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THE APPROACH TO NUMERICAL SIMULATION OF THE SPATIAL
MOVEMENT OF FLUID WITH THE FORMATION OF FREE GAS
INCLUSIONS IN PROPELLANT TANK UNDER SPACE FLIGHT CONDITIONS

The space propulsion systems ensure several start-ups and shutdowns of main liquid-propellant rocket engines under microgravity
conditions for the spacecraft program movements and reorientation control. During the passive flight of the space stage (after its main
engine shutdown), the liquid propellant in the tanks continues to move by inertia in microgravity away from the propellant manage-
ment device as much as possible. In this case, the pressurization gas is displaced to the propellant management device, which creates
the potential danger of gas entering the engine inlet in quantities unacceptable for the reliable engine restart. In this regard, determin-
ing the parameters of fluid movement in propellant tanks in microgravity conditions is an urgent problem that needs to be solved in
the design period of liquid propulsion systems. We have developed an approach to the theoretical computation of the parameters of the
motion of the ‘gas — fluid’ system in the propellant tanks of modern space stages in microgravity conditions. The approach is based
on the use of the finite element method, the Volume of Fluid method and modern computer tools for finite-element analysis (Computer
Aided Engineering — CAE systems). For the passive leg of the launch vehicle space flight, we performed mathematical modeling of the
spatial movement of liquid propellant and forming free gas inclusions and determined the parameters of movement and shape of the
free surface of the liquid in the tank as well as the location of gas inclusions.

The numerical simulation of the fluid movement in an experimental sample of a spherical shape tank was performed with regard
to the movement conditions in the SE Yuzhnoye Design Bureau ‘Drop tower’ for studying space objects in microgravity. The motion
parameters of the ‘gas — fluid’ interface obtained as a result of mathematical modeling are in satisfactory agreement with the
experimental data obtained.

The use of the developed approach will significantly reduce the amount of experimental testing of the designed space stages.

Keywords: space launch vehicle, microgravity, engine restart, flight passive leg, spatial movement of liquid propellant, free gas
inclusions, finite element method, Volume of Fluid method, propellant management device.
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the spatial movement of fluid with the formation of free gas inclusions in propellant tank under space flight conditions. Space
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INTRODUCTION

The operability of main propulsion systems of launch
vehicles (LV) space stages directly depends on the re-
liability of several liquid rocket engines (LRE) start-
up — shutdowns necessary for the implementation of
program motions and orientation control of the LV
in space [5]. During the launch vehicle space flight,
after the main engine shutdown, the liquid propel-
lant moves by inertia to the propellant tank’s upper
bottom, moving as far as possible from the propellant
management device (PMD). According to the fact
of releasing PMD volume from the liquid propellant
and filling it with pressurization gas in microgravity
conditions, there is a threat of propellant discontinu-
ity. The motion of a critical volume of pressurization
gas to the engine inlet leads to cavitation failure in
the LRE pumps and to the engine start-up failure.
Design issues for the implementation of a reliable
engine restart are based on the accumulation of lig-
uid propellant certain mass at the outlet of the tank.
This propellant mass must be sufficient to carry out
the start-up even in cases when the vector of the to-
tal mass forces acting on the liquid propellant has a
direction opposite to the direction of liquid motion
from the tank inlet to the engine [8].

Space stage propellant tanks, in some cases, are
containers of a complex spatial configuration with
thin and smooth walls, which are under pressuriza-
tion gas pressure [e.g., 4, 5, 8]. The complex and
unpredictable features of liquid propellant motion
in propellant tanks in microgravity conditions de-
fine the increased level of requirements for the de-
sign and functional characteristics of PMD (as arule,
well-proven capillary accumulators and mesh phase
separators are used as such devices [8, 10, 13]). For
excluding the possibility of gas entering the engine
during a restart, it is necessary to predict the behavior
of the ‘gas — fluid’ dynamic system on the stage of
the space stage LRE design. This dynamic system de-
scribes the motion of fluid and gas in the tank during
various LV program flight motions in microgravity
conditions. The processes occurring in this dynamic
system are the subject of many-sided experimental
and theoretical investigations [e.g., 1, 2, 4, 6, 8, 20].

In [2, 4], the influence of the flight conditions
of the LV space stage on the development of liquid
propellant oscillations in tanks and the operability of

4

PMD at various time intervals of the LV space stage
flight was studied in cases when the filling level of
the tanks is higher than the installation level of mesh
phase separators.

In [20], for the flight conditions of the CZ-3A LV,
the numerical modeling of the liquid fuel motion in
the space stage fuel tank was carried out. Also, in this
paper, the influence of the Rayleigh-Taylor instabil-
ity on the fluid dynamics in the tank was studied.
The process of liquid fuel reorientation in the tank
volume is considered for two cases: when the inter-
face between the ‘gas — fluid’ media is initially a flat
surface and when this surface is curved. It is shown
that these two different initial conditions for the ‘gas-
fluid’ interface in the tank lead to the implementa-
tion of two different fluid flow modes.

In [1], the results of the Ariane 5 upper stage flight
with a cryogenic propellant engine were analyzed.
As a part of the analysis, the flight data were stud-
ied in detail to study the influence of various factors
(including thermodynamic ones) on the behavior of
liquid propellant during flight. The data from sensors
of various types installed inside the propellant tanks
made it possible to compare experimental data of the
propellant position in the tanks and the results of the
theoretical studies obtained using the CFD method
and the special software designed to evaluate the pro-
pellant thermodynamic condition.

In [6], the behavior of liquid propellant and its
free surface was investigated in conditions of re-
duced or almost zero gravity. For evaluating the dy-
namic behavior of liquid propellant, the propellant
tank model of the Orion service module was built.
Orion service module included propellant manage-
ment devices and mass sensors. Flight data and data
from ground experiments were used to test numerical
models of propellant dynamics in tanks. On the basis
of the developed models, the configurations of liquid
propellant in microgravity conditions (at different
levels of tank filling) were calculated. The propellant
sedimentation time was evaluated for various dock-
ing maneuvers.

The propellant sedimentation process in the LV
space stage oxidizer tank using two low-thrust en-
gines before restarting the main engine was studied
in [16]. The authors have developed a computation-
al-experimental method for calculating the required
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propellant sedimentation time. This computational-
experimental method combines experimental testing
and numerical simulation of propellant sedimenta-
tion. Using this method makes it possible to carry out
the necessary research (propellant sedimentation)
with the required accuracy and to reduce the amount
of testing significantly.

Despite the progress in studying the dynamics of
‘gas — fluid’ media in LV tanks, a number of unsolved
problems remain. These problems are topical in the
LV space stages design. In particular, nowadays, there
is no approach for calculating the gas content of lig-
uid propellant and the location of free gas bubbles
in the liquid propellant of the LV space stage tanks
(i.e., the ‘gas — fluid’ interface in the region of the
propellant tanks) before main LRE start-up. Such
evaluations are necessary for calculating the required
operating time of low-thrust engines of a space LRE
(for the aim of propellant sedimentation before main
LRE start-up). These evaluations can increase the
efficiency of PMD, taking into account the possibil-
ity of experimental testing of in-tank processes with
reproduction of the required microgravity conditions
limited by the technical characteristics of special
‘Drop towers’ [10, 20].

The aim of this paper is to develop an approach to
the numerical calculation of the motion parameters
of the ‘gas — fluid’ interface of the propellant tanks
of modern LV space stages in microgravity conditions
(i.e., in the period from the main space stage LRE
shutdown until the LV control system command to
main LRE start-up).

1. THE MODELING OF THE MOTION PROCESS

OF THE GAS — FLUID INTERFACE IN MICROGRAVITY
CONDITIONS USING THE VOLUME OF FLUID (VOF)
METHOD AND FEATURES OF MODERN FINITE
ELEMENT ANALYSIS SYSTEMS (COMPUTER AIDED
ENGINEERING, CAE-SYSTEMS)

According to the proposed approach, mathematical
modeling of hydrodynamic processes in the space
propellant tanks of the main LRE feeding system is
carried out by the finite element method. It allows us
to take into account the design features of propellant
tanks and hydraulic feedlines in mathematical mod-
eling of the motion process of propellant components
to the main LRE inlet in microgravity conditions [2].

ISSN 1561-8889. Kocmiuna nayka i mexnonoeis. 2022. T. 28. No 5

Taking into account the fact that space stage tanks,
as a rule, are symmetrical by the stage longitudinal
axis, space stage tanks’ geometric models can be con-
sidered as flat sections of the tanks. Then, accord-
ingly, the mathematical model of the axisymmetric
outflow of propellant components from space stage
tanks is studied.

For modeling hydrodynamic processes in the pro-
pellant tanks of the main engine feeding system (pro-
pulsion system), the Volume of Fluid (VOF) method
was used. This method allows taking into account the
complex topology of flows. The implementation of
VOF analysis in the proposed approach was carried
out using modern issues of finite element analysis
(CAE-systems) [9]. The CSF (continuous surface
force) method is used to describe the motion inter-
face between gas and fluid relative to the tank walls.

The developed model, describing the unsteady
flow of an incompressible fluid with a deformable
free surface in the considering tank, included the
continuity equations, moment equations, and mo-
tion equations of the fluid free surface. These equa-
tions are written using function C . This function C
describes the fluid fraction in the calculated volume
of a finite element in the tank finite element model
with fluid. These equations are written in a general
form as follows [7]:

— continuity equations

VV =0, (1)
— fluid momentum equation

%(pV)er(V-V)V = —Vp+uV2V+E +pa,, (2)

— motion equations of fluid free surface

6_C +V-VC=0, 3)
ot
where V is Hamilton operator, V' is the fluid veloci-
ty, p, p> 1w, E are the pressure, density, viscosity, and
surface tension of the fluid, respectively, a, is the lon-
gitudinal acceleration of the LV space stage.

The function C in equation (3) can take the fol-
lowing values: C =0 is in the case of the absence of
fluid filling in the finite element volume, C =1 is in
the case of complete filling of finite element volume
with fluid, and 0 < C < 1 is for intermediate states.

In the context of VOF and CSF methods [9], the
surface tension force of a fluid F. is determined from
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the equation:

F =ckVC, “4)
where k is the average curvature of the ‘fluid — gas’
interface at the research point, ¢ is surface tension
coefficient, calculated from experiment for a specific
pair of ‘fluid — solid’.

2. NUMERICAL CALCULATION OF THE MOTION
PARAMETERS OF THE ‘GAS — FLUID’ INTERFACE
IN THE REGIONS OF THE MODERN LV SPACE
STAGE FEEDING SYSTEM PROPELLANT TANKS
DURING MAIN LRE START-UP

The LV space stage feeding system is designed to fill
the reserves of propellant components in the stage
propellant tanks and supply them to the propulsion
system feedlines. This feeding system is one of the
main structural and functional systems of the space
stage. The propellant tanks included in the pro-
pulsion system are the thin-walled containers with
structurally complex PMD for ensuring the continu-
ity of liquid propellants. These PMDs, designed to
maintain the propellant components without free gas
bubbles, are placed at the inlet to the engine feed-
lines for the limits permissible for the operability of
the start-up engine [5, 8].

Predicting the location of liquid propellant (i.e.,
the ‘gas — fluid’ interface in the propellant tanks re-

to main engine

Figure 1. Schematic diagram of the propellant tank of the
main LV space engine propellant feeding system: / is the mesh
phase separator, 2 is a tank wall, 3 is the honeycomb capillary
accumulator, 4 is a liquid propellant, 5is PMD (plate), 6 is a
pressurization gas

6

gions) in the passive flight leg of the LV space stage
is necessary for calculating the propellant sedimen-
tation time after the implementation of various
program motions of the LV space stage. Also, this
prediction helps to carry out the reliable main LRE
start-up. In addition, due to the irregular distribu-
tion of local path pressure losses during the motion
of liquid in different parts of the feeding system from
the liquid free surface in the tank to the inlet into the
propellant feedline of the main LRE, under certain
modes of stage LRE start-up in microgravity condi-
tions, there may be a breakthrough of a certain vol-
ume of pressurization gas under the tank PMD and
in the LRE propellant feedlines.

A typical schematic diagram of the propellant tank
of the LV space stage main engine feeding system is
shown in Fig. 1. In the figure, the number 4 indicates
the position of liquid propellant immediately before
the main LRE start-up.The capillary stabilizer (mesh
phase separator, / in Fig. 1) in the presented LV space
stage feeding system is made on the basis of a plain
weave mesh. The capillary honeycomb propellant ac-
cumulator (3 in Fig. 1) ensures that the part of the pro-
pellant component above the capillary stabilizer is in
contact with it in an amount sufficient to orientation
control system engines’ operation and stabilization of
the space stage in the passive flight period. This pre-
vents gas from motion under the capillary stabilizer
when the component is rated from the tank. During the
period of main engine operation, the capillary honey-
comb accumulator is filled with a liquid propellant.

The proposed approach for calculating the motion
parameters of the ‘gas — fluid’ interface in the re-
gions of the propellant tanks of the modern LV space
stages feeding system is based on modeling the mo-
tion parameters of the ‘gas — fluid’ interface in the
propellant tanks regions for calculation the location
of liquid propellant. In this case, numerical modeling
is carried out taking into account the surface tension
forces and propellant wettability, the resistance forces
to the motion of liquid propellant, the design features
of the propellant tank (geometry and composing of
PMD), and capillary effects in the accumulator.

The resistance forces to the motion of liquid pro-
pellant and the pressure loss forces are irregularly
distributed in the tank over the volumes of the flow
part of the accumulators, the mesh phase separator
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(see Fig. 1), the subgrid space, and PMD in the con-
ditions of the complex architecture of the intra-tank
space. These forces make a decisive influence on the
emerging fields of liquid propellant velocities and
pressures during the propellant motion to the tank
PMD in the process of main engine start-up.

For mathematical modeling of the tank depletion
process (see the equations system (1)—(4)), the ‘two-
dimensional fluid’ elements with coefficients K of
local pressure losses are used to describe the propel-
lant component motion in the accumulator through
the phase separator grid, in the sub-grid space of the
tank, and in the flow part of the PMD. The coeffi-
cients K are determined with the use of experimental
data by the expression:

AP
K=—7p—,
pV°Al

where AP is the fluid pressure loss in the researched
flow region, V is the steady fluid velocity, Al is the
length of the fluid path along the streamline with the
acting resistance force to the fluid motion.

The resistance force to the fluid motion in the cap-
illary accumulator was calculated by the formula [11,
14]:

3
F =a 4?2 v.m,

res a
z

where I1 is the accumulator cell perimeter, a, is em-
pirical coefficient (a, =0.182).

Local pressure losses on the grid of the grid phase
separator were calculated using the hydraulic resis-
tance coefficient of the grid & . The value of hydrau-
lic resistance coefficient of the grid was obtained ex-
perimentally [3, 17]:

E=a+P/Re,
where a, B are the values of empirical coefficients,
Re is the Reynolds number.

3. AN EXAMPLE OF THE NUMERICAL
IMPLEMENTATION OF THE DEVELOPED APPROACH
TO CALCULATING THE PARAMETERS OF LIQUID
PROPELLANT MOTION IN A PROPELLANT TANK

IN MICROGRAVITY CONDITIONS, INVESTIGATED
EXPERIMENTALLY IN A ‘DROP TOWER’

For an experimental investigation of the liquid motion
in the LV space stage tanks in low gravity conditions,

Figure 2. General view of the investigated structure of the tank
with liquid filling [18]

the possibilities are widely used, which are provided
by the research laboratory complexes of the so-called
‘Drop tower’ [6, 15, 19] including the laboratory and
the ‘Drop tower’ for theoretical investigations per-
formed by Yuzhnoye State Design Office [16].

In the experiment, the test container was a tank of
a spherical shape on a scale of 1:12 (Fig. 2). For mod-
eling the external conditions acting on the liquid in
the model tanks, the so-called kinematic model was
used (Fig. 3). This kinematic model for investigating
the behavior of the liquid medium in the model tank
in microgravity conditions is widely used. The kine-
matic model includes: a frame, gas jet system, opti-
cal device system, control and measurement system,
technological feedlines and refueling system, over-
flow control system, a drainage system of the model
tank, and a balloon of a gas jet system. The gas jet
system is designed to create model longitudinal ac-
celerations after breaking the connection between
the kinematic model and the platform and includes
a cylinder filled with high-pressure gas (from 100 to
150 bar), a control solenoid valve, and two jet nozzles
that ensure the creation of thrust directed along the
longitudinal kinematic model axis in the direction of
gravitational forces action.

Figure 4 shows one of the versions of the depen-
dence of longitudinal acceleration on time, realized
during tests in a ‘Drop tower’ [18].
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Figure 3. Composed scheme and photo of the kinematic model

The obtained dependences of the longitudinal
model acceleration a, on time can be divided into
three characteristic periods (Fig. 4):

— from 0 to 0.38 s is the period of free fall after
the action of the suspension lock of the kinematic
model;

— from 0.38 to 0.51 s is the period of the electro-
pneumatic valves opening and the set of thrust by the
gas jet system;

— from 0.51 to 2.3 s is the period of longitudinal
acceleration decrease due to the reduction of gas jet
system thrust and the increase of the aerodynamic
resistance.

For verifying the developed approach, the results
of an experimental investigation of the fluid motion
in a model tank when it falls in the ‘Drop tower’,
given in [6], were used. A spherical tank (D = 15 cm;
Viiquid fitting = 0-3 dm?) made of acrylic plastic was used
as a test tank in the experiment. PMDs were not in-
stalled in the test tanks. Chladone 113 liquid (ethane
series chladone) was used as a model fluid, having a
surface tension coefficient o = 17.2x10~3 N/m, den-
sity p = 1564 kg/m?, viscosity p = 4.7x10~* kg/m s.
The temperature in the tank was assumed to be con-
stant and equal to 20 °C. The deformation of the tank
walls was not taken into account. The acceleration

8

of the tank a, (see Fig. 4) in the ‘Drop tower’ was
directed along the longitudinal axis of the tank from
the upper bottom to the PMD located in the lower
region of the tank.

Numerical modeling of fluid motion in the tank,
taking into account the deformation of the fluid free
surface (see Fig. 5, 6), was carried out using the finite
element analysis by the ANSYS (FLOTRAN CFD
and ANSYS FLUENT) [9]. To analyze the motion of
liquid propellant in the tank under microgravity con-
ditions, the series of event times were considered that
characterize this process: the event of 7;, = 0.001 s is
the period of the fluid location at the bottom, the be-
ginning of motion in microgravity conditions (Fig. 5,
a, b); the event of 7} = 1.13 s is the period of motion
in microgravity conditions (Fig. 5, ¢, d); the event of
T, = 1.23 s is the period of the ‘connection’ of a flow
rate of 0.15 dm?/s (Fig. 5, e, f); the event of T5=1.7s
is the period of falling of the ‘gas — fluid” boundary
(Fig. 5, g, h); the event of T, = 2.3 s is the period
of cut-off (Fig. 5, i, j). The areas occupied by fluid
and gas are indicated in figures by numbers / and 2,
respectively.

It can be seen from the figures that the modeling
results are in qualitative agreement with the experi-
mental results.
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a, m/s’

12

4t

0 0.4 0.8 1.2 1.6 2.0 Y

Figure 4. The dependence of the longitudinal acceleration of
the kinematic model on time

The figures illustrate the process of liquid propel-
lant motion in the studied tank in microgravity con-
ditions created in the ‘Drop tower’. Fig. 5, b, d, f, h,
and j show the results of numerical modeling, Fig. 5,
a, c, e, g, and i demonstrate the photo of the ‘gas —
fluid’ interface in the tank, obtained as a result of the
experiment.

Fig. 6, ¢, f, g, and j show the calculated distribu-
tions of velocities (V) in the nodes of the finite el-
ements of the liquid propellant and gas in the tank
along its longitudinal section for the events of 1.13,
1.23, 1.7, 2.3 s (taking into account the flow rate of
0.15 dm?3/s for 1.23 s).

From Fig. 6, ¢ and f, it follows that the maximum
values of the velocities are located near the upper
bottom of the tank as a result of the fact that intensive
wetting occurs and the greatest surface tension forces
are present in this area.

From Fig. 6, g and J, it follows that the maximum
velocity increases to 0.5 m/s and is located near the
slot on the lower tank bottom. This speed value cor-
responds to the local liquid propellant loss realized
during these time events.

For evaluating the operability of the PMD in the
tank [12], it is necessary to know the values of the
propellant flow rates (Fig. 6).

In addition, Fig. 6, gandj show that high velocities
correspond to fluid drops that slide from the upper
bottom of the tank and move in the gas bubble in the

0.001s

1.13s

1.23s

1.7s

2.3s

Figure 5. Motion of the ‘gas — fluid’ interface in the region
of the model tank in microgravity conditions created in the
‘Drop tower’ for the events 7j, = 0.001L s, T} = 1.13 s, T, =
=123s, T;=17s,T;,=2.3s
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V, m/s
0.1130
0.1017
0.904
0.791
0.678
0.565
0.452
0.339
0.226
0.1130
7.28-10"

0.1160
0.1044
0.0928
0.0812
0.0696
0.0580
0.0464
0.0348
0.0232

00116
6.72-10

0.492

0.4428
0.3936
0.3444
0.2952
0.2460
0.1968
0.1476
0.984

0492
1.03- 10

outlet V=0.5m/s

0.60
0.54
0.48
0.42
0.36
0.30
0.24
0.18
0.12
0.06
0.002

k / m

Figure 6. Calculated distributions of velocities (V) in the nodes of finite elements
of liquid propellant and gas in the tank along its longitudinal section for events
T,=113s,T,=123s, T,=1.75, T, =235
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center of the tank. The effect of these drops (Fig. 6, f
and i show the drops contours and significant speed
values of the drops) must be taken into account for
calculating the number of gas bubbles in the feedline.

4. DISCUSSION

Taking into account the issues of the ‘behavior’ of a
cryogenic liquid in microgravity conditions (‘zero’
contact angle of the liquid propellant surface with the
walls, a significantly small value o = 17.2x10~3 H/m
of the surface tension coefficient) for the nature of
the chladone motion in the test tank the value of the
contact angle acquires significance (the shape of the
interface between the gas and fluid media on the tank
walls depends on it), as well as the surface tension
forces, which form the surface of the liquid medium
in the gas cavity of the tank.

Analyzing the results of the chladone motion ex-
periment (with the acceleration of the model tank
a, see Fig. 4), the characteristic features of the mo-
tion of the interface between the liquid propellant
and air environments can be marked:

1. The acceleration caused by gravitational forces
is extremely small. The ‘picture’ of motion is defined
by the most dominant surface tension forces formed
by the physical properties of the liquid propellant,
such as the surface tension coefficient. The motion
of liquid propellant is also caused by capillary effects,
which depend on the liquid propellant properties, for
example, the contact angle of the liquid propellant
surface and the tank walls.

2. For a small contact angle, intensive wetting of
the tank wall surfaces by the liquid occurs. The shapes
of the interface in the experiment and in the numeri-
cal model for intensive wetting are shown in Fig. 5,
a—/f. The maximum values of velocities in the liquid
propellant, defined by the action of surface tension
forces on the upper tank bottom for intensive walls
wetting, are shown in Fig. 6, c and f.

3. The action of surface tension forces significant-
ly exceeds the forces associated with microgravity (by
100 times, see period 1 in Fig. 4). This leads to the
motion of the liquid located at the lower bottom of
the tank in the direction of the upper tank bottom in
the tangential direction to the interface surface. This
conclusion follows from the time variations of the in-
terface shown in Fig. 5, a—e. In addition, the veloci-
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ties in the liquid propellant, defined by the action of
surface tension forces and directed tangentially to the
interface, are shown in Fig. 6, c and f.

4. In the ‘tank-fluid pressurization gas’ system,
intensive wetting of the tank structure by the liquid
fuel surface and the action of surface tension forces
are considered, leading to the movement of liquid to
the upper bottom of the tank with wetting of the tank
structure (as it can be seen from the results of the ex-
periment shown in Fig. 5, a —#). In this case, a gas
cavity is formed in the middle of the tank. This cavity
can be dangerous for the infiltration of free gas bub-
bles in unacceptable quantities to the LRE feeding
system feedline. The process of moving of gas cavity
to the tank bottom during the motion of liquid from
the tank is shown in Fig. 5, i.

5. In this case, in the experiment, there were no
PMDs at the lower tank bottom, presented in stan-
dard tanks of space upper stages. It is known that the
presence of PMD can significantly reduce the value
of gas bubbles entering the feedline during engine
start-up. As shown in [12], for a different, for ex-
ample, conical, shape of the tank with PMD in the
form of grids or plates, the shape of the interface may
be different, but the danger of gas bubbles infiltration
the engine inlet remains.

In addition, from the obtained conclusions about
the nature of fluid motion in the tank in microgravity
conditions, we can additionally make the following
remarks on the method of a physical experiment that
are important for further research:

1. For an experiment in the ‘Drop tower’ to study,
liquid (water, helium, or chladone) has a surface ten-
sion coefficient, which decreases with increasing
temperature and is practically independent of pres-
sure. This fact belongs to all liquids and cryogenic
propellant components. It is necessary to take this
fact into account for appropriate experiment pro-
cessing and using the surface tension coefficient cor-
responding to the actual temperature.

2. The value of surface tension is affected by various
reasons. The slightest impurities in the liquid change
the surface tension greatly, reducing it in most cases.
For performing practical calculations, this fact has
to be taken into account. In particular, for calculat-
ing the surface tension coefficient, only pure liquids
should be used. Surface tension can be significantly
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reduced with the help of surfactants, which include
detergents.

3. For calculating the surface tension coefficient
and the contact angle, it is necessary to take into ac-
count not only the substances but also the contacting
gas medium and the solid wall medium.

5. CONCLUSIONS

We propose the numerical approach to evaluate the
motion parameters of the ‘gas — fluid’ interface in
the volume of the propellant tanks for modern LV
space stages in microgravity conditions (during the
time interval from the moment the main space stage
LRE shutdown to the moment the LRE start-up
command). This approach takes into account the
design features of the propellant tank and the ther-
modynamic characteristics of the interface between
two phases of the ‘gas — fluid’ medium in equilibri-
um state and the tank design during LV programmed
stage motion in space. According to the proposed ap-
proach, numerical modeling of hydrodynamic pro-
cesses in the propellant tank is carried out using the
Volume of Fluid method (VOF), taking into account
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! THetuTyT TexHiuHOT MexaHikn HarioHanbHOT akameMii HayK Ykpainu Ta JepsKaBHOTO KOCMIYHOTO areHTcTBa YKpaiHu
Bya1. Jlemiko-TTonens 15, Aninpo, Ykpaina, 49005

2 [lepxxaBHe nianpuemctso «KoHeTpykTopebke 61opo «[liBgenue» iM. M. K. Surens»

Bys1. Kpusopisbka 3, [Ininpo, Ykpaina, 49008

MIAX1I 10 YN CEJTbHOI'O MOAEIOBAHHA ITPOCTOPOBOI'O PYXY PIIVMHU 3 ®OPMYBAHHAM
BIVIbHUX TABOBUX BKIIIOYEHD ¥V TTAJIMBHOMY BAKY B YMOBAX KOCMIYHOTI'O [TOJILOTY

MapioBi IBUIYHHI YCTAaHOBKM KOCMIYHMX CTYIIEHIB pakeT-HOCIiB B yMOBax MiKporpasiTaliii 3a0e3me4yloTh MpOBeIeHHS
KIiJIbKOX 3aIlyCKiB — 3yMUHOK PiIMHHUX paKeTHUX IBUTYHIiB, HEOOXiIHUX JUIs peajlizallii mporpaMHUX TepeMillieHb i
KOHTPOJIIO Opi€HTAalLlil KOCMiUHOTO amaparty y rpocropi. I1ig yac macMBHOTO MOJILOTY KOCMIYHOTO CTyMeHs (Iicast 3ymUHKHA
IOro MapliloBOrO JIBUTYHA) PiKe MaJIMBO Y 0akax MPOJOBXYE PyX B yMOBaX MiKpOrpasiTallil 3a iHeplli€o, MaKCUMaJIbHO
BiIIAISIIOYUCH Bijl BHYTPillTHbOOAKOBUX 3a0ipHUX MPUCTPOiB. [1pu 11bOMyY Ta3 HaIyBY BUTICHSIETBCS 10 3a0ipHOTO MPUCTPOIO,
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1110 CTBOPIOE TOTEHLIMNHY MOXJIUBICTh MPOHUKHEHHS Ta3y Ha BXiJ y ABUTYH Y KiJIbKOCTSIX, HEIIPUITYCTUMMX I HamiiAHOT
peasizallii MOBTOPHOIO 3aMycKy IBUTYHA. ¥ 3B’13KY 3 LIMM BU3HAYEHHS MapaMeTpiB PyXy PilMHU Y MaJTMBHUX OaKax B yMOBax
MiKporpagBiTallii € akTyaJbHOIO 3a7ayelo, sika BUMara€ BUPILIEHHS MPU MPOEKTYBAHHI PIMMHHMX PAKETHUX ABUTYHHMX
YCTaHOBOK. Po3po0sieHO MiAXil [0 TEOPEeTUYHOrO BU3HAUEHHS MapameTpiB pyXy IpaHUlli MOIiIy CEpelOBUI «Ta3 —
pinvHa» y MOPOXHMHAX MaJIMBHUX 0akiB CydaCHUX KOCMIUHUX CTyreHiB pinnHHux PH B ymoBax mikporpasiTauii. Tiaxin
0a3yeThbcsl Ha BUKOPUCTAHHI METOAY CKiHUYEHHMX €JIEMEHTIB, METOAY O00’€MY PilMHM Ta Cy4YaCHMX KOMII IOTEPHUX 3ac00iB
CKiHUeHHO-eJemMeHTHoro aHamizy (CAE-cuctem). [1yis1 yMOB MacMBHOI OUISIHKU MOJBOTY KOcMiuyHOro ctyneHss PH Bukonano
MaTeMaTUYHe MOJIETIOBAHHS MPOCTOPOBOTO PYXY PiIKOro MajvBa i BiTbHUX rA30BUX BKIIOUEHbB, 10 (POPMYIOTHCS, HA OCHOBI
SIKOTO BU3HAUEHO NapaMeTpu pyxy i popMU BUTbHOI MOBEPXHI PilMHU y 6aKy, Miclie pO3TalllyBaHHS Ta30BUX BKJIIOUYEHb.

lono ymoB pyxy eKCepUMEHTAIbHOIO 3pa3ka MaJIMBHOTrO 06aka 3 pifuHo0 B «kKuakoBiil Bexi» Il «Kb «[liBneHHe»,
MPU3HAYEHOI ISl BABYCHHSI 00’ €KTIB KOCMIYHOI TEXHIKM B YMOBaxX MiKporpaBiTallii, BAKOHaHO YKCEJIbHE MOJICTIOBAHHS PYXY
pinuHu y 0aky chepornoaioHoi popmu. OTpuMaHi B pe3yabTaTi MaTeMaTUYHOTO MOJEIIOBAHHS 3HAUYEHHS ITapaMeTpiB pyxy
piIMHM Ta TpaHULI MOIUTY CEPEAOBUIL «Ta3 — PilMHa» 33aJOBIJIBHO Y3rOMXKYIOTbCS 3 OTPUMAHUMU €KCIEPUMEHTATbHUMU
JNAHUMU.

BuxkopucTtaHHs po3po0sIeHOro MiXo1y J103BOJIUTh 3HAYHO CKOPOTUTU OOCST €KCIIEPUMEHTAIbHOTO BiNpallloBaHHS KOC-
MiuHuX ctyneHiB PH, 1110 npoexkTyoThes.

Karouogi caosa: pinHHa pakeTa-HOCil, MiKporpasiTallisi, TOBTOPHUIA 3aITyCK JABUTYHA, IMACUBHA JIiJITHKA IOJILOTY, IMPOCTO-
POBMIi PYX PiIKOTO MajiiBa, BiJIbHI ra30Bi BKIIOYEHHS 10 PiAMHU, METO CKiIHYEHHUX €JIEMEHTIB, METOJ 00’ €MY PiIMHU, BHY-
TPIlIHLOOAKOBI 3a0ipHi MPUCTPOI.
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DETERMINATION OF THE FORCE IMPACT OF AN ION THRUSTER
PLUME ON AN ORBITAL OBJECT VIA DEEP LEARNING

The subject of research is the process of creating a neural network model (NNM) for determining the force impact of an ion thruster
(IT) plume on an orbital object during non-contact space debris removal. The work aims to develop NNMs and study the influence
of various factors on the accuracy of determining the force transmitted by the ion plume of the thruster to a space debris object (SDO).
The tasks to resolve are to choose the structures of the NNMs, form a data set and use this data to train and validate the NNMs, and
to explore the influence of the model structure and optimizer parameters on the accuracy of force determination. The methods used
are plasma physics, computer simulation, deep learning, and optimization using an improved version of stochastic gradient descent.
As a result of research, three NNMs have been developed, which differ in the number of hidden layers and neurons in hidden layers.
For training and validation of the NNMs, a data set was generated for an SDO approximated by a cylinder using an autosimilar
description of the ion plasma propagation. The data set was obtained for various relative positions and orientations of the object in the
process of its removal from an orbit. Using this data set, the NNM parameters were optimized with the supervised learning method.
The optimizer and its parameters are selected, providing a small error at the stage of validating learning outcomes. It was found that
the accuracy of determining the force depends on the relative position and orientation of the SDO, as well as the architecture of the
NNM, and the features of this influence were identified. The approach applied allows us to obtain the possibility of using methods of
deep learning to determine the force impact of the IT plume on the SDO. The proposed models provide the accuracy of the force impact
determination, which is sufficient for solving the considered class of problems. At the same time, NNM makes it possible to obtain
results much faster in comparison with the methods used previously. This fact makes the NN Ms promising to use both on-board and in
mathematical modeling of missions to remove space debris.

Keywords: ion thruster, space debris object, transmitted force, neural network model, deep learning.

INTRODUCTION

At present, there are a large number of space objects
in near-Earth space, such as fragments of launch ve-
hicle stages, non-functioning spacecrafts and their
fragments, which significantly complicate further
space activities [14]. In this regard, the task of creat-

ing tools and technologies for the direct removal of
space debris objects (SDO) from near-Earth orbits is
now urgent.

Various concepts of active debris removal are
known, for example, laser systems [16], electrody-
namic tether systems [18], and combined systems [7,
9]. Most concepts involve docking the removal sys-

LHuryBanHus: Redka M. O., Khoroshylov S. V. Determination of the force impact of an ion thruster plume on an orbital object
via deep learning. Space Science and Technology. 2022. 28, Ne 5 (138). P. 15—26. https://doi.org/10.15407 /knit2022.05.015
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tem with an SDO or capturing it with assistive de-
vices. However, this operation can be technologically
complex and unsafe.

The “Ion beam shepherd” concept was proposed
for the non-contact removal of orbital objects [3].
The basic principle of this concept is to use the ion
plume of an IT as a way to transmit the force impulse
to the SDO for its deceleration. Such removal of
space debris has a number of advantages compared
to other known approaches [16, 18], namely, removal
efficiency, low risk level, reusability, and technologi-
cal readiness.

One of the key tasks within the concept of “lon
beam shepherd” is the determination of the force
transmitted to the SDO by the shepherd. Knowledge
of this force is necessary for the successful imple-
mentation of the selected removal program and can
also be useful for solving problems of navigation and
relative control of the “shepherd — SDO” system |2,
11, 12]. Determining this force is not an easy task
since its value depends in a complex way not only on
the properties of the I'T plume but also on the relative
position and orientation of the SDO.

A number of publications address this problem.
For example, [5] proposes the theoretical founda-
tions for modeling an ion beam plume and calculat-
ing the transmitted force. The authors of this work
used an approach based on the integration of el-
ementary forces over the surface of the object. But,
as practice shows, the implementation of such a cal-
culation method can lead to cumbersome algorithms
and time-consuming modeling, so the application of
these results in the form of algorithms on the shep-
herd board seems difficult. In [4], the possibility of
an analytical description of the force is considered,
however, the authors obtained such expressions only
for the SDO of a spherical shape. An approach to de-
termine the transmitted force using the central pro-
jection of the target onto a selected plane is proposed
in [1, 8]. Despite the fact that this approach signifi-
cantly speeds up the force calculation in comparison
with the direct integration over the SDO surface, it
still requires significant computational resources due
to loops needed for calculating elementary forces.

At this time, artificial intelligence methods attract
a significantly increased interest in the world, which
is largely due to the impressive results obtained us-
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ing deep learning (DL) technologies [15] — machine
learning methods based on multilayer artificial neural
networks (ANN). Recently, DL has been rapidly de-
veloping and demonstrating promising opportunities
in solving complex problems and finding nontrivial
solutions to existing problems [13, 17]. Most of the
results used in practice are obtained using the meth-
ods of supervised learning or example-based learn-
ing. Despite the fact that ANN training can take a
long time, the trained network allows getting results
pretty fast. This feature determines the prospects of
DL methods for finding the force transmitted to the
SDO by the shepherd. However, it is known that the
success of solving a problem by DL methods largely
depends on the correct choice of the ANN structure,
as well as algorithms and learning parameters. These
issues are studied in this article.

The goal of the study is to develop the NNM for
determining the force transmitted by an I'T plume to
an SDO and to investigate the influence of various
factors on its accuracy.

1. PROBLEM STATEMENT

1.1. Reference frames. In the research, the following
right-handed orthogonal reference frames are used.
The IT-fixed reference frame (IRF) O,x,y,z, has the
origin O, located at the top of an imaginary cone of
the ion beam. The axis O,z, coincides with the axis of
the beam and is directed towards the thruster nozzle.
It is assumed that the IT is fixed on the “shepherd”,
which is oriented in such a way that the axis O,z,
coincides with the tangent to the orbit and is directed
to the target, the axis O, y, coincides with the normal
to the orbit and is directed in the direction opposite
to the Earth, and the axis O,x,complements the
reference frame to the right-handed one.

The origin of the reference frame associated with
the SDO (SDF) Ox,y,z, is located at its center of
mass. 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, v [8] with z-y-x rotation se-
quence. The position of the origin of the SDEF, rela-
tive to the IRF, is determined by the vector BIS’ .

1.2. Model of the ion thruster plume. The plasma
plume of an IT can be conventionally divided into
near (usually less than a meter from the IT) and far
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regions [5]. For the problem of contactless space de-
bris, the far region of the plume is of primary inter-
est since the interaction between the plasma and the
target occurs within this region.

A number of mathematical models have been
proposed to describe the far region of the IT plume,
which differ in complexity and accuracy [5]. In this
case, the so-called self-similar model of plasma
propagation can be chosen as a compromise.

Self-similar models are based on the assumption
that the nature of ion propagation can be described
using a dimensionless similarity function as follows

r(z)=rh(z), z=z/R,,

where r, z are the radial and axial coordinates of
the ions, respectively, R, , r, are the beam radius and
radial coordinates of ions at the beginning of the far
region (z=0).

Using the function h(z) , the plasma density at an
arbitrary point with coordinates r, z, can be deter-

mined as follows [12]:

zno~ exp(—C 7;2~ j,
h*(2) 2h*(2)
r=r/R,, (1)

where n, is the plasma density at the beginning of
the far region of the beam, C is the factor that deter-
mines how much of the plasma plume hit a circle of
radius R, (for example, corresponds to 95 % of the
flow hit).

It should be noted that when M >>1, the charac-
ter of the ion plasma distribution approaches a cone,
although, strictly speaking, it is not. At the same
time, when M, >40 and the distance to the target is
less than 10 meters, the character of plasma distribu-
tion can be considered conical. In this case, the simi-
larity function can be defined in the following form

n=

h=1+ztana,,

where o, is the initial divergence angle of the plume.
The initial divergence angle is equal to half the open-
ing angle of the cone restricting 95 % of the plasma
plume. For the problem under consideration, we can
assume that the axial component of the plasma ion
velocity remains constant:

u, =u, =const. )

z

The radial velocity component within the consid-
ered model is determined by the following expression
[12]:

u =u,-(f/z). 3)

1.3. Interaction of the ion beam with SDO. The 1T
plume is a stream of heavy ions of propellant (for ex-
ample, xenon), accelerated to an energy level of sev-
eral kiloelectron-volts. When such a plume affects a
solid body, a force is applied to the latter, which is
mainly due to the momentum of the plasma ions
bombarding the target.

Neglecting the effects of plasma ions leaving the
target surface, sputtering of its material, and electron
pressure, the elemental force transmitted to the SDO
can be calculated as follows [12]:

dF =mnU(=V -U)ds , 4)

where U is the particle velocity vector, ds is the ele-
mentary area of the target surface, V isthe unit nor-
mal vector to the elementary area.

The force F transmitted to the SDO by the IT
plume can be calculated by integrating the elemen-
tary forces (4) over the irradiated surface S of the
target

F=[dF.
N

Inthe general case, this force depends on the prop-
erties of the IT, the shape and size of the SDO, as well
as on its relative position and orientation. Taking into
account that for a specific mission of space debris re-
moval, the IT properties, the shape and dimensions
of the SDO are known and do not change, we can
design an NNM that receives the values of the rela-
tive position and orientation of the SDO as an input
and outputs force projections in the IRE

2. DESIGN AND STUDY
OF NEURAL NETWORK MODELS

2.1. Methodology and model structure. An ANN is a
system of interconnected artificial neurons. A multi-
layer neural network is an ANN consisting of input,
output, and hidden layers of neurons located between
them. Such networks are more capable than single-
layer neural networks. It was proved in [6, 10] that
neural networks with both one and several hidden
layers can be used as universal approximators of con-
tinuous functions of a set of variables, and the only
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Table 1. NNM configurations

Architecture

§ &
- = = 0
Name 852 £8
EZ % number of neurons g S

“s
NN-512 4 | 6x512x256%128x64x3 ReLU
NN-1024 4 16x1024x512x256x128x3 ReLU
NN-1024-512 5 | 6x1024x512x256x128x64x3 | ReLU

Table 2. Results of NNM training

L. Validation accu- | Training
B Optimizer racy MSE, % time, s
NN-512 Adam 99.26 1575
NN-1024 Adam 99.41 3123
NN-1024-512 Adam 99.43 3028

Table 3. Coordinates of center of mass and orientation
parameters of SDO. Variable parameters marked as *

Coordinates Orientation
No of center of mass parameters
by,m | b),m | b, m | 9,rad | ¢ rad | V,rad

1 * 0 7 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 * 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 *

k.
(= -]

condition is a nonlinearity of the activation function
in hidden layers.

In this work, the ReLLU activation function was
used for all NNMs, which transforms the input signal
in the following way

R(X) = max(0,X).

The inputs of the activation functions are deter-
mined by the values of the weights (synapses) and
biases. These parameters are set as a result of NNM
learning using optimization algorithms. The learn-
ing goal is to minimize errors in the ANN output.
Currently, the most commonly used learning algo-
rithms are improved versions of stochastic gradient
descent (SGD), such as root mean squared propa-
gation (RMSprop) and adaptive moment estimation
(Adam) methods. In this work, the Adam optimizer
was used to train neural networks. The mean squared
error was used as a loss function for training and vali-
dation.

To solve the problem, three different NNM con-
figurations with fully connected layers are consid-
ered. They differ in the number of hidden layers, as
well as the number of neurons in the hidden layers.
NNM configurations are summarized in Table 1.

The total number of neurons in the hidden lay-
ers of the neural network NN-512 is 960, and in the
hidden layers of the neural networks NN-1024 and
NN-1024-512, there are 1920 and 1984 neurons, re-
spectively.

Training, validation, and testing of NNMs, as well
as data preprocessing, were carried out using Python
3.9 programming language and Keras, Scikit-learn,
Numpy and Scipy libraries.

2.2. Initial data. The following IT parameters
were used for the calculations: initial radius: R, =
= 0.0805 m; ion mass (xenon) m=2.18-10" kg;
initial plasma density n, =4.13-10° m™; initial
axial velocity of ions u, = 71580 m/s; divergence
angle o,=7 deg; initial electron temperature
T,=0.001 eV.

The upper stage of the Cyclone-3 launch vehicle is
considered as the SDO, which is approximated by a
cylinder with a height of #=2.6 m and a base diam-
eterof d =2.2 m.

2.3. Dataset for training and validation. For train-
ing and validation of the NNMs, a dataset was gener-
ated that includes input values — the coordinates of
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the center of mass and the angles of orientation of the
SDO relative to the IRF, and the output values of the
projections of the transmitted force corresponding
to them. The ground truth force outputs were calcu-
lated using the methodology presented in Section 1.
During dataset generation, the input data were set
randomly in the range of variation of each param-
eter using a uniform distribution. Range of variation
of input parameters: for the parameters b; and b} it
is [-1.0...1.0]; for the parameter b; it is [5.0...9.0];
for the parameters 3, ¢ and v itis [1.507...1.507].
Then the dataset was normalized to obtain values in a
range of [—1.0...1.0].

The dataset, which contains 3 500 000 records, is
split for training and validation with a ratio of 80 %
and 20 %, respectively.

2.4. Training and validation. NNMs were trained
using a personal computer with a 10th generation
Intel processor, which has 8 cores and 16 threads.
The Xavier method was used to initialize the NNM
weights. The learning rate for each NNM was cho-
sen as 0.0001. The mini-batch size and the number of
training epochs were selected as 256 and 100, respec-
tively. Adam optimizer is used with the following pa-
rameters: gradient damping factor is 0.9; attenuation
coefficient of the squared gradient is 0.999; the small
constant is 7.000-10” . Adam optimizer was cho-
sen because it is computationally efficient, has little
memory requirement, invariant to diagonal rescaling
of gradients, and is well suited for problems that are
large in terms of data/parameters.

To determine the best NNM, they were com-
pared with each other in terms of validation accuracy
and training time. Table 2 summarizes the results of
NNM training. The results show that the NNM with
the smallest number of neurons in the hidden layers
shows a lower validation accuracy compared to other
network configurations. However, it takes almost half
the time for training than others. The NNMs with
the largest number of neurons in the hidden layers
have approximately the same training time and ac-
curacy.

2.5. Testing. Table 3 presents the computational
cases that differ in the values of the position and ori-
entation of the SDO relative to the IRE. The param-
eters marked as variables took values within the con-
sidered ranges (see Table 1) with a fixed step equal to
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Figure 1. The values of the normalized error for each of the
outputs of the NNM. Case 3 (NN-512)
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—0.04

5 6 7 8
Figure 2. The same. Case 3 (NN-1024)

0.001. The parameter values of the first 6 cases are
nominal.

Pictures 1—8 show plots for normalized errors for
some of the computational cases. The variable pa-
rameter is displayed along the abscissa-axis. The or-
dinate axis shows the values of the normalized error
for each of the outputs of the NNM.

The components of the normalized error vector
are defined as follows:

AF* =FIf—F}f , k=x,9,z,
where F, is the normalized reference force vector,
F, is the force vector predicted by the NNM.

Figures 1—3 show the results of testing three
NNM configurations for case 3.

In general, according to the figures above, it can be
concluded that the accuracy of the NN-512 model is
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Figure 3. The same. Case 3 (NN-1024-512)
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Figure 5. The same. Case 13 (NN-1024)

20

0.10

0.05

Normalized error

—0.05

—0.10
-1

—0.5 0
Figure 6. The same. Case 14 (NN-512)

0.5 M

Normalized error

—0.02

—0.04

5
Figure 7. The same. Case 15 (NN-1024-512)

0.05

—0.05

Ay

Normalized error

—0.10

1.0 ¢, Tpan

-1.0

—0.5

0

-1.5 0.5

Figure 8. The same. Case 17 (NN-1024-512)
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worse than that of the other two models. Figures 4—8
show the results of NNM testing for other cases.

2.6. Model accuracy analysis. To compare the
results, maximum errors in determining the force
transmitted to the SDO for each case from Table 5

put values: full and reduced (half the full).

Table 4. Errors of force prediction for the NN-512 over the full variation interval

are calculated for two intervals of variation of the in-

Maximum errors in the Tables 4—9 are given for
both absolute errors and errors relative to reference
values.

AE RE
No
Af”,10_5N Afy,IO‘SN Af’,10‘3N Af*, % Af, % AfF, %
1 —-1.7 1.6 —0.811 2.720 2.463 2.524
2 —-1.4 2.5 —1.023 2.192 3.873 3.186
3 0.7 —0.9 0.303 1.098 1.367 0.944
4 0.7 0.2 0.024 1.088 0.281 0.073
5 0.6 0.7 —0.045 0.987 1.064 0.660
6 0.7 —4.2 —0.224 1.105 1.094 0.698
7 —4.1 4.7 1.183 6.425 7.329 3.685
8 —-5.4 5.1 —1.477 8.432 8.041 4.600
9 —4.5 6.3 1.359 7.064 9.931 4.232
10 —4.2 4.8 —0.097 6.532 7.532 0.301
11 -9.6 5.0 1.504 14.991 7.848 4.683
12 —4.9 -7.9 —1.406 7.657 12.307 4.380
13 —4.3 4.6 —2.542 6.752 7.190 7.915
14 —4.7 4.9 —1.581 7.228 7.646 4.924
15 =5.1 4.7 2.174 7.909 7.427 6.772
16 —4.3 3.8 —1.333 6.752 6.016 4.152
17 —11.9 -8.1 1.938 18.694 12.604 6.037
18 —4.3 3.8 —1.460 6.752 6.016 4.548
Mean 4.056 3.91 1.147 6.354 6.113 3.573
Table 5. Errors of force prediction for the NN-1024 over the full variation interval
AE RE
No
AfF, 105N Af?, 105N Af7, 103N AFF, % Af7, % Af*, %
1 1.3 0.9 —0.656 2.007 1.390 2.043
2 0.9 2.0 —0.456 1.362 3.094 1.419
3 —0.2 0.4 —0.133 0.386 0.695 0.414
4 —-0.2 0.3 0.028 0.271 0.428 0.086
5 -0.5 0.7 —0.140 0.748 1.162 0.436
6 —0.6 0.6 —0.141 0.863 0.871 0.440
7 -3.3 -2.9 1.118 5.111 4.474 3.483
8 -2.0 -3.0 0.961 3.059 4.642 2.993
9 —1.8 -2.1 1.990 2.811 3.282 6.198
10 -2.1 -2.1 0.961 3.283 3.282 2.993
11 -8.2 —3.8 1.297 12.792 5.910 4.040
12 -1.9 -3.9 0.958 2.924 6.079 2.984
13 2.7 —4.4 —0.945 4.208 6.891 2.944
14 4.7 5.0 —0.317 7.356 7.862 0.986
15 -3.2 4.3 2.211 5.048 6.779 6.886
16 2.7 3.6 0.170 4.208 5.637 0.530
17 —4.5 -9.3 —1.040 6.971 14.599 3.240
18 2.7 3.6 —0.383 4.208 5.588 1.194
Mean 2.0 3.0 0.770 3.756 4.593 2.406
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First, let us compare the results over the full range
of the input variation. Table 4 shows the maximum
errors obtained using the NN-512 model. For this
model, the maximum relative error (RE) of the force
determination is 18.694 %, which is obtained for X-
axis in case 17. However, the absolute error (AE) is
—1.190-10"* N, which is not significant. For cases
where non-variable parameters have nominal values
(cases | —6), the maximumvalue of REis3.873 % (AEis
2.500-107° N) and occurs at the Y-output for case 2.

Table 5 contains the maximum errors over the full
range of the input variation for the NN-1024 model.
The maximum RE is 14.599 % (AE is —9.300-107° N)
and takes place at the Y-output for case 17. In cases
1—6, the maximum RE was observed at the Y-output
for case 2 (as in the model NN-512) and is 3.094 %,
which corresponds to an AE of 2.000-107° N.

Table 6 summarizes the maximum errors of the
model NN-1024-512 for the full range of the input
variation. Here, as well as in the cases for other mod-
els, the maximum RE is 11.570 % and takes place for
case 17 along the Y-axis, which corresponds to an AE
of —7.400-10"° N. For cases 1—6, the maximum RE
is 2.524 % (AE is 1.600-10~° N) and occurs at the X-
output for case 1.

As can be seen, case 17 is the most problematic
for all NNMs, where the SDO orientation angle var-
ies over the full variation range, and the other input
parameters have non-nominal values. It can be as-
serted that the NN-1024-512 model provides the best
result of the three model configurations, showing the
smallest values of the maximum errors for all cases.
The model NN-512 demonstrates the worst results.

Next, the maximum errors over a reduced varia-
tion interval are compared. Such data are presented
in Tables 7—9 for models NN-512, NN-1024, and
NN-1024-512, respectively. It can be seen from Ta-
ble 7 that the maximum RE for the NN-512 model
is 14.139 % (AE is —9.000-107 N) and is observed
at the X-output for case 17. As for cases with nomi-
nal non-variable parameters (1—6), the worst RE is
2.81 6 % (AE 1.800-10~ N) and takes place at the
Y-output for case 2.

For the NN-1024 model, the maximum RE
over the reduced interval (Table 8) is 14.599 %
(AE —9.300-10° N) at Y-output for case 17. For
cases 1—6, the maximum RE is 1.488 % (AE
—9.300-107° N) at Y-output for case 2. The data in
Table 9 indicate that the maximum RE for the NN-
512-1024 model is 11.570 % (AE —7.400-10” N) at

Table 6. Errors of force prediction for the NN-1024-512 over the full variation interval

AE RE
No
Af*, 107N Af?, 107N AfF, 1074 N Af*, % Af7, % Af*, %
1 1.6 0.6 —6.07 2.524 1.007 1.890
2 1.3 1.3 4.83 2.076 2.009 1.503
3 —-0.6 —0.2 2.49 0.882 0.346 0.777
4 —0.1 —0.2 1.37 0.080 0.267 0.427
5 —0.2 —0.6 1.33 0.388 0.921 0.415
6 0.4 —-0.3 1.42 0.619 0.509 0.443
7 -39 —4.5 —10.58 6.145 7.018 3.295
8 -23 -3.0 —-8.76 3.647 4.692 2.730
9 2.6 4.0 15.78 4.094 6.253 4.914
10 0.9 0.7 5.10 1.365 1.097 1.589
11 -5.3 -3.2 11.68 8.296 5.047 3.636
12 1.9 -3.6 —6.72 2.969 5.699 2.093
13 3.1 32 —19.12 4.899 4.983 5.956
14 -2.1 6.4 6.30 3.245 10.025 1.962
15 -23 33 12.82 3.653 5.139 3.993
16 -1.7 1.4 —0.58 2.709 2.181 0.182
17 —4.6 -7.4 13.06 7.262 11.570 4.067
18 -1.7 =37 —-8.01 2.594 5.850 2.494
Mean 2.0 3.0 7.60 3.192 4.145 2.354
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the Y output for design case 17. For cases 1—6, the
maximum RE is 1.454 % (AE 9.000-10~° N) and oc-

curs at the X-output for case 1.

All NNMs have smaller REs in the axial direction
than the lateral one. For the considered models, the

average axial REs are in the range of 2.3...3.6 %, and
the lateral REs are in the range of 4.1...6.3 %.

Thus, it can be concluded that the smallest RE

Table 7. Errors of force prediction for the NN-512 over the reduced interval

over the reduced variation interval occurs for the
model NN-1024-512. As for the full variation inter-

AE RE
No
Af*, 10N Af?, 105N Af*,107*N AfT, % Af?, % Af*, %
1 0.9 0.5 —1.87 1.485 0.771 0.582
2 0.7 1.8 —-2.72 1.042 2.816 0.847
3 0.7 0.4 1.36 1.098 0.645 0.424
4 0.7 0.2 0.21 1.028 0.259 0.067
5 0.6 0.7 —-2.12 0.987 1.064 0.660
6 0.7 0.6 —1.38 1.105 0.951 0.431
7 —-3.4 -3.7 11.06 5.266 5.779 3.444
8 -3.1 2.8 —14.25 4919 4.348 4.439
9 -3.9 6.3 7.36 6.107 9.931 2.291
10 —4.2 4.8 —0.87 6.511 7.475 0.271
11 -7.3 -2.6 15.04 11.387 4.142 4.683
12 —4.9 34 —14.06 7.657 5.313 4.380
13 4.0 4.6 —25.42 6.213 7.190 7.915
14 2.7 -1.6 —11.44 4.202 2.548 3.494
15 —4.7 4.2 —7.07 7.401 6.500 2.202
16 —4.3 3.8 —13.04 6.665 5.919 4.062
17 -9.0 —4.7 15.90 14.139 7.404 4.953
18 -3.3 -2.6 —11.39 5.158 3.995 3.549
Mean 3.0 3.0 8.70 5.132 4.281 2.705
Table 8. Errors of force prediction for the NN-1024 over the reduced interval
AE RE
No
Af*, 105N Af?, 105N Af?,1074N A, % A7, % A7, %
1 0.9 0.4 —1.11 1.357 0.610 0.344
2 0.6 1.0 -1.77 0.938 1.488 0.551
3 —-0.2 0.3 —0.40 0.266 0.504 0.124
4 -0.2 0.3 0.23 0.267 0.424 0.071
5 —-0.2 0.7 —1.29 0.373 1.162 0.402
6 —-0.2 0.4 —0.77 0.863 0.557 0.239
7 2.2 -1.3 3.97 3.378 1.977 1.238
8 —0.8 —-2.8 —5.73 1.318 4.445 1.786
9 -1.0 1.3 13.82 1.616 1.982 4.304
10 -1.9 -2.0 9.42 3.011 3.178 2.934
11 =5.7 -3.8 12.97 8.893 5.910 4.040
12 —-1.2 -2.9 3.36 1.812 4.503 1.046
13 1.8 1.2 —9.45 2.764 1.903 2.944
14 2.0 1.9 —2.88 3.152 2.973 0.896
15 -2.9 4.2 11.37 4.468 6.640 3.541
16 -2.5 3.6 —1.66 3.984 5.618 0.516
17 -2.5 -9.3 —10.40 3.933 14.599 3.240
18 —0.8 -3.3 —3.50 1.204 5.172 1.089
Mean 2.0 2.0 5.20 2.422 3.536 1.628

ISSN 1561-8889. Kocmiuna nayka i mexnonoeis. 2022. T. 28. No 5

23



M. O. Redka, S. V. Khoroshylov

Table 9. Errors of force prediction for the NN-1024-512 over the reduced interval

AE RE
N
° A, 105N Af’, 105N Af7, 104N AFF L% Af7, % Af*, %
1 0.9 —0.3 1.55 1.454 0.412 0.483
2 —0.6 0.9 1.60 0.983 1.420 0.498
3 —0.4 —0.2 1.96 0.620 0.346 0.612
4 —0.1 —0.2 1.33 0.080 0.266 0.415
5 —0.2 —0.6 1.33 0.388 0.921 0.415
6 0.4 —0.3 1.42 0.619 0.509 0.443
7 —-3.2 -1.9 5.93 4.957 2913 1.848
8 —1.1 2.1 —2.96 1.660 3.328 0.923
9 1.5 33 9.13 2.391 5.100 2.845
10 0.8 0.7 4.92 1.318 1.058 1.534
11 3.5 2.6 11.68 5.529 4.003 3.636
12 -1.5 —1.7 —6.72 2.340 2.644 2.093
13 2.3 2.0 —6.69 3.667 3.108 2.082
14 1.4 2.5 3.05 2.161 3.880 0.951
15 —2.0 33 —4.39 3.203 5.139 1.366
16 -1.7 1.4 —0.58 2.645 2.181 0.182
17 3.2 —7.4 7.88 4.974 11.570 2.453
18 1.2 -3.7 —3.68 1.952 5.850 1.145
Mean 1.0 2.0 4.30 2.275 3.036 1.329

Table 10. Time for the force determination
using NNMs and CPBM

Time for the force determination (sec)

No
NN-512 NN-1024 | NN-1024-512 CPBM
1 6.350 6.305 6.291 17.660
2 6.084 6.492 6.085 17.514
3 12.584 12.306 12.479 38.009
4 9.640 10.532 10.037 27.443
5 9.796 9.773 9.606 28.019
6 9.526 9.568 9.626 28.003
7 6.053 6.221 6.103 11.840
8 6.193 6.139 6.168 11.505
9 12.131 12.150 12.543 26.556
10 9.586 9.718 9.651 15.862
11 9.690 9.807 9.652 20.317
12 9.640 9.572 9.734 15.768
13 6.267 6.390 6.108 11.827
14 6.347 6.395 6.333 11.513
15 12.221 12.310 12.533 26.321
16 9.664 10.796 14.444 15.938
17 11.050 11.536 11.189 19.715
18 11.043 11.239 11.010 16.088
Mean 9.104 9.292 9.422 19.994

val, all models coped with case 17 worst of all. As for
the cases where the non-variable input parameters

are nominal (1...6), the neural networks show signifi-
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cantly lower values of the maximum error in compar-
ison with cases 7...18. In general, it can be said that
the trends for the full variation interval are the same
for the reduced interval, but the errors are noticeably
smaller for the latter case.

For the considered models, the average axial RE
over the reduced interval lies within the range of
1.3...2.7 %, and the lateral RE is within the range of
3.0...5.1 %.

The obtained results allow us to conclude that
the proposed neural network models can predict the
force impact of the IT plume on an SDO. For most
of the considered cases, the errors of the force de-
termination do not exceed 5 %. But even for cases
where the relative error is higher than this value, the
absolute error remains negligible. This fact suggests
that such errors are insignificant in practice. Fur-
ther improvement can be made to minimize errors
for conditions such as in case 17. Although this case
turns out to be the most difficult for all neural net-
work configurations, it shows a tendency for the er-
ror to go down as the number of neurons in hidden
layers increases.

2.7. Model performance analysis. To analyze the
performance, we compare the time required to de-
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termine the force using the NNMs and previously
proposed approaches. As already noted in the intro-
duction, the method of force determination based on
the central projection of the target is considered to
be the most effective so far [11, 12]. Therefore, this
method was used for comparison. The time intervals
for determining the force using the NNMs and the
central projection-based method (CPBM) for vari-
ous cases are presented in Table 10.

As can be seen from Table 10, the NNMs de-
termine the force much faster in comparison with
CPBM. For the considered cases, the NNMs re-
quire, on average, more than 2 times less time than
CPBM. For case 3, the NSMs are 3 times faster than
the CPBM. Within each of the considered cases, the
time for determining the force by each of the three
NNMs differs insignificantly.

Finally, it should be noted that despite the fact that
the efficiency of the proposed approach is illustrat-
ed in the example of a cylindrical SDO, it can also

REFERENCES

be applied to other objects, taking into account the
specifics of preparing the corresponding dataset for
training an NNM.

CONCLUSION

The proposed approach shows the possibility of using
deep learning methods to solve the problem of de-
termining the force impact of the IT plume on the
SDO. The influence of the configuration of the net-
work model, as well as the relative position and ori-
entation of the SDO, on the errors of the force de-
termination is studied. The proposed models make it
possible to determine the force much faster in com-
parison with the methods used before, which allows
us to talk about prospects for using them both for
spacecraft algorithms and mathematical simulation
of space debris removal missions. Future research in
this direction may investigate the efficiency of con-
volutional neural networks to determine the force
impact from SDO images in orbit.

1.

10.
11.

12.

ISSN 1561-8889. Kocmiuna nayka i mexnonoeis. 2022. T. 28. No 5

Alpatov A. P., Cichocki E., Fokov A. A., Khoroshylov S. V., Merino M., Zakrzhevskii A. E. (2015). Algorithm for determina-
tion of force transmitted by plume of ion thruster to orbital object using photo camera. 66th Int. Astronautical Congress, Jerusa-
lem, Israel, 2239—2247.

. Alpatov A. P., Zakrzhevskii A. E., Fokov A. A., Khoroshylov S. V. (2015). Determination of optimal position of ion-beam

shepherd in relation to space debris object. Technical Mechanics, Ne 2, 37—48.

. Bombardelli C., Pelaez J. (2011). Ton beam shepherd for contactless space debris removal. JGCD, 34, No 3, 916—920.

doi:10.2514//1.51832

. Bombardelli C., Urrutxua H., Merino M., Ahedo E., Pelaez J. (2012). Relative dynamics and control of an ion beam shep-

herd satellite. Spaceflight mechanics, 143, 2145—2158

. Cichocki F., Merino M., Ahedo E. (2015). Collisionless plasma thruster plume expansion model. Plasma Sources Sci. and

Technol., 24, Ne 3, 83—95.

. Cybenko G. (1989). Approximation by superpositions of a sigmoidal function. Mathematics of Control, Signals, and Systems,

2, Ne 4,303—314. doi:10.1007//BF02551274.

. Dron” M., Golubek A., Dubovik L., Dreus A., Heti K. (2019). Analysis of ballistic aspects in the combined method for

removing space objects from the near Earth orbits. Eastern-European J. Enterprise Technol., 2 (5 (98)), 49—54.

. Fokov A. A., Khoroshilov S. V. (2016). Validation of simplified method for calculation of transmitted force from plume of

electric thruster to orbital object. Aviatsionno-kosmicheskaya tekhnika i tekhnologiya, Ne 2, 55—66.

. Golubek A., Dron’ M., Dubovik L., Dreus A., Kulyk O., Khorolskiy P. (2020). Development of the combined method to

de-orbit space objects using an electric rocket propulsion system. Eastern-European J. Enterprise Technologies, 4 (5 (106)),
78—87.

Hornik K. (1991). Approximation capabilities of multilayer feedforward networks. Neural Networks, 4, Ne 2, 251—257. doi:
10.1016//0893-6080(91)90009-T.

Khoroshylov S. V. (2012). Relative control of an ion beam shepherd satellite in eccentric orbits. Acta Astronautica, No 76,
89—98.

Khoroshylov S. V. (2018). Relative motion control system of spacecraft for contactless space debris removal. Nauka innov.,
14, Ne 4, 5—16.

25



M. O. Redka, S. V. Khoroshylov

13. Khoroshylov S. V., Redka M. O. (2021). Deep learning for space guidance, navigation, and control. Space Science and
Technology, 27, Ne 6 (133), 38—52.

14. Liou J.-C, Anilkumar A. K., Virgili B., Hanada T., Krag H., Lewis H. et al. (2013). Stability of the future leo environment — an
IAADC comparison study. Proc. of the 6th European Conf. on Space Debris, 723. URL: https://conference.sdo.esoc.esa.int/
proceedings/sdc6/paper/199 (Last accessed: 06.05.2022).

15. Mitchell T. (1997). Machine Learning. New York, NY: McGraw-Hill.

16. Phipps C. R., Reilly J. P. (1997). ORION: Clearing Near-Earth Space Debris in Two Years Using a 30-kW Repetitively-
Pulsed Laser. SPIE Proc. Int. Soc. Opt. Engineering, 728—731.

17. Pierson H., Gashler M. (2017). Deep learning in robotics: a review of recent research. Adv. Robotics, 31, Ne 16, 821—835.

18. Takeichi N. (2006). Practical operation strategy for deorbit of an electrodynamic tethered system. J. Spacecraft and Rockets,
43, Ne 6, 1283—1288. doi:10.2514//1.19635.

Cmamms Hadiitwaa 0o pedakuii 06.05.2022 Received 06.05.2022
Ilicas doonpayrosanns 02.06.2022 Revised 02.06.2022
[lpuiinamo do dpyky 25.06.2022 Accepted 25.06.2022

M. O. Pedvka, acriipaHT

E-mail: mix5236@ukr.net

C. B. Xopowuno0s, IpoB. HayK. CITiBp0O., I-p TeXH. HayK, TIpod.
ORCID.org/0000-0001-7648-4791

E-mail: skh@ukr.net

IHCcTUTYT TexHiIUHOT MexaHiku HallioHasibHOT akaieMii Hayk YkpaiHu
i Jlep>xaBHOro KOCMiUHOTO areHTCTBa YKpaiHU
By Jlemko-Tlonens 15, Ininpo, Ykpaina, 49005

BU3HAYEHHS CUJIOBOI'O BIVIMBY ®AKEJIA IOHHOT'O IBUTYHA
HA OPBITAJIbHUI OB’€KT 3A IOTTOMOI'OIO TIMBUHHOI'O HABYAHHS

IIpeamMeTom noCTiIKEHHS y CTaTi € MPoOLeC CTBOPEHHS HelipoMepexeBoi Moaeai (HMM) nist BUBHaU€HHSI CUJIOBOTO BILJIMBY
dakeny enekrpopeakruBHoro asuryHa (EP/]) Ha opOitaabHuii 00’€KT mij yac 0€3KOHTAKTHOTO BUIAJECHHS KOCMIYHOIO
CMITTS.

Merta po6otu — po3podka HMM Ta nociikeHHs BIUIMBY Pi3HUX YMHHUMKIB HA TOYHICTh BU3HAYEHHS CUJIM, L0 Mepeaa-
€Tbcs1 MoTokoM ioHiB EPJI 1o 06’ekTa kocmiuHoro cMittst (OKC).

3anaui: BuzHaueHHs cTpyktyp HMM; dopmyBanHs Habopy maHWX Ui HaBYaHHS Ta Batimanii HMM 3a momomororo
chopMOBaHOTO HAOOPY MAaHUX; HOCIIKEHHS BILIMBY CTPYKTYpU MOJEJIi Ta IapaMeTpiB ONTHMi3aTopa Ha TOYHICTh BU3HA-
yeHHs cuii. Bukopucrano metonu (isuku mia3smMu, KOMIT I0TEPHOTO MOJEIIOBAHHS, INIMOOKOr0 HaBYaHHs, ONTUMI3allii i3
BUKOPUCTAHHSIM BIOCKOHAJIEHOTO BapiaHTa CTOXaCTUYHOIO IPaiEHTHOTO CITYCKY.

OtpuMaHo Taki pe3yasrati. Po3pobieHo Tpu HMM, ski Bipi3HSIOTbCS KiJIbKICTIO TPUXOBAHUX LIapiB Ta HEHPOHIB y
MnpuxoBaHUX wapax. s HaBuaHH4 Ta Bajiinaiii HMM 3 BUKOpUCTaHHSM aBTOMOAIOHOTO OMUCY MOIIUPEHHS 10HIB M1a3MK1
3reHepoBaHo Habip maHux wist OKC, skuii anmpokKcMMoBaHo TiHApoM. Habip maHux oTpuMaHo ISl pi3HUX BiTHOCHUX T10-
JIOXKEeHb Ta OpieHTalliil 00’eKTa y mpolieci oro BinBomy 3 opOiTH. 3 BUKOPUCTAaHHSIM 1IbOr0 HAOOPY JaHUX OYJI0 BUKOHAHO
onTuMisaliito napamerpiB HMM 3a goromoroio Metony HaB4YaHHS i3 BuMTeaeM. OOpaHO ONTUMI3aTop Ta MOro nmapameTrpu,
sIKi 3a0e3MeuyloTh HallMeHIIy TOXMOKY Ha eTarli Bajliiallil pe3y/ibTaTiB HaBYaHHs. Bu3HaueHO 0cOOIMBOCTI BILIMBY BilIHOC-
Horo nojoxeHHs Ta opieHTauii OKC, a Takox apxitektypy HMM Ha TOUHICTh BUSHAUEHHS CUJIU.

BucnoBku. [TokazaHo MOXJIMBICTb 3aCTOCYBaHHSI METOJIB INIMOMHHOIO HaBYAHHS JJISI BUpPILIEHHS 3a7adi BU3HAYEHHS
cwm BruuBy ¢akena EPJI mHa OKC. 3ampornoHoBaHi Moaei T03BOJISIOTh 3a0€3MeYUTH TOYHICTh BU3HAUYEHHS CHUJIOBOTO
BIUIMBY, TOCTaTHIO /I BUPIlLIEHHSI pO3MISIHYTOro Kiacy 3anad. [1pu mbomy HMM nae MOXKJIMBICTb OTPUMYBATH pe3yJbTaTh
3HAYHO LIBU/IIE Y MOPiBHSIHHI i3 METOIaAMU, SIKi BUKOPUCTOBYBAJIMCS PaHillie, 1110 pOOUTD iX MepCHeKTUBHUMU JIJIsI BAKOPUC-
TaHHS SIK IJ11 KOCMiYHUMX anapariB, Tak i 11 MATEMAaTUYHOTO MOJICJIIOBAHHSI MiCili 3 BUTAJIEHHSI KOCMIYHOTO CMITTS.

Karouogi caosa: enekTpopeaKTUBHUN IBUTYH, 00 €KT KOCMIYHOTO CMITTS, CHUJIa IO TIePeNacThcsl, HelipoMepexeBa MOIelb,
TJIMOMHHE HAaBYaHHSI.
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MACHINE LEARNING TECHNIQUE FOR MORPHOLOGICAL
CLASSIFICATION OF GALAXIES FROM THE SDSS.
III. THE CNN IMAGE-BASED INFERENCE OF DETAILED FEATURES

This paper follows a series of our works on the applicability of various machine learning methods to morphological galaxy classification
(Vavilova et al., 2021, 2022). We exploited the sample of ~315800 low-redshift SDSS DR9 galaxies with absolute stellar magnitudes
of =24" <M, <—19.4" at 0.003 < z < 0.1 redshifis as a target data set for the CNN classifier. Because it is tightly overlapped with the
Galaxy Zoo 2 (GZ2) sample, we use these annotated data as the training data set to classify galaxies into 34 detailed features.

In the presence of a pronounced difference in visual parameters between galaxies from the GZ2 training data set and galaxies with-
out known morphological parameters, we applied novel procedures, which allowed us for the first time to get rid of this difference for
smaller and fainter SDSS galaxies with m. < 17.7. We describe in detail the adversarial validation technique as well as how we man-

HutyBanusg: Khramtsov V., Vavilova I. B., Dobrycheva D. V., Vasylenko M. Yu., Melnyk O. V., Elyiv A. A., Akhmetov V. S.,
Dmytrenko A. M. Machine learning technique for morphological classification of galaxies from the SDSS. I11. The CNN image-
based inference of detailed features. Space Science and Technology. 2022. 28, Ne 5 (138). P. 27—55. https://doi.org/10.15407/
knit2022.05.027
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aged the optimal train-test split of galaxies from the training data set to verify our CNN model based on the Dense Net-201 realistically.
We have also found optimal galaxy image transformations, which help increase the classifier’s generalization ability.

We demonstrate for the first time that implication of the CNN model with a train-test split of data sets and size-changing function
simulating a decrease in magnitude and size (data augmentation) significantly improves the classification of smaller and fainter SDSS
galaxies. It can be considered as another way to improve the human bias for those galaxy images that had a poor vote classification in
the GZ project. Such an approach, like autoimmunization, when the CNN classifier, trained on very good galaxy images, is able to re-
train bad images from the same homogeneous sample, can be considered co-planar to other methods of combating such a human bias.

The most promising result is related to the CNN prediction probability in the classification of detailed features. The accuracy of the
CNN classifier is in the range of 83.3—99.4 % depending on 32 features (exception is for “disturbed” (68.55 %) and “arms winding
medium” (77.39 %) features). As a result, for the first time, we assigned the detailed morphological classification for more than 140000
low-redshift galaxies, especially at the fainter end. A visual inspection of the samples of galaxies with certain morphological features
allowed us to reveal typical problem points of galaxy image classification by shape and features from the astronomical point of view.

The morphological catalogs of low-redshift SDSS galaxies with the most interesting features are available through the UkrVO web-
site (http.//ukr-vo.org/galaxies/) and VizieR.

Keywords: galaxies: galaxies, morphological classification, methods: data analysis, Convolutional Neural Network, image processing.

1. INTRODUCTION

Convolutional neural network (CNN) as a machine
learning (ML) technique is becoming more and more
applicable for astronomical tasks. Its success has been
proven sufficiently for big data observational sky sur-
veys: galaxy classification by various properties, pat-
tern recognition image description, celestial body pe-
culiarities’ identification, anomalies, transient object
detection, etc. The CNNs are very helpful for finding
and discovering previously unknown gravitationally
lensed quasars [1—3], identifying gravitational lenses
[4—7], galaxy-galaxy strong gravitational lenses [§]
including in the Dark Energy Survey (DES) imag-
ing data [9] and weak gravitational lensing analysis
to create galaxy images as input [10]. The distance
moduli estimates benefit from the CNNs utilization
in the big data sets, which provide a wide number of
galaxy features for learning (see review by Salvato et
al. [11]). Bonnett et al. [12] adopted multiple ML
methods for determining photometric redshifts with
implications for weak lensing from the DES catalog.
Amaro et al. [13] compared ANNz2 [14], Bayesian
photometric redshift method, and METAPHOR
(Machine-learning Estimation Tool for Accurate
PHOtometric Redshifts) for KiDS-ESO-DR3 and
GAMA DR?2 surveys. Similarly, Pasquet et al. [15]
used deep learning (DL) for classifying, detecting,
and predicting photometric redshifts of quasars in
the SDSS. ML and generative adversarial networks
(GAN) were used to assign and predict photomet-
ric/spectroscopic redshifts within large-scale galaxy
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surveys with good accuracy [9, 11, 16—20]. The ML
approach serves as a basis for restoring galaxy distri-
bution in the Zone of Avoidance and cosmic web as a
whole [21—29] and generating dark matter structures
in cosmological models [30—32], for extraction of
information from noisy maps [33] and image recon-
struction of celestial bodies in the whole [34—38], for
the task of deblending overlaps between foreground
and background galaxies with GAN as CNN tech-
nique [39—40] (see, also, scalable ML algorithms
and frameworks in [41]). The review of recent trends
of ML applicability in cosmology and gravitational
wave astronomy can be found in the work by Burgazli
et al. [42].

The CNN models have expanded the “optical”
range of applications becoming useful for multi-
wavelength sky surveys. Among recent studies are as
follows: search for blazar candidates in the Fermi-
LAT Clean Sample [43]; boosted decision tree for
detecting the faint y-ray sources with future Cheren-
kov Telescope Array [44—45]; infrared colour selec-
tion of Wolf-Rayet candidates in our Galaxy using
the Spitzer GLIMPSE catalog [46]; cosmic string
searches in 21-cm temperature CMB maps [47];
neural network-based Faranoff-Riley classifications
of radio galaxies from the Very Large Array archive
[48] and DL classification of compact and extended
radio source from Radio Galaxy Zoo [49]; CNN for
morphological assignment to radio-detected galaxies
with active nuclei [50]. Scaife et al. [51] presented
the first application of group-equivariant CNNs to
radio galaxy classification and explored their poten-
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tial for reducing intra-class variability by preserving
equivariance for the Euclidean group on image trans-
lations, rotations, and reflections.

The merging galaxies are among the objects to
be misclassified. Finding comprehensive samples of
such galaxies in different merger stages is significant
for studying these long-term processes. In this con-
text, the adversarial training with Domain Adversar-
ial Neural Networks (DANNSs) altogether with the
Maximum Mean Discrepancy (MMD) method was
proposed by Ciprijanovic et al. [52]. Such adaptation
techniques allowed these authors to demonstrate a
great promise to classify galaxy mergers across do-
mains. As well, to identify peculiar galaxies, an ML
system needs to identify forms of galaxies that are
not present in the dataset. For such identification of
outlier galaxies, the unsupervised ML is proposed by
Shamir et al. [53].

Our work follows the previous study [54] (Paper I
below), where the photometry-based approach for
a binary morphological classification was applied to
the SDSS DRO set of low-redshift ~315800 galaxies.
Using various galaxy classification techniques (hu-
man labeling, multi-photometry diagrams, and five
supervised ML methods), we found that the Support
Vector Machine and Random Forest give the highest
accuracy (more than 96 % for early and late types).
Determining the ability of each method to predict
the galaxy morphological type, we verified various
dependencies of the method’s accuracy on redshifts,
celestial coordinates, human labeling bias, the over-
lap of different morphological features, etc.

This paper aims to obtain the CNN image-based
morphological feature classification of 315 782 gal-
axies with absolute stellar magnitudes of —24” <
<M, < -19.4™at 0.003 < z < 0.1 redshifts (with ve-
locities correction on the velocity of Local Group,
Vi g > 1500 km/s). For this, we exploited the anno-
tated data of the Galaxy Zoo 2 (GZ2) project with
their crowd-sourcing strategy for volunteers to clas-
sify images by answering a series of questions. The
sample of the GZ2 galaxies, which overlap with the
studied galaxies, served as the training data set for the
CNN classifier.

As compared to the paper [55] (Paper 1I below),
this work investigates the problem of differences in
the data sets in detail and suggests ways to overcome

ISSN 1561-8889. Kocmiuna nayka i mexnonoeis. 2022. T. 28. No 5

adversarial validation. We describe in detail a neural
network to predict some structural morphological
features that can help to classify galaxies with ware
used by Walmsley et al. [56]. We analyze the obtained
samples of galaxies with different morphological fea-
tures to obtain their quantitative/qualitative proper-
ties and to estimate the efficiency of the CNN clas-
sifier.

We describe briefly the target, training, and infer-
ence galaxy data sets in Section 2. Methodology con-
sisting of the data preparation, adversarial validation,
and CNN morphological classification with the in-
telligent train-test split via adversarial scores is given
in Section 3 (see also Paper II). The general results
and discussion are in Section 4, and the conclusion is
presented in Section 5.

2. GALAXY DATA SETS

2.1. Target data set. One of the most crucial princi-
ples of ML is comprehending the data you are work-
ing with. These design principles are most important
at the stage when the data are fed into the chosen
algorithms (see, for example, [57]). That is why we
used a representative data set of the 315 782 SDSS
DR9 galaxies at z < 0.1 with the absolute stellar mag-
nitudes 24" < M, < —13", which we name as the
target data set (see, in detail, Paper II [55]). We stud-
ied it practically as “galaxy by galaxy” in previous
works for various tasks [58—68], including the ML
photometry-based approach for binary galaxy mor-
phological classification [54] and the catalog of their
morphological types [69] obtained with the Support
Vector Machine and Random Forest methods. Paper
II [55] describes a general methodology for the CNN
morphological classification, and a morphologi-
cal catalog of galaxies classified into five classes ac-
cording to the GZ2 labeling annotation is published
through VizieR [70].

2.2. Training and inference data sets. To provide
the image-based approach for morphological classi-
fication of galaxies from the target data set, we used
the GZ2 annotated data. To train the neural network,
we should have a large number of labeled galaxies im-
ages. The target data set of the SDSS galaxies is tight-
ly overlapped with the data from GZ2 [71]. For this
reason, we divided our target data set into two data
sets. Hereafter, we determine the data set of 143 410
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Figure 1. Histograms of the stellar magnitude and Petrosian radius (90 % of the flux) distributions in r-band for the training

(green) and inference (brown) SDSS galaxy data sets at z < 0.1

galaxies, which do not match the GZ2 galaxies, as the
“inference” data set. The data set of 172 372 galax-
ies, which match the GZ2 galaxies, is the “training”
data set. The sample from GZ2 contains all the well-
resolved galaxies essentially in DR9 with N = 11923
galaxies from the Stripe 82 (11.6 <m,<17.7,0.003 <
<z<0.09), where about of 6800 are at 0.07 < < 0.09.
We consider galaxies only in normal-depth SDSS
imaging and with DR9 spectroscopic redshifts.

We consider two types of morphological clas-
sification. The first type is the classification, which
includes clearly separable five classes: completely
rounded, rounded in-between, cigar-shaped, edge-
on, and spiral galaxies. This classification is based
on the combinations of precisely labeled GZ2 pa-
rameters and, obviously, includes only some part of
the training data set. Unlike the first type, the second
type of classification works with the 37 galaxy mor-
phological features from the GZ2 and covers all gal-
axies presented in the training data set.

To form the first type of classification, we used
specific criteria which allow us to separate different
morphological classes of galaxies [71]. These crite-
ria were listed in Paper 11. Besides, we removed seven
galaxies that fit in two or more criteria. So, we ex-

ploited only those galaxies for training for which the
most votes of GZ volunteers were collected. Such
constraints are not all-inclusive. The more complete
and severe criteria could be used to determine the
morphological type of a galaxy as clearly as possible.
However, as we discussed in Paper I, the criteria in
use are good enough to provide reliable image-based
classification.

To form the second type of classification (classifi-
cation by the morphological features, lower panel in
Fig. 3), we used at least one of 37 features of galaxies
from the training data set, which are described in the
first column of Table 2 and Table 3. Also, we removed
three very sparse classes from the consideration
(“bulge prominence dominant”, “odd feature lens or
arc”, and “bulge shape boxy”) each containing < 10
galaxies. In total, we obtained the training data set
of 160 471 galaxies (lower panel, Fig. 3). To test the
accuracy of the detailed morphological classification
on the faint magnitude end, we also used 16 626 gal-
axies from the DECaLS (see subsection 3.5).

There is a principal difference between galaxy im-
ages in our inference data set and training data set
matching the GZ2 catalog. One can see in Fig. 1,
that the inference data set is much shallower than
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Figure 2. Histograms of the redshifts (a) and u — r colour indices () distributions for the training (green) and inference (brown)

SDSS galaxy data sets at z < 0.1

the training one. This occurred because the gal-
axies from the target data set were pre-selected via
m, < 17.7 limitation by stellar magnitude in r-band.
This limitation is related to the 90 % Petrosian flux
parameter [72—74]. So, the galaxies, which do not
match the GZ2 catalog from the target data set, are,
on average, fainter and smaller than galaxies from the
training GZ2 data set. In total, 24 547 galaxies from
the inference data set have m, < 17.7 (Fig. 1, a). The
CNN classifier knows nothing that it will work with
the inference data set, where galaxies are fainter and
smaller than in the training data set. So, it gives us
an additional case to study the performance of the
image-based classification by providing some addi-
tional steps.

Namely, to understand how crucial the shift be-
tween training and inference data sets is for the CNN
classifier, we use additional test data set. It is based
on the image morphological classification of 314 000
galaxies from DECaLS and includes revealed fine
morphological features, which are not seen with the
SDSS images [74]. With this additional test data set,
we identified 16 626 galaxies in our inference data
set, which further are used for the approach testing.
We note that the morphological classification scheme

for the DECaLS is slightly different from that for
the GZ2, namely, it is biased towards increasing the
detection of bars, measuring bulge size, and distin-
guishing types of merging galaxies. To align the GZ2
classification used in our study and the DECaLS
morphological classification, we removed 15 classes
from this data set because the DECaLS morphologi-
cal classification does not contain some of the GZ2
classes (see Table 2 and Table 3). After this data prep-
aration, we obtained 28 GZ2 feature labels in our ad-
ditional test data set. Hereafter in the paper, we refer
to it as the “deep” test data set.

Other relevant observational parameters are bet-
ter overlapped among two data sets, see, for example,
Fig. 2 with distributions by redshift and (u-r) color
indices.

2.3. Images of galaxies. Images of the training and
inference galaxies were requested from the SDSS
cutout server. We have retrieved 315 782 RGB images
(in PNG format) composed of gri bands according
to [75] color scaling, each of 100x100x3 pixels. Un-
fortunately, some of the images were not retrieved for
technical reasons (including dead pixels), slightly re-
ducing the training and inference data sets to 172 251
and 136 342, respectively.
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We note that scientific image format (like FITS)
may be preferable in our task due to the higher ampli-
tude ranges compared to 256 values per band in the
simple PNG image. But such a flux sampling is more
required for detailed image analyses, for example,
gravitational lens modeling, while most of the deep-
learning models are working on images with 8-bit am-
plitudes (see, for example, [76]). Additionally, FITS
files from the SDSS may be composed into 5-band
images, expanding spectral information, while PNG
files are restricted to have three bands only (gri in our
case). Investigation of this issue is out of scope for our
paper, and we used the standard approach of utilizing
the SDSS image cutouts for galaxy morphological
classification [71].

2.4. Implementation. All the deep-learning models
were implemented using PyTorch! and pytorch-im-
age-models? libraries. To train the models, we used
GPU GeForce GTX 1080Ti.

3. METHODOLOGY, THE CNN
IMAGE-BASED GALAXY CLASSIFIER

We exploited CNNs to reveal the morphological
classification of galaxies by their images. With this
technique, we solve two different classification
problems and handle a shift between training and
inference data sets.

Usually, CNN consists of layers represented by
a sequence of convolutional operations, activation
functions, and pooling operations. The principal
aim of the CNN is to find such convolutional ker-
nels that are the result of applying the whole CNN
to the image finalized in some target value3. In our
case, the morphological classes and features of gal-
axies are target values. The CNN architectures use
the fully connected layers (instead of convolutional
blocks) at the tail. This tail corresponds to the neural
network classifier, which transforms the output of the
convolutional part into the dense layer, the number
of neurons, which is equal to the number of classes.

' https://github.com/pytorch/pytorch

2 https://github.com/rwightman/pytorch-image-models

3 A good practical overview can be accessed through http://
cs231n.stanford.edu/. We address readers also to works
[34, 77—79], where the feature extraction power of CNNs
was illustrated in numerical experiments for improving the
classification performance, including astronomical image
reconstruction.
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3.1. General approach. The scheme of our ap-
proach is shown in Fig. 3. First, we divide the studied
data set into the training and inference parts (Sec-
tion 2). Since the inference data set is enormously
different from the training one, we have to apply
some necessary procedure with a final classification,
namely, the adversarial validation®. It allowed us not
only to probe the difference between the galaxy im-
ages in training and inference data sets (middle panel
in Fig. 3) but to derive the most suitable method of
testing the CNN classifier, which will produce a rep-
resentative estimation of the quality of the inference
data set. This procedure is also significant in our ap-
proach for two reasons: the labeled galaxy data sets
are biased in stellar magnitude distribution for the
training data set (Fig. 1, @); such a difference could
lead to bias in the final prediction of galaxy classifica-
tion in the inference data set.

At the second stage of the pipeline, we use CNN
to solve the five-class problem described in Section
2. We test our model with the data set defined by the
adversarial validation.

Finally, we train a second model to predict the
detailed morphological features (e.g., bar, bulge,
merging, ring, etc.), which is tested with the adver-
sarial validation and deep test data sets. As a result
of a pipeline, we get five morphological classes and
34 detailed morphological parameters for galaxies
from the inference data set (third and fourth panels
in Fig. 3).

3.2. Data preparation and augmentation. Stable
CNN learning presumes the right scaling or normal-
ization of the input data [81]. We scaled each image
I (pixels of which contain values between 0 and 255:
II.J e {0, 255}) to the range [-0.5, 0.5] using the scal-
ing equation as follows:

- I,-1275

[,=" "=
M55 %

Also, we defined many affine transformations for
applying to images of galaxies during the CNN learn-
ing (so-called image augmentation). In our case, the
augmentation helps to introduce the variative nature
of galaxies to the CNN methods (because the stan-

4 This method is commonly used in data science competi-
tions, see, e.g., http://fastml.com/adversarial-validation-
part-one/ [80].
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dard CNNs are not fully invariant to any transfor-
mation of the images and have a strong ability to
over-fitting). In most cases, this trick improves the
generalization ability of CNN producing a less over-
fitted model on the training data set (see, e.g. [82]).
As augmentations, we used random rotation (0°, 90°,
180°, or 270°), random zoom (varying at 100...120
pixels on each axis) with further random cropping of
the 100 x 100 region, and random vertical/horizontal
flipping of the images of galaxies. This process was
applied randomly to each image of a galaxy so that
each image of a certain galaxy was put in the CNN as
a “new” one reducing the sensitivity of CNN to any
galaxy orientation.

These augmentation steps were exploited during
the adversarial validation with the CNN classifica-
tion. We note in advance that after the adversarial
validation was produced, we conducted additional
data augmentation procedures that helped to learn
the CNN classifier better (Section 3.3).

3.3. Adversarial validation. Having the training
and inference data sets (Section 2), we can investi-
gate how the images of galaxies “vary” between these
data sets. We trained the CNN on all of these images,
passing the class “0” for the inference data set and
class “1” for the training one (second panel, Fig. 3).

In this case, the CNN classifier tried to distin-
guish the training images from images of galaxies
from the inference data set, returning the “adver-
sarial score” — the probability of the galaxy being in
the training data set. If such a classification accuracy
is close to random guessing, one could assume the
similarity of the training galaxy images with the infer-
ence ones. Moreover, vice versa, when the adversarial
classification accuracy largely differs from random
guessing (tends to 100 %), one has to investigate the
difference between the training data set and the infer-
ence one to predict the classes of inference objects
correctly. The adversarial score is a measure of how
an individual galaxy is similar to the training data set
(larger scores correspond to larger similarities with
galaxies from the training data set). The effect of
dissimilarity is due to the different observed param-
eters of galaxies from the training and inference data
sets. We used the full GZ2 data set as a training data
set (comprising 172 372 galaxies) with adversarial
class “1”.

'd N\
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Figure 3. Scheme of the image-based approach for morpho-
logical classification of galaxies. The methodology consists of
the data preparation of GZ2 training and SDSS DR9 infer-
ence data sets, image augmentation, adversarial validation,
five-class CNN classification with intelligent train-test split
via adversarial scores, CNN detailed morphology by 34 im-
age galaxy features with DECaLS deep test. The algorithm has
resulted in the classification of the inference galaxy data set
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We employed ResNet-101 [83] as a model, where
the convolutional part was completed by the two lay-
ers of neurons with 128 and 2 neurons in each layer
respectively. After the first layer of neurons, we put
on the Leaky Rectified Linear Unit activation func-
tion. The last layer that returns the probabilities of
being in the training or inference dataset was supple-
mented by the “softmax” activation function. As an
optimizer, we used Adam with an initial learning rate
of 5x1073; the optimizer minimized the categorical
“crossentropy loss function”. In this way, we tried a
single ResNet-101 model as a baseline approach and
obtained a good accuracy for GZ2 vs inference clas-
sification. We did not vary models because the aim
is not to have a performance as higher as possible.
The trained model is just a key-performance indica-
tor for each galaxy, and its outputs were used as the
proxy metric to understand the similarity between
the target (not GZ) data set and each galaxy or its
augmented version.

The whole input set consisted of ~170 000 galax-
ies from the GZ2 training data set and 136 000 gal-
axies from the inference one. We have trained the
model on 75 % of the input data and validated it on
the rest part of the galaxies. We applied standard data
augmentation procedures to the training images de-
scribed in Section 3.2. The model was learned dur-
ing 12 epochs. If the overall classification accuracy of
galaxy images from the validation data set did not in-
crease during three epochs, we decreased the learn-
ing rate by a factor of 0.1. Finally, we used the model
that provided the best overall accuracy (91.28 % on
the validation data and 91.67 % on the training one).

For our task, we obtained the accuracy of adver-
sarial classification above 90 %. So, the inference da-
taset contains galaxies with morphological properties
which are not inherited from the training set. One
can see in Fig. 4, a that the adversarial score is rela-
tively high for a few galaxies only from the inference
data set. This agrees with our observation that infer-
ence galaxies are fainter (Fig. 1, a and smaller (Fig. 1,
b) than galaxies from the training data set.

We highlight that the resulting adversarial classi-
fication accuracy is not a result of over-fitting. Spe-
cifically, we randomly split the GZ2 training plus
inference data sets into two parts. One of which was
used to train the adversarial CNN and another to

validate it. The CNN scored the same adversarial ac-
curacy for these subsets (91 %). So, according to the
adversarial result, we can conclude that our training
data set contains galaxies, properties of which are not
common with the inference one. This means that
any validation of the morphological classifier has to
be done with the galaxies from the training data set,
which have a low adversarial score.

There is a typical danger case of over-fitting when
an ML model is well performed on the training data
set but is not able to generalize to new, previously un-
seen data. This effect may be controlled through the
train-test splitting. In such a way, a portion of the data
(called the test data) is set aside to be used only to as-
sess the performance of the trained model and is not
included in the training data set. To do so, we ran-
domly choose 9 000 galaxies with an adversarial score
higher than 0.7 from the training data set of 72 738
galaxies (comprising five different morphological
classes). We picked up the best threshold 0.7 with a
simple search taking into account the largest accuracy
(see Fig. 4, a); other thresholds result in lower separa-
tion quality. Within this train-test split, the test part
of training galaxies (9 000) was used to validate the
morphological CNN classifier, and the rest part of the
galaxies (63 738) to train CNN classifier (third panel,
Fig. 3). It allows to understand the CNN ability to
generalize on data it has never seen before, namely on
the galaxies, which are similar to the inference dataset
according to their adversarial score.

To train the CNN classifier for the prediction of
the classes of fainter and smaller galaxies, we have
added the following transformations of images to the
defined data augmentation procedures (see subsec-
tion 3.2 and Eq. 1):

P ka(I,.,j,m)—127.5

& 255 ’ 2
where S(/ 'L m) is a function changing the size of the
image by m times, and k is an intensity-scaling coeffi-
cient. We implemented the size-changing function as
simple zooming out of the image (into the new image
with axes (100 x m) x (100 x m) pixels, where 0 < m
< 1), followed by mirror reflection of the image to fill
up the missing 100 x (1 — m) pixels along the borders.
In turn, the intensity of pixels for each image was re-

duced by a factor of 0 < k < 1 (Eq. 2).
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Figure 4. Histograms of adversarial score distributions (a). The inference galaxy data set (brown) and for elliptical and spiral
galaxies from the GZ2 training data set. Adversarial score is close to 1 if the galaxy is similar to the galaxy from GZ2 training
data set (b). A random subset of 3000 images from the training data set revealed from original SDSS images (green) and images
with modified sizes and intensities of galaxies as k = 0.8, m = 0.7 from Eq. 2 (brown)

The augmentation procedures we implemented
allow us to transform the image of the galaxy, sim-
ulating a decrease in magnitude and size as well as
veiling it as the galaxy image from the inference da-
taset. For example, applying these transformations
(k=0.8, m=0.7) to the 3 000 random images from
the training data set with the adversarial score > 0.7,
we observed the shift of the adversarial score distribu-
tion towards zero value (see Fig. 4, b). The histogram
of the adversarial score distribution, especially for
lower values, gives direct confirmation in the support
of such transformations. This trick with image trans-
formations improves the accuracy of the result emu-
lating the training galaxies to be more similar to the
galaxies from the inference data set according to the
adversarial scores. In this way, we do not investigate
effects caused by different “modalities” (training /
inference); instead, we built a technique to prevent
prediction biases. In other words, we solved the do-
main adaptation problem but with manually in-built
heuristics (changing angular sizes and intensity of
images of training galaxies).

3.4. CNN five-class morphological classifier. The
next step of our pipeline was the morphological clas-
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sification with CNN on training galaxy images (third
panel, Fig. 3). The principal difference between our
approach and the existing ones (see, for example, re-
cent works [56, 84—86]) is the usage of

1) the pre-defined training-test split through ad-
versarial validation of the classification accuracy on
the inference-like test set, and

2) the specific data augmentation, which allowed
us to decrease the difference in galaxy images related
to the stellar magnitudes between the GZ2 and infer-
ence data sets.

The procedure of training the CNN with the
overall accuracy of 89.3 % on the test data set of
9 000 galaxies is described in Paper II. As for the
data augmentation procedures, we used the stan-
dard techniques described in Section 3.2 and the
intensity and size reduction of the galaxy images
described in the previous subsection. For each gal-
axy from the training data set, we randomly sampled
k and m from the uniform distribution within (0.6,
1.0) and (0.5, 1.0) ranges (Eq. 2), respectively. Data
augmentation was applied to the training data set
only. The confusion matrix of the distribution of
prediction probabilities of all the classes is in Ta-

35



V. Khramtsov, 1. B. Vavilova, D. V. Dobrycheva, M. Yu. Vasylenko, O. V. Melnyk, A. A. Elyiv, V. S. Akhmetov, A. M. Dmytrenko

ble 1 of Paper II. One can see that accuracy is not
dominated by scores for morphological classes with
higher numbers of galaxies.

Table 1. Accuracy scores of backbone models
for the five-classes of CNN morphological
classification on the validation data

Architecture References Accuracy
ResNet-50 [83] 0.821
ResNet-101 [83] 0.832
ResNet-152 [83] 0.826
InceptionV3 [88] 0.937
InceptionResNetV2 [89] 0.962
DenseNet-121 [87] 0.960
DenseNet-169 [87] 0.959
DenseNet-201 [87] 0.966
NASNetLarge [90] 0.929
VGG16 [91] 0.909
Xception [92] 0.956

Similar to the model for the adversarial validation,
the tail of CNN models was completed by the two
dense layers of neurons (with the number of neurons
equal to 128 and 5, respectively) followed after the
global max-pooling. The activation functions at the
tail of the CNN model were the same as in adver-
sarial validation. As an optimizer, we also used the
Adam with an initial learning rate of 10~%; the opti-
mizer minimized the categorical “crossentropy loss
function”.

CNN models were trained during 40 epochs.
Moreover, during the learning, we decreased the
learning rate value if the loss on the validation da-
taset was not decreased after four epochs. The even-
tual classification accuracy of the validation data set
for all models is shown in Table 1. As the result of
a comparison between these models, we decided to
use DenseNet-201 [87], which shows the highest ac-
curacy on the “unseen” validation (96.6 %) and test
(89.3 %) data sets.

Table 2. Quality of inference morphological feature on the test data sets of galaxies (see, description in the text of this paper)

Parameter ROCG,s | ROCY, ROC; ROCED | ROCH S ROCZ;P “| Threshold ]21’;1?;1 ]\fj’;:; f
Smooth 89.25 % 88.59% | —0.66 % 86.06 % 86.84 % 0.78 % 0.1 107657 | 51911
Features or disk 92.54 % 91.88% | —0.66 % 85.63 % 85.43 % —-0.20 % 0.3 138207 | 58796
Star or artifact 95.36 % 97.63 % 2.28 % 57.70 % 51.43 % —6.27 % 0.05 220 73
Edgeo yes 98.81 % 98.65% | —0.16 % 87.35% 88.26 % 091 % 0.05 34420 14489
Edgeon no 97.21 % 96.82% | —0.39 % 75.53 % 76.41 % 0.88 % 0.25 72843 19088
Bar 93.99 % 9241% | —1.57% 57.54 % 57.54 % 0.00 % 0.05 29892 6276
No bar 90.69 % 89.80% | —0.90 % 68.82 % 68.61 % -0.21% 0.2 86836 27861
Spiral 93.40 % 92.88% | —0.52% 78.97 % 79.48 % 0.51% 0.15 65709 17741
No spiral 86.30 % 84.78% | —1.52% — — — 0.05 69303 20603
No bulge 98.36% | 98.35% | —0.01% | 65.09% | 69.03% | 3.94% 0.05 6970 | 4046
Bulge just notice- | 90.89% | 89.75% | —1.14% — — — 0.05 39627 | 14926
able
Bulge obvious 90.55% | 89.07% | —1.49% | 62.45% 64.31% 1.86 % 0.05 27115 10018
Bulge dominant — — — — — — — — —
Odd yes 94.78 % 93.37% | —1.41% — — — 0.05 41334 17601
Odd no 84.62 % 83.51% | —1.11% — — — 0.45 170898 | 79134
Completely round | 96.17% | 95.60% | —0.58% | 93.09% | 93.51% | 0.43% 0.15 | 75844 | 35669
Roundedinbe- | 92.31% | 91.46% | —0.85% | 82.73% | 82.84% | 0.11% 0.2 | 125734 | 70389
tween
Cigar shaped 97.96 % 97.73% | —0.23% 97.24 % 97.46 % 0.22 % 0.1 60395 30351
Ring 96.97 % 96.43 % | —0.54 % — — — 0.05 13882 1346
Lens or arc — — — — — — — — —
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3.5. Detailed galaxy morphology classification. We
used another CNN model to predict 34 detailed mor-
phological parameters of galaxies from the inference
data set. This model exploited DenseNet-201 [87]
as the backbone model with the included fully con-
nected layers at the top (namely, global max-pooling,
fully-connected layer with 512 neurons, and classi-
fication fully-connected layers with 34 outputs). We
put Rectified Linear Unit activation after the first
fully-connected layer and sigmoid activation after
the last classification of fully-connected layers. The
model was trained with the Adam optimizer, which
minimized the “binary crossentropy loss” function.
We solved a multi-label classification problem: one
object may have a few features. So, we did not use the
“softmax” activation function after the classification
layer; instead, we treated each class separately and
solved binary-classification for each label. This con-

figuration looks suitable for solving the multi-label
problem when we do not need to predict probability
distribution over all classes to infer the single class for
a single sample (fourth panel, Fig. 3).

We provide below in Table 2 and Table 3 two re-
sulting accuracy scores measured with the ROC
AUC classification quality metric [93] to predict 34
morphological features of galaxies. The names of fea-
tures are in the first column. The next columns cor-
respond to the quality metrics (ROC AUC), ROCt-
est for GZ2 test data set, and ROCdeep test for the
DECaLS. We provided three scores for each data set:
with and without adversarial augmentation and the
difference between both scores. The last three col-
umns: threshold; a number of galaxies matching this
criterion from all the target data set and the inference
data set, respectively. Empty cells correspond to the
missed features. The sum numbers in columns 9 or

Table 3. (continue). Quality of inference morphological feature on the test data sets of galaxies

(see, description in the text of this paper)

Parameter | ROCia,q | ROCi, | ROC | ROCELS | ROCKL®™ | ROCK™ | Threshold | @l | M inf
Disturbed 72.27% | 68.55% | —3.72% — — — 0.15 0 0
Irregular 96.74 % | 96.94 % 0.20 % — — — 0.05 9432 6369
Other 9593% | 89.20% | —6.74 % — — — 0.05 1442 624
Merger 91.79% | 88.89% | —2.90 % — — — 0.05 2575 738
Dust lane 99.39% | 99.40 % 0.02 % — — — 0.05 588 67
Bulge shape 96.73% | 96.27% | —0.47 % 67.18 % 67.26 % 0.08 % 0.05 32280 12835
rounded
Bulge shape boxy — — — — — — — — —
Bulge shape no 98.65% | 98.52% | —0.13% 71.61 % 71.46 % —0.16 % 0.05 19570 10867
bulge
Arms winding 89.45% | 88.60% | —0.85% 72.25 % 72.29 % 0.04 % 0.05 22180 5414
tight
Arms winding 7533% | 77.59% | 2.26 % 69.91 % 71.57 % 1.66 % 0.05 304 86
medium
Armswinding | 94.95% | 94.41% | —0.54% | 69.03% | 69.95% | 0.92% 0.05 8411 | 3269
loose
Arms number 1 85.56 % | 83.30% | —2.26 % 60.22 % 61.83 % 1.61 % 0.05 445 188
Arms number 2 90.55% | 89.99% | —0.56 % 76.33 % 76.62 % 0.30 % 0.05 69229 | 22061
Arms number 3 93.54% | 93.47% | —0.07 % 70.14 % 68.55 % —1.58 % 0.05 889 78
Arms number 4 93.84% | 8545% | —8.39% 54.95 % 56.96 % 2.01 % 0.05 82 3
Arms number 97.79% | 97.51% | —0.27 % — — — 0.05 55 4
more than 4
Arms number 86.13% | 86.07% | —0.06 % — — — 0.05 7683 1329
cannot tell
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10 may not be equal to the total number of galaxies:
one galaxy can have features in several classes, and it
is also possible that there are galaxies that do not fit
any criterion.

These tables allow comparing this score for the
model trained with adversarial augmentations (Sec-
tion 3.2) and for the model trained without these
augmentations. Such a comparison should be useful
to understand the degree of influence of image aug-
mentations on the classification quality of the trained
model. Scores are given for two test data sets: 1) for
the data set of 9000 galaxies and 2) for the DECaLS
galaxy data set. As one can see in these Tables, for the
case of the GZ2 test data set, the scores, in general,
are lower on tests for the model, trained with “flux
weakening” and “size reduction” augmentations.
This effect is explained by the similarity of the train
and test data sets because due to the object selection
in the GZ2 project, we are not able to sample a satis-
factory amount of faint and small galaxies to test on.
And thus, our adversarial augmentations shifts the
training data set distribution with respect to the test
data set.

At the same time, we note the improvement in the
classification of the DECaLS galaxies. The scores
overall are much lower than in the case of our GZ2
test data set. It may be explained by the revealing fin-
er structure of morphology with DECaLS: galaxies,
which have some class in the GZ2, may be classified
in another class with the DECaLS. But applying a
model trained with adversarial augmentations leads
to increasing the classification quality (except star or
artifact class).

4. GENERAL RESULTS
AND DISCUSSION

There are many classifiers for sorting galaxies by
morphological type and features, but each has its own
drawbacks. For example, spectroscopy classification
requires different methods to define simultaneously
similar spectra for quiescent/starburst and star-
forming galaxies [94, 95] or emission-line galaxies
[96]. As well, a photometry-based approach gives
an error when trying to classify red spirals and blue
ellipticals [64, 67, 97—100], i.e., galaxies with a high
content of old stars or interacting galaxies which
affect the photometric characteristics of each other
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[101—104]. Analyzing our obtained results and data
products let us discuss several issues related to the
CNN image-based galaxy classification.

4.1. Accuracy. We applied CNN classifier to the
studied low-redshifts SDSS galaxies and seized two
sets of parameters: predictions of beings in one of five
classes and to have one of 34 detailed morphologi-
cal features using the GZ2 labeling. We remind that
the five GZ morphological classes are relevant to cer-
tain galaxy morphological types, e.g., T-types by de
Vaucouleurs. Also, the human bias, which is caused
by the GZ volunteers’ answers in the decision tree,
affects the classification accuracy. It is discussed by
many authors in different aspects (see, if interesting,
“Astronomy Blog. Galaxy Zoo and human bias” 3.
We refer to the paper by Cabrera et al. [105], where
the metric for human labeling measuring in the case
of low-redshift spiral/elliptical galaxies is proposed
in the frame of label’s comparison between experts,
GZ volunteers, and ML models. Hart et al. [106] de-
veloped a reliable method for defining spiral galax-
ies, which eliminates the redshift-dependent bias in
the GZ2 volunteer’s answers. It was taken into ac-
count “by modeling the vote fraction distributions as
a function of redshift, and correcting the higher red-
shift vote distributions to be as similar as possible to
equivalent vote distributions at low redshift.”

We exploited the GZ2 annotated data as by Willett
et al. [71], which can possess a worse bias for, as an
example, the late-type galaxies (spiral) as compared
with the data by Hart et al. [106]. Of course, the ex-
ploiting more and more unbiased data for training
should improve the accuracy of the CNN classifier,
see, for example, Tarsitano et al. [107], where this
debiasing technique is applied for “disk and smooth”
galaxies. Nevertheless, in general, our method is on
par with the most contemporary level of morpho-
logical classification performance, attaining the ac-
curacy of 83.3...99.4 % in depending on the morpho-
logical galaxy feature (Table 2 and Table 3). Such an
overall value of the accuracy is in a good agreement
with the one obtained in work by Walmsley et al. [56],
who used Bayesian CNN to study Galaxy Zoo volun-
teer responses and achieved coverage errors of 11.8 %
within a vote fraction deviation of 0.2.

5 https://www.strudel.org.uk/blog/astro/000758.shtml
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If consider the attained accuracy for certain mor-
phological types of galaxies, we note the work by
Gauthier et al. [108], who applied both supervised and
unsupervised methods to study the Galaxy Zoo data
set of 61 578 pre-classified spiral, elliptical, round,
and disk galaxies. They attained 94 % accuracy for
galaxies to be associated with each of these four classes
and noted the correlation of variation of galaxy im-
ages with brightness and eccentricity. Among other
relevant works, we note one by Barchi et al. [109],
who used DL and traditional ML techniques for bi-
nary distinguishing of elliptical/spiral galaxies and
created a morphological catalog of 670 560 galaxies at
7<0.1, where the input data were taken from the SDSS
DR?7 (Petrosian magnitude in -band < 17.78). They
developed a non-parametric galaxy morphology sys-
tem (CyMorph). The Decision Tree, Support Vector
Machine, and Multilayer Perceptron produced 98 %
of overall accuracy. The CNN method (GoogLeNet
Inception) with the imbalanced data sets and twenty-
two-layer network resulted in 98.7 % overall accuracy
for this binary morphological classification. Mitta et
al. [110] introduced the data augmentation-based
MOrphological Classifier Galaxy using CNN (daM-
COGCNN) and obtained a testing accuracy of 98 %
on the data sets of 4 614 images from the SDSS, Gal-
axy Zoo challenge, and Hubble Image Gallery.

4.2. Train-test split. Transformation of images by
intensity and size. Adversarial validation. We revealed
that adversarial validation is very helpful when the la-
beled data sets are biased in magnitude distribution
for the training data set, and such a difference could
bias the final prediction of the classifier on the in-
ference data. So, we apply the adversarial validation
method to analyze the homogeneity of the two data
sets (inference and training). As a result, the galax-
ies were selected from the training data set that most
closely coincided with the inference data set, and the
images were normalized to be similar.

The principal difference of our approach is the
pre-defined training-test split through adversarial
validation of the classification accuracy on the infer-
ence-like test data set (Fig. 3). The deal with testing
classification quality on different distributions (e.g.,
between training and target datasets) has a few im-
plementations for galaxy morphology classifications
(|86, 111—113]). Below we note several of them.

Gauci et al. ([114]) used decision tree algorithms
trained on gri photometric information (color indi-
ces, shape parameters) to distinguish between spiral
and elliptical galaxies or star/ unknown galactic ob-
jects from SDSS DR7 following the GZ annotated
data. They revealed that the incorrectly classified spi-
ral and elliptical samples are very faint in magnitude.
Our approach with adversarial augmentation and
revealing differences between training and inference
datasets allows us to avoid this problem.

The transfer learning approach to fine-tune the
CNN on a dataset, different from the training one,
has been recently acted by Ghosh et al. [112] in their
CNN classifier for bulge- and disk-dominated galax-
ies of the SDSS and Cosmic Assembly Near-Infrared
Deep Extragalactic Legacy Survey (CANDELS).
The inclusion of this procedure allowed them to
overcome the problem of non-accurate predictions
on the unseen datasets by fine-tuning the network on
the target dataset. Dominguez-Sanchez et al. [115]
created a morphological catalog for ~670 000 SDSS-
galaxies in two options (T-type, related to the Hubble
sequence, and GZ2 types). They obtained the high-
est accuracy (>97 %) when applying the same pa-
rameters to a test data set as those used for the train-
ing data set.

But the labeled data from the target distribution is
an essential condition to conduct the transfer learn-
ing. We handled this limitation simply by imposing
the required transformations into the training data-
set, preventing the need to label the target galaxies.

Linetal. [116] used the Vision Transformer model,
which operates better at classifying smaller-sized and
fainter galaxies (in comparison to the CNN). This
improvement is caused, probably, by the architecture
change from the CNN to the attention-based mod-
el — because transformers usually work better with
a training dataset increasing, and, at the same time,
these challenging types of galaxies were dominated in
their training dataset. The results related to the faint-
er have a special interest when compiling the samples
of low surface brightness galaxies [117—120]. Lin et
al. applied thresholds on a series of voting GZ2 ques-
tions [71] but considered eight classes: round ellip-
tical, in-between elliptical, cigar-shaped elliptical,
edge-on, barred spiral, unbarred spiral, irregular, and
merger on the data set of 155 951 images of galax-
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0.96 completely round
0.99

round in-between
0.99

cigar-shaped
0.99

edge-on
0.99

Figure 5. A set of the inference galaxies (3—7 columns) with their two nearest neighbours from the GZ2 training data set (1—2
columns). Each row represents the morphological class, which is intrinsic to the galaxy from the training data set. A value of the
probability of being this galaxy in a given class is pointed in the left upper corner of each image

ies [116]. These authors attained the accuracy (with
equal class weights) from 68.7 % to 90.7 % in depen-
dence on the class, excepting irregular (41.3 %) and
mergers (53.1 %). Dieleman et al. used similar to our
data augmentation when provided the GZ decision
tree model to predict probabilities for each of 34 an-
swers of the GZ volunteers for the evaluation set of
79 975 SDSS galaxy images [82]. They selected the
subset of images for which at least 50 % of volunteers
answered the question. Exploiting translational and
rotational invariation of galaxy images via data aug-
mentation and keeping the center of the galaxy as the
most informative part, they also used random rescal-
ing, flipping, and brightness adjustment. For images
with high agreement among the GZ participants,
their model provides an accuracy of more than 99 %
for most questions.

The aforementioned results show the success of a
standard data augmentation technique, while sophis-
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ticated augmentations — to adapt the training set to
the inference one — are also effective, as we demon-
strate in this paper.

4.3. CNN classification by five morphological class-
es of galaxies. Assuming that a galaxy is in a certain
class if the probability is the highest one, we have
found (Paper II) that the inference data set compris-
es 27 378 completely round (with the probability of
83%), 59 194 round in-between (93 %), 18 862 cigar-
shaped (75 %), 7 831 edge-on (93 %), and 23 119
spiral (96 %) galaxies (see, examples, in Fig. 5, simi-
larity search). The Catalog of 315 776 SDSS DR9
galaxies at z < 0.1 with image-based morphological
classification by five classes is available through the
UkrVO website ® and VizieR [70] to be supplemented
with Paper 11 [55]. It contains the CNN morphologi-

6 http://ukr-vo.org/starcats/galaxies/gal_ SDSSDR9 z
to_ 0.1 _morph_5 classes.csv
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cal classification of 72738 galaxies from the training
GZ2 data set, 143410 galaxies from the inference
data set (the faintest galaxies of the studied sample),
99528 galaxies from the GZ2 sample that did not pass
the selection according to the criteria of the most
votes of GZ2 volunteers and for which their morpho-
logical class was reassigned by the CNN classifier.

In this way, we have shown for the first time that
implication of the CNN model with adversarial vali-
dation and size-changing function simulating a de-
crease in magnitude and size (data augmentation)
significantly improves the classification of smaller
and fainter SDSS galaxies with m.< 17.7 in r-band
(Fig. 4, a). One can see in Fig. 1, a that the fainter
end of distribution of the target data set by magni-
tude is occupied by galaxies from the inference data
set only. As well, we demonstrated another way to
improve the human bias for those galaxy images
that had a poor vote classification in the GZ project.
Such an approach, like autoimmunization, when the
CNN classifier trained on very good images is able to
retrain bad images from the same homogeneous sam-
ple, can be considered co-planar to other methods
on improving human bias, e.g., the method proposed
by Hart et al. [106].

It is relevant to compare our results with work by
Zhu et al. [121], in which the ResNet model was
exploited to classify galaxies into five classes anno-
tated by GZ2 and CNN classifier was compared with
Dieleman et al. [82], AlexNet, VGG, and Inception
networks. The samples were pre-selected in a specific
morphology category with their appropriate thresh-
olds [71] in dependence on the number of volunteers’
votes. These authors attained overall classification
accuracy of 95.21 % and the accuracy of each class
type of 96.68 % for completely round, 94.42 % for
round in-between, 58.62 % for cigar-shaped, 94.36 %
for edge-on, and 97.70 % for spiral. We had a compa-
rable classification performance with a worse output
for completely round and a better output for cigar-
shaped classes. Gupta et al. [86] provided a classifi-
cation of GZ2 galaxy images on five morphological
classes as in our work. They trained Neural ordinary
differential equations with Adaptive Checkpoint Ad-
joint and compared them against the ResNet CNN
model: an accuracy of 91...95 % depending on the
image class is in agreement with our results.
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Figure 6. Distribution of galaxies classified by CNN as belong-
ing to the round in-between morphological class in the sky

Yet one point of the discussion is related to the dis-
tribution of galaxies in the sky and by redshift. For
example, Dhar and Shamir [122] demonstrated that
the training of a deep CNN is sensitive to the context
of the training data, such as the location of the objects
in the sky. They found statistically significant bias in
the form of cosmological-scale anisotropy in the dis-
tribution of elliptical and spiral galaxies, which affect
the deep CNN model. They experimented with Pan-
STARRS and SDSS data and noted that such unbal-
ancing is linked to the training and test samples of
galaxies, which were imaged in different parts of the
sky. We analyzed the distribution of galaxies in our
catalogs and have not found that galaxies of a certain
morphological class (or morphological feature) have
a preferential distribution in their location in the sky
(see as an example, Fig. 6 for the most numerous
round-in between class and Fig. 2, a for the training
and inference data sets. There are no differences be-
tween classes in distribution by redshift (Fig. 7).

To compare photometry-based and image-based
approaches to the same data set of low-redshift gal-
axies, we collected the classification output of four
methods in Table 4. There are results of classifica-
tions by the CNN model into five morphological
classes [55]; photometry multi-parametric diagram
(MPD) into elliptical, spiral, and irregular galaxies
[58, 60]; machine learning with Random Forest (RF)
and Support Vector Machine (SVM) into early and
late morphological types [54]. We inserted the num-
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Figure 7. Distribution of galaxies classified by CNN into five
morphological classes by redshift

ber of only those galaxies that have the maximum
probability of belonging to one or another morpho-
logical class [70]. One can see that three photome-
try-based methods have comparable overall accuracy
with an intrinsic error of less than 0.3 % between
RF and SVM [54] as well as less than 4 % between
MPD (here, late type is Sp+1Irr) and machine learn-
ing methods. The latter error is explained mostly by
the effect of blue elliptical and red spiral galaxies
[58]. There is a general agreement between the early
type of galaxies classified by photometry methods
and “round-in-between + completely round” types
of galaxies as well as between late-type galaxies and
“spiral + round in-between”.

We matched the galaxies of late morphological
types classified by Support Vector Machine (SVM)

and Random Forest (RF) [69] and the galaxies clas-
sified in this work by CNN as edge-on and spiral as
the most relevant morphological types. Namely, we
selected ~50 000 galaxies with a CNN probability of
being spiral from 0.77 to 0.99 (Table 2 and Table 3).
Their labeling obtained by SVM and RF methods says
that 10.5 %, and 8.8 % among them, respectively, are
of early morphological type (elliptical). We inspected
these misclassified galaxies and found that they are
mostly large nearest spiral galaxies with a massive red
center region.

We also selected ~12 000 edge-on galaxies with the
same CNN probability: also having a redder color and
larger redshifts. The comparison in Table 4 shows sig-
nificant segregation of galaxies classified by five GZ2
morphological classes between the adopted morpho-
logical types. This complicates the work of the CNN
classifier to reveal the real morphology of galaxies.
The statistical comparison of these results with the
results of the CNN detailed morphology of the same
five classes (Table 2) is impossible because a feature-
classified galaxy can have multiple features, while a
class-classified galaxy belongs to only one class.

In our opinion, it is more efficient to use the exist-
ing catalogs of galaxies (for example, elliptical, spiral,
irregular, flat, gravitational lenses, mergers, etc.) as
training ones to determine the morphological types
of galaxies. Binning these catalogs by redshift, we can
sequentially create new morphological catalogs at

Table 4. Comparison of classifications of the studied SDSS DRY galaxies by the CNN model into five morphological
classes [54] and by three photometry-based methods: multi-parametric diagram (MPD) into elliptical, spiral,

and irregular galaxies [58, 60]; machine learning with Random Forest (RF) and Support Vector machine (SVM) into
early and late morphological types [55, 70]. The number of only those galaxies, N gal, that have the best threshold
probability of belonging to one or another morphological class is pointed out

Image-based, CNN, classes
Photometry- N oal T

based &a ype Completely Round Ci haped Ed Spiral
round in between lgar-shape ge-on pira
MPD, 138947 E 35389 65839 14360 12067 11292
N = 308466 110454 Sp 13645 41047 12803 6065 36894
59065 Irr 7627 20658 4224 2108 24448
RF, 131663 Early 36424 66043 12268 8549 8379
N =1308466 176803 Late 20237 61501 19119 11691 64255
SVM, 131099 Early 36135 65646 12477 8790 8051
N =1308466 177367 Late 20526 61898 18910 11450 64583
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Figure 8. The examples of galaxies with some morphological features (bar, ring, irregular, merger, dust lane, arms winding tight,
arms number 2, and star or artifact) from the inference SDSS data set with their two nearest neighbors from the GZ2 training

data set

higher redshifts and, after a thorough check, to use
new catalogs as training, etc. The emergence of new
data on galaxy images for more in-depth samples by
future observatories will provide such an algorithm
by the data for CNN models. Meanwhile, it is useful
to use both photometry- and image-based methods.
Our approach to transferring the annotated classifi-
cation of galaxies to fainter and smaller galaxies using
adversarial validation with train-test splitting and im-
age sizing is in favor of the correct applicability of the
CNN classifier and the efficiency of the algorithm.
4.4. CNN classification by the detailed galaxy mor-
phological features. The quality of inference morpho-
logical features from the test data sets of galaxies is
summarized in Table 2 and Table 3. Our CNN mod-
el for the classification of galaxies by their detailed
structural morphology gives accuracy in the range of
83.3...99.4 % depending on 32 features (exception is
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for “disturbed” (68.55 %) and “arms winding medi-
um” (77.39 %), the number of galaxies with the given
feature in the inference data set, the galaxy image
quality (Table 2 and Table 3). To reach it, we calcu-
lated the number of galaxies that passed the selected
threshold for the acceptance of detailed morphologi-
cal features. The examples of classification on infer-
ence galaxy data set are given in Fig. 8. As a result, for
the first time, we assigned the detailed morphological
classification for more than 140 000 low-redshift gal-
axies with m, < 17.7 from the SDSS DR9, which has
the highest adversarial score by the CNN classifier.
Using the adversarial validation technique, we
managed the optimal train-test split of galaxies from
the training data set to verify our CNN model based
onthe DenseNet-201 realistically. We have also found
optimal galaxy image transformations, which help
to increase the classifier’s generalization ability as it
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Dust_lane

-

85 % 80 % 70 % 61 % 55 %
Ra 233.6886 Ra 228.7714 Ra 226.2117 Ra 160.1819 Ra 215.0795
DEC 5.8294 DEC 42.2094 DEC 42.7345 DEC 39.7964 DEC 48.6472
20.05309332 20.008326376 20.02821386 z0.04284802 20.07376836
50 % 40 % 30 % 20 % 10 %
Ra 149.0402 Ra 131.7955 Ra 154.5210 Ra 118.1880 Ra 140.0552
DEC 16.4845 DEC 20.1336 DEC 60.3467 DEC 34.5495 DEC 8.7928
20.0680497 20.06278295 20.02704565 20.07106556 2 0.0282857

Figure 9: Examples of galaxies labeled as “dust lane”. In the caption below each image: CNN probability to have this feature,

RA and DEC, redshift

was tested with a specifically created test data set. We
can compare our results with the work by Dieleman
et al. [82]. Namely, a level of agreement and model
confidence presented in Fig. 9 of their paper dem-
onstrates that classification overall accuracy for the
analyzed examples is in the range of 82.52...96.04 %
in dependence on the galaxy feature (the exception
is for “no of arms”, “arm tightness”, “odd”, and
“bulge”, where accuracy is less than 80 %). Exploit-
ing similar augmentation procedures for the SDSS
galaxy images, our approach was slightly different: in
the choice of image data as the PNG files restricted
for three gri bands as well as performing a multi-label
task for detailed morphological classification, when
the galaxy can be attributed with several features (for,
example, labeling as “spiral”, the galaxy can be also
with “bar”, “bulge” or “ring” and be characterized
by a certain number of “arms”).

Good train-test sampling mobility for the CNN
classifier resulted in the catalogs of low-redshift gal-
axies with morphological features, which are supple-
ments to this paper. The highest score (97...99 %) was
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attained for such features as a ring, irregular shape,
bulge, star or artifact, edge-on, and dust lane.

So, we can underline that the train/test split has
very important consequences because with its use,
the CNN’s applicability to the future LSST, WFIRST,
and Euclid big data surveys will not depend on the
need for a large training set of real data.

In general, this allows us to make a quick selection
of galaxies with certain features for their subsequent
analysis (see Table 2 and Table 3). Using the SDSS
Navigate, we performed a preliminary visual inspec-
tion of samples of galaxies with such features as “dust
lane, irregular, edge-on yes, ring, bar, merger, star or
artifact” in order to reveal CNN efficiency to classify
images from an astronomical point of view.

All the inspected galaxies labeled as “dust lane”,
“irregular”, and “edge-on yes” demonstrate the
perfect annotation. All these galaxies possess these
features even having a lower probability by the CNN
classifier (see examples in Fig. 9—11: “dust lane” in
all range of probabilities, “irregular” till 30 %, “edge-
on yes” till 60 %.
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Irregular

70 % 66 % 61 % 55 % 50 %
Ra 229.6300 Ra 206.3590 Ra 226.1306 Ra 309.2261 Ra 159.4768
DEC 4.6773 DEC 7.6097 DEC47.9716 DEC —6.4121 DEC 19.4685
20.03570288 20.01540814 20.03681444 20.02072448 20.02693182
45 % 40 % 35% 31% 30 %
Ra 144.2494 Ra 173.5102 Ra 167.7218 Ra 178.2262 Ra 160.0173
DEC4.5199 DEC 49.7371 DEC 25.6641 DEC —0.2356 DEC 12.3565
20.022976 20.009640814 2 0.040606 20.02638165 20.02648529

Figure 10: Examples of galaxies labeled as “irregular”. In the caption below each image: CNN probability to have this
feature, RA and DEC, redshift

Edgeon_yes

98 % 95 % 90 % 85 % 80 %
Ra 121.5729 Ra 128.8982 Ra 214.0563 Ra 202.2676 Ra 152.2694
DEC9.0014 DEC 54.5446 DEC 26.6209 DEC 12.2377 DEC 13.1109
20.04724373 20.03123671 2 0.03540097 20.02419279 20.0517478

75 % 70 % 65 % 61 % 60 %
Ra 125.4451 Ra 238.7671 Ra 175.3116 Ra 204.5564 Ra 172.8965
DEC 29.8508 DEC 28.5759 DEC42.5118 DEC 6.4655 DEC 59.0609
20.04935625 20.07938786 20.09768353 20.02382745 20.01735549

Figure 11. Examples of galaxies labeled as “edge-on yes”. In the caption below each image: CNN probability to have
this feature, RA and DEC, redshift
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4.5. Notes on problem points of CNN image-based
galaxy classification by their features. The evolution-
ary galaxy properties can affect ML methods’ accu-
racy based on galaxies’ photometry/image features.
Among these misclassified types are the bluer HI-
rich galaxies of early type and the redder HI-poor
spiral galaxies; edge-on and galaxies seen face-on,
especially with a pronounced bulge; the bulge-less
(ultra-flat) galaxies with inclination 87°...90° for seen
edge-on and 10°...0° for seen face-on. The face-on
bulge-less galaxies can be considered counterparts to
the edge-on disk galaxies giving additional informa-
tion on their physical parameters, including photom-
etry [54, 123]. So, their correct classification is very
useful when compiling catalogs with a bulge to super-
thin galaxies [124, 125] or studying the influence of
the environment on the morphology and quench-
ing of galaxies in dense environments (for example,
[126] for the Hydra cluster). In such cases, where
the surface brightness profile, color, and concentra-
tion indexes are needed, the ML algorithms trained
over SDSS photometric parameters are less biased
than when trained using GZ visual morphology (see,
amongst others [54, 82, 115, 120, 127]).

At the same time, the results of applying the deep
CNN to the images of our studied set [65, 66] with
the aim of binary morphological classification (late
and early types) have shown limitations. Namely,
DL methods can classify rounded galaxy images as
ellipticals. Still, it cannot catch the SED properties
of galaxies more clearly than the Support Vector Ma-
chine trained on the photometric features of galax-
ies. To avoid several of these misclassifications, Lin-
gard et al. [128] developed a novel method, Galaxy
Zoo Builder, working well with face-on galaxy image
modeling based on the four-component photometric
decomposition of spiral galaxies. Earlier, Schawinski
et al. [129] exploited the SDSS, GALEX, and GZ
data to substantiate the transformation from disk to
elliptical morphology of low-redshift galaxies.

Our visual inspection revealed a few more typical
nuances about misclassified galaxy images.

As related to the galaxies with the “ring” feature,
we note that such galaxies were correctly labeled in
all the range of probabilities. But there are misclas-
sified images, mostly at the higher redshifts, which
are a) the disk galaxies with a bright bulge, b) galaxies
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with complicated contrast gradient of brightness (see
Fig. 12, two last images) as well as c) elliptical galax-
ies with a bright core, in which the brightness is not
distributed smoothly towards the periphery, d) merg-
ing galaxies with a bright core and outer component
distinctly differed in brightness, as a result, the neural
network considers the outer component to be a ring.

The creation of the representative catalog of gal-
axies with ring(s) could be very useful ([130, 131]).
For example, Smirnov and Reshetnikov [131] col-
lected the samples of polar- and collision- ring galax-
ies from all the published data in several deep fields.
Doing this painstaking preliminary search, they
constructed the luminosity function for the ringed
galaxies and confirmed the increase in their volume
density with redshift: up to z ~1 their density grows as
(1+2z)™ where m>5. As related to the problem point
of elliptical galaxies with the bright core, we link to
the paper by Tarsitano et al. [107], who developed a
promising CNN approach based on the training of
elliptical isophotes in the light distribution.

The galaxy images labeled with “bar” have typical
misclassifications. It has been happening when a) a
central part of spiral arms of the edge-on galaxy is
classified as a bar, b) the nuclei of merging galaxies
are visually located near one another, then the CNN
matches this as a bar. The samples of misclassified
images with the “bar” feature are in Fig. 13. Bham-
bra et al. [85] proposed the explainable artificial in-
telligence (XAI) techniques to measure galactic bar
lengths and bulge-to-disk ratio. They used the Hoyle
bar length catalog [132] vs. GZ annotated data and
demonstrated that XAI works more successfully in
predictions of a bar feature. Also, taking into account
the class of “smooth” galaxies (no bar, spiral arms, or
other structure presents), these authors demonstrate
the difficulties in reconciling differences between the
ML model predictions and the GZ consensus. We
agree with their conclusion that the citizen science
method of classifying galaxies is less easily explained
than ML methods.

We will not analyze the galaxy samples related to
the “spiral arms number” features. This task is per-
fectly studied by Hart et al. [106]. Their method
allowed them to overcome where the rarer many-
armed samples were incomplete, and the two-armed
category suffered from sample contamination. They
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Ring

95 % 80 % 70 % 60 % 50 %
Ra 215.0675 Ra 208.9969 Ra 247.0227 Ra 177.8443 Ra 217.1302
DEC 30.2846 DEC 20.1161 DEC 24.8416 DEC0.1173 DEC 17.2496
20.06747353 20.07229991 z0.09129305 20.04731261 z0.05374094

40 % 30 % 20 % 35% 32%
Ra 204.6297 Ra 125.7213 Ra 227.1427 Ra 185.7920 Ra 176.4398
DEC 33.0376 DEC 20.7839 DEC —1.3651 DEC 32.1501 DEC 10.8245
20.06142892 z0.09213011 20.09046185 20.06177998 z0.01001283

Figure 12: Examples of galaxies labeled as a “ring”. In the caption below each image: CNN probability to have this
feature, RA and DEC, redshift

Not merger
70 % 32% 22 % 15 % 10 %
Ra 120.7886 Ra 173.0118 Ra 191.6357 Ra 134.6054 Ra 200.5829
DEC 51.6910 DEC 32.8629 DEC 20.6292 DEC 63.2764 DEC 21.7912
z0.08243728 z0.03980059 20.07356232 20.08995695 z20.0311677
Not bar
-
-
88 % 80 % 78 % 76 % 25 %
Ra 184.7850 Ra 168.4640 Ra 226.0435 Ra 238.6139 Ra 185.0591
DEC 27.7623 DEC 25.8255 DEC 24.3146 DEC 13.4258 DEC 50.6482
2 0.026442325 z0.0486986 2 0.05312403 z0.03402152 z0.04706747

Figure 13: Examples of misclassified images of galaxies: with “merger” and “bar” features. In the caption below each
image: CNN probability to have this feature, RA and DEC, redshift
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created a sample of about 18000 SDSS DR7 galaxies
at 0.03 <z<0.08 with M < -21, which was sorted by
arm multiplicity and further studied for star-forming
activity.

All the galaxy images with the “star or artifacts”
have these features. All of them contain galaxies that
are classified. Bright stars and/or artifacts that ob-
scure the image of a galaxy lead to misclassification
of galaxies in most cases.

The sample of “merger” galaxies also has false im-
ages, when a) galaxies are the optical pair, b) the star
falls into the image background near a spiral galaxy,
then the CNN considers the star as an elliptical gal-
axy and keeps it as merging, c) spiral galaxies without
interaction, but their arms are untwisted (see, ex-
amples, in Fig. 13). It is interesting to compare our
results on merging galaxies with work by Reza [133],
who also used the SDSS data and obtained that Ex-
tralrees classifier outperforms Neural Network for
this distinct type of objects. It was noted that merg-
ers are easily confused with both ellipticals and spi-
rals when image-based classification is conducted.
Our results are useful when compiling the catalogs of
merging galaxies [104, 134—137].

As one can see, the CNN confident model pre-
dictions are highly accurate and allow us to filter big
data collections of galaxy images with various mor-
phological features. We expertized our obtained data
and described several challenging images. When we
develop the classification model, the aim is not only
the state-of-the-art accuracy values but also defining
problem points of the CNN model in working with
galaxy images and training it to classify large surveys
of galaxies no worse than an expert for small samples.

5. CONCLUSIONS

The image-based CNN classifier was exploited by us
to create a morphological catalog of 315776 SDSS
DR9 low-redshift galaxies (z < 0.1) following our pre-
vious works ([54, 55, 69]). This target data set of the
SDSS galaxies is tightly overlapped with the annotat-
ed data from GZ2 [71]. For this reason, we divided it
into two data sets: “inference”, which does not match
the GZ2 galaxies, and “training”, which matches the
GZ2 galaxies. In the presence of a pronounced dif-
ference of visual parameters between galaxies from
the GZ2 training data set and galaxies without known
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morphological parameters, we applied novel proce-
dures, which allowed us to get rid of this difference,
especially for smaller and fainter SDSS galaxies with
m, < 17.7 from the inference data set. We describe in
this paper how we applied the adversarial validation
technique and managed the optimal train-test split of
galaxies from the training data set to verify our CNN
model based on the DenseNet-201 realistically. We
have also found optimal galaxy image transforma-
tions, which help increase the classifier’s generaliza-
tion ability in similarity search, as is provided with a
specifically created test data set.

We demonstrate for the first time that implication
of the CNN model with the train-test split of data sets
and size-changing function simulating a decrease in
magnitude and size (data augmentation) significant-
ly improves the classification of smaller and fainter
SDSS galaxies. It can be considered as another way
to improve the human bias for those galaxy images
that had a poor vote classification in the GZ project.
Such an approach, like autoimmunization, when the
CNN classifier trained on very good images is able
to retrain bad images from the same homogeneous
sample, can be considered co-planar to other meth-
ods of combating such a human bias.

The most interesting data products with this ap-
proach were obtained for galaxy classification by 34
detailed morphology features. The accuracy of the
CNN classifier is in the range of 83.3...99.4 % de-
pending on 32 features (exception is for “disturbed”
(68.55 %) and “arms winding medium” (77.39 %)
features), the number of galaxies with the given fea-
ture in the inference data set, and the galaxy image
quality (Table 2 and Table 3). To reach it, we cal-
culated the number of galaxies that passed the best
threshold for the acceptance of detailed morphologi-
cal features. As a result, for the first time, we assigned
the detailed morphological classification for more
than 140000 low-redshift galaxies with m, < 17.7
from the SDSS DRY (inference data set), which has
the highest adversarial score by the CNN classifier.
The morphological catalogs of low-redshift SDSS
galaxies with the most interesting features are avail-
able through the UkrVO website http://ukr-vo.org/
starcats/galaxies/ and will be supplemented to this
paper through VizieR, as well as the catalog of galax-
ies with top five detailed morphological features (to
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wit, with a maximal prediction probability to possess
such a feature).

A visual inspection of the samples of galaxies with
certain morphological features allowed us to reveal
typical problem points of galaxy image classification
by shape and features from the astronomical point
of view. We analyzed them in the discussion section,
where we also compare machine learning photom-
etry- and image- based approaches testifying that the
best results are being performed with all of the galaxy
data types (photometry, image, spectroscopy). We
believe our results and notes on problem points will
be useful to strengthen the CNN applicability and
help in the morphological classification of galaxies
within the current and forthcoming deep sky surveys
at the petabyte scale.
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U HAT acTpoHowmii, XapkiBchbKuil HallioHanbHUit yHiBepcuTeT im. B. H. Kapasina
ByJ1. Cymcbka 35, XapkiB, Ykpaina, 61022

2 TonnoBHa acTpoHOMiuHa o6cepBatopist HAH Vkpainu

ByJI. AKkanemika 3abosotHoro 27, Kui, Ykpaina, 03143

MAIIMHHE HABYAHHSA AJI9 MOP®OJIOTTYHOI KITACUDIKALII TATAKTHUK 13 OLJIAA4Y SDSS.
1. IETAIbHI XAPAKTEPUCTUKU 3A OBPOBKOIO 30B5PAXKEHD Y 3rOPTKOBIM HEMPOHHIN MEPEXI

CTarTs € NMPOMOBXKEHHSIM HAlIMX POOIT i3 3aCTOCYBaHHS Pi3HUX METOMiB MalIMHHOTO HaBYaHHS A0 MOP(OJIOTiYHOI KIacu-
(dikanii ranaktuk (Vavilova et al., 2021, 2022). Mu nocnimxysaiu BuGipky ~315 800 SDSS DRY ranakTuk i3 aGcontoTHUMKU
30psiHUMU BemurHamu —24" < M, < —19.4" na yepBonux smimenHax 0.003 < z < 0.1 gk uinboBy BuOipKy nanux s CNN
kinacudikaropa. OcKiIbKM LiTbOBa BUOipKa TicHO nepeTuHa€eThes i3 Galaxy Zoo 2 (GZ2), MU BUKOPUCTOBYEMO 11i aHOTOBaHi
JlaHi SIK HaBYaJIbHY BUOIpKY MUIsl Kiacudikallii raTakTvK 3a 34 netaibHUMU MOPGhOJIOTIYHMMU XapaKTepUCTUKaMu. 3a HasIB-
HOCTIi BUpakeHOI Pi3HULIi y SICKpPaBOCTI i po3Mipax MiX raJJakTHKaMi 3 HaBYaJIbHOI BUOIpKH i rajjakTMKamMu 0e3 BiTOMUX MOP-
(ostoriyHMX MapamMeTpiB MU 3aCTOCYBaJIM HOBI METOIMKM, SIKi TO3BOJMJIM HaM BIepiiie MO30yTUCS 1€l Pi3HULL 1T MEHILIUX
i ciabkinmx ranaktuk SDSS i3 m, < 17.7.Y cTaTTi IeTaibHO OMMCAHO 1i METOM 3MarajibHOI IIEPEBIPKU, a TAKOXK MPOLEAYPH
ONTUMAJIEHOTO PO3MOIiTy TAIAKTHK i3 TpeHyBasibHOI BUOipku 11t epeBipku CNN-Momeni Ha ocHOBi DenseNet-201. Mu
TaKOX 3HAWIIUIM ONTUMAJIbHI TpaHchopMallii 300paXkeHb raJlakTHUK (3MiHa ICKpaBOCTi, TOBOPOTH, IMiATOHKA PO3MipiB TOIIIO),
sIKi JoromMararoTh mokpamuTu epexktuBHicTh CNN-KitacudikaTopa y Molryky moaioHOCTi 300paXkeHb.

Lle MoxHa po3rsiaaTH sK 111e OJMH CIOCIO MOKpaIlUTA TOYHICTh MOPGOJIOTiUHOI IeTani3alii 300paxeHb rajlakTuK, JUIst
SIKMX BOHA OyJ1a CTAaTUCTUYHO HU3bKOIO B IpoekTi GZ. Takuii miaxin, momidoHo g0 ayroimyHizailii, ko CNN-ki1acudikatop,
HaBYEHUIA Ha J1y>Ke XOPOIIMX 300paKeHHSIX, 30aTHUI MepeHaBUYUTH MOraHi 300pakeHHs 3 Tiel caMOi OHOPIAHOI BUOIpKH,
MO>Ha BBaXkaTy aHAJIOTIYHMM iHIITMM MeToaM MoKpalleHHs Oatieca. Haiibinbiin 6araToo0isgounii pe3yasraT o0 HMoBip-
HicTi CNN-TIporHO3YBaHHSI OTPUMAHO TSI TAKUX MOP(OJIOTIYHUX XapaKTepUCTUK TaTaKTUK SIK KiJblisl, 6ap, 0anmkK, O3HaKK1
B3aEMO/I1, ippery/IsipHOCTI TOIIIO, — TOYHICTb CTAHOBUTH Bifl 83.3 10 99.4 % 3a BUHSTKOM XapaKTePUCTUK «ITOPYIIEHA CTPYK-
Typa» (68.55 %) i «cepemHst 3aKpyTKa CIipaJbHUX pyKaBiB» (77.39 %).

'V pesyabrarti MM BIieplile BUSHAUWIN JeTaibHy MopdoJioriyHy kiacudikauito mist oinbia Hix 140 000 ranaktuk Ha 2 < 0.1, ne-
peBaXkHa OUTBLIICTD SIKUX Ma€ HU3bKY SICKpaBicTh. BidyajibHa nepeBipKa BUOIPOK raakTUK 3 IEBHUMU MOP(MOIOTIYHUMU O3HA-
KaMU J03BOJIMJIA BUSIBUTY TUTIOBI TIpo6sieMHi Touku CNN-kiacudikallii 300paxkeHb raJakTHK 3 aCTPOHOMIYHOI TOUKH 30DY.

Mopdomoriuni kaTanoru ragaktTuk SDSS i3 HaiinikaBimmMu MOphOIOTiYHUMU OCOOJIMBOCTSIMU JTOCTYITHI Ha BeO-caiTi
VYkpBO (http://ukr-vo.org/galaxies/) Ta VizieR.

Karouoei caoea: ranaxktuku, MmopdosoriyHa kKiaacudikallisi, METOIM: aHaJli3 JaHuX, 3ropTKoBa HeiipoHHa mepexa (CNN), 00-
pobKa 300pakeHb.
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ITlokpumms 3ip marumu naanemamu CoHAYHOI cucmemu: CMaH CHOCMePeNCHUX npoepam 6 Yxpaini

IIOKPUTTA 31P MATUMU IIJIAHETAMU COHAYHOI CUCTEMU:
CTAH CIIOCTEPEXXHUX ITPOT'PAM B YKPAIHI

Haeedeno onuc 3a80anv, aKi ModicHa supiutysamu 3a 00NOM0200 CHOCmepedceHb NoOKpummie 3ipok marumu miramu CoHauHoI cuc-
memu. Jlna cnocmepedicenns noxkpummie 3ipox 6 1oa06niil acmponomiuniii oocepeamopii Hayionanvhoi axademii nayx Ykpainu
(ITAO HAH Ykpainu) cnineno 3 Acmponomiunoro obcepeamopieto Kuiscvkoeo nayionanvroco ynigepcumemy imeni Tapaca Illes-
YeHKa cMmeopeHuil NPoePamMHO-anapamuuil KoMnaexc oas pobomu Ha 0082oghoKycHux meseckonax. Komnaekc euxopucmogye au-
coxouymaugy [133-kxamepy Apogee Alta U47 6 pexcumi cunxpornnoeo neperocy 3apady. [lo ckaady Komniekcy xo0ums makodic
pedykmop gokyca 3 baokom ceimaogpinompis. Komnaekc modce suxopucmosysamucs na meneckonax A3T-2 I'AO HAH Ykpainu i
A3T- 14 cnocmepecroi cmanuii Jlichuku. Bueomosaenuii maxosc modinbHull KoMnaeKc Ha 0cHO8i meaeckona cucmemu Hovromona
(D = 203 mm, F = 1200 mm) i komn’ tomepuzosarnoeo moumyesanns Sky-Watcher EQ-5 3 cucmemoro GOTO 0as opeanizayii euiznux
cnocmepediceHs.

Llinnicms cnocmepedsiceHv noKpummie icmomHo 30i16UYEMbCS NPU BUKOPUCIMAHHI 0eKIAbKOoX nyHKmie cnocmepediceHs. /s
1b020 PO3NOHAMO CMBOPEHHS epynu cnocmepieauie nokpummise 6 Yxpaiui. Mo ii ckaady eéxodsme cnocmepieaui Acmponomiunoi
obcepeamopii Odecbkoeo HayionarvHoeo yHigepcumemy im. 1. 1. Meunukoea, aki eukopucmogyroms meaeckon Piui — Kpemvena
OMT-800(D=800mm, F=2134mm) 3 [133-kameporo QHY 174M G PS cmanuii Masiku i meneckon cucmemu lllmioma (D=271.25mm,
F =440 mm) 3 kameporo «BIJIEOCKAH-415-2001» cmanuii Kpuxcanisexa. /o epynu 6xo05ms maKoic KilbKa amamopcvkux oocep-
eamopiii. Ceped nux cmanyii 6 cmm. [lempiexa Odecvkoi 004., Jloziecvka wkinbha acmponomiuna oocepsamopis 6 Tepnoninbcwkiil
002., Ilpusamna acmponomiuna obcepeamopis L33 m. Ananvie Odecvkoi 06a. ma [lpusamua oocepeamopis L58 « Hebecna Cosa»
6 cum. Beauxodoauncoke Odecvkoi 061. Hasedeno onuc anapamypu, ska UKOpUCMOBYEMbCS 8 YUX NYHKMAX CHOCMeEPedicelb, ma

Kinbka npukaadie pe3yabmamugHux CHOCMepedceHb NOKPUMmie 0anoro epynoio.

Karouosi caosa: nokpumms 3ip, anapamypa 04s cnocmepeiceis NOKpummis.

BCTYII

JI11s1 pOo3yMiHHSI TTOXOMKEHHS Ta eBoowii COHSIYHOI
CUCTEeMM HEOOXimHO 3HATH TOYHI MapaMeTpu BCiX
TiJI Ta iXHill po3nonin 3a po3mipamu. CriocTepexxeH-
HSI TIOKPUTTIB 3ip acTepoilaMu € He3aJIeXKHUM TTpsI-
MMM METOAOM OTpMMaHHS iHdopmalii mpo popmy
Ta po3Mipu actepoiniB [12]. Taki criocrepexXeHHsT B
NaHi# cMy3i MOKPUTTS 30pi JaHUM 00’ €KTOM Hal0Th
3MOI'y BCTAHOBUTU 3 BUCOKOIO TOUHICTIO €JIeMEHTH
opbitn manoi rutanety [11]. IHomi 3a momomororo
LILOTO K METOJY MOXHa BUSIBUTU KPaTHiCTb acTe-
poiniB Ta Kijielb HaBkoJio actepoiniB [3]. TomoBHa
rnepeBara MeToly MTOKPUTTIB MOJISITAE B TOMY, 1110 BiH
JIa€ 3MOTY Ha3eMHUMU METOJaMU 3 BUKOPUCTAHHSIM
HEeBEJUKHUX i aMaTOPChKUX TEJECKOITiB OTPUMAaTH 3
BUCOKOIO KYTOBOIO PO3IiIbHOIO 3MaTHICTIO iH(OP-
Malliro Ipo po3mipu 00’exTiB COHSIUHOI CUCTEMU Ta
mapaMeTpu 3ip, sIKi MoKpuBaroThes. [ 3ip, sKi mo-
KPHMBAlOThCSI, MOXKHA BCTAHOBUTHU KpPaTHICTh ab0 3a
YMOBU peecTpalii AudpakiuiiiHOT KapTUHA BU3HAa-
YUTHU iX KyToBUi1 po3Mip [10]. Apyruii Knac 00’ eKTiB,
SIKi TIOKpMBAIOTh 30pi, — Iie KomeTu. 1 KoMmerT,
KpiM CTaHIAPTHUX 3a1a4y BU3HAYeHHS (POpMHU i po3-
MipiB si7Ipa, € TAKOX 3a7a4a JOCTIiIKeHHST PO3MOILTy
PEUYOBMHU Y BHYTpillIHill KoMi KomeTu. [1pu 11soMy
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MOKHa OTPpUMAaTHU iH(OpMallilo PO CTPYKTYPHIi 0CO-
OJIMBOCTiI y HaBKOJIOSIIEPHil 00sacTi (JkeTu, 000-
JIOHKM, OIaxaja), Mpo aKTUBHI AUISTHKY Ha MTOBEpX-
Hi sipa KOMETU Ta BU3HAYEHHSI aIbOEI0 MUJIOBUX
YaCTUHOK Y KOMETHili Komi [7, 9]. J1J1st BCbOro KomIi-
JIeKCcy moaioHux 3agady B [0JIOBHIM acTpOHOMIiUHIMi
obOcepBaropii HamionanbpHOI akagemii HayK YKpaiHu
(TAO HAH VYkpainm) coiibHO 3 ACTPOHOMIYHOIO
obcepBaropielo KuiBcbKOro HallioOHaJIbLHOTO YHi-
BepcureTy imeHi Tapaca IlleBuenka (AO KHY) 6yio
CTBOPEHO KOMIUIEKC JIJIsI CITOCTEPEXKEHHSI TOKPUTTIB
3ip Tinamu CoHgyHoI cuctemu [1].

CHHXPOHHI CITOCTEpeKEeHHS ITOKPUTTS 30pi 3 Jie-
KIJIbKOX ITYHKTIiB MarOTh OUIbINY iH(OpMaTUBHICTh
1 IOCTOBIpHICTh pe3yibTaTiB. ToMy cmodaTky Oyno
MPOBEEHO POOOTY 111010 BUSIBJIEHHSI MOXKJIMBOC-
Ti 1 NEPCHEKTUBHOCTI MOAIOHUX mociimkeHb. 11100
30UIBIIUTU KiJIBKICTh MyHKTIB, OyJ10 3alIpONOHOBA-
HO iHIIMM aCTPOHOMIYHMM yCTaHOBAaM i amaTopaMm
MPUENHATUCS OO CIHOCTEPEXKEHb IMOKPUTTIB [JIsI
CTBOPEHHSI YKpaiHChKOI Mepexi criocTepirauis. B
pe3yJbTati 0yJI0 CTBOPEHO IPYIly CHOCTEpiradiB mo-
KPUTTIB, SIKi BUSBWIN OaxKaHHsI OpaTy y4acThb B CIIO-
crepexeHHs1x. Huxue onrcaHo myHKTH, SIKi PUET-
HaJIMCS IO TPYIIM CITOCTepirayiB MOKPUTTIB, Ta arna-
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F= 10500 mm

[ asT1a

D =480 mm
F=7715 MM

Puc. 1. Teneckonm A3T-2 TAO HAH Ykpainu (@) i A3T-14 Ha craniii B ¢. JlicHuku (6), Ha SIKMX BUKOPUCTOBYETHCSI KOMII-

JICKC [JId CITIOCTEPEXKEHD l'[OKpI/ITTiB

paTypa, sika BUKOPHMCTOBYETLCS IJIsI CIIOCTEPEKEHD
y IaHUX IyHKTax.

Kuiecorka epyna. KuiBcbka rpyma IpeacTaBieHa
crniBpobitTHukamu TAO HAH VYkpainn i AO KHY.
st crioctepexkeHb MOKPUTTIB PO3p0o0JIeHO Ta CTBO-
PEHO arapaTHO-TPOrpaMHUM KOMIUIEKC IS TeJie-
CKOITiB 3 10Br'UM (hokycoM [1]. Y hokanbHy MIOIIUHY
JOBrohOKYCHOIO TeJIeCKOIa MOMIIIa€ThCsl ONTUY-
HUM peaykrtop 3 61okoM BVRI-cBiTnodinerpis. [a-
HUI peaykKTop yKopouye (DOKYCHY BiACTaHb Teje-
ckomna y 4.5 pa3a, TUM caMUM 3HA4YHO 30LIbILIYIOUYN
BiIHOCHUII OTBip Teneckora. Take IlepeTBOPEHHS
(¢okyca 3HaUHO 30iJIBIIYE YYTIUBICTH i MOJIE 30py
KOMILIeKCy. Y poJjii mnpuiimMaya 300paXkeHHSI BU-
kopuctoByeThcsa I133-kamepa Apogee Alta U47
(1024 x 1024 ik, po3mip mikcenst 13 x 13 mxm). st
3aIKCy SIBUL TTOKPUTTIB B Hilf BUKOPHUCTOBYETHCS
peXXUM CUHXPOHHOTO repeHocy 3apsiay (TDI).

JaHuit amapaTHUI KOMILJIEKC IJs CIOCTepe-
JKEHHsI IOKPUTTIB 3ip BUKOPHUCTOBYETHCS Ha CTa-
HmioHapHUX HOBrookycHux Ttejeckomax A3T-2
(TAO HAHY, kon 083, D =700 mm, F'=10500 mm)
ta A3T-14 (cranuist y c. JlicHuku, xon 585, D =
=480 mMm, F=7715 mm) (puc. 1).

be3 6;10ka onTUYHOTO pelyKTOpa anapaTHO-ITPO-
IPaMHUI KOMILJIEKC BUKOPUCTOBYETHCS MJISI CIIO-
CTepexXeHb ITOKPUTTIB 3ip Ha Tejieckolli «Mirage
7» cucremu lminta — Kacerpena (D = 180 Mm,
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F=1800 mm), sikuii po3TalioBaHo Ha TepuTopii AO
KHY (xox 085) y M. Kueai.

Mobiavnuti acmponomiunuii komnaexc. J1st MOX-
JIMBOCTi IIPOBEACHHS CIIOCTEPEXEHb B HAMOLIbII
iIMOBIipHIi1 30Hi Ta OTPMMaHHS JOAATKOBUX IMYHKTIB
JIO CTallioHapHO BCTAaHOBJICHUX TEJECKOIIiB Ha 0a3i
TAO HAH Ykpainu po3po0yieHO Ta BUTOTOBJIEHO
MOOITbHUI aCTPOHOMIYHUI KOMILJIEKC JIJIsI CIIOCTE-
peXeHb MMOKPUTTIB 3ip HeOeCHMMU 00’eKTamMu [6].
CTpyKTYpHY CXeMy MOOiIbHOTO KOMILIEKCY IMOKa-
3aHO Ha puc. 2. [Io MOOiIbHOTO KOMILIEKCY BXOISITh:

— KOPOTKO(OKYCHUI TeJIECKOIT 3 aBTOMATUYHOIO
CHUCTEMOIO HaBeIeHHSI Ha HEOEeCHi 00’ €KTU Ta Mexa-
Hi3MOM TOYHOTO YaCOBOTO BEICHHSI;

— 0JIOK CBITJIODINIBTPIB;

— CMOS- a6o I133-kamepa;

— KEepYIUUil KOMIT' I0TeD;

— GPS-npuiimay;

— cucTeMa XUBJICHHS NMPUIaliB Ta eJeKTPOHHUX
BY3J1iB KOMILIEKCY;

—neperBopioBay DC/AC 12B/2208B;

— OopTOBMII ABTOMOOLIbHUI aKyMYJISITOD;

— aBTOMOOLJIb.

Teneckorn BUrorosjieHo 3a cuctemoro HrloToHa.
H3epkasio teneckoria mae giametp 203 MM Ta hokyc-
Hy Biactanb 1200 MmM. B MOGibHOMY acTpOHOMIY-
HOMY KOMILIEKCi BAKOPUCTAHO KOMIT' IOTEPU30BaHE
eKkBaTopiaabHe MOHTyBaHHsI Sky-Watcher EQ-5 i3
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cuctemoro GOTO. 3a gormoMoroo myJjasTa KepyBaH-
HS 3 cucTtemoro SynScan 3miliCHIOETbCSI HaBEACH-
H$I TeJiecKorna Ha MoTpiOHuiT HebecHUI 00’eKT abo
Ha JIISHKY Heba 3 BiIMOBiIHMMHU KOOpIWHATaAMMU.
PyyHuii MyJabT KepyBaHHSI Ma€ MOXJIUBICTb MpPU-
€IHATUCS 10 KOMIT'I0Tepa, 1110 Ja€ 3MOTy KepyBaTu
MOHTYBaHHSIM 3a JOTMOMOTOI0 TOIIMPEHUX IPO-
rpaMm-IiaHeTapiiB. Y mnependoKaiabHiil TUIOMIMHI
TeJIECKOIla BCTAHOBJIEHO OJIOK cTaHmapTHuUX BGR-
cBiTI0MiNETpiB. SIK mpuiiMauy 300pakeHHS MOXKE
BUKOpUCTOBYBatucs Ta cama I133-kamepa Apogee
Alta U47 B pexxum TDI 3 GPS-nipuiimauem, onu-
caHuM B pooorax [1, 5]. Kpim miei kamepu, mo-
XyTb BUKopuctoByBatnucss CMOS-kamepn Atik 16
(752 x 582 mikceniB po3mipom 8.6 x 8.3 MkM) abo
SXVF-M7 (752 x 582 mikceniB po3mipom 8.3 x
x 8.3 MKM). [J1s1 LIMX KaMep BUKOPUCTOBYETHCS iH-
LM METOJ 3amucy siBuia mokputts. Ilig yac cro-
cTepexeHb 3a nonoMoro CMOS- abo I133-kamep,
sKi He matoTb TDI-pexumy, peectpalliss TOKPUTTS
BiI0OYBA€ETHCS Y BUTJISII MTOCiTIOBHOCTI KaapiB y fits-
abo tiff-popmarax.

CucreMa KMBJIEHHSI iHTETpye B coOi ajarnrepu
JKUBJIGHHS BCiX TIPUCTPOIB MOOIJIBHOTO aCTPOHO-
MIYHOTO KOMIUIEKCY. BXigHOIO Hanpyrowo i cuc-
Temu € 3MiHHa Hampyra 220 B, sika BUpoOJIsIeEThCs
nepetBoproBaueM DC/AC 12B/220B. IleperBopio-
Bau BUTOTOBJIEHO Ha 0a3i 6ioka UPS moneni BNT
600A mssxoM nopoOKM i MomepHizanii. boprosuii
akymyJsisitop aBTomo0insg Daewoo Lanos 1.5 Buko-
PUCTOBYETBCS K JIKEPENO KUBJICHHSI MEPETBOPIO-
Baua DC/AC 12B/220B.

IlpoBeneHo nexiibKa CEaHCiB TECTOBUX CITOCTE-
peXeHb 3 METOI0 BU3HAUCHHSI OCHOBHUX ITapaMeT-
piB MOOUTILHOTO AaCTPOHOMIYHOTO KOMILIEKCY Ta
VTOYHEHHST METOIWKHU CIIOCTepekeHb. I IIboTo
Oysu mpoBejieHi crocTepexxeHHs cKyrmueHHs NGC
6709. Ilicma oOpoOKM OTPUMAaHO TaKi pe3ysbTa-
TU: MaciuTabd 300paxeHHs1 — 2.1”/mKi, 1oJje 30py
3 [133-kameporo Apogee Alta U47 — 37.5'. SIkicth
300pakKeHHsI BiAIOBigae po3Mipy 300pakeHHs 30pi
2.3...2.5 nkJ1. 3aBOSKM CBOIA MOOIIBHOCTI acTpo-
HOMIYHUI KOMILJIEKC /1€ MOXJIUBICTb MPOBOAUTHU
CIIOCTEPEKEHHST BEJIMKOI KiJIbKOCTI SIBUIL[ TTOKPUT-
TiB, TEPUTOPiAJIbHO HE MPUB’SI3YIOUUCH 10 OKPEMUX
MyHKTIiB, Ha BiIMiHY Bill CTalliOHAapHO BCTaHOBJIE-
HUX TEJIECKOITIB.
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TEJECKOTIMN

brnok
CBITJI0MITBTPIB

T133-kamepa

MountyBanHs EQ-5
3 cucTteMolo SynScan

E n

“Cuncrema [~
JKUBJICHH S

Ke;;m/ GPS-npuitmau
KoMIT'IoTep
2 TlepeTrBoproBau
~ DC/AC 12B/220B
;0 BOpTOBMV[
aBT0M06manu
AKyMYJISITOD.

Puc. 2. CtpykTypHa cxeMa MOOITBHOTO acTPOHOMIYHOTO
KOMILIEKCY

Ilynkmu cnocmepescens Acmponomiunoi obcep-
eamopii (0decbko20 HAUIOHAALHO20 YHieepcumemy
im. 1. 1. Meunurosa. J1o criocTepe:KeHb MOKPUTTIB
3ip HEOECHUMU 00’€KTaMM HOJYYUJIUCh aCTPOHO-
MU AcTpoHOMiYHOI oOcepBaTopii Omecbkoro Ha-
mioHanbHOTO YHiBepcurery im. 1. I. MeuHukosa.
s umMx croctepekeHb BUKOPUCTOBYIOThCS CIO-
CTepEeXHi iIHCTpyMeHTHU cTaHLiit Masku Tta Kpimka-
HiBka (puc. 3). Ha cranuii Masiku (kox 583) BUKO-
PUCTOBYETHCS TesiecKoll cucteMu Piui — KpeTbeHa
OMT-800 (D = 800 MM, F = 2134 mm) 3 CMOS-
kamepolo QHY174M GPS. Kamepa Mae KiJIbKiCTb
nikceniB 1920 x 1200, po3mip mikcend 5.86 x 5.86
MKM. JliHiiiHKi1 po3Mmip matpuui 11.25 x 7.03 MM,
10 Ha JaHOMY TEJIECKOIIi 3a0e3Ileuye II0JIe 30py
18.1" x 11.3', maciurab 0.56" /mxi1. Llst kamepa noope
IMIXOOUTH JJI OpraHi3allii CItocTepexkeHb IMOKPUT-
TiB, OCKiIbKM Mae BOymoBanuii GPS-mpuiimau,
SIKUI (hiKCye MOMEHTU TOYaTKy i TpMBAJIOCTi eKC-
MO3M1Iii 3 TOYHICTIO 10 YACTOK MiKPOCEKYH/I.

Texniune 3abe3neyeHHs cTaHLii KpukaHiBka
(kom A85) mis crocTepexXeHHsI IMOKPUTTIB BKIIO-
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Puc. 4. 30BHIllIHIi BUIJIAI aMaTOPChKUX TEJIECKOIIIB, IO
BUKOPUCTOBYIOTh JIUISI CITOCTEPEKEHHS ITOKPUTTIB: @ — TIPH-
BaTHa acTpoHOMiuHa oOcepBaropist L33, 6 — cTaHIlisl CMT.
IlerpiBka, ¢ — MpuBaTHAa acTpOHOMiuHa obcepBaTopist L8,
2 — JlosiBchKa IIKiJTbHA aCTPOHOMIYHA 00cepBaTOpist
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Puc. 3. IHCTpyMeHTH, 1110 BUKOPHMCTO-
ByloThcsl B OpechbKiit obcepBaTopii st
CIOCTEPEXEHb MOKPUTTIB: @ — TEJIECKON
OMT-800 cranuii Masiku, 6 — TeyiecKon
cuctemu Llminra cranuii KpuxaHiska

yae teneckon cucremu Iminra (D = 271.25 MM,
F = 440 mMm), GPS-nipuiimau i kamepy «BIIEO-
CKAH-415-2001». Kamepa mae 580 x 768 mikceiB,
MaciTa6 3.87”/nkn i moje 3opy 37’ x 50'.

Ho cnocTepexxeHb MOKPUTTIB 3ip acTepoimaMu
3aJly4eHO TaKOXK MEBHi IPyNy aMaTopiB aCTPOHOMil
3 BIAIOBIAHUM TEXHIYHUM 3a0€3[ECYECHHSIM.

Ilpueamna acmponomiuna ob6cepeamopia L33.
OO6cepBaropis po3raiioBaHa y M. AHaHbiB Onech-
Ka 00. (A = 29°57'16", ¢ = 47°44'01"). Bona Gpa-
JIa y4acTb B aCTPOHOMIYHHMX CIOCTEpPEKEeHHSX, i
it mpucBoeno kox L33. Jls crioctepexeHb BUKO-
PUCTOBYEThCS TejlecKon cuctemMu Hpiotona D =
= 250 MM, F = 1200 mM 3 MoHTyBaHHSIM EQ-6 i
I133-kameporo Atik 314L+ (puc. 4, a). Kamepa mae
1392 x 1040 mikceniB po3mipom 6.45 x 6.45 MM,
o 3abe3mnedyye 3 JaHUM TeJEeCKOMOM MaciTad
1.11”/ nku i mose 3opy 25.7' x 19.2".

Cmanuisn cmm. Ilempieka (L = 30°43'16", ¢ =
= 46°55'01" Opmecbka 006:1.). CTBOpeHO HaIiB-
MOOIJIbHY  CTaHIIil0  CIOCTEepeXeHb  TMOKPUT-
TiB, 0OJlamHaHy TejeckornoM cucteMu HrploTo-
Ha (D = 200 mMm, F = 800 MM) 3 MOHTYBaHHSIM
NEQ-6 Pro i Teneckoniom Orion (D = 80 mMm, F =
= 600 mm) 3 cuctemoro GOTO SynScan, i Kamepoio
QHYS5111462C 1920 x 1080 mikceniB Ta GPS-mpmii-
MaueM (puc. 4, 6).

Ilpueamna ob6cepsamopia «Hebecna Coea» L5S.
O0cepBartopist pO3MilLyEThCSl y CMT. BeTMKO1011MH-
cbke Onechkoi 064, (A = 30°34'15", ¢ = 46°19'52").
TexHiuHe 3a0e3IeUeHHS CITOCTEPEXKHOI CTaHIIIi: Te-
neckon Herotona D = 300 MM 3 ¢pokycom 1575 Mm
i kamepoilo Atik 314L MoHO 3 po3MipoM ITiKCesst
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6.45 x 6.45 mxm. Ilpu cnocrepexXeHHSIX BUKO-
PUCTOBYETBCSI KOMIUIEKT IIMPOKOCMYroBux BVR-
cBiTI0DiIBTPIB (puc. 4, 8).

Jlosiecoka wkiabha acmponomiuna obcepeamopis
(A =25°60"16", ¢ = 49°59'94"” TepHoriabchka 0071.)
Ile cramioHapHa CTaHIIiSI, OCHAIIEHA TEJIECKOITOM
cuctemn Heiotona (D =365 mm, F = 1470 MM, CBIT-

Jnocuna 1:4). MonrtyBaHHs BuiouHe — WSF 240
(puc. 4, ¢). CMOS-kamepa Orion Starshoot 3 KiJib-
KicTio TikceiB 4128 x 2808 po3mipom 4.6 x 4.6 MKM,
10 Bimmosimae MacmTady 0.65”/mKi i Tomo 30py
447" x 30.4'.

Ha puc. 4 306paxkeHO 30BHillIHii1 BUTJISII aMaTop-
CbKUX TEJIECKOIIiB, a y Ta0/1. 1 HaBeaeHO y3arajibHe-

Tabauysa 1. 3Beneni naHi mpo iHCTPYMEHTH 11 CIOCTepeKeHb NOKPUTTIB 3ip

Obcepeatopis, . Cranuis Teneckon MoHTYBaHHSI Kawmepa
rpymna MICHE3HAXOIKEHH A
KwuiBcbka rpyma I'AO HAH Ykpainu | A3T-2 ExBaropianbHe Apogee Alta U47
(FTAO HAH VYxpainu, D =700 mm 1024 x 1024 ik + onTUYHUM
AO KHY) F=10500 mm penyKrop
JlicHuku A3T-14 ExBaTopiayibHe Apogee Alta U47
D =480 mm 1024 x 1024 nxi + oNTUIHUIA
F=T7715Mm peaykTop
AO KHY Mirage 7 ExBaTopianbpHe Apogee Alta U47
D =180 mm 1024 x 1024 nikn
F=1800 mm
Mob6inpHuUI Hyloton ExBaropianbHe Apogee Alta U47
KOMILJIEKC D =203 mm 1024 x 1024 ik,
F=1200 mm SXVF-M7 752 x 582 niki,
Atik 16
752 x 582 nkn
ACTpOHOMiYHa 00- Masiku OMT-800 ExBaTopiayibHe QHY174M GPS
cepBaTtopist OeCcbKOTO D =800 mm 1920 x 1200 mx
HalliOHAJILHOTO YHiBEp- F=2134 Mm
cutety im. L. I. MeuHu-
KOBa KpimkaniBka LminT ExkBaropianbHe BIAEOCKAH-415-2001
D =271.25Mm 580 x 768 nki1
F =440 mm
[MpuBaTHa oOcepBaTo- | M. AHAHbIB Heloton EQ-6 Atik 314L+
pist L33 D =250 mm 1392 x 1040 nxi
F=1200 mm
ITpuBaTHa obcepBaTo- | cMT. Benukono- HrioToH Bunoune Atik 314L. mono
pis L58 JIMHChKE D =300 mm eKBaTopiajibHe 1392 x 1040 nxn
F=1575Mm
AMaropcbKa cMmr. [lerpiBka Heloton NEQ-6 Pro QHYS5I11462C
CTaHLIisT D =200 mm 1920 x 1080 mx1
F =800 mm
Orion
D =80 mm
F =600 MM
JloziBchka c. JlozoBa HeloTon Bunoune Orion Starshoot
30MI I-IIT ct. D =365Mm WSF 240 4128 x 2808 ki1
F=1470 mm
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Hi XapaKTepUCTUKM iHCTPYMEHTIB CTaHIIil CIiocTe-
PEXEHb.

Pobota i3 3amydyeHHsT aMaTOpPiB 10 MepexKi CIIo-
cTepiradiB IOKPUTTIB TpuBa€. 30iMbIIEHHS Killb-
KOCTi MYHKTiB JacTh 3MOTY CIIOCTepiraTu Oijblily
KUTBKICTb SIBUIIL TIOKPUTTIB Ta MOKPAIIUTH BiTOMOC-
Ti PO po3Mipu Ta (hOpMy acTepoiiB.

OCHOBHI PE3YJIBTATH POBOTH
YKPATHCBKHUX CITOCTEPITAYIB ITOKPUTTIB

B pesynbrati poboTH croctepiradiB YKpaiHu BU-
KOHAHO KiJIbKa CIIOCTepeXeHb ITOKPUTTIB. byso 3a-
peectpoBaHo nokputTs 30pi HD 45314 xomeroro
21P/Ixako6ini — Llinxep 21 Bepecus 2018 p. [7].
Xapakrep (POTOMETpUYHOI KPHUBOI CBIIUMB IIPO
MPOXO/KEHHST 30pi Uepe3 JKeT, OCKiIbKU CIOCTe-
pirajmacst ctpuOkononioHa 3MmiHa sckpaBocti. Ha-
SIBHICTb JIKETY Y BIiAIMOBIZHOMY ITOJIOKEHHI TaKOX
HiaTBEepIXKYEThCS B poOoTi [4]. [eoMeTpuyHi obOcTa-
BUHM MPOXOJXKEHHS 30pi MOKPUTTS BiAINOBiIAIOTH
BiacTaHsM mxeTy y mexax 160...350 km Bin simpa Ko-
METH i KyTa po3KpuTTa 54.6°. AHami3 ¢poTomMeTpud-
HUX XapaKTEPUCTUK JaB 3MOTY BUSHAUYUTU ONTUUHY
ToBIIMHY peyoBuHM mxKeTy 0.035 + 0.012 ta anbbeno
MuI0BUX YacTUHOK mxeTy 0.04...0.06.

Takox 31 6epe3ns 2019 p. Oyno 3apeecTpoBaHO
B ACTpoHOMIiUHii1 oO6cepBaTopii KuiBchbKoro Halrio-
HaJlbHOTO yHiBepcuteTy iMeHi Tapaca IlleBueHka
MoKpUTTS acrepoinom (259) Anerest 3opi UCAC4-
475-051755 [7]. TpuBajiicTh MOKPUTTS CTaHOBMJIA
17.3 ¢, mwo BiamoBinae moBxuHi xopau 185 kM. Ile
3HAUEHHS TEepeBUIIYE OLIiHKY AiaMeTpa acTepoina
179 kM [13]. 3 ypaxyBaHHSIM (hOTOMETPUUHUX OLLi-
HOK 3MiHHOCTI SICKpaBOCTi acTepoifa 3po0JeHO BU-
CHOBOK, 1110 actepoin (259) Anerest Ma€e eiNTUYHY
¢dopmy 3 BimHOIIEeHHsIM oceid 1:1.19.

IMoxputta 30pi TYC 1280-832-1 acrepoimom
(486) Kpemona crioctepiranocst 5 rpyans 2019 p. B
ActpoHOMIiuHiil obcepBatopii KuiBchbkoro Haiio-
HaJbHOTO YHiBepcutTery imeHi Tapaca IlleBueH-
ka [8]. Po3pobneHo TeopeTUYHy MOAEIb IJISI T10-
KpUTTs IIpu BukopuctanHi [133-kamepu B pexkxuMi
CUHXPOHHOI'O MEPEHOCY 3apsily 3 ypaxXyBaHHSIM
nudpakLUifHUX SBUIL JJIs1 YTOUHEHHSI Tapamer-
piB acTepoima. 3acTocyBaHHS L€l Moaesi J03BO-
JIJIO IHTEPINpeTyBaTu (HOTOMETPUYHY KPUBY SK
peecTpallilo JOTUYHOTO MOKPUTTS 3 4aCTKOIO He-
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3aKpUTOI 101 30pi 48 £ 15 % y MakcUMaJbHil
dasi.

[Mokpurta 30pi UCAC4 516-047388 acrepoi-
noM (853) HaHncenist BimOysnocst 8 kBitHs1 2021 p.
Ha craHuii Kpmxaniska. 3opg UCAC4 516-047388
Majia 30psHy BeMYuHy m), = 14.2™. Tomy min vac
CITOCTEPEXEHbD 3 TIOPiBHSIHO HEBEJTMKHUM JiaMeTPOM
TeJIeCKoIa JOBEJOCS POOUTU BEJIUKY €KCHO3UIIiI0
TPUBAJICTIO B 5 ¢, 110 TEPEBUIIYE MaKCUMaJbHY
TpuBaIicTh MOKpUTT 2.8 ¢. IIpore 3amponoHoBa-
HUM Miaxig maB MOXJIMBICTH OTpUMATU KOPUCHY
iH(opMalio HaBiTh i Wil cutyauii. O6podKa LHOro
CITOCTEPEKEHHS TToKa3aja, 110 TTOKPUTTS Majio Mic-
11e, TPUBAJIICTh MOKPUTTS cTaHoBUIa 2.0 = 1.2 c.

OBI'OBOPEHHSA TA BUCHOBKU

[HiiaTMBHA rpyna criBpoOiTHUKIB JBOX KUIBCHKUX
obcepBaToOpiil po3rnoyana po3podKy anapatypu s
criocTepexxeHHs ToKpuTTiB B 2018 p. Ane Ha camo-
My TI0YaTKy 3p03yMiJio BUHMKIIA IT0Tpeda opraHisa-
il OLIBIIOI KiJIbKOCTI IIYHKTIB CIIOCTEPEXEHb, IO
nao 0 3MOTY MiABUIIUTU JOCTOBIPHICTh OTPUMAaHMX
pesynbrariB. Tomy Oysio mommpeHo iH(opMallio
cepel amaTopiB Mpo 3aJadi i METOIU CIOCTEPEKEHb
MOKPUTTIB. JJIsT TMX, XTO BUPIIIWB MPUETHATUCS,
HaJIaroJ>)KeHO HaACWJIAHHS TOBigZOMJIEHB 3 edeMe-
puagamu nofiit. st ibOro BUKOPUCTOBYEThCS MPO-
rpama OccultWatcher po3pooku Xpucro ITaBioBa
(http://www.occultwatcher.net). 1o Hei HagXOAUTh
iHgopMallis Bio pi3HUX CaHTIB, SIKi BHUCTaBJISIOTh
edeMepuIn MOKPUTTIB Ta JOJATKOBY iH(MOpPMAILIilo
Mpo 00’ekTU. TakoxX MPUIHSATO PillleHHSI PO Ha-
JIArOJI)KEHHSI CTaHAApTHOI CIyKOU vacy crocrepe-
JKeHb MOKPUTTIB Ha 0a3i GPS-mpuiimaya Ta 1mpo-
IrpaMM KOHTPOJIIO CHCTEMHOTO 4acy KOMIT'loTepa,
KU BUKOPUCTOBYETHCS Mill Yac CIOCTEPEXEHbD,
BJIaCHOI po3po0ku [5]. Po3pobieHo Habip rporpam
IIJIsT OOpOOKM JaHUX CIIOCTePEXEeHb MOKPUTTIB, SKi
OTPUMYBAJIACS Ha Pi3HUX Kamepax y pizHux gop-
MaTax i pi3HUMH MeToJaMU. BilbIicTh TeJIeCKOIIiB,
1110 BUKOPUCTOBYIOTBCSI ITiJl Yac CIIOCTEPeXKeHb, Ma-
IOTh HEBeJMKiI po3Mipu a3epkai. Lle o3Havae, 1o
TFOJJOBHUM YMHOM MOXHa CMOCTepiraTd MOKPUT-
T4 3ip 10 12-1 30psgHOI BEJIMUMHU 3 €KCIO3ULIIMU
0.3...0.5 c. CrauioHapHi Teneckonu mnpodeciiiHux
o0cepBaToOpiii PO3IIMPIOIOTH Liel Aiana3oH a0 14-i
30PSTHOL BEIMYMHU. Y BUMAAKY CIOCTEPEKEHb IMO-
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KpUTTiB TpaHcHenTyHoBUMU o00’ektamu (TNO),
KOJIM MOXYTb BUKOPHUCTOBYBATUCSI TPUBaJIi €KCMO-
3ULIi1, MOXHa Oye MoOaYUTh MOKPUTTS 3ip 10 16-
17-1 3opstHO1 BeuunHau. KibKicTh pe3yabTaTUBHUX
CIOCTEePeXXeHb TOKPUTTIB TMPU AAHUX TEXHIYHUX
MOXKJIMBOCTSIX MOXKHA PO3IIMPUTH Yepe3 30iIblIeH-
HS$I KiJIBKOCTI MYHKTiB, 200 MOKpaIluTh eheMepui-
He 3a0e3MeYeHHs 3a paXyHOK 30UIbIIEHHS KiJTbKOC-
Ti acTepoidiB, JAJs SIKMX MPOBOASATLCS epeMepuaHi
pO3paxyHKM O0OCTaBUH ITOKPUTTIB. K mpaBuio, 1ie
CTOCYETBCSI MEHII SICKpaBUX acCTEPOIMiB, IS SIKUX
opOiTH Bimomi 3 OLIBIIMMM TTOXMOKaMu. AJle ITin
yac pobotu Micii GAIA oTpuMaHO MacuB IyxKe TOY-
HUX TTOJ0XEHb aCTEPOIi/iB, 1110 3HAYHOIO MipOIO MO-
KpaluTh op0iTH BimoMux acrepoinis [14]. Tomy mu
PO3paxoBYEMO Ha 30iJbILIEHHS KiJIbKOCTI po3paxo-
BaHUX epeMepu MOKPUTTIB, JOCTYITHUX HA TepU-
Topii YKpaiHu.

JIITEPATYPA

ITincyMoBy104M, MOXHAa 3pOOUTH TaKi BUCHOBKHU.

1. Po3moyaTo CTBOpEeHHSI YKpaiHCHKOI Mepexi
CIIOCTepirayiB MOKPHUTTIB i 1 pO3LIUPEHHS.

2. IIpoBaguThbes cucTeMaTuyHa poOOTa i3 320e3-
MEYEHHS CIOCTEepiradyiB MOKPUTTIB edemMepuiamMmu
Ta yHi(iKalli€xo cIy>K0M Jacy.

3. Ha npukianax Biajux peectpaliiii mpoaeMoH-
CTPOBAHO MOXXJIMBOCTI arapaTypy Ta CHIOCTEpiravin
TMOKPUTTIB.

4. Po3po0eHO METOIMKY Ta IporpaMHe 3a0e3-
MeYeHHs i 0OpoOKM CIIOCTepeXeHb 3 Pi3HOI0
amnapaTtypolo Ta (popMaTaMu 30€pexXKeHHs TaHUX.

1Ia poboma yacmkoso Oysa nidmpumana epaHmom
Minicmepcmea oceimu i nayku Yxpainu ons nepcnex-
MUBHO20 PO3GUMKY HAYK08020 Hanpamy <«Mamema-
MuYHi HayKu ma npupoonuyi Hayku» y Kuiecokomy Ha-
yionanvHomy ynieepcumemi imeni Tapaca Illlesuenka.
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OCCULTATION OF STARS BY SMALL PLANETS OF THE SOLAR SYSTEM:
THE STATE OF OBSERVATION PROGRAMS IN UKRAINE

Observations of stars’ occultations by small bodies of the Solar system allow solving of a series of problems described in this
article. The Main Astronomical Observatory of the National Academy of Sciences of Ukraine, together with the Astronomical
Observatory of the Taras Shevchenko National University of Kyiv, created a software and hardware complex for observing the
star coatings with long-focus telescopes. The complex uses a highly sensitive Apogee Alta U47 CCD camera in time delay in-
tegration (TDI) mode. It also includes a focus reducer with a block of light filters. The stationary variant of the complex can be
used on the AZT-2 telescope of MAO NAS of Ukraine and the AZT-14 of the Lesniki observation station. The mobile complex
is also made on the basis of the telescope of Newton’s system (D =203 mm, = 1200 mm) and the computerized installation of
Sky-Watcher EQ-5 with the GOTO system for field observations. The worth of occultation observations increases significantly
when using several observation points. To this end, we have initiated the gathering of the group of observers and their instrumen-
tation from Ukrainian astronomical institutions, both professional and amateur. The Odesa Astronomical Observatory is pre-
sented in the group by the Richie-Chrétien telescope OMT-800 (D =800 mm, F=2134 mm) with the CCD camera QHY174M
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GPS at the Mayaki station and Schmidt system telescope (D =271.25 mm, F =440 mm) with the “VIDEO SCAN-415-2001"
camera at the Kryzhanivka station. The group also includes several amateur observatories. Among them, there are stations in the
village of Petrovka in the Odesa region, the astronomical observatory of Lozova school in the Ternopil region, private astronomi-
cal observatory L33 at Ananiiv, the Odesa region, and private observatory L58 “Heavenly Owl” in the town of Velikodolinskoye,
the Odesa region. A description of the equipment used in these observation points and several examples of effective observations
of occultations obtained by this group are given.

Keywords: star occultation, equipment for occultation observations.
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JOCIIIZKEHHA BIVINBY KAYYYKIB
HA MIITHICHI BJIACTUBOCTI BYIUIEILVIACTUKY

Bukopucmannsa earacmomepie 0036045€ Yinecnpamo8ano 3mMiHI0gamu cmpyKmypy enoKcUOHUX KOMNO3UYill, sIKA 3HAYHOK MipOIo
susHayae xapakmepucmuiu. Ceped idomux ocobausuii inmepec cmaHo8AsmMs eAACMoMeplU, Maki K CUNIKOHOBI | noaiypemano-
6i kayuyku. B excnepumenmanvrux pobomax oas aueomoeneHHs 8yenenaacmuko8ux nAACMUuH 8UKOPUCTO8Y8ABC Memo0d PYHHO-
20 hopmyeanns 3 mexaniyHuM npecy8anuam. Jlana mexnonoeis € eKOHOMIUHOIO, He GUMA2AE 8eAUKUX mpydo3ampam, a eumpama
Mamepianie MeHWa, HiXc NPU GUKOPUCMANHI IHWUX Memo0die (hopmyeants. Jlocaionceno enaue noaiypemano8020 ma CUNikoHo80-
20 Kay4uykie sk mooughixamopie niosuujerns yoapHoi é’s3xocmi enokcuonoi cmoau Eman-Inncexm-T eapsuoeo omeepdinna. Jis
BUBHAYEHHS MIYHOCMI 8Y2AenAacmMUKY HA CIMUCK 3Pa3Ku 8unpo608ysanucs Ha yrieepcanshii eunpobysanshii mawuni MYII-200.
Yoapua miynicmo gyenennacmuxy eusnauanacs memodom llapni. Bcmanoenero, wo noaiypemanogi ma cunikOHo8i Kay4yKku sKicHO
00HAK0B80 8NAUBAIOMb HA 8AACMUBOCHT eNOKCUOHUX CMOA.

[Ipu modughikauii yenenaacmuky noaiypemanosum Kayuykom 3i s6invuennam emicmy do 10 % yoapna &’s3kicme eyenensac-
MUKy MakcumanbHo 30insuyemocs 00 215 i llic/m? 3i 3Haunum 30inbuwenHsm miyHocmi va cmuck 0o 495 MIla. Onmumanshi pe-
3YAbMamu OmpumMano 3 noaiypemarosum kayuykom npu 10 %-my emicmi pewosuru. OCHOGHA Poab KAYMYKY Y NIOGUWEHHI MIYHOCI
i npyycnocmi mamepiany noaseac 8 momy, w0 npu yoapi 6 Maiomy o0csA3i 8yeneniacmuKy KOHUeHmpYEMvcs GeAuKa MexaHiuna
eHepeis. B yvomy eunadky KayuyKku € KOHUeHmMpamopamu HanpylceHs, MoMy MpiujuHa 3apoodcyemocs 8 OinaHyi Mampuyi, npuie-
enoi wacmku earacmomepy (kayuyky). Iliosuwenns yoaproi ’a3kocmi mamepiany ModscHa 36°a3amu 3 YmeopeHHAM OUCnepCHOI (hazu
KayuyKy, AKa po3apuxaioe cCmpyKmypy 3ameepoinoi enokcuonoi cmoau.

Karouosi caosa: syenennacmuk, enoxcudna cmona, moougikamopu, pioki onieomepu, yoapra 6 ’a3Kicms, CMUCKAHHA, MIUYHICMb.

LlutyBannsa: MeiiipoekoB M. H., Icmainos M. b., Maubko T. A., Ko3sic K. B. JlocnigkeHHs BIJIMBY KaydyyKiB Ha Mill-
HiCHI BJIaCTUBOCTI ByrJeriacTuky. Kocmiuna nayka i mexnonozia. 2022. 28, Ne 5 (138). C. 67—74. https://doi.org/10.15407/
knit2022.05.067
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BCTVII

CyyacHa KocMivyHa Tajly3b i aBiaOyayBaHHS ITOTpe-
OYyIOTb HOBUX 3B’SI3HMKIB JUIsI KOMITO3UTIB IIpU BU-
TOTOBJIEHHI AeTajeill JiTaKiB i KOCMIYHMX aIlapaTiB.
¥V 3B’513Ky 3 IUM OCHOBHUM 3aBIaHHSIM € PO3pO0OKa
cnoco6iB Moaundikallii emOKCUAHUX CMOJ IJISI OTPU-
MaHHSI B MOJAJIbIIIOMY Ha iXHili OCHOBI MoOJIiMePiB i
KOMIMO3UTIB, SIKi BiIMOBiAalOTh BUMOTaM MillHOCTI.

EnokcuaHi cMoJiM MaloTh OOMEXEHE 3acTOCy-
BaHHS B POJii MOJiMEpHUX MaTpullb, 00 IXHS TpU-
BUMipHa 31IUTa CTPYKTypa MEpexXi poOUTh iX KpUX-
KMMM, 110 YCKJIAJHIOE MOTJIMHAHHS i pO3MOiJ Ha-
BaHTaxkeHb. He3Baxkaroun Ha 3HAYHY KPUXKICTb i
TBEPOICTh €MTOKCUAHMX MaTepialiB, 0COOIMBOI aK-
TyaJIbHOCTi HaOyBa€ rpobsemMa MiABUILEeHHS IXHbOL
€JIACTUYHOCTI IIpy 30epeXeHHI 3aI0BIILHOTO PiBHSI
iHIIMX (iZMKO-MeXaHiUHMX XapaKTEePUCTUK.

CrisibHe 3aTBepAiHHS eNMOKCHIHOI CMOJU i
3’eIHaHb, 110 MICTATh (PYHKLIOHAJIBHI Tpynu, SIKi
pearyioTh 3 €HOKCHIHOIO IPylol — OAWH 3 Hai-
OiIbLI ITOIIMPEHMUX i €(DeKTUBHUX IIUISIXiB OTpUMaH-
HS €JaCTMYHMX €MOKCUIHMX KOMIIO3ULii. YmapHy
MILHICTh KPUXKHX 33 CBO€EIO IIPUPOAOI0 €ITOKCHU-
HUX CMOJ MOXHA ITIBUIIATH IUISIXOM BBEICHHS
Moaudikaropis [6, 14].

Byrnemiactuku, oTpuMaHi 3a 0a30BOIO TEXHO-
JIOTi€10, BOJOAIIOTh BUCOKOIO MILIHICTIO, ajie 3a/Iu-
IIAI0ThCSI YYTJAMBUMU 0 YIAPHOTO HaBaHTaXKE€HHSI.
JlaHa obcTaBMHa 00OMEXKYy€e IXHIO 00J1aCTh BUKOPUC-
TaHHS y 3B’I3KY 3 pU3MKOM pPyiHYBaHHsI a00 BTpaTu
CHPaBHOCTI Bil yoapHMUX HaBaHTaXKeHb i BIIKOJIB.
11106 BupimmTH 1110 IIPOOJIEeMY, HEOOXiIHI peTebHi
JOCIiIKEeHHSI MOAU(IKaTOPIB i TEXHOJIOTIYHUX HIO-
aHCIiB, 1110 I03BOJISIIOTh 301JILIIIUTH YIapHY B’ SI3KiCTh
BYIJICTIJIACTUKIB.

30iIBIICHHS yIApHOI B’SI3KOCTi 3MiHCHIOBAJIOCS
LIUISIXOM MOJAEPHi3allii TIEpBUMHHOIO BYIVICIIACTUKY
crneuiantbHUMU Moaudikatopamu. [1pu ibomy Oyiu
JIOCSITHYTI pe3yJIbTaTU: yapHa B’ sI3KiCTb 3pOCTa€e Ha
15...110 % |2, 3, 7]. Lla obcTaBuHA pi3KO ITigHSIIA
MOXJIMBOCTI BUKOPHMCTAHHSI YIApPOMILIHMX MapoK
BYIJIETJIACTUKIB MPU BUPOOHUIITBI JIiTaKiB, pakeT-
HO-KOCMIiUHO1 TexHiku i T. 1. Matepias BUSIBUBCS
HAyKOMICTKUM 3i CKJIQJHOI0 TEXHOJIOTI€EI0 BUPOO-
HUILITBA.

Ha choronmHimHiii AeHb TPOBOAUTHCSI BeIMKa
KITBKIiCTh JOCJiIXKEHb, TIPUCBSIYEHUX BUBYCHHIO

68

Mpolecy 3aTBEPAiHHS €IMMOKCHUIHOTIO 3B’ s13HMKa. Of-
HUM 3 METO/IiB ITiIBUILIEHHS yIapHOI MilIHOCTI BYT-
JIETIJIACTUKY € IIBUILEHHS yOIapHOI B SI3KOCTi 1I0ro
MaTpulli, To0To enokcuaHoi cmonu (EC). ¥V nepiry
Yyepry 1e J0CSITraeThCsl BBEACHHSIM Pi3HUX Moaudi-
KaTopiB, Takux sK 1iactudikaropu [9, 12], Tepmo-
miactu [4, 16], HaHouacTUHKH |8, 15] i emacTomepn
[1, 5, 10, 11, 13], o 3maTHi pearyBaTu 3 (DYHKIIi-
OHAJILHUMU TPpyINaMHU, IKi YTBOPIOIOThCS Ha Pi3HUX
CTalisix OTpMMaHHS IoJiMepy. AK mMomudikauiiHi
n00aBKM HalvacTille BUKOPUCTOBYIOTHCS €1aCTO-
Mepu.

BukopucranHs ejgacToMepiB OO3BOJISIE  1IiJie-
COPSIMOBAHO 3MiHIOBATU CTPYKTYPY EIMOKCUIHUX
KOMMO3UIIill, sIKa B 3HAYHii Mipi BUBHAUYa€ Xapak-
TepucTuku matepiany. Cepen npeacTaBieHUX OCO-
OMMBMIA IHTEpEC CTABHOBJISIIOTH €JaCTOMEPU, TakKi
SIK CMJIIKOHOBI i IMostiypeTaHoBi Kay4yyku [5, 13].

Meta podoTH — JOCITIIKEHHS BIUIMBY MOAUi-
KaTopiB IT0JIiypeTaHOBOIO i CMUIIKOHOBOI'O Kay4yKiB
Ha MIIIHICHI BJaCTUBOCTI BYIJICTIJIACTUKY.

EKCITEPUMEHTAJIBHA YACTHHA
TA METOJIVIKA TOCIIKEHHS

Buxioni komnonenmu, mamepiaau. SIx noniMmepHuii
3B’I3HUK B EKCIIEpMMEHTaX BHMKOPHCTOBYBaJIacCh
EC «rapssuoro 3arBepminns» Eran Imxexr-T [1],
IO CKJIAJA€EThCS 3 KOMITOHEHTIB: A — €TOKCHUIHA
cMmojia, b — 3aTBepmXyBay y MaCOBOMY CITiBBiZHO-
meHHi 100 : 49.9.

J1st migBUILIEHHST MILTHOCTI i ygapHoi B’SI3KOCTi
BYIJIETJIACTUKY B €KCIIEPMMEHTAaX BMKOPHCTaHO
TaKi MaTepiaiu:

ByIIelieBa TKaHuHa capxka 3K-1200-200;

enokcuaHa cmoia Eran-Imkekr-T,

Kay4yyKku: roJjiiypetaHoBi i cuiiikoHoBi CKTH-A.

Dopmysanns eyeaenaacmuxy. B excriepmMeH-
TaJIbHUX POOOTaX JJisi BUTOTOBJICHHS BYIJIETIACTH -
KOBUX IUIACTUH BUKOPUCTOBYBABCSI METOJ PyYHOIO
¢dopMyBaHHS 3 MeEXaHIYHMM MpecyBaHHsIM. daHa
TEXHOJIOTiSI € €KOHOMIYHOIO, HE BHMAara€ BEJIMKHUX
TpyIo3aTpar, i BUTpaTa MaTepiajliB MeHIlla, HixK IIpu
BUKOPMCTAHHI iHIIMX METOIiB (DOPMYyBaHHSI.

IIpouec pyunoro opMyBaHHS CKJIAZAETHCS 3 Ie-
KIUJIBKOX €TalliB.

1. ToryeTbes popMma st ykiamaHHs. B maHomy
BUIIaKy OyJ0 BUKOPUCTAHO CKJISIHY TUIACTUHY, Ha
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yKJIagaabHOMYy (OpMy SIKOI HAHOCUTBCS PO3ILIO-
BUI IIap, 110 TO3BOJISIE 3TOIOM BiTOKPEMUTH 3ar0-
TOBKY. Y POJIi PO3/IiJI0BOTO IIapy BUKOPUCTOBYBABCS
criupT Mmapku Loctite 330 NS.

2. ByrieueBa TKaHMHA HEOOXiTHUX pPO3MipiB BU-
KJIaJA€THCS MOIIAPOBO Y hopMY.

3. ToTryeThbes 3B I3HUI KOMIIOHEHT (€MOKCUIHUIA
komnayHa Ertan-Imkekt-T mnepea 3MmilllyBaHHSIM
HarpiBaeTbcs mpu Temrmeparypi 45 °C mpotsarom
60 xB).

4. KoxeH map npocouyetbcsi EC 3a nornomoroto
MeH3IMKa a00 M’ SIKOro Bajuka (puc. 1, a).

5. Ha 3aBepiuajbHOMY eTalli BYIVICIUIACTUK ITiI-
JAEThCSI MPOKATIIi 32 JOIMTOMOTOI0 KOPCTKOTO Bajlu-
Ka: MpoKaTKa M03BOJISIE TTO30yTHCS MMyXUPILiB MOBi-
Tps y MaTepiai.

6. OTBepOiHHS BYIJIEILUIACTUKY MPOBOMIMIOCS ITif
tckoM P = 0.02 MIla. [Ina HagaHHS TUCKY BUKO-
pUCTOBYBaJIacs IUIACTUHA 3 BaHTaxeM (puc. 1, 6).

Butar BuUpoOy 3 MaTpulli NMPOBOAUTHCS Tijlb-
KM TIiCJIST TIOBHOTO 3aTBepAiHHsA. Yac 3aTBepmiHHSI
TUIACTUH 3aJIEXKUTh Bill TUMY BUKOPUCTAHOI €IMOK-
CUJIHOI CMOJIU. 3aTBEepIAiHHS IJIACTUHU 3 €MOKCUI-
Hoto cmouiolo Mapku Etan THxekT-T npoBoautbes
MPU BUKOPUCTaHHI TAaKOTO TeMIIepaTypHOTO PexKu-
my: 4 rox npu temrepatypi 150 °C i 1 ron — npu
temmepatypi 180 °C. [lyist 3aTBepaiHHSI ByTJeILIac-
TUKY TIpM BUIIUX TeMIlepaTypax BUKOPUCTOBYBa-
Jack Tepmomiaga mapku SNOL 3 Temmneparypoio
HarpiBaHHs1 10 220 °C.

Metonu BUITPOOYBaHb 3pa3KiB BYIJIEIJIACTUKY
Ha CTUCK i yIapHy B’s13KicTb. JJIsT BUBHAUEHHST Mill-
HOCTI BYIJICIIJIACTUKY Ha CTUCK 3pa3Ku BUMPOOOBY-
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Puc. 1. Pyyre (popMyBaHHS BYIJICIUIACTUKY: @ — MPOCOYYBAHHS TKAHU -
Hu EC, 6 — oTBepiHHS BYIJIETUTACTUKY ITijI TACKOM

IIpocouena Crotsita
eMoJIo10 L ] TUTacTUHA
BYyTJIETKAaHWHA

Puc. 2. TlpucrocyBaHHS IJIs1 BATIPOOYBaHHS Ha CTUCK

BaJIMCSI HA YHiBepCallbHili BUITPOOYBaJIbHili MallIMHi
MYVII-200. ByrnemmacTukoBi 3pa3Ku 1isI BUTIPOOY-
BaHb Ha CTUCK BUTOTOBJICHI 3 pO3MipaMM: TOBXWHA
[ =80 £ 2 MM, mmpuHa b = 10 £ 0.5 MM, TOBILIMHA
h=4=%0.2wMmm.

ITpu BunpoOyBaHHSIX IIACTUH Ha CTUCK BaKJIW-
BUM (PAaKTOPOM [JI1 KOPEKTHOTO BU3HAUECHHS Mill-
HOCTI € 30epekeHHSI mapajiebHOCTI TOPLIB i CTiii-
KOCTi 3pa3Ka B X0/li BUITpoOyBaHHS. [1Jis 1iboro 0y10
BUTOTOBJIEHO MTPUCTOCYBAaHHSI 3i CTaeBUX IJIACTUH
I KpiMWIBHUX OOJTIB. Y TIPUCTOCYBAHHS KPITTUTHCS
3pa30K i CTaBUTHCSI HA BUIIPOOYBaJIbHY ILUTUTY. JlaHe
MPUCTOCYBAHHS MOJIETIIYE MPOLIEC BUIIPOOYBaHb Ha
cTUCK (puc. 2).

VnapHa MilHICTh BYIJICIUIACTUKY BU3HAYAETh-
ca meromoMm Illapni mo TOCT 4647-2015. Jdanwii
CTaHIIAapT MOLIUPIOETHCS Ha MJIACTMACH i BCTAHOB-
JIIOE METOJT BUBHAYEHHS yIapHOI B SI3KOCTi Ha 3pa3-
Kax 3 Hagpi3oM i 0e3 Hampidy. BcraHoBneHuii meton
3aCTOCOBYIOTh /TSI OLIIHKM XapaKTePUCTUK 3pa3KiB
JJIS1 BUTIPOOYBaHHSI, MepeadayeHuX UM CTaHaap-
TOM, TTiJ Ji€r0 yoIapHUX HAMmpyT i 4151 OLiHKW KpUX-
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Puc. 3. 3pazok wist BUIpoOyBaHb Ha yIapHY B’SI3KiCTb

Tabauys 1. BB KaydyKiB Ha BJACTHBOCTI BYIIEIIACTHKY

KOCTi a00 B I3KOCTi 3pa3KiB y MexXKaX, BCTAHOBJICHUX
yMOBaMU BUITPOOYBaHHSI.

Vnapny B’sg3kicTb 1o Hlaprii BU3Ha4YaloTh IS Ta-
KMX MaTepiaiB:

* JKOPCTKi TepMOILIACTHU IIJIsI JIMTTSI Ta €KCTPY3ii,
BKJTIOYAl0OYM HATTOBHEHI i 3MIITHEHI KOMITO3MIIil;

* >KOPCTKi KOHCTPYKIIii 3 TEPMOILJIACTIB i peakTo-
IUIACTIB;

* >XOPCTKi (hOpMyBasIbHi peakToIIacTH, 30KpeMa
HAITOBHEHI 1 3MilTHeHi KOMIIO3MIIil i ITapyBaTi Ij1ac-
TUKW;

Monudikaropu
Buticr I;L(;n;riap TOJIiypeTaHOBUI KaydyK CUJTIKOHOBUI KaydyK
MIIIHICTbh Ha CTUCK, yAapHa B’sI3KiCTb, MiLIHiCTb Ha CTUCK, yaapHa B’SI3KiCTb,
MIla KJIK/M2 MIla KJIK/M2

0 1 425 188 425 188
2 424 194 424 194
3 421 189 421 189
4 425 192 425 192
5 430 197 430 197
5% 1 444 205 431 190
2 440 200 427 193
3 429 206 433 192
4 431 195 425 199
5 426 189 429 201
10 % 1 498 217 437 208
2 491 213 440 209
3 492 214 439 205
4 495 219 443 207
5 499 212 446 211
15 % 1 478 192 415 188
2 485 195 414 189
3 479 196 416 186
4 480 193 417 187
5 483 194 413 185
20 % 1 421 190 199 180
2 418 189 397 182
3 419 187 401 185
4 417 189 398 180
5 420 190 395 183
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® TEPMOIUIACTH i peaKkTOIJIacTH, 3MillHEHi BO-
JIOKHOM, 30KpeMa MaTepiajii 3 OMHOCIIPSIMOBAHUM
a0o0 pizHOCHPSIMOBAaHMMU MIIITHICHUMU KOMIIOHEH-
TaMU, TAKUMM SIK MaTh, TKAHUHU, TKAHWUHU 3 PO-
BiHTY, pyOaHi KOMILJIEKCHi HUTKW 3 KOMOiHOBaHUMU
1 TIOpUIHUMH KOMITOHEHTAMU, POBIHTH i TOAPiOHE-
Hi BOJIOKHA;

* KOMITO3UTH 3 MMOMNEPEIHBO MPOCOYSHUX MaTepi-
ajiiB (Tpenperu), HarOBHEHI i 3MilITHEHI KOMITO3UT-
Hi MaTepiaiu;

* PiIKOKpUCTAJIiYHi MOJIMEpPH.

BunpoOyBaHH: Ha ynapHy B’SI3KiCTb ByTJICIIIACTH -
Ky MPOBOAMINCS Ha MagTHUKOBOMY Korpi MK-30A.

3arBepaisi 3pa3ky BYIVIEIIACTUKY TOBOIVIIMCS
JI0 TOYHUX PO3MipiB Ha HLTiDyBaNbHill YCTaHOBII.
3pa3ok ik BUITPOOYBaHb Ha yAapHY B’SI3KiCTb MO-
Ka3aHo Ha puc. 3.

ITicna BumpoOyBaHb Ha MasITHUKOBOMY KOIIpi
3a OTPMMaHMMM JaHUMU TMOKA3HMKIB €HEeprii, BU-
TpauyeHoi Ha pylHHYBaHHS 3pa3KiB, pO3PaXOBYEThCS
yIapHa B’ S3KiCTb MaTepiaiy.

YimapHy B’SI3KiCTh @, 3pa3KiB 0e3 Haapidy o0umc-
JIIOI0Th 32 (hopMyJI0I0

a,=Ax 103/(bxh), k1x/M2,
e A — eHepris yaapy, BUTpauyeHa Ha pylHYyBaHHS
3pa3ka 0e3 Haapiszy, JX; b — mmpuHa 3pa3ka II0
MOTro cepearHi, MM; /i — TOBIIMHA 3pa3Ka MO 10ro
CepenyHi, MM.

BIIJINB KAYYYKIB HA MEXAHIYHI
BJIACTUBOCTI BYITIEINUIACTUKY

HocnimKeHo BIUIMB KayyyKiB Ha BJACTUBOCTI BYT-
JIETIJTACTUKY 3 €MOKCHIHOI MaTpullelo Mapku Etan
Inxext-T. TlpoBeneHa Moaudikalliss €MOKCUIHOI
YacTMHU BYIJIEIUIacTUKY TojiyperaHoBum (ITY) i
CWJIIKOHOBUM KayuyykKaMu. B mepiiry yepry 3niiicHIo-
BaJIOCSI ITOENHAHHS KOMITOHEHTIB 3 BUKOPUCTAaHHSIM
yJIbTpa3BykoBoro aucrepraropa. ¥ EC nomaBanucs
kayuyku 5, 10, 15, 20 % Bim 3arampHOi Macu, aie
He Ginbire 20 % Mmac., 60 TIpU IIOMY TTOPYIIYETh-
csl Hioro moBHe po3uMHeHHsI B EC, 1110 HeraTuBHO
MO3HAYAETHCS HA MEXaHIYHUX BIACTUBOCTSIX BYIJe-
I1acTuKy). Bukopucranuii yisTpa3ByKOBUI BILUIUB
rnpu yactoTi 65 kIir mpotsarom 20 XB CIIpUSIB 3MEH-
LLIEHHIO MOBITPSIHUX I1OP, 3HMKEHHIO B I3KOCTI, Jie-
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rasailii, i B LiJIOMy 3MiHIOBaB CTPYKTYypY, 1110 3a0e3-
TeYy€e MOHOIITHICTb CTPYKTYPHY KOMITO3UTY.

Y T1abn. 1 mpencraBieHi pe3yabTaTh MillHOCTI
BYIJIETLJIACTUKY, MOAM(IKOBAHOTO KayuyKaMH.

S mokazaHo B Tabja. 1, MIlIHICTh Ha CTUCK He-
Moau(diKOBaHOrO BYIVICIUIACTUMKY JOpiBHIOBaJIa
425 MIa, a ynapHa B’s13kictb — 192 kJIx/m2. [Tpu
mommdikarii EC 3 5 % I1Y kaydyKy MillHiCTb ByTJIe-
1acTuky nopiBHioe 434 MIla, ynapHa B’3KicTb —
199 kI /M2 A utst cmonu 3 5 % kayuyky CKTH-A
MilIHiCTh ByIJIeruiacTuky craHoBuia 429 Mlla,
ynapHa B’si3kictb — 195 kJIx/m2. s EC, moandi-
KoBaHoi 10 % CuIiKOHOBUM KayuyyKOM, MilIHiCTb Ha
CTUCK minBuinmiacs Ha 4 %, a ynapHa B’sI3KiCTb —
Ha 8 %.

ITpu Mmoaudikanuii Byriernactuky ITY kayuykom
3i 30inbIeHHsIM BMicTy 10 10 % ymapHa B’sSI3KiCThb
BYIJIETIJIACTUKY MaKCHUMaJbHO 30iJbLIYETHCS 10
215 kJIx/M?2 3i 3HAYHUM 36LIbLIEHHSM MilIHOCTI
Ha ctuck g0 495 MIla. OntumanbHi pe3yabTaTu
oTpuMano 3 kayuykom I1Y nipu 10 %-my BMmicTi pe-
YOBUHMU.

BICHOBKH

OcCHOBHa poJib KayyyKy y TiABUILEHHI MIiIlHOCTi i
MPY>XHOCTI MaTepiaiy ToJisira€ B TOMY, 110 TIpY yaa-
pi y MaJioMy 00C$I3i ByIJIETUTACTUKY KOHIIEHTPYETHCS
BeJIMKa MeXaHiuyHa eHeprisl. Y IboMY BUIAIKY Kaydy-
KW € KOHLIEHTPAaTOpaMu HaIpyXeHb, TOMY TPilllMHA
3apOIXKYEThCS B IUISIHLI MaTpULIi TTPUJIETJIOl YaCTKU
ejgacToMepy (kayuyky). ToOTO, 4aCTMHKU Kay4dyKy
IHILIIOIOTh MIKpOTpPillMHU. TaKMM YMHOM, OCHOBHA
POJIb YaCTMHOK PIAKOTO OJIIrOMepY IO0JIATa€E B 3a0e3-
MneyeHHi eeKTy 3MOUYyBaHHS, 1110 MPU3BOAUTHL A0
YTBOPEHHSI MiKpPOTPIilIMH 3aMiCTh 3BUYAHUX Tpi-
ILIMH, a TAKOX y CTBOPEHHI 0araThoX OCEPeaKiB Te-
pEeHaMnpyT, 10 MPU3BOIASITH 10 BUHUKHEHHST BEJTUKOL
KiJTBKOCTi MiKpOTpiluH. Ilpy 1iboMy BinOyBa€ThbCs
TMeBHE PO3NYIIEHHS MaTepiay MaTpUlli B OKOJIMLISIX
YACTHMHOK 3a PaXyHOK Pi3HUIII KOeilliEHTIB TeIio-
BOT'O PO3LIMPEHHSI, @ TAKOX MOXJIMBE MOJIEKYJISIPHE
IVICTIEPTYBaHHS KaydyKy y MaTpuili 800 CerMeHTalb-
HOTO PO3UMHEHHS TOJIIMEPiB Y MixX(a3Hux Iapax.
Llst BIacTuBICTh oJliroMepy i CIpUsiE MiIBUIIEHHIO
YIApHOI CTIMKOCTi ByIJIETIIIACTHUKY.
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STUDY OF THE INFLUENCE OF RUBBER ON STRENGTH PROPERTIES OF CARBON PLASTIC

The use of elastomers allows us to purposefully change the structure of epoxy compositions, which largely determines the char-
acteristics. Of particular interest are elastomers, such as silicone and polyurethane rubbers. In experimental works for the manu-
facture of carbon fiber plates, we used the method of manual molding with mechanical pressing. This technology is economical,
does not require large labor costs, and less material consumption than when using other methods of formation. The effect of
polyurethane and silicone rubbers as modifiers of increasing the impact strength of epoxy resin Etal-Inject-T hot curing has
been studied. To determine the compressive strength of carbon fiber, the samples were tested on a universal test machine MUP-
200. The impact strength of carbon fiber was determined by the Charpy method. It is established that polyurethane and silicone
rubbers have the same qualitative effect on the properties of epoxy resins. When modifying carbon fiber with polyurethane rubber
with an increase in the content of up to 10%, the impact strength of carbon fiber increases to a maximum of 215 kJ/m?2, with
a significant increase in compressive strength up to 495 MPa. Optimal results were obtained with polyurethane rubber at 10%
content of the substance. The main role of rubber in increasing the strength and elasticity of the material is that when the impact
in a small amount of carbon fiber concentrates a lot of mechanical energy, the rubbers are stress concentrators, so the crack
arises in the matrix adjacent to the elastomer (rubber). The increase in the toughness of the material can be associated with the
formation of a dispersed phase of rubber, which loosens the structure of the cured epoxy resin.

Keywords: Carbon Fiber Reinforced Plastic, Epoxy resin, modifiers, liquid oligomers, impact viscosity, compression, strength.
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®OTOMETI:H‘IHHIK CIIOCIb BUSHAYEHHA
NET'PAJALLLL ITIOBEPXHI TEOCTALIIOHAPHOI'O OB’€KTA

IIpedcmasnero Hosuil cnocié 8UKOPUCMAHHS HOMOMEMPUUHUX OAHUX O BUSHAUEHHS 0eepadauii ONMUMHUX NOKA3HUKIE NOBEPXHI
ICC 6i0d uacy akmueroi pooomu I'CC na opoimi. Hagederno excnepumernmanvri 0ani 3minu Koe@iyicumie cnekmpanbHoeo eiooum-
ms noGepxHi OeKiNbKOX 2e0CMAyiOHAPHUX CYNYMHUKIE 3 PISHUMU MUNAMU KOCMIYHUX NAAGM@OPM NPpomsazom Kirbkox pokis. Jami
OMpuMano memooom HazemHux gpomomempuunux BVR-cnocmepedcens eeocmayionapuux cynymuukie «Astra 2E» (naamghopma
«Eurostar-3000»), «Azerspace 2/Intelsat 38 (naamgopma SSL-1300), «Sicral 2» (naamehopma «Spacebus-4000B2»), «Blagovest
11L» (naamghopma «Ekspress-2000»). Buseéneno, wo xapakmep 3miHu 8i00U8HOI cnpoModiCHOCHI 015 260CMAYIOHAPHUX CYNYMHUKIG
piznuil. Kocmiuni mamepianu nogepxwi eeocCmayioHapHux CynymHuKie, ueomoeieHux y opyeomy decamunsimmi 21-eo cmonimms,
OinbuL cmitiki 00 6NAUBY aepecuH020 KOCMIYHO20 cepedosuLla, Hidc Y CYRYMHUKIG, 8U20MO08AeHUX Hanpukinyi 20-eo cmoaimms. 3a-
NPONOHOBAHO WIAAXYU GU3HAYEHHS MUNY KOCMIYH020 Mamepiany Ha 0cHOGI 0aHux 6a2amoKoAipHUX OMOMeMPUUHUX CHOCIEPEdICeHd
Y Di3Hux cnekmpanvhux cmyeax. IIpononyemocs gukopucmogyeamu pe3yibmamu HA3eMHUX 0a2amoKonipHUX GomomempudHux
cnocmepedicers 5K 00N08HeHHs 00 1a00pamopHo2o Memody 8U3HaA4eHHs cmyneHs deepadayii noeepxwi KA.

Karouosi caosa: decpadauis 8i0busHux xapaxmepucmui, Kocmivna naamgopma, bazamoxoaipua gpomomempis, Koepiuienmu io-
oummsi, 2e0cmayioHapHutl CynymHuk.

BCTYII

ITpobGaema pnerpagailii KOCMiYHOro Mmatepiany B
yMOBax KOCMOCY Ma€ akTyaJlbHe (yHIaMeHTasb-
He Ta MPUKIaJHE 3HAYEHHsI HE TiIbKU IJIsI KOH-
CTPYKTOPiB KOCMIYHHUX CHUCTeM. XapakTep Jerpa-
Jalii KOCMiYHMX MaTepiajliB B yMOBax KOCMOCY 3
BUKOPUCTAHHSIM Ha3eMHUX (POTOMETPUYHUX CIO-
cTepeXeHb MOKM 110 ¢1abo BMBYEHO. ABTOpaM Bi-

noMa Juiie ogHa ny6aikauis O. B. MigeHka [1], y
SIKiii IpUBEJEHO pe3yJIbTaTU CIIOCTePEXKEHb 3MiHU
BimOMBHOI 3IaTHOCTI reocTalioHapHUX CYITyTHUKIB
(I'CC) i3 3emui yepe3 atMocdepy y pi3HUX CIIEK-
TpaJIbHUX Mdialla30Hax OOBXWH xBWIb (B, V, R). 3
YIOCKOHAJIEHHSIM METOMiB CITOCTepeXkeHb Ta 00-
pOOKM CITOCTEpPEXXKHOro Marepiany lieid HampsiMOK
3acJIyroBye Ha Oinbiny yBary. baratokomnipHa ¢poTo-

HuryBanus: Cyxos II. I1., Cyxos K. I1., ITaBnosckuii O. JI., Mampaii C. A. @oToMeTpuYHUIA CIIOCIO BU3HAYEHHS e~
rpajalii MoBepXHi reocralioHapHoro o6’ekta. Kocmivna nayka i mexuonoeis. 2022. 28, Ne 5 (138). C. 75—80. https://doi.
org/10.15407/knit2022.05.075
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1. II. Cyxos, K. I1. Cyxos, O. JI. Ilasrosckuii, C. A. Mampaii

METpisl Ta OTpUMaHi 3HAUYE€HHSI MOKA3HUKIiB KOJIbO-
PY MOXYTb IaTH MOXKJIMBICTh BiIpi3HUTH KOCMiYHE
CMITTSI BiJl HEYIIKOMXKEHNX KOCMIYHUX 00’ EKTIB, Ta-
KHX SIK KOPITYCU pakeT i CyITyTHUKH.

Ha xocmiunmii anapat (KA), 1o nepedyBae Ha
HaBKOJIO3eMHiil OpOiTi, BIUIMBA€E WLiAui psia (ak-
TOpPiB: TIMOOKUIA BaKyyM, HEBaroMicTh, METCOPHU A
MW, YaCTUHKMA IITYYHOIO IOXOJXKEHHS, COHSYHI
clajlaxu, KOPIYCKyJIpHe Ta €JeKTPOMAarHiTHe BU-
MpPOMiHIOBAaHHSI Pi3HUX BUMIIB, padialliiHUI ITOSIC
Ban Annena, pi3kuii TeMIiepaTypHUi Iiepena npu
BXOAi y TiHb 3eMJIi Ta Buxomi i3 Hei Tomo. Ilix miero
1ux (akTopiB PyHHYIOTbCSI MEXaHiuHi KpirJIeHHs,
1110 BUKOPHUCTOBYIOThCS JJISI MOHTaxXy IL1aThopm,
KOPHMCHOTO HaBaHTaXEHHS, €JEMEHTIB COHSUHUX
Oarapeii, a TaKOX Ha 3’€MHAHHS MiX LIMMU KOM-
MOHEHTaMU. 3MiHIOIOThCSI MEXaHiuHi, ONTUYHI Ta
eJeKTpodi3UUHI XapaKTepUCTUKW MaTepiajliB Ta
€JIEMEHTIB KOCMIYHOro amaparta. SIK Haclligok, BU-
HUKAIOTb MOJOMKH, 110 TPU3BOJIUTD 1O 3MEHILIEHHS
TepMiHy aKTUBHOI poboTu KA Ha opO0iri.

JlabopatopHi yMOBHU, MOJE/IIOBAaHHS HE MOXYTh
BpaxXoByBaTU BIUIMB BCiX KOCMiYHMX (pakToOpiB Ha
MOBEPXHIO CYMyTHMKA. Tak caMO BOHU HE MOXYTh
BpaxoByBaTH BILJIMB 3eMHOI aTMOC(epu Ha BigouTe
Bill TTOBEPXHi CyMyTHUKA CBITJI0. 3TiTHO 3 BUCHOB-
kamu pobotu B. A. IllyBanoBa [5] «...BigHOCHa
CKJIAJHICTh i BUCOKa BapTiCTh HATypPHUX BUIIPOOY-
BaHb HE JI03BOJISIIOTh BBaXKaTu iX JOCTOBIpHUM 3a-
CcO0OM J1J151 AeTAJIbHOTO BUBYEHHSI BILIMBY (haKTOPiB
HaBKOJIOCYITYTHUKOBOTO CepeIoBUILa». SIK MpoaoB-
JKeHHS UM JOTIOBHEHHSI 10 J1abOpaTOPHOTO METOAY
aBTOPU TPOIOHYIOTh BUKOPUCTOBYBATH pe3yJibTa-
TU Ha3eMHUX 0araToKoJbOPOBUX (DOTOMETPUYHUX

Tabauys 1. JlocaimKyBaHi re0CTaliOHAPHI CYIyTHUKHA

CIIOCTepeKeHb IS BU3HAYCHHS CTYITeHS Aerpamalii
noBepxHi KA.

OCHOBHA YACTHUHA

ABTOpU BUKOPUCTOBYBaJM aJTOPUTM, 3alIPOTIOHO-
Banuii O. B. JlineHKOM, B IKOMY ITOIIEpeaHLO 00-
YUCIIOBAIUCS CIEeKTpaibHi KoedilieHTU BigOUTTS
Yp Yy» Yg Y BUIIOBIIHUX CIIEKTPAIbHUX cMyTax [1].
11i BeTMYMHU JErKO BU3HAYUTU 3 (DOTOMETPUUHUX
CIIOCTEPEKEHb:

o)
ny —my,

y, =d* 10 52 -secy /S,

1€ Y, — CIEKTPAIbHUIA KoedillieHT BinouTTs, m, —
peectpoBaHuii 01McK KA y KOHKPETHOMY CITEKT-
paJIbHOMY Jdiamna3oHi, mf — 30psiHa BeJIUYMHA
CoH1Ig y BiINIOBiIHOMY CIIEKTpaJIbHOMY Jlialla30Hi,
S — BuauMa 11l cnocrepiraya mosepxHs KA, ocBiT-
sieHa CoHLeM, \y — CYMyTHUKOLIEHTpUYHUI (a3o-
BUI1 KyT, d — TOIIOLIEHTpUYHA BigcTaHb 10 KA.

Ha xiHmeBomy eTari oOYMCIIIOBAINUCS BiTHOCHI
KoeillieHTH BimOUTTS A( B—V) i A(Vf Ry A KOXKHOIL
HOUi CIocTepekeHb MPOTITOM KiJIbKOX POKiB.

O. B. Jlimenko 3a mepion 4YOTUPHU 3 IOJOBUHOIO
poku crioctepiras pizHi kiacu I'CC, 3aryliiieHi B KiH-
i 20-ro i Ha moyatKy 21-ro CTOJITTS: «IOpPU3OHT»,
«Panmyra» Ta «IHTencaT» i OTpUMaB TaKi BUCHOBKU:

1) HalOiIbIII 3MiHM y BiIOMBHUX XapaKTEPHC-
TUK noBepxHi KA BinOyBatoTbCsi TPOTSATOM MEPLIUX
TPbOX POKIiB;

2) XxapakTep 3MiHM BiIOMBHOI CIIPOMOXKHOCTI JIJIsT
PI3HUX CYITyTHUKIB Pi3HUIA.

ABtopu crnioctepirain I'CC, 3anyiieHi B Ipyro-
MY ACCSTWIITTI 21-ro CTOJITTS, 3 MOMEHTY MHo4aT-

H_a3Ba rcc, [Mpu3sHaveHHs MMipgpsnHuK Inardopma HincymyrHykosa Iepion

PIK 3aITyCKYy TOUYKa CITOCTEPEXKEHHA
«Astra 2E» 3B 130K EADS Astrium «Eurostar-3000» 30.6°E 2013—2021 pp.
2013 p.
«Sicral 2» BiliCbKOBUIA Thales Alenia Space | «Spacebus-4000B2» 40.4°E 2015—2021 pp.
2015 p. 3B’5130K
«Azerspace 2» 3B’S130K Space Systems/Loral | SSL-1300 46.9°E 2019—2021 pp.
2018 p.
«Blagovest 11L» | BilicbKOBUIA ISS Reshetnev with «Ekspress-2000» 48.1° E 2017—2021 pp.
2017 p. 3B’S130K Thales Alenia Space
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Ky po0OTH y MiACYyIMyTHUKOBIii Touwi i o 2021 p.
(taba. 1). ¥V 1i poku MacoBO CTajJu BUKOPHUCTOBY-
BaTUCSI HOBI KOMIIO3UTHI BYIJICIUIACTUKOBI Mare-
piajiy, TErJI03aXMUCHi MOKPUTTSI, 3aXMCHI TIJTiIBKU Ha
COHSIYHMX MaHEJISIX Ta iHIIi MaTepiajiv, CTIHKIIi 10
BIUIMBY KOCMiYHOTO CepeaoBMIIIA.

CnoctepexkeHHs1 mpoBoawiaucs Ha 20-mroiiMo-
BOMY KaccCerpeHiBCbKOMY TeJieckomi. Bukopucto-
BYBaBCSl BHCOKOIIBMAKICHUI (POTOIIOMHOXYBau
®EY-79, 1o mpaifioe B peXXuMi paxyHKy iMITyJIb-
ciB. 3acrocoByBanucs B-, V-, R-¢inbrpu 3i cMyra-
MU TIPOITYCKaHHSI, OJIM3bKUMMU 10 IIMPOKOCMYTOBOI
(oTomeTpuyHoi cucremu [xxoHcoHa — KoysiHca.

Bci npencrasneni y Taba. 1 'CC crabinizoBaHi 3a
TpbOMa OCSIMM, PO3TalllOBaHi IMOOJM3Yy MepuaiaHa
criocTepiraya i MpoTSIroM CHOCTEPEXYBAHOTO 4acy
JIMCIIOKAIlil0 HE 3MiHIOBaIM. TuM KOCMIYHOI muiat-
¢dopmu, posmipu I'CC B35TO 3 €JIeKTPOHHUX pecyp-
ciB, Gunter Space Page [6], Bikimexzii [7] Ta 3 caiity
ICC im. M. PemrernpoBa [8].

OcHOBHUMU (DOTONPUNUMATLHUMU €JeMeHTaMu
consyHux naneneit (CIT) € KkpeMHill, coayKu ap-
ceHiny raiiio, pocdiny inaiio rajiro Ta iH. [onoBHe
npusHaueHHss CIl — mornuHaTu Ta mepeTBOPUTHU
COHSIYHY €HEprilo B eJeKTpUuyHY. ToMy 34aTHIiCTh
IO BigOMBaHHS COHSYHUX TIPOMEHIB Cy4YacHUX
CII nyxe mana. IIpore yepe3 iXHIO BEIUKY ILIO-
my (Big KiJTbKOX IECSATKiB KBaIpaTHUX METPIiB IO
oinpmie cotHi) Bkiaan Bimoutoro Bim CII citna y
3arajJibHU OJMCK CYMyTHMKA IOCUTb BEJIMKWi, a
y B-cMy3i — HaBiTh nepeBaxHuii. BinouBHa 31aT-
HicTb r1aTopMu, ii 30BHILLIHBOTO KOPUCHOTO Ha-
BaHTaXXeHHS — JyxXe Bejauka. Lle HeoOximHO mis
TepMOpETyJsLii Ta cTabilbHOI POOOTH OOPTOBOI
panioeneKTpoHHOI amapaTtypu. Ilmardopmu 0Oa-
raTbOX CYIYTHUKIiB 3B’SI3KY, ITOBEPXHSI aHTEHHO-
(inepHux MoOAYJiB pamioaHTEH TMOKPUBAIOTHCS
TOHKOIO XXOBTO0, 30JI0TUCTOTO KOJbOPY TIJiBKOIO,
sIKa Ma€ OUTbIIMI KoedilieHT BimouTTs v,. ¥V V- i
R-cMyrax BKJIaj y 3arajbHUiA OJIMCK BHOCSTH Jie-
Tani wiatgopm (TUILY LMIIHAPIB, KOHYCiB, KyOiB,
rapaJieielliIieliB TOII0) Ta 30BHIIIHHOIO KOpPUC-
HOTO HaBaHTaXEHHs (CIyXO00BMI MOIyJib Ta pa-
JioaHTeHU pi3HO1 hopmu). Takox yacTKy BiaOUT-
Ty V- i R-cmyrax BHocsTh CII, BUroronsieHi Ha
OCHOBI CIIOJIyK apceHimy ramito, gocdiny iHAaito
raJjiito Toulo.

Ay
0.08

0.06 |
0.04

0.02

1.0 2.0 3
T, poxu

Puc. 1. 3miHa BinHOCHUX Koe(dillieHTiB BigOUTTS Ag_y
(TpUKYTHUKU, KpuBi I, 2) Ta A(ViR) (KBaJpaTUKU, KPUBI
3, 4). Kpusi I, 3 — nna 'CC «Azerspace 2» (maTdopma
SSL-1300) y 2019—2021 pp.; kpusi 2, 4 — st [CC «Cos-
mos 2520»/«Blagovest 11L» (rnardopma «Express-2000») y
2017—2021 pp.

Y ny6nikanisx [2—4, 9, 10] excriepuMeHTab-
HO BM3HAY€HO MOKa3HUKU Kojabopy B — Vta V— R
IUIS1 IesIKMX KOCMiyHUX MaTepianiB. Ha ocHOBI 1iux
IMOKa3HMKIB KOJbOPY BU3HAUMTHU, SIKYy YACTKYy Bim-
OUTTS y KOHKPETHIl CIIEKTpaJbHilA CMy3i BHOCSITh
CII 3 HoBUMU (poTOompuiiMayaMu Ta TaaTdopma i3
30BHIllIHIM KOPUCHUM HaBaHTaXEHHSIM — THTaH-
HSI CKJIaJHE, TOMY IO IS KOKHOTO KOHKPETHOI'O
CYITyTHHKA MOTPiOHO 3HATU: a) e(PEKTUBHY IJIOLLY
BiIOUTTS — S, , 1Ka BUBHAYAETHCS i3 CIIOCTEPEKEHb;
0) criekTpasibHUiA KOCDILIIEHT BIIOUTTA 7V, , BETNUK-
Ha SKOTO, SIK MPaBWIO, AOCTiIHUKAM HEIOCTYITHA
Ta HEeBigoMa.

Ha puc. 1 nokazaHo 3MiHy BifHOCHUX Koedilli-
€HTIB BiIOUTTS A( By A R I'CC «Azerspace 2» Ta
«Cosmos 2520»/«Blagovest 11L» 3 yacom Bia moyat-
Ky POOOTM Y «IMiACYITYyTHUKOBI TOUIli» i BKIIOYHO
1o 2021 p.

ITnarpopma SSL-1300 (Structure, Composite
& Al honeycomb) mouana BupobisaTucs 3 1989 p.,
a «Express-2000» — 3 2014 p. Ciing 3a3Ha4nTH, 11O
3HUXKEHHST ONITUYHUX XapaKTePUCTUK «Azerspace 2»
3 matdopmotro SSL-1300 criocTepira€Tbest MpoTsi-
rOM MepiIoro poky. To0To, oro moBepxHs CTilKi-
1112 10 YMOB KOCMIYHOTO CepeaoBuIIa, HixXK TTOBEpPX-
Hs1 «Cosmos 2520» 3 mmatdopmoio «Express-2000».

ITnarpopma «Eurostar-300» BUTOTOBISIETHCS 3
2004 p., a «Spacebus-400B2» — 3 1985 p. ITomiTt-
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Ay
0.10

0.08

0.06

0.04 f
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0,02 __3__+ 4 444
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Puc. 2. 3vina BimHOCHUX KOedilli€HTIB BiTOUTTS A(Bi,,)
(TPUKYTHUKY, KpuBi I, 2) Ta A/, p (KBaIpaTUKH, KPUBI
3, 4). Kpusi 1, 3 — nnst 'CC «Astra 2» (ruiatdopma «Eu-
rostar-3000») y 2013—2021 pp.; kpuBi 2, 4 — qnst [CC «Si-
cral-2» (rutardopma «Spacebus-4000B2») y 2015—2021 pp.

Ho, 1o ajs «Eurostar-300» Hait6inbIi 3MiHI A(V_ R)
BiOyBalOThCS y TEpIili TPU POKM, KOJIM BidIOBiA-
HUI KoeditieHT A 36inbinyeTses Big 0.05 mo 0.065.
3HayeHHs A (B-yy 1A wiei maTopMu MpakKTUIHO
He 3MIHIOIThCSl Meplli Tpu poku. st cynyTHUKa
«Sicral-2» («Spacebus-4000B2») uikaBuii MpoTH-
JIEXKHUM XiJT KpUBUAX A (B-1) T A (V-R)" Lle TMBOBIXKHO.

CriocTepekeHHsI TPOBOAUIUCH Y IIHPOKOCMY-
roBiii ¢poToMeTpuyHiil cuctemi JIxkoHcoHa — Koy-
3iHca 3 MiBIIMPUHOIO CMYTU IIPOITYCKAHHS 0JIU3bKO
300 uMm. BinmoBigHO Xim KpuBUX Ha puc. 1 Ta 2 ma-
IOTb JIMIIIE 3aTajIbHy XapaKTepUCTUKY 3MiHU BiIOMB-
HUX BlIacTuBOCTel mmoBepxHi KA. BHacmigmok mporo
MOKU HEMOXJIMBO BU3HAYUTH, SIKi camMe KOCMiuHi
MaTepiaii 3MiHIOBAIM CBOI ONTHUYHI SIKOCTI MpPO-
TSITOM CITOCTEpEeXXHOro 4acy. s 1mboro motpioHi
CITOCTEPEKEHHS Y By3bKMX CMEKTPAJbHUX CMYTax 3
MHiBIIMPUHOIO cMyTr¥ MeH1Ie 10 HM, a00 oTpUMaHHS
Ta aHaJli3 IeTajeil CIIeKTpY.

IIpeacraBneHi pe3yjabTaTd BUKJIMKAIOTh iHTEpec
JI0 TPOAOBXEHHSI (DOTOMETPUYHUX CIIOCTEPEXEHD
I'CC na intepsadni 10...15 poxiB.

BUCHOBKH

[IpeacraBieHO pe3ysbTaTh BUKOPUCTAHHSI €KCIle-
PUMEHTAJIbHUX JAHUX JJIs1 BU3HAUCHHS JAerpafallii
onTUYHUX XapakTtepuctuk nopepxHi 'CC Bim yacy
akTuBHOI pobotu I'CC Ha op0irTi.

78

Ha ocHoBi aHanizy UMX JaHMX MOXHa 3pOOUTHU
TaKi BUCHOBKU.

1. 3 yotuprox I'CC 3 pisHMMHU TUIIAMU TIIaTPOP-
mu He BusBiaeHo I'CC, sgkuii Ma€e 3Ha4yHI IlepeBaru
IIOJO0 CTIMKOCTI ONTUYHMX XapaKTEPUCTUK 30BHIIII-
HBOI MOBEPXHIi 10 BILUTMBY KOCMIYHOIO CEPEIOBUINIA.
XapakTep 3MiHU BifOMBHOI cripoMoxkHocTi aist [CC
— piznuit. e npuponno, 6o pi3Hi Tunu CIT ta ruar-
¢hopM BUKOPUCTOBYIOTh Pi3Hi MaTepiaay ITOKPUTTSI.

2. Binbusna 3natHicth moBepxHi 'CC, BUroTOB-
JIEHUX Y APYTOMY HECSATUIIITTI 21-T0 CTOJITTS, OLIbIIT
CTifika IO BIUIMBY KOCMIYHOTO CEpPEOOBMILA, HIX
BiIOMBHA 3/1aTHICTb MOBEPXOHb CYMYTHUKIB, BUTO-
TOBJIEHUX HanpukKiHui 20-ro cToitTtd. Lle Hacmimok
TEXHIYHOTO TIPOTPECy Y BUKOPUCTAaHHI HOBUX TTOJIi-
MEPHUX KOMITO3UILIMHUX MaTepiajliB, TEIJI03aXUC-
HUX TTIOKPUTTIB, JISTKMX KapKaciB pagioaHTeH, Kap-
KaciB COHSIYHUX MaHelei 3 BYIJIEIUIaCTUKY (Kap-
0OH), COHSYHUX I1aHeseil Ha ocHOBI GaAs, CIIoIyK
tuTaHy Tomo. i MaTepianu CTIMKiIIi 7O YMOB KOC-
MiYHOTO CepeloBUIIIA.

3. BigHOCHI KoediuieHTHn A( B-V), A(V_ R) BigoOpa-
JKalOTh iHTerpajJbHUI XapakTep 3MiHM BiZOMBHUX
xapakTepucTuk moBepxHi KA. 3a nmumm xoedirli-
€HTaMU HEMOXJIMBO BU3HAYMTU MaTepial MOBEPXHi
KA, sxuit 3MiHUB BiZOMBHY 30aTHICTb.

4. Ing BU3HAUEHHS Marepiany, IKUi 3MiHUB Bill-
OMBHi BJIACTUBOCTI, TOTPiOHO BUKOPUCTOBYBATH CE-
PeAHBOCMYTOBI UM BY3bKOCMYTOBi (inbTpu. Hagani
1iell MeTo/1 TOTPeOy€e BAOCKOHAIEHHSI.

5. IlopiBHIOIOUM 3MiHY BiZIOMBHUX XapaKTEPUCTUK
TUIIB TJIaTGOPM Pi3HUX TMIAMPUEMCTB, KOMIIaHili-
BUPOOHUKIB CYITYyTHUKIB, MOXHA OLIIHUTH SIKiCTb Ta
HAyKOBO-TE€XHIYHMI ITPOrpec LMX MiAITPUEMCTB.

6. baratoxomipHi (OTOMETPUYHI TOCITIIKEHHS
MOBEPXHi CYIMyTHMKA 3HAYHO ACIIEBIi 3a J1abopa-
TopHi. lleit MeTon OiNbII HOCTOBIpHO BimoOpaxkae
BILUIMB KOCMIYHOTO CepeloBMIIA Ha MTOBEPXHIO Cy-
MyTHUKA, OCKIIbKU (DOTOMETPUYHHUI crmocid pee-
CTPY€E CyMapHUI BIIJIMB BCiX KOCMiUHUX (paKTOPiB
HaBKOJIOCYITYTHUKOBOTO CepeOBUIIIA.

VYV (oroMerpuyHiii 6a3i JaHUX reocralioHapHUX
00’exTiB OmechbKoi acCTpOHOMIYHOI oOcepBaTopii €
OaraTopiuHMii criocTepexxHuii Marepian 3 190 reo-
cTallioHapHUX OO0’€KTiB 3 Pi3HUMM TUMAMU TIIaT-
¢dopM. 3a UMMHU JaHUMU MOXHa OyayBaTH aHaso-
riyHi 3ajexxHocTi 111 okpemux ['CC.
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PHOTOMETRIC METHOD FOR DEGRADATION SURFACE
DETERMINATION OF A GEOSTATIONARY OBJECT

We propose a new method of using photometric data for determining the degradation of the optical parameters of the GSS
surface since the GSS’s active operation in orbit. Experimental data on changes in the coefficients of spectral reflection (degra-
dation) of the surface of several geostationary satellites with different types of space platforms over several years are presented.
Data were obtained from ground-based photometric observations in filters B, V, and R. Among studied satellites, there are ,,As-
tra 2E” (bus Eurostar-3000), ,,Azerspace 2/Intelsat 38” (bus SSL-1300), ,,Sicral 2” (bus Spacebus-4000B2), ,,Cosmos 2520/
Blagovest 111 (bus Ekspress-2000). It was revealed that the nature of the change in the surface reflectivity for the different
satellites differs. Space materials on the surface of geostationary satellites manufactured in the second decade of the 215 century
demonstrate that their surface is more resistant to the aggressive space environment than that of the satellites manufactured in
the late 20t century. Methods for determining the type of space material and its color in different spectral bands using multicolor
photometric observations are proposed. As a continuation or addition to the laboratory method, the authors propose to use the
results of ground-based multicolor photometric observations to determine the degree of degradation of the spacecraft’s surface.

Keywords: space material, degradation, reflective characteristics, B, V, R photometric, space bus.
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Ouster IlaBnoBuuy @enopoB HapoauBcs 4 >KOBTHS
1952 poky. ¥V 1975 poui 3akiHuuB ¢izuuHuii da-
KynbreT KWIBCHKOIro [Iep>KaBHOTO YHiBEpCUTETY
im. T. T. IlleBuenka. 3 1977 no 1995 pp. npaiutoBas B
InctutyTi Metanodizuku HAH Ykpainu Ha mocani
MPOBiIHOTO HAYKOBOTO CHiBpOOiTHMKA. 3aBilyBaB
iHILIAOBAaHOIO HUM J1ab0OpPaTOPi€r0 KOCMIYHOIO Ma-
TepiaJlo3HABCTBA, ¢ Iif HOro KepiBHULITBOM IpO-
BalWJIMCS TOCTIIDKEHHS 3 BUPOIILYBAHHS KPUCTATIiB
B YMOBaX MiKporpasniTallii.

VYV 1992 poltii 3aXxUCTUB NOKTOPCHKY IMCEPTALLilO
Ha TeMy: «KpucranorpagidyHi 0co0IMBOCTI pOCTy i
B3a€EMO/Iii KPUCTAJIB 3 BKIIOUCHHSIMU Y PO3ILIABi».

Hani, BxXe sK AOKTOp (hi3uKo-MareMaTUYHUX
HayK, MPOJOBXUB HAYKOBi TOCIiIXKEHHS 3 KOCMiv-
HUX acleKTiB (hi3MKM TBEPAOTro TiJla Ta HAyKOBO-
opraHizauiitHy misibHicTh B HallioHanbHOMY (HUHI
Jlep>kaBHOMY) KOCMIYHOMY AareHTCTBi YKpaiHH,
CIoyYaTKy $IK HavyaJlbHUK Bimaildy, a motiM 3 1999
POKY — sIK HayaJIbHUK YMpaBJliHHSI ATeHTCTBa. Y
2008 poui 3a poboTy «KocMiuHi cuctemMu, Ipuiagn
Ta METOJIU JIIarHOCTUKM €JIEKTPOMArHiTHUX IOJIiB Y

IcTopiss KOCMIYHHX JOC/IIKEHb
History of Space Research

JlupekTopy
IHCTUTYTY KOCMIYHHX T0CJI/KEHDb
HamnionanbHoi akanemii HayK YKpainu
Ta /lepKaBHOr0 KOCMIYHOT0 areHTCTBA
Ykpainn,
yieny-kopecnonaenty HAH Ykpainu
O. II. PEIOPOBY — 70 POKIB

reokocmoci» O. I1. DegopoB 3 KOJEKTUBOM CITiBaB-
TOpIB OYB BiI3HAYEHUI1 Iep>KaBHOIO TIpeMi€lo YKpa-
1HM B rajy3i HayKu i TexHiku. BiH € aBTopoM KOMII-
JIEKCY eKCTNEPMMEHTAIbHUX AOCHiIKEHb KiHETUKU
Ta MeXaHi3My POCTy KPMUCTaliB 3 pO3IJaBiB, 3aKO-
HOMIpHOCTEI CTPYKTYpOYTBOPEHHSI MaTepiaiiB mpu
COpSIMOBaHil KpUCTalli3allii, BIUIMBY TpaBiTaLliliHOT
KOHBEKIIii Ha picT KpucTaniB. 30Kpema Breplie 10-
CIIIIXKEHO KiHEeTUKY KpHCcTajizalil Tirepriepeoxo-
JIOIXKEHOTO PO3IUIaBY HU3KM PEYOBUH, KPUCTAJIO-
rpagiuyHi OCOOJMBOCTI CHPSIMOBAHOTO TBEPIiHHS
HEOMHOPIAHMX PO3ILIABIB, BIUIUBY PYXOMOIO PO3-
IUIaBy Ha MOPQOJIOTIYHY CTiMKiCcTh (Da30BOi rpaHU-
i, 10 € MiAIPYHTAM Jisi BUPOOJEHHSI HayKOBUX
OCHOB OfIep>KaHHS MaTepiajiiB B KOCMiYHUX YMOBax.
Ha ocHOBi oTprMaHuX pe3yabTaTiB Ta IXHOTO y3a-
ranbHeHHs O. [1. ®enopos onyodsikyBaBy 2010 porri
MoHorpadito «IIpoiieccrl pocTa KpUCTALIOB: KUHE-
THKa, popMooOpa3oBaHUe, HEOTHOPOIHOCTH».

3 2009 poky O. Il. ®enopoB ovomioe IHCTUTYT
KOCMIUHUX JochimkeHb HalioHaibHOT akajaeMii
HayK YKpainu Ta [lep:KaBHOrO KOCMiUHOI'O areHT-
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ctBa Ykpainu. Ilig iioro KepiBHULTBOM iHCTUTYT
YBIMIIIOB 10O CKJIagy YCTaHOB-BMKOHABIIiB MiXHa-
ponHoi nmporpamu FP-7, MixypsimoBoi rpyIm 3 Koc-
miuHux cnoctepexxeHb 3eMiii (GEQ), a Takox Mix-
HapoHOI poOOoYOi Irpymnu 3 iHhOpMaLITHUX CUCTEM
ta cepiciB (WGISS); ctBopeHO MixkHapoaHi TBOpYi
KOJIEKTUBM 3 BUKOHAHHS aKTyaJbHUX TPOEKTIB 3
KOCMIYHUX JOCJIIKEHb (30KpeMa 3 KOCMiYHOI Mo-
roau), BUKOHYIOThCs criibHi mpoexTn HAH Ykpa-
iHu ta JIKA Ykpainu. Y 2013 poui O. I1. @egopoBy
OyJ10 IPUCBOEHE 3BaHHS «3aCIy>KeHUI Iisid HayKu
i TexHiku YKpaiHu», a'y 2015 poli o0paHo WieHOM-
kopecnoHaeHToM HAH Ykpainu.

bararo cun O. I1. ®enopos Biggae opraHizaitii Ta
peryasipHoMy IpoBeJicHHI0 BeceykpaiHchKoi KoH(pe-
PeHIIii 3 KOCMiYHMX JOCJiIXKeHb Ta BceykpaiHChKO1
KOH(EpeHLIii 3 a¢pOKOCMIUHUX CITOCTEPEXKEHbD B iH-
Tepecax CTajJoro pO3BUTKY Ta O€3MeKHu.

O. I1. ®enopoB € aKTUBHUM YJICHOM HU3KU Ha-
mioHanbHux (Pama 3 xocmiunux mocmimkens HAH
Vkpainm, Aconianist «KocMoc» Ta iHImi) Ta MixkHa-
ponHux opranizaiiii, 3okpema COSPAR — MixHa-
poaHoro KomiteTy 3 KOCMIYHUX TOCTiAXKeHb i MixX-
HapOJHOTO KOMITETY 3 CYMYyTHUKOBUX JOCIiIXKEHD
3emuti (CEOS), oO0paHuii UIeHOM-KOPECTOHASCHTOM
MixnHaponHoi akagemii acTpoHaBTUKU. BiH mpen-
cTaBiIsIB YKpaiHy B ictopuuHiii Acam6iiei COSPAR
y nunHi 2022 poky, Ae 3a MoJaHHsSIM YKpaiHu Oyno
NpU3yNUHEHe WIEHCTBO B 1l opraHisamii Akamemii
Hayk Pocii yepes ii macuBHy MiATPpUMKY BiliCbKOBO-
ro BTOPrHEHHsI B YKpaiHy pOCiiCbKUX BiliChK.

[Tig kxepiBHuutBoMm O. I1. ®denoposa Ta 6Ge3ro-
CepeHbO 3a MOro y4yacTio po3po0JIEHO HAyKOBO-
METONMYHI Migxoau A0 (OpMyBaHHS KOCMIUYHUX
nporpam YKpaiHu Ha MiXXHapOJAHOMY, 1epKaBHOMY
PiBHSIX, a TAKOX IUIAHYBaHHSI KOCMIYHMX €KCIIepH-
MEHTIB 3 BUKOPUCTAHHSIM YKPaIHChKUX CYITyTHUKIB.
Bin € HaykoBuM KepiBHUKOM LlisiboBOi mporpamu
HaykoBux pociimkenb HAH VYxpainum «Aepoxoc-
MiYHi CIIOCTEPEXXEHHS JTOBKIJUIS B IHTEpECax cTajao-
ro PO3BUTKY Ta O€3MEKM».

Big moyaTky HOBOTO TMCSIYOJITTS i JO HUHIIIHIX
nHiB O. 1. ®egopoB BUCTYIIA€ aKTUBHUM MpOIIaraH-
JIMCTOM YKpPaiHCBKOI JepKaBHOI KOCMIYHOI IIporpa-
MU, HAaMara€eTbCs JOBECTH Ha BCIiX PIBHSX 11 BaXKIIM-
BICTb 1 aKTyaJIbHICTb, IKMMM O CKJIaTHUMU He Oy
vacu. Oner [1aBnoBuy € aBropom MoHorpagii «Koc-
MiYHa HisUTbHICTb: MiAXOAW IO PO3pOOKM CTpaTerii
Why Space for Ukraine?» Ta aHaJiTUYHOI JOTOBIII
«IlepcrieKTMBM BUKOPUCTAHHSI CYMYTHUKOBOI iH-
dopmaliii 111 MOHITOPUHTY HOCSATHEHHS 1iiJieil cTa-
JIOTO PO3BUTKY YKpaiHu». BiH MOCTiiiHO HaroJolrye
Ha HEOOXiTHOCTI BCTymy YKpaiHu 10 €BpoIeiicbKoro
KOCMIYHOIO areHTCTBa K OMHIill 3 TOJIOBHUX YMOB
PO3BUTKY YKPaiHCHKOI KOCMIYHOI HAyKU.

Pedakuiiina koaecia ma xorekmue pedaxyii yucyp-
Hany «Kocmiyna Hayka i mexnonoeis» ujupocepoHo
gimaroms wanosnozo Oneea [lagrosuua 3i crasHum
rosineem i 3uuamo oMy 006poeo 300pos’s, eapHoeo Ha-
Cmpoio, NOOANLUUX YCNIXIB Y 11020 HAYKOGIH ma opea-
Hi3amopcoKiil disiavHocmi!
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