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CONVOLUTIONAL NEURAL NETWORKS
FOR DETERMINING THE ION BEAM IMPACT
ON A SPACE DEBRIS OBJECT

Introduction. Space debris is a serious problem that significantly complicates space activity. This problem can be
mitigated by active space debris removal. The ion beam shepherd (IBS) concept assumes the contactless removal
of a space debris object (SDO) by the plume of an ion thruster (IT). Techniques for determining the force impact
Jfrom the IT to the SDO are of crucial importance for implementing the IBS concept.

Problem Statement. A launcher’s upper stage, approximated by a cylinder, is considered an SDO deorbited
by the plume of the IT. The SDO can change its orientation and position relative to the shepherd satellite. The
shepherd satellite shall be able to determine the force transmitted to the SDO by the IT, using only SDO’s images
as the input information.

Purpose. The study aims to develop a neural net model that can map an SDO image to the force transmitted
by an IT plume to this object and estimate the accuracy of such models.

Material and Methods. Plasma physics methods are used to obtain ground truth values of the ion beam force.
The deep learning methodology is applied to create neural net models.

Results. Three dif ferent approaches for end-to-end ion force determination have been investigated. The first
model uses a single convolutional neural net (CNN). The second model is an ensemble network consisting of four
sub-models, and a classifier is used to pick the correct sub-model. The last model is similar to the first one but is
trained on all images used for the second model. After training, all three models’ accuracy and computational
complexity are estimated. These estimates demonstrate the acceptable performance of CNN-based models.

Conclusions. This paper demonstrates that CNNs can be used to determine the force impact without knowl-
edge about the SDO position and orientation and significantly faster than the previous methods.
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As aresult of human space activity for over 40 years,
the near-Earth orbits became polluted with space
debris, including different objects, such as launch-
er stages, non-functioning spacecraft and their
parts. The space debris problem makes further
space activities more and more complicated [1].
Different approaches to space debris removal
have been introduced recently [2—4]. Among those
approaches, the ion-beam shepherd (IBS) concept
[5] can be selected because it assumes the remov-
al of a space debris object (SDO). The main idea
of this concept is to use the momentum from an ion
thruster plume to transmit the deorbiting mo-
mentum to the SDO. This contactless technique
gained interest in the space community because
it can provide low-risk SDO removal.

To implement the IBS concept, it is necessary
to have an efficient technique to determine the for-
ce that transmits the ion thruster (IT) to the SDO
because these values are required for mission plan-
ning [6] and relative control tasks [7]. The task of
ion beam force determination has been addressed
in several papers. A model of an IT plume distri-
bution and interaction with an orbital object was
presented in [8]. Theoretical principles of mode-
ling an ion beam plume and calculating the trans-
mitted force were proposed in [9]. Since the au-
thors of this work integrated the elementary for-
ces over the SDO surface, the implementation of
this approach might be computationally complex.
Research [10] presents an attempt to find ana-
lytical formulas for the ion beam force. However,
such analytical expressions were obtained only
for a spherical SDO. A simplified method for cal-
culating the ion beam using a central projection
of the SDO is proposed in [11]. Validation results
for this method are reported in [12]. Although
this method is significantly faster than the origi-
nal method [9], it still requires significant com-
putational resources and estimates of the SDO’s
pose. Research [13] uses the idea of central pro-
jection and image processing to calculate the ion
beam force based on visual images of the SDO.

Research [14] follows the modern tendency to
use artificial intelligence methods in space appli-
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cations [15] and determine the ion beam force uti-
lizing deep learning techniques. According to the
results of this paper, the designed model can pro-
vide admissible accuracy but requires good esti-
mates of the position and orientation of the SDO.
On the other hand, research [16] demonstrates that
these features can be obtained from images with the
use of convolution neural networks (CNN). The
architecture of the CNNs allows for learning com-
plex patterns that are hard to notice during ana-
lytical analysis for input visual data with high di-
mensions. Inspired by this capability of the CNNss,
we demonstrate in this research that CNNs can be
applied to determine the ion beam force using
SDQ’s images as input. After being trained the
CNN-based model does not require any knowledge
about the SDO’s relative position and orientation.
This approach can be used for the objects of differ-
ent sizes and shapes, which are known.

Using the IBS concept [5], we consider the de-
orbiting of an SDO from alow Earth orbit. Accor-
ding to this concept, a shepherd satellite (SS) is
equipped with an impulse transfer thruster (ITT)
and an impulse compensation thruster (ICT). The
ion plume from the ITT is pointed towards the
SDO and used for transferring the deorbiting mo-
mentum. The nozzle of the ICT is pointed in the
opposite direction to compensate the reaction for-
ce created by the ITT (Fig. 1).

For efficient contactless de-orbiting, the SS has
to fly at a sufficiently small distance in front of
the SDO of the order of a few SDO diameters. To
maintain such a position of the SS for a long pe-
riod of time, it is necessary to use effective algo-
rithms for controlling its relative motion, for ex-
ample such as[23]. Toimplement such algorithms,
the ion beam force has to be calculated in orbit
with the use of SS computer at each control sam-
pling period. It is problematic to solve this task
using traditional force calculation algorithms, sin-
ce they require a lot of time and computational
resources. In addition, such algorithms need in-
formation about the SDO’s orientation, the dete-
mination of which is also problematic. This re-
search has addressed this problematic situation
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by creating a neural network model that uses only
camera-acquired images of the SDO as input and
allows determining the force faster than by con-
ventional methods.

The study aims to develop a neural net model
that can map an SDO image to the force trans-
mitted by an IT plume to this object, and esti-
mate the accuracy of such models.

CNN

An artificial neural network is a system of intercon-
nected artificial neurons [17]. A multilayer neu-
ral network consists of input, output and hidden
layers of neurons. The most popular multilayer
neural networks are feed-forward neural networks
with one or more hidden layers in which each neu-
ron of the hidden layer is connected to every neu-
ron of the previous layer. It was proved that such
a network with at least one hidden layer could
approximate any continuous function of a set of
variables; the only condition is the nonlinearity
of the activation function in hidden layers [18].
To make a neural network model able to give cor-
rect responses for given inputs, it needs to be trai-
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ned. Supervised learning is the most efficient ap-
proach to neural networks. According to this ap-
proach, the network weights and biases are opti-
mized to minimize the error between the predict-
ed and ground-truth value of the model output.
In this paper, we propose to use CNNs to deter-
mine the force transmitted by the IT plume to an
SDO using visual images as input. The CNN is
chosen because this architecture is very powerful
for the image analysis tasks [19]. CNNs are a sub-
set of feed-forward artificial neural networks and
utilize the advantages of using the mathematical
operation of convolution, which allows finding
complex patterns even in input data of high di-
mensional, such as images [19]. CNN utilizes the
concept of small filters that move along the image
to detect features. This approach reduces the num-
ber of network parameters that need to be trained
because any CNN filter uses the same weights and
biases regardless of its position. Yan LeCun et al
[20] first demonstrated that the back-propagation
technique could be used to train this kind of neu-
ral network successfully. CNNs could effectively
solve both classification and regression problems
by processing black and white or color images.
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Figure 2 shows our custom CNN architecture
used for this task. The input for the CNN is an
SDO'’s image. The force projections in the IRF are
the outputs of the network. The hidden layers in-
clude two convolution layers with ReLU activation
and two max-pool layers to reduce the dimensions
of the features. Four consecutive fully-connected
layers with ReLLU activations follow the last max-
pool layer. The output layer consists of three neu-
rons corresponding to three force projections.

The mean squared error between the predicted
and ground truth force values is used as the loss
function to train the CNN.

GROUND TRUTH FORCE

The ground truth forces are calculated based on the
methodology used for the similar purpose in [14].
According to this methodology the IT plume is a
stream of heavy propellant ions (for example, xe-
non), accelerated to an energy level of several kilo
electron-volts. When such a plume acts on a solid
body, a force Fis applied to it, which is mainly be-
cause of the momentum of the plasma ions bombar-
ding the target. Since the plasma density varies in
different areas of the plume, the ion beam force can
be calculated by integrating the elementary forces
dF over the irradiated surface S of the target as

F=] dF. €))

Neglecting the effects of plasma ions leaving
the target surface, sputtering of its material, and
electron pressure, the elementary force transmit-
ted to the elementary area ds of the SDO’s sur-
face can be calculated as follows [6]:

dF =mnU(-V - U)ds, (2)

where m is the ion mass; 7 is the plasma density; V
is the normal unit vector to the elementary area
ds; U is the particle velocity vector.

To determine the SDQO’s relative position and
orientation we introduce the following right-han-
ded orthogonal reference frames.

Let us consider ITT-fixed reference frame (IRF)
O, x,y,z, whose origin O, is located in the center
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of the beginning of the far region of the ion beam
[8]. The axis O, z, coincides with the axis of the
beam and is directed towards the ITT nozzle. It is
assumed that the IT is fixed on the «shepherd»
that is oriented in such a way that the axis O, z,
coincides with the tangent to the orbit and is di-
rected to the target, the axis O, y, coincides with
the normal to the orbit and is directed in the op-
posite direction to the Earth, and the axis O, x,
complements the reference frame to the right-
handed one.

The origin of the reference frame that is associ-
ated with the SDO (SDF) O, x,y, z,is located at
its geometric center. The direction of the SDF axes
coincides with the principle inertia axes of the
SDO. The orientation of the SDF axes relative to
the IRF is determined by the Euler angles ¢, 9, ¢
[12]. The position of the origin of the SDF relative
to the IRF is determined by the vector [x, y, z|".

To determine the plasma density we use the so-
called self-similar model of plasma propagation,
because it provides a compromise between its com-
plexity and accuracy [8].

Self-similar models are based on the assump-
tion that the nature of ion propagation can be de-
scribed with the use of a dimensionless similarity
function A(Z). Using this function, we can present
the coordinates of the ions as

n2) =1,M2),=z/R,

where r, z are the radial and axial coordinates, re-
spectively; R, 7, are the beam radius and radial
coordinates of ions at the beginning of the far re-
gion (z - 0).

In our case the character of plasma distribution
can be considered conical and the similarity func-

tion can be defined in the following simple form

(3)

where o is the initial divergence half-angle of the
IT plume.

With the use of similarity function (3), the
plasma density at an arbitrary point of the plu-
me with coordinates r, z can be determined as fol-
lows [8]:

h(z) =1+ ztana,
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n, 72
n,= % exp |—C T(E)
where 7, is the plasma density at the beginning of
the far region of the beam; C is the factor that de-
termines how much of the plasma plume hit a cir-
cle of radius R (for example, C = 6 corresponds to
95% of the flow hit).
For the considered model, the axial component
u, of the plasma ion velocity can be considered a
constant and radial velocity component is deter-
mined by the following expression [8]:

 F=1/R, (4)

6

For a specific mission of space debris removal,
the IT properties and the shape and size of SDO
are known and can be considered constant. In this
case, the ion beam force depends only on SDO’s
the relative position and orientation. Given that
and using equations (1)—(5), we have designed a
computational function that receives the values
of the relative position and orientation of the SDO
as an input and outputs ground truth values of
the ion beam force in the IRE. Then knowing the
information about relative position and orientation
forany SDQO’s synthetic image we can form a train-
ing dataset that consists of the input images and
corresponding output ion beam forces.

SYSTEM DATA

For all the experiments, we use the following ion
thruster parameters: the initial ion thruster radi-
usis R, = 0.0805 m; the ion mass (xenon) is m =
= 2.18 - 10* kg; the initial plasma density is 7, =
= 4.13 - 10" m% the axial velocity of ions is u_ =
= 71580 m/s; the divergence half-angle is oo = 7 deg;
the nominal thrust of the ITT is 0.031 N.

The upper stage of the Cyclone-3 launch vehi-
cle is considered an SDO that is approximated by
a cylinder with a height of 2.6 m and a base dia-
meter of 2.2 m.

DATASETS

The datasets contain the images of the SDO as the
input and the corresponding force vector as the

ISSN 2409-9066. Sci. innov. 2023. 19 (6)

output. The ground-truth forces are calculated
with the use of the function that is designed based
on the methodology from Subsection Ground truth
Jforce. The inputs for this function are generated
randomly with a continuous uniform distribution
and variation ranges specifically for each input
parameter. Then, we use these input parameters
to generate the SDO’s synthetic images. The im-
ages are rendered with the use of Blender open-
source software. A camera focal length of 25 mm
and black background are used for rendering gray-
scale images with a size of 200 x 200 pixels. Some
examples of the SDO’s images used as inputs for
the CNN models are shown in Fig. 3. We did not
use any preprocessing techniques for input data,
but we normalized outputs using the linear scal-
ing method to have the ground-truth values in a
range of [—1.0, 1.0]. Finally, the dataset was split
for training and validation with 80% and 20% ra-
tios, respectively.

Three different approaches for the end-to-end
training of the CNN have been studied. The first
model, called CNN1, uses a single CNN that is
trained on the dataset consisting of 10000 SDO
images. In this case, the relative position inputs
vary in ranges of [—1.0; 1.0] m and [5.0; 9.0] m for
x, y and z coordinates, respectively. The input ori-
entation angles y, ¢, 6 vary in a range of [1.57;
1.57] rad. The second model, called CNN2, is an
ensemble network. It consists of four sub-models
Q1—Q4. Each particular model is trained with
its own dataset containing 10000 images. In this
case, different models are used to determine the
force depending on the relative distances to the

Fig. 3. Examples of input SDO’s images
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Fig. 5. Loss during training of CNN3 model

Table 1. Input Ranges for Ensemble Sub-Models

SDO, which are given in Table 1. A classifier is
used to pick the specific model. To train the clas-
sifier, the output regression layer of CNN1 was
replaced with a classification layer to perform
four-class classification for mapping each classi-
fier output to the specific model. According to
this approach, the CNN2 model uses the classifier
at first to determine the specific model, and then
the specified model performs regression using the
same image as the input.

It should be noted that in practice this classifi-
cation task for CNN2 can be avoided altogether if
the spacecraft has other means for determining the
relative position of the SDO, such as LIDAR.

The last model, called CNN3, is very similar to
the CNN1. However, it is trained on the extended
dataset consisting of all images used to train the
CNN2 model. Thus, the CNN3 is trained on the da-
taset containing 40000 images. All three CNN mod-
els use the same architecture, showed in Fig. 2.

TRAINING AND VALIDATION

Training, validation and testing of CNN models
were implemented with the use of Python 3.9
programming language and PyTorch open-source
machine learning framework. All models are
trained on a desktop PC with Intel 10th genera-
tion processor with 8 cores and 16 threads and
Nvidia GPU with Ampere architecture, utilizing
higher memory bandwidth to speed up the train-
ing process [21]. CNN models were initialized by
the Xavier method [22]. The parameters of the
Adam optimizer are selected as follows: the gradi-
ent damping factor is 0.9; the attenuation coeffi-

Input range
Sub-model
x Y v ¢ 0
Q1 [-1;0] [0; 1] [-1.57;1.57] [-1.57;1.57] [-1.57;1.57]
Q2 [0; 1] [0; 1] [-1.57; 1.57] [-1.57; 1.57] [-1.57; 1.57]
03 [0; 1] [-1;0] [-1.57; 1.57] [-1.57; 1.57] [-1.57; 1.57]
Q4 [-1; 0] [-1; 0] [-1.57;1.57] [-1.57;1.57] [-1.57;1.57]
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cient of the squared gradient is 0.999; the small
constant is 7.0 - 10~7. Each CNN is trained on
25 epochs with a learning rate of 0.001 and a
mini-batch size of 256.

Computation time was also considered a per-
formance metric. In order to determine it, we
wrapped the code that performs neural network
inference into Python code that measures execu-
tion time in milliseconds for each computational
case during testing. The traditional solution has
been used as a standalone Python package with a
callable function; the execution time was meas-
ured the same way as for the neural networks. All
time measuring was performed on the same PC
with the same hardware.

TRAINING

Figure 4 shows the plots of the training and vali-
dation losses for the CNN1 model. The training
of the CNN1 model for 25 epochs lasted 501.172 s
and finished with training and validation losses
of 6.88 - 10~ and 1.26 - 1073, respectively.

Each particular sub-model of the ensemble
model CNN2 is trained independently with the
use of specific dataset. The training results for
sub-models used to determine the force are given
in Table 2.

Figure 5 shows training and validation losses for
the CNN3 model. The average training and valida-
tion losses for CNN3 are 7.54 - 10-*and 8.53 - 104,
respectively.

The CNN3 model required 2045.6 s to train.
This is almost three times longer than any other
regression models we trained during this research
because a significantly bigger training dataset is
used for training the CNN3.

TESTING

We tested our trained CNN models considering
different positions and orientations of the SDO
relative to the ITT. The parameters for 18 testing
cases are summarized in Table 3. The parameters
marked as “*” vary within the considered ranges

ISSN 2409-9066. Sci. innov. 2023. 19 (6)

with a fixed step of 0.001. The fixed parameters of
the first 6 cases have nominal values. The norma-
lized error vector are defined in the following way:
AF=F, — F,, where F, is the normalized reference
force; F, is the normalized predicted force.

Figures 6—8 show normalized errors obtained
for case 3 with the use of CNN1, CNN2, and
CNN3 models, respectively. The variable param-
eter and normalized error for each of the outputs
of the CNNs vary along the ordinate and abscissa
axes, respectively.

Table 2. Average Loss for CNN2 Sub-Models

Average loss
Sub-model
Training Validation
Q1 4.4-101 49-10+
Q2 9810 1.19-1073
Q3 5510+ 6.4-10"
Q4 6.0-10" 7.2-101
Table 3. SDO’s Position and Orientation
Position Orientation
Case
X, m Y, m z,m v, rad o, rad 0, rad
1 * 0 0 0 0
2 0 * 7 0 0 0
3 0 0 * 0 0 0
4 0 0 7 * 0 0
5 0 0 7 * 0
6 0 0 7 0 0 *
7 * 1 9 1.507 1.507 1.507
8 1 * 9 1.507 1.507 1.507
9 1 1 * 1.507 1.507 1.507
10 1 1 9 * 1.507 1.507
11 1 1 9 1.507 * 1.507
12 1 1 9 1.507 1.507 *
13 * 1 9 —1.507 | —1.507 | —1.507
14 1 * 9 -1.507 | —1.507 | —1.507
15 1 1 * —1.507 | —1.507 | —1.507
16 1 1 9 * -1.507 | —1.507
17 1 1 9 -1.507 * -1.507
18 1 1 9 -1.507 | —1.507 *
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Figures 9—11 show the results of testing of
models using test case 13. It has non-nominal con-
stant parameters, and the parameter that varies is
the relative distance using x axis.

Table 4 presents the maximum normalized er-
rors for three CNN models and all test cases. As
can be seen from this table, CNN3 is the most ac-
curate model, with an average normalized error
of 7.689%. All models demonstrated the best ac-
curacy in case 4 with normalized errors of 2.863%
(1.821-10°N), 1.555% (9.888 - 10-N) and 4.131%
(1.326 - 103 N) for the CNN1, CNN2, CNN3, re-
spectively.

Testing case 15 is the worst for the CNN1 mod-
el, where a relative error of 27.492% and an abso-
lute error of 1.754 - 10~* N were registered. CNN2
demonstrates the worst accuracy in testing case
14 with a relative error of 16.889% and an abso-
lute error of 1.070 -10~*. For the CNN3 model, a

Table 4. Maximum Errors

maximum relative error of 15.323% and an abso-
lute error of 9.76 -107°N are the less accurate re-
sults, which is reported in case 15. In this regard,
CNN3 is similar to CNN1.

Although some relative errors may seem pretty
significant, their impact on the SDO is minimal.
For example, a relative error of 27.492% for CNN1
corresponds to an absolute error of 1.754-10* N
that is only 0.5% from the nominal thrust of
the ITT.

Due to the SDO deorbiting purpose the ion
beam forces in x and y directions are significantly
smaller than those in z direction and the absolute
errors also keep this tendency. The errors in z di-
rection go up with the number of ions missing the
target, which depends on SDQO’s relative position
and orientation in a complex way.

Another conclusion that can be drawn from the
testing results is that the ion force prediction’s

Maximum normalized error, % Maximum absolute error, N
e CNN1 CNN2 CNN3 CNN1 CNN2 CNN3

1 18.751 11.195 7.686 1.192-10 7.131-107° 4.896-10°3
2 18.855 9.607 9.558 1.203-104 6.101-10°° 6.088-103
3 3.01 3.738 4.132 9.665-10 1.200-1073 1.327-10°3
4 2.863 1.555 4.131 1.821-103 9.888-10°6 1.326-10°3
5 3.846 3.525 5.486 1.235-1073 1.132-103 1.761-103
6 3.999 3.869 4411 2.551-107 1.242-10°3 1.416-10°3
7 15.26 9.372 11.259 9.705-107 5.970-10°° 7172103
8 13.976 16.879 7.085 8.889-103 1.074-10 4.513-1073
9 27192 9.677 15.321 1.750-10" 6.164-107° 9.761-103
10 4.277 2.865 3.785 2.720-10°3 1.825-107 1.215-10°3
11 14.005 13.022 10.268 8.935-10°3 8.295-107 6.541-1073
12 4.277 2.865 3.785 2.720-10°3 1.825-10 1.215-10°3
13 15.26 9.372 11.259 9.705-103 5.970-107 7.172-10°3
14 13.944 16.889 7.085 8.868-103 1.074-101 4.513-103
15 27.492 9.677 15.323 1.754-101 6.164-10°° 9.760-103
16 4.271 2.843 3.782 2.716-10° 1.811-10° 1.214-10°3
17 14.235 12.99 10.255 9.082-103 8.275-10° 6.533-103
18 4.283 2.865 3.785 2.724-103 1.825-10° 1.215-10°3
Avg 11.655 7.934 7.689 1.942-10 2.452-10 6.311-101

ISSN 2409-9066. Sci. innov. 2023. 19 (6)
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Table 5. Computation Time

Time, s
Ground truth CNN1 CNN2 CNN3
19.99 8.49 8.50 8.65

accuracy goes up with the size of the dataset used
for training.

COMPUTATION TIME

The computation time required to determine the
ion beam force by the ground truth function (tra-
ditional method) and CNN models is presented
in Table 5.

This table shows that every trained CNN mod-
el can determine the ion beam force significantly
faster than the traditional method. Although
there is little difference in time performance be-
tween the CNN models, they are all at least twice
as fast as the conventional method. These results
demonstrate that the CNN model is an alterna-
tive technique for determining the ion beam force,
providing admissible accuracy and a shorter com-
putation time than the conventional approach.
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[nctuTyT Texuiunoi mexaniku Hartionanbnoi akagemii nayk Ykpainu
i Jlep:kaBHOTO KOCMIYHOTO areHTCTBA YKPaiH,
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3TOPTKOBI HEVIPOHHI MEPEXI /IJIS1 BUSHAYEHHS BILJIMBY IOHHOTO
[TPOMEH HA OB’EKT KOCMIYHOTO CMITTZ

Beryn. CMmiTTs Ha HaBKOJIO3eMHUX 0pOiTax € cepiHo3HOI0 MPOOIEeMOIO, IT0 3aBaykKa€e TOMAIBIIN TisIBHOCTI JIIOAMHU Y KOCMOCI,
SKY MOKHA YACTKOBO BUPILINTH Yepe3 akTUBHE BuaaieH st 00'ekTiB kocmiutoro eMittst (OKC). Tlactyx 3 ioHHUM ITpoMeHeM
(TIIIT) — ne xoHuernILis, sKa 403BoJsie 6eskorTakTHO Bugansatu OKC 3a 1omomoroo dakesry eJeKTpopeakTUBHOIO ABUTYHA
(EP). [lns peanizarii KoHIerii BugaseHHss KocMiuHoro cMittst [T moTpiGHi MeToin BUSHAYEHHST CUIIH, IO [IEPEIAEThCS
Big EP/I 1o OKC.
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IIpoGaematuka. Sk OKC posrisiaaeTbest BEpXHs CTYIiHb PAKETU-HOCIS, 1110 allPOKCUMOBAHA 32 J0IOMOTO0 [HJIHIPA.
Lleit o6’exT migsrae BugaieHHo 3 opoitu 3a gonomorow dakeny EP/I kocmiunoro anapary-nacryxa (KA-IT). OKC mosxe
3MIHIOBAaTH OpieHTaNio Ta mosoxkenns signocno KA-T1. KA-IT neo6xiano susnauntu cuiy, mo nepepactbess OKC sig EP/I,
BUKOPUCTOBYI0UM TibKH 306pakents OKC gk BXiaHy indopmaitiio.

Mera. CTBOpeHHs HelipoMepeskeBol Mojieli, sika 3a 3o06pakentsym OKC BusHavyae cuiry, 1o nepegactbest daxenom EPJ]
I[bOMY 00’€KTY, Ta BUBHAYEHHS TOUHOCTI TAKUX MOJIEJIEN.

Marepiaum i Mmetoau. Metoau (hisuku 1aasmMu BUKOPUCTAHO JIJIsl OTPUMAHHS €TAJIOHHUX 3HAYEHb CUJIM I0HHOTO TTPOMe-
HIO, I/IMOMHHE HABYAHHS — JIJISI CTBOPEHHS HEHPOMEPEKEBUX MOJICICH.

PesyavraTu. [lociipkeno Tpu pi3HUX Hiixoau /st BusHaueHHs cuiu npoMenst EP/I. Tlepiia mosiesib BUKOPUCTOBYE €IUHY
3TOpTKOBY Heliponny Mepexy (3HM). [Ipyra Mozeb € ancambJ1eBOI0 MepesKero i BAKOPUCTOBYE YOTUPH AOMOMIZKHI Moesi
Ta Kiacudikarop, 1o BU3HAYa€ HEOOXIAHY AOMOMIKHY Mozesb. TpeTst Mojieibh Ma€ TaKy caMy apXiTeKTypy, K i mepiia, ajie
JUIst 11 HaBYAHHSI 3aCTOCOBAHO yCi 300pakeHHsI, SIKi BAKOPUCTAHO /Il HaBYaHHs APyroi MozeJi. [Ticist HaByaHHs AUl BCiX
MoJieJiell BU3HAYEHO TOYHICTD Ta MBUIKICTh BU3HAYeHHs cuin. OTPpUMaHO NPUITHATHI MOKAa3HUKY BUSHAYEHHSI CUJIH 32 JI0-
IIOMOT'0I0 MOZieJIeli, 0 BUKOPHCTOBYI0Th SHM.

BucunoBku. [Tokazano, mo 3HM mosxyTs OyTu 3acTocoBaHi st BusHaueHHst cuoBoro By EPJI na OKC 6e3 nore-
penuboi ingopmartii mozo opienTaitii Ta nosoxkenns OKC Ta € cyTTEBO MBUALNTUMY 3 TPAAUIIITHI METOIN.

Kmiouogi cnosa: BujasieHust KOCMiYHOTO CMITTSI, TIIMOMHHEE HABYAHHST, CHJIOBU BILTUB €JIEKTPO-PEAKTUBHOTO JIBUTYHA, 3TOPT-
KOBI HEIPOHHI MepesKi.
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