. 2.

Fig. 2. The region image

As recognition classes, frames with a size of 39x39
pixels shown in Fig. 2 images: class Xf — highway;

class X9 — liquid forest; class X§ — plowing field;

class X — sown field. Selected frames are shown in
Fig. 3.

A B

Fig. 3. The region images: a — highway (class Xf );
b — liquid forest (class xg ); ¢ — plowing field

(class Xg ); d —sown field (class X§)

The highway frame image is non-stationary in
brightness, and the images of the frames shown in
Fig. 3,b — Fig. 3,d, belong to the type “texture”. In
addition, the road can occupy an arbitrary position in
different frames. Therefore, in order to ensure the
invariance of the decisive rules for the shift and rotation
of objects within the frames, the formation of the input
training matrix was carried out by processing images in
the polar coordinate system. The average brightness of
the pixels of each reading circle built around the
geometric centre of the frame was calculated by the
formula [9]
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(12)

where 0; is the average brightness of the pixels of the

reading circle of the j-th radius, j= OR:
6; — brightness value of the RGB component in the

i-th pixel of the receptor field of the frame image;
N;j — the total number of pixels in the j-th reading

circle.

According to the calculated by formula (12) the
average brightness of the reading circles of the formed
and structured implementations of the input training
matrix for those shown in Fig. 3 frames of the region
image. Machine learning was carried out according to
procedure (3), which optimized the parameters of
machine learning (1) by finding the global maximum of
the information criterion (7) in the working area of
determining its function, in which the first reliability is
Dy m(d)>0,5, and the error of the second kind

Bm(d) <0,5.

Fig. 4 shows a graph of the dependence of the
average normalized information criterion (7) from the
parameter & of the control tolerances field on the signs
of recognition, obtained by the iterative procedure (8) at
the initial weights wg =wg =wpg =1. The calculation
of the criterion for optimizing the machine learning
parameters was carried out at parameters N, =40
and p=2.

In Fig. 4 and further, the working areas for
determining the function of criterion (7) are marked in
dark colour.

E
0.4

0.3
0.2

0.1

0

' l[l' ' Z(II ' 30’ ' fl[lI ' 50’ ' 60’ ' '.'l]‘ ' 80’ &

Fig. 4. The dependence graph of the information
criterion on the parameter of the control tolerances field
at the initial values of the RGB components weights

Analysis of Fig. 4 shows that the quasi-optimal

value of the parameter of the control tolerances field is
equal to & =35 gradations of brightness at the
criterion

maximum value of the

E =033,

optimization

In order to increase the functional efficiency of
machine learning, a consistent optimization of control
tolerances for recognition features according to the
procedure was implemented (9). The quasi-optimal
value of the control tolerances field determined during
parallel optimization was taken as the starting point for
sequential optimization. Fig. 5 shows a graph of
changes in the average normalized information criterion
(7) in the process of sequential optimization of control
tolerances for recognition features.

0,7
0.6
0,5
04
03
02
0,1

Fig. 5. The graph of the information criterion change
in the process of sequential optimization of control
tolerances at the initial values of the weight coefficients
of the images RGB components

Analysis of Fig.5 shows that the information
criterion for optimization on the third run, which is
determined by the ratio of the number of iterations to
the number of features N in the implementation, has

doubled and reached a value of E =0,68 .

Checking the functional efficiency of machine
learning was carried out in the examination mode
according to the decisive rules (10). Fig. 7 shows the
result of the region image frames identification (Fig. 2).
In the figure the numbers correspond to the ordinal
numbers of the recognition classes, and the number 0
indicates the frame that the system did not recognize.

140747470).0/4,:470) 43 JiwlleReeleme el
i 20 000 i

Fig. 6. The Identification result of the image frames
of the region at the initial values of the RGB-component
images weights
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Visual analysis of Fig. 6 shows that the highway
and the sparse forest were recognized almost infallibly,
and other frames were recognized with low reliability.

According to the results of the algorithm
implementation (3) of information-extreme machine
learning, the optimal weight coefficients of the RGB-
components of brightness shown in Fig. 3 frames of the
region image, which were equal to, respectively
Wg =0,45; wg =0,99 and wg =0,3.

Fig. 7 shows a dependence graph of the average
normalized information criterion (7) on the parameter of
the control tolerances field on the recognition features,

obtained by the iterative procedure (8) at the optimal
weights of RGB-component images.

03
0,2

0,1

Fig 7. The dependence graph of the information
criterion on the parameter of the field of control
tolerances at optimal weights RGB components

Analysis of Fig. 7 shows that the maximum value
of the parameter of control tolerances the field is equal

to § =20 gradations of brightness at the maximum

value of optimization criterion E = 0,34 . In order to
increase the criterion, the procedure (9) of sequential
optimization of control tolerances was implemented.
& =20. Fig. 8 shows a graph of changes in the average
normalized information criterion (7) in the process of
sequential optimization of control tolerances for
recognition features at optimal weights of RGB
components.

E
1

0,8

0,6
04

0,2

0 T r T r T T T r T r T >
10 20 30 40 50 60

Fig. 8. Graph of information criterion change
in the process of sequential optimization of control
tolerances with optimal weight coefficients
of RGB components of images

Analysis of the machine learning results with
parallel-sequential optimization of control tolerances for
recognition features shows that after sequential
optimization the maximum value of the average
normalized information criterion (7) increased from
0,68 (Fig. 5) to 0,80.

Fig. 9 shows the dependence graph of the
information criterion (7) on the radii of the recognition
classes containers, obtained at the optimal weights of
the RGB-component images.

E,
1
0.8
0,6
0.4
02
. 5 10 15 20 5 dy
a
E,
1
0.8
0,6
04
02
0 — :
1 2 3 4 5 6 7 8 9 10 dy
b
Eg
0,6
05
0,4
03
02
0,1
0 : : : . . . ; s
10 11 12 13 14 15 16 17 18 19 20 21 22 23 dj3
c
E4

0,6
0,5
0,4
03
0,2
0,1

0

Fig. 9. The dependence graph of the information
criterion on the radii of the recognition classes
containers at the optimal weights of the RGB

components: a - class X7 ; b —class X9 ;

¢ —class xg :d —class Xf{
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Analysis of Fig. 9 shows that the information
criterion takes the maximum limit value for the first and
second recognition classes, so these classes do not
intersect in the feature space with other classes. For the
third and fourth recognition classes, the maximum

E;=0,56 and

exceed the

values of information criterion

obtained, which

E;=0,58, are
corresponding values shown in Fig. 6. Thus, at a given
depth of machine learning failed to build a clear
breakdown, but built for him the decisive rules in the
exam mode will allow smaller errors of the first and

second kind. The optimal values of the radii of the

recognition classes containers are equal to: for class X7
- dy =1
dg =7 and for class X§ - dy =19.

According to the geometrical parameters of the
recognition classes containers, obtained at the optimal
weights of the RGB components, the decisive rules (10)
were constructed, according to which the frames of the
region image were identified. Fig. 10 shows the result of

frame identification at optimal weights of RGB-
component images

0; for class X§ — d,=2; for class X§ —

UUU.N
'UUU.;

Fig. 10. The result of the identification of the region
image frames at the optimal weights
of RGB-component images

Visual comparative analysis of the results
presented in Fig. 6 and Fig. 10, shows that the region
image frames belonging to the first and second
recognition classes are identified almost unmistakably.
Thus reliability of shots of identification of the third and
fourth classes of recognition increased almost three
times.

Thus, the basic paradigm of information-extreme
machine learning is confirmed, which consists in the
adaptation of the input mathematical description of the
recognition system to the maximum full probability of

making the correct classification decisions. At the same
time, the expediency of optimal in the information sense
selection of weight coefficients of RGB-component
images in order to increase the functional efficiency of
information-extreme machine learning of the image
recognition system is experimentally proved.

Conclusions

The analysis of the obtained results of the ORS
machine learning of an unmanned aerial vehicle
confirms the expediency of taking into account the
influence of the formation parameters of the input
mathematical description on the reliability of the
recognition of terrestrial natural and infrastructural
objects.

One such important parameter is the weighting
coefficients of the RGB components of the brightness of
the images, which directly affect the recognition
features. The article proposes a new method of
information-extreme machine learning of the on-board
system of an unmanned aerial vehicle, which allows
increasing the reliability of the region image frames
identification by optimizing the information criterion of
weight. In this case, the decisive rules are built in the
process of machine learning on a multi-cycle iterative
procedure of finding the global maximum of the
information criterion and optimizing the weights of
RGB components of image brightness is carried out by
gradient descent.

Further increase in the functional efficiency of
information-extreme  machine learning ORS is
associated with the need to increase the depth of
machine learning by optimizing other parameters of the
system, including the parameters of the input training
matrix. With the increasing power of the recognition
classes alphabet, there is a need to move from the above
linear data structures to hierarchical.
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IHO®OPMALINMHO-EKCTPEMAJIbHE MAIIIMHHE HABYAHHSI BOPTOBOi CUCTEMHU
PO3III3HABAHHS 3 OITUMI3BALIEIO RGB-CKJIAIOBUX
OU®POBUX 30BPA’KEHb HABEMHUX OB’€EKTIB

1. B. Haymenxko, M. I. Muponenxo, T. P. Casuenko

MeTo JOCHIDKEHHS € MiJBUINCHHS JOCTOBIPHOCTI PO3MI3HABAHHS aBTOHOMHOK OOPTOBOIO CHCTEMOIO
0E3IUIOTHOTO JITATRHOTO amapary Ha3eMHUX MPHPOTHUX Ta iHPpacTpyKTypHHX 00’€KTiB. 3alpOMOHOBAHO METOJ
iHpopManifHO-eKCTPEMATBHOTO MAIIMHHOTO HABYAHHA aBTOHOMHOI OOpPTOBOI CHCTEMH pO3II3HaBaHHS 3
ontuMizamiero RGB-cxiamoBux mugppoBoro 300pakeHHs HAa3eMHUX 00 €KTiB. MeTon po3poOiieHO B paMKax
(YHKIIOHATBFHOTO IMiIX0AY JO MOJEIIOBaHHS KOTHITUBHHX IIPOIECIB MPHPOTHBOTO iHTEIEKTY Ipu (GOpMYyBaHHI Ta
MPUHHATTI KIacU(iKaiifHuX pimeHs. Takuid miaxin Ha BiAMIHY Bifl BIIOMHX METOMIB iHTEICKTYAILHOTO aHANTI3Y
JTAHWX, BKIFOYAI0UU HEUPOMOIiOHI CTPYKTYpH, TO3BOJISIE HATATH CHCTEMI PO3ITi3HABAHHS BIACTHUBOCTI aJallTUBHOCTI
JI0 JOBUIBHUX IIOYaTKOBMX YMOB (OpMyBaHHs o00pa3y Ta THYYKOCTI NpH NEpeHaBYaHHI CHCTeMH. laes
3alpOIIOHOBAHOTO METOJy MoJjsrae B MakcuMmizauii iH(popMaiiiiHOi CIPOMOXKHOCTI CHCTEMH pO3IMi3HaBaHHS B
IpoIieci MAIIMHHOTO HaBUaHHS. SIK KpHUTepil onTHMi3amii mapamMeTpiB MallMHHOTO HAaBYAHHS BUKOPHUCTOBYETHCS
Monudikaris iHpopmaniiHoi mipn Kympbaka, ska € (yHKIIOHAJIOM TOYHICHMX XapaKTePUCTHK KiacHpiKamiiHuX
pimens. Sk mapaMmeTpu onTHUMI3aIlii po3IILAAINCS TEOMETPUYHI apaMeTpH TinepcepudIHuX KOHTEHHEpiB KIaciB
pO3Mi3HAaBaHHS, 1 KOHTPOJBHI MOIyCKHM HAa O3HAKM PO3IMi3HABAHHA. SIKi BiAIrpaBajdM POJb PiBHIB KBaHTYBaHHSI
BXIIHUX JaHWUX NpH TEPEeTBOPEHHI BXIJHOI EBKJII/I0BOI HaBUAIBLHOI MaTpUlli B poOody OiHapHy HaBUYAJIbHY
Marpuio. nsgxom gomycTuMuX nepeTBopeHs poO040i HaBUAILHOT MaTpHIIi 3alPOIIOHOBAHUH METOJ MAIIMHHOTO
HaBYaHHS JI03BOJISIE aJaNTyBaTH BXiJHUH MaTeMaTHYHHUH OIMC CHCTEMH pO3Ii3HABaHHS JI0 MaKCHMaJbHOI MOBHOL
HMOBIPHOCTI IPUHHATTS MPAaBWIBHUX KIACU(IKaliHHUX pilleHb. 3 METOI0 IiJBHIICHHS ITMOMHU iHpopMamiiHO-
eKCTPEMAJIbHOTO MAIIMHHOTO HABYaHHS 3/1MCHIOBAJAcs ONTHUMi3alis 3a IHQOPMAIHHUM KpHTEpiEM BaroBUX
koedimienTiB RGB-cxiiagoBux CHEKTPY SACKPaBOCTI 300pakeHh Ha3eMHHUX 00’ekTiB. Pesynpraté (ismaHOTO
MOJICTIOBAHHS Ha TPUKIAJi PO3Mi3HaBaHHS Ha3eMHHX MPHUPOTHUX Ta iHYPACTPYKTYpHHUX 00 €KTIB MiATBEPIKYIOTH
MiABHIIEHHS (YHKIIOHANBHOI e(eKTUBHOCTI iH(pOpMaIifHO-eKCTPEMaTFHOTO MAIIMHHOTO HaBYaHHS OOpPTOBOI
CHCTEMH TPH ONTHMANbHUX B iHpOpMamiiHOMY po3yMiHHI BaroBux koedimieHTax RGB-ckmamoBux sickpaBocTi
300pakeHb Ha3eMHUX 00 €KTIB.
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OopToBa cucTeMa po3Ii3HaBaHHs, 0€3MUIOTHUH aBialliifHUIT KOMIUIEKC; 300pakeHHsI HA3EMHOT0 00’ €KTY.

UH®OPMAIIMOHHO-9KCTPEMAJIBHOE MAIMMHHOE OBYYEHUE BOPTOBOM CUCTEMBI
PACIIO3HABAHMS C ONITUMHU3AIIMEN RGB-COCTABJIAIOIINX IIU®POBBIX
N30BPAKEHUI HASEMHBIX OBBEKTOB

U. B. Haymenko, H. U. Muponenxo, T. P. Casuenko

Lenpto wWccienoBaHMs SIBISCTCS TOBBIIICHUE JOCTOBESPHOCTH pACIO3HABAHUS ABTOHOMHOW OOPTOBOIA
CHUCTEMOI OCCIUIIOTHOTO JICTATEIBHOrO ammapaTa Ha3eMHBIX MPHPOIHBIX U HUHPPACTPYKTYPHBIX OOBEKTOB.
Ipemnoxen Metoa HHGOPMAIIMOHHO-IKCTPEMAILHOTO MAIIMHHOTO OOYYEHUs aBTOHOMHOW OOPTOBOW CHCTEMBI
pacrnio3HaBaHus ¢ ontumm3anueii RGB-koMmoHeHT 1H(POBOro H300paKeHUs HA3eMHBIX OOBEKTOB. MeTon
pa3pabotaH B paMkax ()YHKIMOHAJIBHOTO TMOJXOJa K MOJCIMPOBAHUIO KOTHUTHBHBIX IPOICCCOB MPUPOIHOTO
UHTEJUICKTa Tpu (HOPMUPOBAHUU U TPUHITHU KIacCU(UKAIIMOHHBIX pelieHuid. Takod MOJXOM B OTIUYUU OT
M3BECTHBIX METOJOB HHTEJUICKTYaJIbHOTO aHali3a MTAHHBIX, BKIIOYas HEHpOMOMOOHBIE CTPYKTYPHI, MO3BOJSIET
MIPUIATh CUCTEME PacIlO3HABAHUS CBOMCTBA aJaliTUBHOCTH K IPOU3BOJIBHEIM HAYaJLHBIM YCIOBHSIM (POPMUPOBAHUS
oOpa3a u THOKOCTH TIpH TepeoOydeHHH CHCTeMBl. Vaes NpeasoKEHHOTO MeETOoJa COCTOUT B MAaKCHMH3AIUU
WHPOPMALIMOHHOW CIOCOOHOCTH CHCTEMBI pPACIO3HABAaHWS B Ipollecce MamIMHHOTO oOydeHHWs. B kadecTBe
KPUTEPHsI ONITUMH3AINHN [TapaMETPOB MAIIMHHOTO OOYUYSHHSI MCIIONB3YeTCs MOAUMUITNPOBaHHAS HH(POPMAaIIHOHHASL
Mepa Kympbaka, sBisgromasicss (QyHKIMOHAJIOM TOYHOCTHBIX XapaKTEPHCTHK KIaCCH(PUKAIMOHHBIX pelreHuil. B
KayecTBE IMMApaMETPOB ONTUMHU3AIMHM PACCMATPUBAIMCh TCOMETPUYCCKHE MapaMeTphl THIepchepruecKux
KOHTEHHEpOB KJIACCOB pPACIO3HABaHMA W KOHTPOJIbHBIE JIOMYCKM Ha MNPU3HAKW PAClO3HABaHUS, SIBISIIOIIMECS
YPOBHSMHU KBaHTOBaHHs BXOJHBIX IaHHBIX MPH MPEOOPA30BAHUU BXOTHOW 3BKIIMAOBOW OOydarolieil MaTpuIlsl B
pabouyro OuHapHYIO 00y4arolyr MaTpuily. [IyTéM J0myCcTHMBIX MpeoOpa3oBaHuii paboueit 00ydJaroIeli MaTPHIIBI
MIPEAJIOKEHHBI METOJ] MAIIMHHOTO OOYYEeHHs IMO3BOJIAECT aJalTUPOBATh BXOJHOEC MAaTEeMAaTHYECKOE OIMUCAHHE
CHCTEMBI PacHO3HaBaHUA K MaKCHMalbHOH MOJHON BEPOSATHOCTH MPHUHITHS TPABIIBHBIX KIaCCU(PUKAITMOHHBIX
pemrenmit. C  [enpl0  yBENWYCHHS TIIYOMHBI HWH()OPMAIIOHHO-3KCTPEMATbHOTO MAIIMHHOTO  OOYyYeHUS
OCYIIECTBILLIACH ONTHMHU3AIMS 110 WHPOPMAMOHHOMY KPHUTEPHIO BecOBHIX Kod(p¢umumentoB RGB-koMmoneHT
CIIEKTpa SPKOCTH W300paKeHHWH HA3eMHBIX OOBEKTOB. Pe3ynbTaThl (DM3NYECKOTO MOJACTHPOBAaHHUSA Ha MpUMeEpe
pacro3HaBaHHWsA HAa3eMHBIX NPUPOAHBIX W  HHPPACTPYKTYPHBIX OOBEKTOB ITOATBEPXKAAIOT  IOBHIIICHHUE
(yHKIHOHATBHOHN A((EKTUBHOCTH HH(POPMAIHOHHO-IKCTPEMAIEHOTO MAITUHHOTO OOYYeHUs OOPTOBOW CHCTEMBI
IpU ONTHMAJbHBIX B HHMOPMAIIMOHHOM CMBICIE BECOBBIX Kod(dunuentax RGB-koMmoHneHT spkocTH
n300paKeHNI Ha3eMHBIX 0OBEKTOB.

KiawueBble ciioBa: MH()OPMAIMOHHO-3KCTPEMAaIbHOS MAIIMHHOE O0yueHHEe; MH(DOPMAIMOHHBIA KPHUTEPHIA;
ONTUMU3AIKS; OOPTOBAsi CUCTEMa PACIO3HABAHMS; OCCIMIIOTHBIN JIeTaTeIbHBIN anmapar; n300paKeHHe Ha3eMHOTO
o0ObeKTa.
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