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Abstract—This article presents a method for adaptive integrated processing of visual and inertial data in
mobile robotic systems under conditions of sensor noise and temporal inconsistency. The method
combines state prediction, sensor observation modelling, uncertainty estimation, and adaptive weighting
of heterogeneous measurements according to their current reliability. Unlike fixed-weight fusion, the
proposed approach dynamically redistributes the contribution of visual and inertial data during state
estimation. Simulation results demonstrate reduced positioning error and improved stability under sensor
degradation and temporal delays. The method can be applied in autonomous navigation and positioning

systems operating under uncertain conditions.
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I. INTRODUCTION

Modern mobile robotic systems operating in
dynamic and uncertain environments require highly
accurate and stable navigation mechanisms capable
of processing heterogeneous sensory information in
real time. The rapid development of autonomous
robotic platforms has significantly increased the
importance of multisensor data processing
technologies, particularly in tasks related to spatial
positioning, trajectory estimation, environment
mapping, and adaptive motion control.

In such systems, visual and inertial sensors are
among the primary sources of information used for
estimating the current state of the robotic platform.

However, the separate use of visual or inertial
data does not provide sufficient robustness under
conditions of sensor noise, temporary signal loss,
changing  illumination  conditions,  dynamic
obstacles, and temporal inconsistencies of
information flows. Visual data processing systems
are sensitive to image degradation, motion blur, and
environmental  variability, = whereas  inertial
navigation systems are characterised by gradual
accumulation of positioning errors over time. As a
result, autonomous robotic systems require
integrated approaches capable of combining
heterogeneous sensor data into a unified information
representation.

The problem of integrated visual-inertial data
analysis is particularly relevant for mobile robotic

systems operating in complex environments where
the reliability and stability of navigation directly
affect the efficiency of autonomous movement and
decision-making processes.

The integration of multisource sensor information
allows compensating local errors of individual
measurement channels, improving the accuracy of
state estimation, and increasing the stability of
trajectory formation.

Existing approaches to multisensor data fusion
mainly focus either on low-level sensor integration
or on isolated trajectory estimation techniques. At
the same time, many existing methods do not
sufficiently consider the influence of temporal
delays, uncertainty propagation, inconsistency of
information flows, and adaptive correction of spatial
position estimates under dynamically changing
operating conditions. Therefore, the development of
methods for integrated analysis of visual-inertial
data remains an important scientific and practical
problem.

The aim of this work is to develop a method for
integrated analysis of visual-inertial data of a mobile
robotic system, which provides coordinated
processing of heterogeneous information flows and
improves the accuracy and stability of spatial state
estimation under uncertainty conditions.

To achieve this goal, the structure of visual and
inertial information flows in mobile robotic systems
is analysed, an integrated multisensor data
processing structure is developed, and the processes
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of state estimation and uncertainty modelling are
formalised. In addition, a mathematical framework
for coordinated processing of heterogeneous sensor
information is proposed, followed by simulation
modelling and comparative evaluation of the
developed approach.

The scientific novelty of the proposed method
lies in the development of an integrated approach for
coordinated processing of visual and inertial
information flows that takes into account temporal
inconsistencies, sensor uncertainty, and adaptive
trajectory correction within a unified state estimation
framework.

The practical significance of the obtained results
consists in the possibility of applying the proposed
method in  autonomous navigation, spatial
positioning, and adaptive control systems of mobile
robotic platforms operating under conditions of
uncertainty, sensor disturbances, and dynamically
changing environments.

II. LITERATURE ANALYSIS

The rapid development of mobile robotic systems
and autonomous navigation technologies has
significantly increased the importance of integrated
processing of heterogeneous sensory information.
Modern robotic platforms require reliable methods for
analysing visual, inertial, and telemetry data under
conditions of uncertainty, dynamic environmental
changes, and temporal inconsistencies of information
flows. Therefore, the problem of multisensor data
fusion remains an important research area in
information ~ systems and robotic  navigation
technologies.

Theoretical and methodological foundations of
information processing and decision support systems
are presented in [1], where considerable attention is
devoted to mathematical support for complex
information systems operating under uncertainty
conditions. The approaches described in this work
provide a basis for the formalisation of multisource
information processing and state estimation tasks in
autonomous robotic platforms.

The application of bio-inspired and population-
based optimisation methods in information systems is
considered in [2], [5], and [6]. These approaches
demonstrate the possibility of solving complex
optimisation problems characterised by nonlinear
dependencies and multidimensional parameter spaces.
Their application in autonomous systems confirms the
relevance of adaptive computational procedures for
processing  heterogeneous  information  under
dynamically changing operating conditions.

In article [3], a methodological approach for
assessing the condition of complex organisational and
technical systems is proposed. The presented methods
focus on analysing the behaviour of systems under
uncertainty and can be applied for evaluating the

stability and reliability of autonomous robotic
platforms functioning in dynamically changing
environments.

The scientific-method apparatus for improving
information processing efficiency using artificial
intelligence methods is presented in [4].

The proposed approaches to data processing and
adaptive analysis form the basis for developing
integrated methods of visual-inertial information fusion
in mobile robotic systems.

The problem of synchronisation of distributed
sensor systems is investigated in [7], where a wireless
sensor synchronisation method is proposed for
monitoring short-term events. Temporal
synchronisation of information flows is one of the key
factors affecting the efficiency of integrated processing
of visual and inertial data, particularly in real-time
navigation systems.

The application of edge computing technologies for
processing distributed information flows in Internet of
Things environments is considered in [8].

The proposed approaches to distributed data
processing and adaptive interaction between
computational nodes are relevant for mobile robotic
systems operating with limited computational
resources and real-time requirements.

Works [9] — [18], a method for managing a group
of unmanned aerial vehicles using a population
algorithm is developed.

At the same time, analysis of the existing studies
shows that many approaches mainly focus on isolated
optimisation,  synchronisation, or  information
processing tasks without sufficient consideration of
coordinated integration of visual and inertial
information flows within a unified state estimation
framework.

In addition, the influence of temporal
inconsistencies, uncertainty propagation, and adaptive
correction  of  trajectory  estimation  remains
insufficiently investigated.

III. PROBLEM STATEMENT

Modern mobile robotic systems operating in
dynamic and uncertain environments require accurate
and stable methods for estimating spatial position,
trajectory parameters, and the current state of the
platform.

Autonomous navigation systems rely on
heterogeneous sensor information obtained from
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visual and inertial measurement modules, which
differ in data structure, update frequency, reliability,
and sensitivity to external disturbances.

Under real operating conditions, the processing of
such information is complicated by measurement
noise, temporal delays, partial loss of sensor data, and
inconsistencies between information flows.

The use of visual information allows obtaining
detailed spatial characteristics of the environment and
performing trajectory estimation based on image
analysis. However, visual navigation systems are
highly sensitive to changes in illumination conditions,
motion blur, dynamic obstacles, and image
degradation.

At the same time, inertial measurement systems
provide continuous estimation of motion parameters
independently of external visibility conditions, but
they are characterised by gradual accumulation of
positioning errors during long-term operation.

As a result, the separate use of visual or inertial
information does not provide the required level of
robustness and positioning accuracy for mobile
robotic systems functioning under uncertainty
conditions.

This necessitates the development of integrated
methods capable of coordinated processing of
heterogeneous sensory information within a unified
state estimation framework.

The problem considered in this work consists in
developing a method for integrated analysis of visual-
inertial data of a mobile robotic system that ensures
coordinated fusion of heterogeneous information
flows, reduces the influence of sensor uncertainty and
temporal inconsistencies, and improves the accuracy
and stability of spatial state estimation during
autonomous navigation.

To solve the stated problem, it is necessary to
develop an integrated structure for multisensor data
processing, formalise the processes of information
fusion and uncertainty estimation, and construct a
mathematical framework for coordinated processing
of visual and inertial information under conditions of
noise, temporal delays, and dynamic environmental
changes.

The proposed approach should provide stable
trajectory  estimation, adaptive correction of
positioning errors, and increased robustness of the
mobile robotic system to disturbances affecting
individual sensor channels.

Let M denote the set of visual and inertial
measurement channels. At discrete time instant £,

each sensor provides an observation z{™, its

timestamp 7", and measurement uncertainty matrix

R, me M . The state of the mobile robotic system

is described by x,, while its predicted value x, is

obtained from the previous state and the motion
model.
The problem is to determine the estimate x, that

minimises the inconsistency between the predicted
state and heterogeneous sensor observations, taking
into account their current reliability:

(= x) (B (= x)

X, =argmin, |+ D al (z" = h" (x )" .
meM

R = h ()
The weighting coefficients satisfy:

Z al™ =1,

meM

al” >0, |t —t" <AL,
Therefore, the research task consists in developing
a procedure for determining the adaptive coefficients

(") and performing state correction depending on

O

temporal inconsistency, measurement uncertainty,
and consistency of each sensor observation with the
predicted system state.

IV. ELEMENTS OF THE METHODOLOGICAL
FRAMEWORK

In autonomous navigation tasks of mobile robotic
systems, special importance is attached to ensuring
coordinated processing of multisensor data
generated by heterogeneous measurement modules.
The use of only one source of information does not
provide the required level of reliability for
determining the spatial position of the system under
conditions of dynamic environmental changes,
disturbances, partial data loss, and temporal
inconsistency of information flows.

In this regard, the problem of integrated
processing of visual and inertial data with the
formation of a unified information observation space
becomes relevant.

The functioning of a mobile robotic system is
based on a continuous process of acquisition,
transmission, synchronisation, and analysis of data
obtained from sensor modules.

Such data include video streams, inertial
measurements, spatial positioning parameters,
motion characteristics, and service telemetry
information.

At the same time, different data arrival
frequencies, transmission delays, limited
computational resources, and the influence of

external factors lead to the emergence of uncertainty
during estimation of the current system state.
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To ensure stable operation of autonomous
navigation systems, it is advisable to use an
integrated information technology that combines
data from different sensors within a unified process
of mobile platform state estimation. Such an
approach makes it possible to improve trajectory
estimation accuracy, reduce the influence of local
errors of individual measurement modules, and

RGB camera image

provide adaptive correction of motion parameters in
real time. The structure of integrated processing of
sensor information flows of the mobile robotic
system is shown in Fig. 1.

The presented scheme illustrates the process of
formation and coordination of data obtained from
visual and inertial sensors with subsequent trajectory
generation and environment map construction.
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Fig. 1. A generalised scheme for the integrated processing of visual and inertial data

The presented structure includes a visual data
formation module, an inertial measurement unit, a
motion parameter estimation subsystem, an
environment mapping module, and a control signal
generation system.

The main feature of the proposed scheme is the
organisation of a unified information processing
loop within which heterogeneous data flows are
coordinated and adaptive refinement of the system
spatial position parameters is performed.

During system operation, data from sensor
modules are transmitted to the integrated processing
subsystem, where synchronisation, filtering, and
formation of a  coordinated  information
representation of the environment are carried out.

Based on the obtained results, trajectory
estimation of the mobile platform and generation of
control signals for stabilisation of the navigation
process are performed. In addition, the integrated
processing subsystem ensures continuous updating
of spatial information during the movement of the
robotic platform.

This makes it possible to improve the consistency
of navigation data and reduce the influence of
temporary instability of individual sensor channels.

The proposed approach also supports adaptive
interaction between computational and sensor
modules depending on changes in operating
conditions and the current state of the environment.
Such adaptability increases the robustness of the
navigation process under conditions of uncertainty
and dynamic external disturbances.

The architecture of information interaction
between the components of the mobile robotic
system is shown in Fig. 2.

The  presented  structure  reflects  the
interconnection between computational modules,
sensor devices, the automated control system, and
the external environment.

The presented architecture provides functional
distribution between the levels of data acquisition,
information  processing, and control signal
generation.

The lower level ensures data acquisition from
measurement and executive devices, the middle
level implements sensor information processing and
supports automated control algorithms, while the
upper level performs coordination of navigation
processes, trajectory planning, and information
exchange with external computational systems.
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Fig. 2. Architecture of information exchange between components

The use of the proposed architecture makes it
possible to ensure system scalability, coordinated
interaction of hardware and software components,
and adaptive management of data flows depending
on the operating conditions of the mobile robotic
platform.

To formalise the process of integrated processing
of visual-inertial data, it is necessary to move from
the structural description of the system to the
mathematical representation of its information
flows, states, and data coordination mechanisms.

The schemes presented in Figs 1 and 2 illustrate
the general logic of interaction between sensor,
computational, and control components; however,
for further analysis, these processes should be
described as a sequence of formalised stages.

Step 1. Formation of a multicomponent
information flow. At the first stage, sensor data are
represented as a set of heterogeneous information
flows received from visual, inertial, and control
modules:

D(t)={V (1), 1(1), P(t),U(t)}, te[0,T],

where D(¢) is the multicomponent information flow
at time ¢; V(¢) is the visual data flow; I(¢) is the
inertial measurement flow; P(¢), is the positioning
data flow; U(t) is the control information flow; ¢ is

the current time instant; and 7T is the duration of the
considered observation interval.

Step 2. Description of the mobile system state
vector. The current state of the system is represented
as a multidimensional vector combining spatial
coordinates, velocity, orientation, and derived
motion parameters:

T
[T T T T T
X _[rk Vi Oy w b ] >

where v/ is the linear velocity vector; @] is the
orientation vector; w, is the angular velocity vector;

b, is the vector of sensor bias parameters.

Step 3. System state prediction model. The
dynamics of state variation are described using a
nonlinear transition model that takes into account the
previous state, control input, and external
disturbances:

Xt :f(xk ’uk’Atk)_'_Gka’

where f'(-)is the nonlinear state transition function
describing the system dynamics; u, is the control
input vector; Ar, is the time interval; G, 1is the
process noise influence matrix; w, is the process
noise vector.

Step 4. Sensor observation model. Measurements
obtained from different sensor modules are
represented as the result of observing the current
system state with consideration of measurement
noise:

z" =h" (x)+v", m=1..,M.
Step 5. Coordination of heterogeneous sensor
information flows.
We determine the time inconsistency of each

source:

A" =t -1,
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We determine the discrepancy between the
sensor measurements and the predicted state:

’,;{(M) _Z(m) B (x/;)

We define the normalised measure of observation
inconsistency:

T -1
dlim)z(l/}c(m)) (S;Em)) rk(m)’
T
(m) _ pr(m p= ( prm (m)
S =H"P (H™) +R".
where d{™ is the normalised inconsistency measure

S is the

innovation covariance matrix; H\™ is the Jacobian

of the m-th sensor observation;

matrix; R is the prior covariance matrix of the
predicted state estimation error.

We introduce a rule for discarding clearly
unreliable measurements:

w )L
v ={0’

(m)

(m)
d"™ <d_,

otherwise.

CAALM <At

max ?

where v,” is the binary validity indicator of the m-th
the
allowable value of the normalised inconsistency

measure,

sensor measurement; d is maximum

max

We are formulating a specific assessment of
current reliability:

o €XP[ AL =0 d ]

4" =
‘ 3 e+ tr(R,ﬁ’”) )
Normalisation:
(m)
OL;{m) Qk
z q(l)
where o\ is the normalised weighting coefficient

of the m-th sensor channel at the k-th step.

Step 6. Uncertainty estimation of the integrated
state.

To consider the influence of noise, errors, and
temporal inconsistencies, a covariance representation
of state estimation uncertainty is introduced:

i Sar () J

Step 7. Formation of the coordinated state
estimation criterion.

At the final stage, a criterion is formed that
minimises the deviation between the predicted and
observed system states while taking uncertainty into
account:

= (Z/t —H,% )T (Pk* )71 (ZZ

Step 8. Determination of the optimal integrated
State estimate:

—H,(xk)—>m1n.

-1
|:(P )—I + Z 0v(m) (Hlim) )T (R]E,M) )—1 H]Em) :| %

m=1

|:(P ) X, +ZOL(M)(H(M)) (R(m))l (m):|.

m=1
Step 9. Adaptive updating of sensor reliability
coefficients. Once the data X, has been received, we
determine the offset for each sensor:

K =2~ p (%),

We determine the comprehensive reliability
measure:

q(”’) 3 exp[ —A (rk(m)) (R(’”)) 1 (m) szt/Evm)J
=

g+ tr(R™

b

where ¢ is a small positive constant preventing
division by zero; and tr(R"™) is the trace of the

measurement noise covariance matrix of the m-th
sensor channel.

We define the weights for the next iteration:

(m)
(m) _ Qk
akﬂ -

zq(/)

To verify the operablhty of the proposed
mathematical model, simulation modelling was
performed in the Python environment.

Figure 3 (a, b) shows the dynamics of positioning
error and the corresponding redistribution of visual
and inertial sensor weights during the simulation
process. Increased visual measurement noise and
temporal delay lead to a reduction in the
contribution of the visual channel, while the weight
of the inertial measurements increases.

During the interval of increased inertial
measurement noise, the opposite redistribution is
observed. The proposed adaptive fusion method
provides the lowest positioning error compared with
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visual-only, inertial-only, and fixed-weight fusion
approaches.

The obtained results confirm that adaptive
adjustment of sensor contributions according to their
current reliability, measurement uncertainty, and
temporal consistency improves the accuracy and
stability of spatial state estimation.

Figure 4 (a, b) shows the influence of visual
measurement noise and temporal delay on the
positioning RMSE. The fixed-weight fusion
approach demonstrates a substantial increase in error
as the degradation of the visual channel grows.

The proposed adaptive fusion method maintains
lower RMSE values over the considered parameter
range due to dynamic adjustment of sensor
contributions. This confirms improved robustness of
the proposed method to uncertainty and temporal
inconsistency of multisensor information.
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Fig. 3. Dynamics of positioning error and corresponding
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Figure 5 shows the spatial distribution of the
position estimation error of the mobile robotic

system along the X and Y coordinates. The points
represent individual position estimation results,
while the ellipses characterise the error dispersion
region for each data processing approach.
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Fig. 5. Spatial distribution of error

The largest dispersion area is observed when
visual and inertial data are used separately. Integrated
processing forms a more compact error region located
closer to the reference position, which indicates
improved spatial stability of the estimation process.

The constructed graphical dependencies confirm
the effectiveness of the proposed approach to
integrated processing of visual-inertial data of a
mobile robotic system under conditions of
uncertainty, sensor measurement noise, and temporal
inconsistency of information flows.

The simulation results demonstrate that separate
use of visual or inertial data leads to gradual
accumulation of positioning errors, increased
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instability of state estimation, and significant spatial
deviation of the motion trajectory.

At the same time, integrated processing of
heterogeneous sensor information flows provides
mutual compensation of local errors of individual
information sources, which makes it possible to
improve the accuracy of spatial state estimation of
the mobile robotic system. Analysis of the obtained
results demonstrates a reduction in average and
maximum positioning errors, improved trajectory
stability, and a decrease in the spatial error
dispersion area compared to methods based on
separate data processing.

In addition, the simulation results confirm that
the proposed approach is characterised by lower
sensitivity to sensor measurement noise and
temporal delays in data transmission. This makes it
possible to ensure more stable operation of the
autonomous navigation system under conditions of
dynamic environmental changes and partial
degradation of individual measurement channels.

The obtained results confirm the feasibility of
applying integrated processing of visual-inertial data
in tasks of autonomous navigation, spatial
positioning, and adaptive control of mobile robotic
platforms. They also demonstrate the possibility of
practical application of the proposed approach in
systems operating under conditions of increased
uncertainty and limited reliability of sensor
information.

To quantitatively evaluate the effectiveness of the
proposed approach, a comparative analysis of
separate and integrated sensor data processing
results was carried out (Table I).

TABLE L. COMPARATIVE ANALYSIS
Processing method | RMSE | Average | Maximum
error error
Visual data 0.339 0.259 1.179
Inertial data 0.367 0.292 1.139
Integrated 0.246 0.208 0.636
processing
Proposed adaptive 0.174 0.149 0.547
fusion

The data presented in Table I demonstrate the
advantage of adaptive visual-inertial data fusion
over both separate sensor processing and
conventional fixed-weight fusion.

The proposed method provides the lowest RMSE
of 0.174 and the lowest average positioning error of
0.149, whereas the corresponding values for fixed-
weight fusion are 0.246 and 0.208. The maximum
positioning error is also reduced from 0.636 for
fixed-weight fusion to 0.547 for the proposed
method. These results indicate that adaptive
redistribution of sensor contributions according to

measurement reliability and temporal consistency
improves both the accuracy and stability of mobile
robotic system state estimation.

VI. CONCLUSIONS

This paper considered the problem of integrated
processing of visual-inertial data in autonomous
navigation systems of mobile robotic platforms. The
conducted analysis demonstrated that the use of only
one source of sensor information does not provide
the required level of accuracy and stability of spatial
state estimation under conditions of sensor noise,
temporal delays, and dynamic changes in
environmental parameters. In this regard, the
problem of coordinating heterogeneous information
flows with the formation of a unified integrated
representation of the mobile platform state becomes
highly relevant.

During the research, a generalised structure for
integrated multisensor data processing was
developed, combining visual and inertial
information flows within a unified system state
estimation loop. The proposed architecture ensures
coordinated interaction between sensor,
computational, and control components and supports
adaptive trajectory formation of the mobile robotic
system in real time.

A mathematical framework for integrated data
processing was developed in the study, including
formalisation of the multicomponent information
flow, description of the system state vector,
prediction and sensor observation models,
procedures for coordinating heterogeneous data
flows, and uncertainty estimation mechanisms. The
proposed approach makes it possible to consider the
influence of measurement noise, temporal
inconsistency of information flows, and local errors
of individual sensor sources.

To wverify the effectiveness of the proposed
approach, simulation modelling of integrated visual-
inertial data processing was carried out.

The obtained simulation results confirmed that
integrated processing improves the accuracy of
spatial state estimation of the mobile robotic system,
reduces error accumulation, and increases resistance
to destabilising factors compared to separate use of
visual or inertial information. Analysis of graphical
dependencies and comparative evaluation results
demonstrated a reduction in the spatial error
dispersion area and the formation of a more stable
system motion trajectory.

The practical significance of the obtained results
lies in the possibility of applying the proposed
approach in autonomous navigation, spatial
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positioning, and adaptive control systems of mobile
robotic platforms operating under conditions of
uncertainty, limited reliability of sensor information,
and dynamic environmental changes. The proposed
solutions can be used in the development of
information technologies for integrated multisensor
data processing in modern autonomous robotic
systems.
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C. O. KamkeBuu, C. B. Ilogenbchbkmii. MeTox iHTerpoBaHOro aHaJidy Bi3yaJbHO-iHepUiaJbHUX JaHHUX
MOOiTbLHOT POOOTOTEXHIYHOT CCTEMH

VY craTTi NpencTaBiIeHO METOJ aJAlTHUBHOI 1HTErpoBaHOi OOpPOOKM Bi3yaJbHUX Ta IHEpPLIAJIbHUX JaHUX MOOUILHHX
POOOTOTEXHIYHUX CHUCTEM B YMOBaxX IIYMIB CEHCOPHHX BHMIpIOBaHb 1 YaCOBOI HEY3TOKEHOCTI iHpopmamii. MeTtox
MIO€/THY€ TIPOTHO3YBAHHS CTaHy, MOJIEIIOBAHHS CEHCOPHHUX CIOCTEPEXKEHb, OIIHIOBAaHHS HEBH3HAYEHOCTI Ta a/IallTHBHE
3Ba)KyBaHHS Pi3HOPITHUX BUMIpPIOBAaHb BIAIMOBIIHO N0 iX moToYHOi HamiiHOCTI. Ha BiqMiHy Bix 00’€mMHaHHA HaHUX i3
(ikcOBaHUMHU BaroBUMH Koe(illieHTaMH, 3alpOIOHOBAaHHMN MiAXid 3a0e3redye AWHAMIYHUN Tepepo3MOAisl BHECKY
Bi3yalIbHUX Ta iHEpIliaIbHUX JaHUX Y MPOILECi OIiHIOBaHHS CcTaHy. Pe3ynbraTd iMITamiiHOTO MOJETIOBAHHS MOKA3alu
3MEHIIICHHS MTOXUOKH IMO3UI[IOHYBAaHHS Ta MiABUIICHHS CTIHKOCTI OLIHIOBAaHHS 32 YMOB JIeTpajallii CCHCOPHHUX TaHUX 1
4acOBHX 3aTPUMOK. MeTox Moxe OyTH BUKOPDHCTAHUH y CHCTeMax aBTOHOMHOI HaBiraimii Ta MO3HIIOHYBaHHS, IO
(GYHKIIOHYIOTh B YMOBaX HEBU3HAYEHOCT!.

KorouoBi cioBa: MoOinbHa pOOOTOTEXHIYHA CHCTEMa, Bi3yalbHO-IHEpLiiiHI JaHi, iHTerpoBaHa oOpoOKa aHHMX,
00’eHaHHS JaHMX 3 PI3HHMX JATYMKIB, aBTOHOMHA HaBiraiisi, OIiHKa CTaHy, IUIAHYBaHHS TPAEKTOPIii, MOZENb 00pOOKH
iHpOopMaIIii.
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