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The article considers the development of a Data Fusion method using the Extended Kalman
Filter (EKF) to enhance the efficiency of collaborative robots operating in Industry 5.0 production
scenarios, where the key task is to ensure adaptability, safety, and accuracy of human—-machine
interaction. The object of the study is the process of processing signals from heterogeneous
sensors - the OV5647 camera, the HC-SR04 ultrasonic sensor, the MPU6050 inertial module,
and odometry - which together form a multisensor information system of a mobile manipulator
robot. The subject of the research includes models, methods, and algorithmic support for data
integration aimed at creating a consistent and unified representation of the robot’s state and its
surrounding environment. The goal is to develop a robust and adaptive information fusion
method that compensates for measurement errors, reduces noise impact, and improves the
consistency of sensor readings under dynamically changing environmental conditions. Within
the study, an implementation of the EKF is proposed, in which the system state is predicted
using a physical motion model, and subsequent updates are performed for each sensor
considering their frequency and signal delays. The mathematical formulation of the method
includes nonlinear process and measurement models, covariance matrices, Jacobian
derivatives, and innovation estimation, which together ensure the filter's stability even in the
presence of stochastic disturbances and measurement noise. Numerical simulations have
shown that the “raw” sensor data are characterized by different mean values and dispersions
(for example, HC-SR04 — 100 cm with 20 cm deviation, camera — 50 cm with £5 cm deviation),
whereas the fused data demonstrate a smoothed trajectory with an average of about 68-70 cm
and reduced variance to 8-10 cm. This indicates effective noise suppression and improved
localization accuracy. The developed algorithm also provides robustness against temporary
sensor signal loss, enables real-time state estimation, and supports asynchronous processing
of multi-frequency data streams. The use of the Mahalanobis distance metric for measurement
association improves the accuracy of relevant data selection, minimizes the influence of false
observations, and enhances the safety of human-robot interaction. The results confirm that
applying the Extended Kalman Filter in the Data Fusion process significantly improves distance
estimation quality, navigation accuracy, motion smoothness, and control reliability under
conditions of incomplete information. The conclusions emphasize that the proposed method is
universal, scalable, and suitable for integration into adaptive control systems of next-generation
collaborative robots operating in complex and uncertain environments within the framework of
the Industry 5.0 concept.

Knro4doei cnoea: Data Fusion, Extended Kalman Filter, collaborative robots, sensor integration,
Industry 5.0, mobile platform, adaptive control, navigation, sensors.

Introducton

In the current context of the development of intelligent production systems within
the Industry 5.0 concept, there is a growing need to create collaborative robots capable
of effectively interacting with humans and adapting to dynamic working environments
[1-3]. One of the key areas for ensuring such adaptability is the development of
methods for integrating data from heterogeneous sensor systems, which allow for a
more accurate and coordinated understanding of the state of the robot and its
environment. In this context, the concept of data fusion is considered a critical
information processing tool, since individual sensors, such as lidars, cameras,
ultrasonic sensors, IMUs, or odometry, have limitations related to measurement errors,
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sensitivity to noise, and operating conditions [4-6]. Combining their data into a single
model compensates for the weaknesses of each sensor and ensures increased
accuracy and reliability of decision-making. The use of Extended Kalman Filter in the
Data Fusion process on mobile robotic manipulation platforms opens up opportunities
for effective trajectory tracking, improved navigation, and ensuring stability in
dynamically changing environments [7, 8]. This is especially important for collaborative
robots, which must take into account the presence of humans, minimize the risk of
collisions, and ensure safe interaction in real time [9-11]. Thus, the relevance of the
research lies in creating a method that combines the flexibility of Data Fusion with the
mathematical stability of the Extended Kalman Filter, providing a new level of
intelligence and autonomy for collaborative robots in the context of Industry 5.0.

Problem statement. The research problem is that collaborative robots operating
in the dynamic production environment of Industry 5.0 are faced with the need to
process large amounts of heterogeneous sensor data, which individually contain noise,
errors, and limitations. The lack of an effective method for integrating this data makes
it difficult to accurately determine the state of the robot and its environment, which
reduces the safety, reliability, and adaptability of the system.

The goal of this work is to develop a robust and adaptive method of information
integration that compensates for the errors and limitations of individual sensors,
ensuring the accuracy and reliability of the collaborative robot system.

1. Development of mathematical support Data Fusion method

Data Fusion in the context of developing a method for merging sensor data to
determine the environment of a mobile robotic manipulation platform within the
framework of Industry 5.0 concepts is the process of integrating, combining, and
reconciling information from heterogeneous sensors (lidars, cameras, ultrasonic
sensors, IMUs, odometers, etc.) to form a unified, more accurate, and reliable picture
of the robot's status and its working environment [12-14]. This approach allows
compensating for the limitations of each individual sensor, reducing the impact of noise
and measurement errors, and increasing the system's resistance to dynamic changes
in the workspace. Within Industry 5.0, the emphasis is on close interaction between
humans and robots, which requires a high level of safety, adaptability, and accuracy in
determining the environment [15]. The use of Data Fusion enables the platform to
respond quickly to the appearance of moving objects, predict their trajectories, and
adjust its own behavior to avoid collisions. The rationale for choosing this approach is
based on the fact that combined data increases the reliability of localization and
navigation, which is especially important in complex, saturated, and unpredictable
production environments where several robots and humans work simultaneously [16-
18]. Thus, Data Fusion is a key technology for creating “smart” sensor systems capable
of adapting to changes and maintaining effective cooperation in the conditions of new-
generation industrial automation [19-21].

The idea of implementing the Data Fusion method using the Extended Kalman
Filter (EKF): the entire state vector is processed centrally. We perform a forecast using
a physical (process) model, and then apply updates for each sensor in turn or in
combination, taking into account their frequency and delay [22-24].

Below is a complete mathematical representation of the EKF filter in the form of
a nonlinear system model, along with a detailed description of all parameters, their
purpose, and practical aspects of configuration. In addition, alternatives to the
Unscented Kalman Filter (UKF) [24] and Particle Filter (PF) [25] and their key
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parameters are briefly presented. All formulas are given in a discrete time unified form
with a step index.

1. Nonlinear system model.

— predictive process model:

S =SSt + Wi 15w 1 I N@O,0; 1) (1)
— measurement model:
2 =h(sp)+vi,vi UNO,R;) (2)
Where: s, € R* — state vector in step k (platform, manipulator, objects);

u,_, — vector of control inputs (commands to actuators) at step k—1;
f () — nonlinear function of the process (kinematics/dynamics), predicts state
transition; wj,_; — process noise (process uncertainty model);
Qx_1 — covariance matrix of process noise (dimension n X n);
z,, € R™ — measurement vector (all sensors, or their concatenation);
h(-) — nonlinear observation function (projection, odometry, ultrasound, etc.);
v, — measurement noise R, — its covariation (m x m).
2. Step-by-step presentation of EKF
- initialization model, describes the initial conditions for the operation of the EKF
filtering algorithm and specifies the starting point for the system state estimation and
the level of confidence in this estimation.
Sop = Elspl, Pog = Cov(sy) (3)

Where: s, — the actual but unknown initial state of the system (e.g., position, velocity,
orientation of the robot); E[s,] — the mathematical expectation of this state, i.e.,
the best available initial estimate based on prior information or previous
measurements; Cov(sy) — the initial covariance matrix of the state error
reflects the uncertainty or confidence level of the initial estimate $,,. The
diagonal elements of this matrix are the variances of individual state
components (e.g., errorin X, Y, velocity, angle; description given in Table 3.1),
and the off-diagonal elements are the correlations between the errors of
different variables. The logic is as follows: the larger the values in Py, the less
confident the system is in its initial state, and the more it will rely on new sensor
data.

As a result, these two parameters are the foundation for the filter to start
working, where 3, sets the “reference point” for the estimate, and Py, - is the degree
of confidence in it, which will affect the speed and accuracy of the convergence of the
state estimate during further work.

- the prediction model (Prediction/Time update) in EKF sets the mathematical
mechanism by which the current assessment of the system's state is transferred to the
moment in time before the next measurement and serves as an a priori assessment
for the correction step.

Sipk—1 = S Sk—1k—1-Ys-1)

af
Frq= i 4)
S:sk—l|k—1,u:uk,1

T
Pri—1 = Fr 1P 1F51 + Qi

The equation §k|k_1 = f(§k_1|k_1,uk_1) means: the predicted (a priori) estimate

of the state at the moment k is obtained by substituting the latest post-factum estimate
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§k_1|k_1 and control commands u(k —1) into the process (kinematically or dynamically

justified) model f. Here f is a nonlinear function describing the actual state transition
over time At: for a platform, this can be kinematic integration x;_; = x; +v; cos0, At

etc.; for a manipulator, it can be the integration of angles and their velocities (or the
integration of dynamic equations for given moments 7), and for moving objects, it can
be a model with a constant speed or a more complex stochastic model. The notation *
emphasizes that an estimate (rather than the true value) is used, and u;_; contains

commands to motors, measured revolutions, or applied moments - that is, what was
actually given to the equipment.

o

The Jacobian matrix F,_; =— is a linearization of the process
S ls=8k_tpe—t,u=p_,

function around the current estimate and characterizes the sensitivity of the state
transition to small changes in each component of the state vector; its size is n X n,
where n is the size of the state vector. F practically transfers the covariance of the
error due to the nonlinearity of the model: if we change one state variable slightly, F
shows how this will affect all components of the forecast. The F calculation can be
analytical (through explicit derivatives of kinematic/dynamic formulas) or numerical
(finite differences, automatic differentiation) - the analytical option gives more accurate
derivatives and smaller linearization errors, but is often more complex for many
manipulator parameters.

The covariance equation Py :Fk—IPk—1|k—1FkT— 1 0y, describes how the

uncertainty of the estimate (matrix P) evolves during the transition: the first term linearly
“transfers” the existing uncertainty through linearized dynamics, while the matrix Q;_,

adds uncertainty associated with process noise (unaccounted forces, model
inaccuracies, turbulence of moving objects, wheel slip, random changes in human
behavior). The @ size and structure (block-diagonal is proposed:

0 = diag(Qpuse s QmansLobjs»Phias) ) are determined by hardware characteristics,

experimental identification, or adaptive estimates; larger element Q values mean that
the filter trusts the predictive model less and the measurements more.

In practical implementation, additional details are important: the process model
f must take into account the integration step At and can use various numerical
schemes (direct Euler, RK4) to improve accuracy at large At. If sensor biases (e.g.,
IMU drifts) are included in the state vector, their evolutionary equation (random walk)
is also included in f, and the corresponding elements Q increase the uncertainty of this
block. The calculation F should be performed in the same discrete scheme that we use
for f, and in case of significant nonlinearities, it is recommended to either reduce At or
replace EKF with UKF/Particle Filter to improve the approximation.

In the context of this study, the role of the prediction block is critically important:
it provides a high-frequency a priori assessment of the state between slower
camera/top-camera measurements, enables rapid trajectory correction and collision
avoidance in real time, and forms the initial a posteriori uncertainty for the sensor fusion
step. The right Q choice and adequate F linearization ensure, on the one hand, the
stability and convergence of the filter and, on the other hand, the sensitivity of the
system to the appearance of new objects or changes in load (which is important for
safe collaboration within Industry 5.0).
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We calculate

update model. the predicted

measurement and Jacobian:

2 =h(Spy1)

b, = (5)

S _A
S=Skjk—1

Innovation (residual) and its covariance:

(6)

Vi =% — 3

(for angular components y, perform angle y(—m, ) normalization)

Sy = HkPk|k—1Hl;r + Ry, (7)

Kalman coefficient (gain):

K =Pk|k—1Hgsi:l (8)

Update of state and covariance:
Skik = Skpe—1 + Ky i

T T
Pop =T —Kp) Py (I - Ky Hy) + K Ry Ky

(9)

Where: y, — innovation, i.e., the difference between the measurement and the
prediction; S} — innovation covariance — a measure of the uncertainty of the
innovation; K, — Kalman matrix (n x m), determines how much to trust the
measurement relative to the prediction; Py, — guarantees numerical stability.

The interpretation of the key matrices and parameters of the EKF representation

is given in Table 1.

Table 1

Interpretation of key matrices and parameters of EKF representation

Symbol

Name

Description

Qk

Covariance
of process
noise

Size n X n. Block-diagonal structure:
0 =diag(Qpuse s Qman> Qobjs sOpias)

Reflects uncertainty in the process model (incomplete model,
unaccounted forces, slippage).

Roles: large Q — filter responds faster to measurements;
small Q — more confidence in the model.

Covariance
of
measurem
ent noise

Size n xm . Block-diagonal or with inter-element cross-
correlations, if the sensors are correlated.

Determined experimentally or from sensor technical

specifications (datasheets)

Roles: Izrge R — the filter trusts the sensor data less; small R
— measurement corrects the condition more strongly.

Fy_1 Ta Hy

Jacobians

Calculated analytically or numerically (finite differences)

Important for adequate conversion of dispersions due to
nonlinearities.

Errors in calculating Jacobians lead to incorrect estimatesP
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Continue of table 1

Symbol Name Description
Reflects uncertainty in each component of the state and the
covariance [correlations between them
p :
klk mgtrlx of Used for gating (Mahalanobis distance) in data association
estimates : . .
and for risk-oriented planning

We will briefly describe the features of using alternative Unscented Kalman

Filter (UKF) and Particle Filter (PF) filters instead of the above-mentioned Extended

Kalman Filter (EKF) in the development of the Data Fusion method. The features of
using UKF and PF filters are shown in Table 2.

Table 2

Features of using UKF and PF filters

Filter " Advantages/Disadva
Descriptio Parameters
name ntages
Quantity of
Instead of linearization, it sigma Advantage: more
generates sigma points x; parameters accurate with strong
UKF around $, passes them (a,B,k), nonlinearities;
through f, h, then restores number of disadvantage: higher
the mean and covariance. sigma points computational costs.
2n+1
Represents the distribution
of the state by a set of
particles {s,(c’)} with Number of A _
, . : vantages: works
WelghtS W(l). Steps: partlcles N, with multimodal
PE prediction of each particle Pf0_p0~°fa| distributions:
(process), calculation of distribution, disadvantage - high
weights based on resampling computational cost.
measurement believability strategy.
p(z | si’)) ,normalization,
resampling

Let's consider a step-by-step method of merging data from sensors (Data
Fusion) of a collaborative manipulator robot using the EKF described above.

Input:

— stream of sensor data with time stamps: IMU (high frequency), encoders
(medium), onboard camera (medium/low), top camera (low), ultrasound (medium);

— control commands/inputs u, (optional);

— initial state estimates s, and Py;

— calibration parameters: K, R, t., H;,,, S€Nnsor covariances Ry, platform (R, L)
geometric dimensions, DH parameters, etc [26-28].

Step 1: Initialization.
Set 3y, Py, Q, R,. Perform initialization x, y, 8 using the top camera and initialize
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IMU biases from static calibration.

Step 2: Perform the main cycle of the real-time method for each received sensor
packet with a timestamp:

2.1. If IMU (high frequency) is received, forecast:

— calculate the forecast model Sy _y = f(Sg_1jk—1,4k-1)+ Wx—1 using IMU and

odometry as input for motion integration; specifically, IMU provides w and a for
updating position/orientation/velocities;
— calculate /¢ at point 5 ;

— predict covariance Py _y =J ka—1|k—1J} +0;

— the prediction is made for each IMU frame or for each discrete time At.

2.2. If another sensor (odometry, camera, top, ultrasound) is received at the
input, we perform an update step for the corresponding measurement:

— formulate the measurement z;, for the corresponding sensor;

— calculate the predicted measurement z = h(§k|k_1);

— calculate the innovation (residual) y; =z; —2;, apply angle normalization for

angular components;

— calculate the Jacobian of the measurement J,, = oh ;

s A
Skik—1

— calculate the innovation covariance §; = JthIk_lJ,T +R ;

sensor ’

— gatingffiltering of anomalies, calculate the Mahalanobis distance
d? :y,Ts,;lyk if d? >( it is recommended to reject the measurement (outlier) [29].

Nearest-Neighbor based on Mahalanobis is a method of associating measurements
with predicted objects, which is used in Data Fusion to select the most likely match
between a new sensor observation and an already tracked target. In the context of a
mobile robotic manipulation platform, the method allows you to unambiguously
determine which sensor signal belongs to which target, even in an environment with
multiple moving objects and noisy measurements, which is critical for the stable
operation of the data fusion system;

— Kalman coefficient K; = Pk|k—1JiTSl:1;
—we update the state and covariance Sy =S8 +Kiy, and
P = =Ky J ) Py ;

. . o P+PT
— optionally, it is recommended to apply symmetrization P « P+P)

2.3. After each update, output the current estimate Sy .

Step 3. Asynchrony and multi-frequency:

— IMU predicts the state at a high frequency; other sensors trigger corrections
when they arrive. That is, predict at IMU rate, update at sensor rate [30];

— if the sensor has latency, you can either compensate with time stamps (roll
back/reintegrate) or add state augmentation (store state history)

Step 4. Data association (for cameras/multiple landmarks):

— For each visual measurement, you need to associate observations with
landmarks/objects in the state. Use Nearest-Neighbor based on Mahalanobis distance
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[31] or JCBB [32] for multiple compatibility. Inconsistent measurements create new
objects (birth).

Step 5. Estimation Error (EE) evaluation and results output:

— After updating, calculate the EE position TéEE(S*Hk) and the covariance of the

EE position through linearization Pgg =JEEPk|kJ£E.

— Generate output data for the planner x, y, 8: covariance, list of tracked objects
( x(j), y(i),cov).

Output: At each step k:

— Sy i - state estimation.

— Py - covariance;

— additionally, EE position TGEE and its covariance, list of tracked objects with

estimates and covariances.

Q, — object recognized as areas with a geometric shape of a cylinder;

), — object recognized as areas with a geometric shape of a cone.

The robot collected new data and underwent additional training to recognize a
new type of object (for example, a parallelepiped (£2,;)) or new rules of behavior when
interacting with this object. Then the changes in training AM(t) will look like this:

AMI(t) = Q,, + new rules of conduct (10)
Where: Q,, — the object is recognized as an area with a rectangular parallelepiped
geometric shape.

Then the updated state of the trained model at time ¢, for this example, will look
like this:

M(t) = Qg Q0, Q¢ + Q. + new rules of conduct (11)

Thus, the robot manipulator constantly adapts its model based on new
knowledge, allowing it to better cope with new situations or objects in the working area.
This can be implemented as part of machine learning algorithms that allow the robot
to “learn” while working, or through software updates based on feedback from sensors
and control systems.

2. Results of numerical modeling

To perform data fusion modeling [33,34], it is proposed to use the following ‘raw’
data to simulate the operation of the sensor system of a collaborative mobile
manipulator robot. The selected ranges of loc and scale parameters for modeling raw
sensor data in the Data Fusion method are determined by the physical characteristics
of each sensor and the operating conditions of the mobile manipulation robot [35,36].
The loc value corresponds to the expected average measurement under normal
conditions, for example, 50 pixels for the OV5647 camera with an average object size
in the frame or 100 cm for the HC-SR04 ultrasonic sensor at a typical distance to the
obstacle. The scale parameter describes random measurement errors caused by
sensor noise, lighting changes, vibrations, or the influence of a dynamic environment.
For the camera, it is smaller (5) because visual measurements are relatively stable,
while for ultrasound, it is larger (10) due to the greater influence of external factors.
The IMU data has an average close to zero (loc=0) and very low dispersion
(scale=0.05), which corresponds to the high sensitivity of the accelerometer. The upper
camera has a mean value of 75 and a spread of 8, reflecting a different perspective
and observation geometry. Such parameterization allows simulating a realistic picture
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of sensor measurements, which, after data fusion, should demonstrate a reduction in
spread and an increase in localization accuracy.
Using the proposed parameters to obtain “raw” data for simulating data fusion
based on the developed method, a simulation was performed, the results of which are
shown in Figure 1.

Sensor data fusion modeling (Data Fusion)

—— Camera OV5647 (robot)
HC-5R04

—— MPUB050 (scale.)

—— Upper chamber

100 - — Merged data

120

o
o
I

=]
[=]
I

Measured distance (cm)
=Y
=]
1

204

_20 -

T T T T T T
4] 25 50 75 100 125 150 175 200
Time (conventional beats)

Fig. 1. Graph of data fusion simulation based on the developed method
using “raw” data

The graph shows (Fig. 1) that the “raw” data from each sensor has a different
average level and dispersion, reflecting the specifics of their physical measurement
principles. The OV5647 camera shows stable values around 50 cm with a spread of
approximately 5 cm, the HC-SRO04 ultrasonic sensor fluctuates around 100 cm with
high variability up to £20 cm, data from the MPUG6050 after scaling is in the range of
about 0-15 cm with minimal noise, and the upper camera gives readings averaging 75
cm with fluctuations of 8 cm. The merged data (black line) shows a noticeably
smoothed trend with an average value of about 68-70 cm and significantly less
dispersion compared to most individual sensors, indicating effective noise
suppression. Numerically, it can be seen that the amplitude of fluctuations has
decreased from ranges of 20—40 cm in the “raw” signals to about 8—10 cm in the
merged result. Logically, this can be explained by the fact that the noise components
of different sensors have different natures and weak correlation, so their combination
using the Data Fusion method allows random errors to be compensated. A qualitatively
fused signal better reflects the actual position of the object in the working area of the
mobile manipulator robot and is more resistant to short-term measurement failures of
one or more sensors, which is critical for localization in dynamic conditions.
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3. Conclusions

The developed method of merging sensor data for the localization system of a
collaborative mobile manipulator robot provides a significant improvement in the
accuracy of position and orientation estimation compared to traditional approaches due
to the combined use of information from IMU, visual, and ultrasonic sensors. The use
of an extended Kalman filter with adaptive parameter correction allows for effective
consideration of measurement errors, motion nonlinearities, and variable noise
structures, which is especially important in dynamic environments with obstacles and
human presence. The proposed method improves the system's resistance to
temporary loss of signals from individual sensors and ensures smooth trajectory
updates even in cases of sharp maneuvers or vibrations. An additional factor is the
use of Mahalanobis metrics in the measurement association block, which increases
the reliability of relevant data selection and reduces the impact of false observations.
Compared to existing methods, the solution demonstrates better temporal consistency
and less processing delay, allowing for a quick response to environmental changes.
Optimization of the data fusion process reduces computational costs without
compromising localization quality, and the modular structure of the algorithm simplifies
integration into other robotic systems. Thus, the proposed approach is more reliable,
scalable, and adaptive, making it an effective tool for application in the Industry 5.0
concept.
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Haginwna pgo pepakuii 31.10.2025, posrnsHyTa Ha peakonerii 17.11.2025

Po3poOka meroga Data Fusion 3 Bukopucranusam Extended
Kalman Filter nis kosi000paTiBHUX po0oTiB

Y cTaTTi posrnagaetbca po3pobka metogy Data Fusion 3 BUKOpUCTAHHSM
Extended Kalman Filter (EKF) ans nigBuweHHA egeKTUBHOCTI (PYHKUiIOHYBaHHSA
konabopatmeHux poboTiB Yy BUPOBHUYMX cueHapiax Industry 5.0, ge knoYoBuM
3aBAaHHAM € 3abe3neyeHHA aganTUBHOCTI, O0e3neknm Ta TOYHOCTI B3aeMogii Mix
nognHo i MawwnHot. OB’eKTOM AOCRiKEHHA € npouec o0pobku curHanie 3
pisHOpigHMX ceHcopiB — kamepu OV5647, ynbTpassykoBoro gatdmka HC-SRO04,
iHepuinHoro mogyna MPU6050 Ta opometpil, WO ¢(opmyoTb MyNbTUCEHCOPHY
iHopmauinHy cuctemy MOOINbHOrO  MaHinynsudinHoro pobota. [lpeameTtom
AOCISKEHHSA BUCTYNaKTb MOAESI, MeTOAM Ta anropuTMiyHe 3abesnedeHHs iHTerpawil
AaHUX 0N OpPMYyBaHHSA Y3rOLKEHOro YSBMEHHSA NpO CTaH poboTa i HaBKOMULLIHE
cepepoBuwe. MeTow € CTBOPEHHA CTIMKOrO Ta afanTUBHOMO MeToAy 3MUTTS
iHpopmau,ii, WO [O3BOMSE KOMMEHCYBATM MOXUOKM, 3MEHWWUTU BNNMB LWYMIB i
MOKPALLMTN Y3roPKEHHS BUMIpOBaHb nNpu poboTi B ymMoOBax AUHAMIYHOT 3MiHU
napameTpiB cepefosuLla. Y pamMkax OOCIILKEHHS 3anponoHoBaHo peanisauito EKF,
Ae CTaH CUCTeMU MPOrHO3yeTbCA 3a (PisaMYHOK MoZenn pyxy, a nojarnblue
OHOBJEHHSA BUKOHYETLCS OJ151 KOXXHOrO CEHcopa 3 ypaxyBaHHAM 4acTOTK Ta 3aTPMMOK
curHanis. MaTtemaTuyHuMM ONMC METOAYy BKIKOYMAE HeniHiMHI Mogeni npouecy Ta
BUMIiptOBaHb, BUKOPUCTAHHS MaTpULb KoBapauin, noxigHux Akobi Ta ouiHKy iHHOBaUIn,
Lo 3abes3nevye cTabinbHiCTb iNbTpa HaBITb 3@ HAABHOCTI LUYMOBUX Ta CTOXaCTUYHUX
30ypeHb. Y Xoai YMcenbHOro MOAENBAaHHSA NOKa3aHo, LLO «CUPi» CUrHANM CeHcopis
XapaKTepu3yTbCs Pi3HUM piBHEM AUCNEPCii Ta cepefHiM 3HaYeHHAM (Hanpuknag,
ans HC-SR04 — 100 cwm i3 konneaHHaMKU £20 cm, ans kamepu — 50 ¢M i3 KONMBaHHAMM
15 cm), Toai 9k 06’eaHaHi gaHi nicns 3NUTTA 4EMOHCTPYHOTb 3rnafKeHy TPaeKTopito 3
cepegHiM 3HayYeHHAM 6nm3bko 68—70 cm i 3MeHLweHHsaM po3kugy o 8—10 cm. Lle
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CBIQUMTb MPO edeKTUBHE TMPUIMyLWeHHS WyMmiB Ta nNigBULWEHHS [OOCTOBIPHOCTI
nokanisauji. Po3pobneHnin meTton Takox 3abeanevye CTiMKICTb OO BTpaTW CurHany
OKpPeMOro ceHcopa, A03BOJISiE BUKOHYBATW OLHKY CTaHy B PeXWUMIi pearnbHOro 4acy Ta
peanisye acuHXpoHHy 06pobKy 6GaraTo4acToTHMX MOTOKIB AaHuX. BukopucTaHHS
mMeTpukn MaxanaHobica ana acouiauii BMMIpHOBaHb NiABULLYE TOYHICTb Bigbopy
peneBaHTHMUX AaHUX, 3HWXKYE BNIMB XUOHWX CMNOCTEpPeXeHb i cnpusde GeaneyHin
B3aemopil pobota 3 nwoauHow. PesynbTaTn NigTBEPAXYHTb, WO 3aCTOCYyBaHHS
Extended Kalman Filter y npoueci Data Fusion go3sonsie 3Ha4yHO NiABULLNTK AKICTb
OLiHKM BiACTaHeW, TOYHICTb HaBirauili, NMNaBHICTb TPAEKTOPIA PyXy W HaLINHICTb
KepyBaHHS B YMOBax HeNOBHOI iH(opmauii. Y BWCHOBKax 3a3HayeHo, LWo
pO3po0beHnin MeTo € yHiBepcanbHMM, MacluTaboBaHMM i NpyaaTHUM Ans iHTerpauii
B CMCTEMW aanTUBHOIO KepyBaHHA KonabopaTnBHMMN poboTamm HOBOrO MOKOMIHHS,
WO (PYHKUIOHYIOTb Yy CKNagHUX i HEBU3HAYEHUX cepefoBuULLax y Mexax KoHuenuil
Industry 5.0.

Knroyoei cnoea: Data Fusion, Extended Kalman Filter, konabopaTtusHi po6oTtn,
ceHcopHa iHTerpadis, Industry 5.0, mobinbHa nnatdopma, aganTuBHE KepyBaHHS,
HaBirauisi, CEHCOpMW.

About the authors:

Omarov Murad - Doctor of Technical Sciences, Professor, Vice-Rector on
International Cooperation, Kharkiv National University of Radio Electronics, Kharkiv,
Ukraine. e-mail: murad.omarov@nure.ua; ORCID: https://orcid.org/0000-0003-4842-
4972.

Jabrayilzade Elgun — PhD student, Department of Computer Integrated
Technologies, Automation and Robotics, Kharkiv National University of Radio
Electronics, Kharkiv, Ukraine. e-mail: elgun1999@gmail.com; ORCID
https://orcid.org/0000-0003-2932-4976.

BigomocTi npo aBTOpIB:

OmapoB Mypaa AHBep Orfu — JOKTOP TEXHIYHMX HayK, Npodecop, NPopeKTop
3 MiXHapogHoro cniBpobiTHMUTBA, XapKiBCbKM  HauiOHANbHUMN  YHIBEPCUTET
pagioenekTpoHiku, XapkiB, YKpaiHa; e-mail: murad.omarov@nure.ua; ORCID:
https://orcid.org/0000-0003-4842-4972.

Dxabpanin3zage EnbryH Anas ornm — acnipaHT, kadeapa KoOMMm'loTepHO-
IHTerpoBaHMX TEXHOMOoriKn, aBToMatTm3auii Ta poBOTOTEXHIKM,  XapKiBCbKUN
HauioOHanNbHUW  YHIBEPCUTET  padioenekTpoHikK,  Xapkie, YKpalHa. e-mail:
elgun1999@gamail.com; ORCID: https://orcid.org/0000-0003-2932-4976.

212


file:///C:/Users/user/Downloads/murad.omarov@nure.ua
https://orcid.org/0000-0003-4842-4972
https://orcid.org/0000-0003-4842-4972
mailto:elgun1999@gmail.com
https://orcid.org/0000-0003-2932-4976
file:///C:/Users/user/Downloads/murad.omarov@nure.ua
https://orcid.org/0000-0003-4842-4972
file:///C:/Users/user/Downloads/elgun1999@gmail.com
https://orcid.org/0000-0003-2932-4976

