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AUTOMATED SYSTEM FOR DIAGNOSTICS
OF THE PARTS PROCESSING

This work investigates the creation and implementation of an automated system for diagnosing the processing
of parts, which is based on the use of methods for analyzing acoustic emission and elastic deformations. Its
key task is to identify the degree of wear and predict the residual resource of the tool, which allows you to
improve the quality of processing, reduce the number of scrap and optimize production processes. The system
is implemented in a production environment, which helps to increase the efficiency of equipment operation
and reduce the risk of emergency situations. The proposed algorithms provide the ability to quickly respond
to changes in processing parameters and prevent tool failures. The system analyzes the received data in real
time, which allows you to adjust processing modes, reducing the load on the equipment and increasing overall
productivity. The use of machine learning and big data processing methods increases the accuracy of wear
assessment and adaptation of technological parameters to changing operating conditions. Determining critical
limit values allows you to avoid emergency situations and ensures stable operation of the equipment. The main
advantage of the system is its integration with CNC systems, which makes it possible to automatically change
processing modes without operator intervention. It also supports the use of cloud technologies for centralized
storage and data analysis, which increases the accuracy and speed of decision-making. Data on the condition
of the tool is used for statistical analysis of its efficiency and optimization of processing parameters. Studies
have shown that the system helps to increase the tool life, reduce the number of scrap and reduce energy
consumption. Reducing waste and improving the quality of finished products improves the economic efficiency
of production. Further development may include the introduction of multi-sensor systems, digital twins and
neural network algorithms for even more accurate prediction and adaptation of technological processes.

Keywords: automated system, diagnostics of the processing process, cutting tool, vibroacoustic signal,
elastic deformations.

Formulation of the problem. In modern indus-
trial production, the main priorities remain to increase
productivity, reduce costs, and ensure high product
quality. The intensive development of automated
technologies and digital systems allows to signifi-
cantly improve the efficiency of processing parts,
optimize control processes, and minimize the risks
of unexpected equipment failures. Automated pro-
cessing process control systems are an integral part
of modern production, providing continuous monitor-
ing of processing parameters and prompt detection of
deviations from normal operating modes [1, p. 3].

One of the most important elements of mechanical
processing is the cutting tool, on which the quality

© Shevchenko V.V., Polushko M.M., 2026

CTatTa NOLIMPIOETLCA HA YMOBAX NiLeHsii Bigkputoro goctyny CC BY 4.0

286 | Tom 37 (76) N2 3 2026. YacTHa 1

and accuracy of manufacturing parts largely depends.
During operation, the cutting tool is subjected to sig-
nificant mechanical stress, which leads to its wear,
deformation, and gradual failure. Untimely detection
of tool wear can lead to deterioration of processing
quality, an increase in the percentage of defective
products, and increased production costs. Traditional
methods of controlling the performance of cutting
tools are often ineffective due to their limited speed
and insufficient accuracy.

The introduction of automated control systems for
the processing of parts allows for timely determina-
tion of its wear, prediction of the residual resource
and correction of processing modes. Such systems are
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based on the analysis of various physical parameters,
in particular acoustic emission, elastic deformations,
temperature characteristics, etc. Analysis of these
parameters in real time makes it possible to detect
critical deviations and prevent emergency situations
[2, p. 121].

Automated control systems contribute not only to
increasing production productivity, but also to reducing
the human factor in the decision-making process. For
example, when detecting signs of increased tool wear,
the system can automatically change cutting modes,
reduce feed or rotation speed, which allows extending
the tool life and ensuring stable product quality.

Another important aspect of automated control
is integration with other production systems, in par-
ticular with control systems for CNC machines. Such
integration allows for the creation of unified infor-
mation environments in which data on the condition
of the tool and processing parameters are constantly
analyzed and used to improve technological pro-
cesses. This contributes to the creation of the concept
of "smart manufacturing" [3, p. 9], which involves
the use of artificial intelligence, machine learning and
[oT (Internet of Things) for automatic decision-mak-
ing and adaptation of production processes to chang-
ing conditions.

The transition to "smart manufacturing" necessi-
tates a shift from reactive maintenance to proactive,
data-driven diagnostics. By leveraging the Indus-
trial Internet of Things (IloT), sensors can stream
high-frequency data to edge computing units that
process information locally, reducing latency in crit-
ical decision-making. This ecosystem allows for the
synchronization of the digital twin with the physical
machine, providing a sandbox for testing optimized
cutting parameters without risking damage to the
actual equipment.

The use of artificial intelligence and big data meth-
ods in control systems opens up new opportunities for
predicting the condition of the tool and optimizing
processing. For example, the use of machine learning
algorithms allows you to analyze large data sets on
processing parameters, identify patterns of tool wear
and, based on this, adjust operating modes to mini-
mize negative impacts [4, p. 257]. Such methods can
significantly increase the reliability and accuracy of
control, reduce losses due to premature tool retire-
ment and ensure more efficient use of resources.

In addition, automated control systems for the
processing of parts actively use augmented real-
ity (AR) and digital twins technologies [5, p. 37].
A digital twin is a virtual copy of a physical object
(for example, a machine tool or cutting tool), which

reflects its state and dynamics of changes in real
time. This allows you to simulate the behavior of the
system under different conditions, predict potential
malfunctions and optimize operating modes without
the need for real experiments. It is worth noting that
automated control systems are also an important tool
for flexible production. They allow you to quickly
adapt to changes in the design of parts, introduce new
processing technologies and ensure stable product
quality even in small-batch and small-batch produc-
tion [6, p. 409]. In addition, the ability to integrate
such systems into cloud platforms allows you to store
and process data on remote servers, which improves
the speed of analysis and the efficiency of production
process management.

Analysis of recent research and publications.
In the future, the development of automated control
systems for the processing of parts will be aimed at
increasing their speed, accuracy and adaptability to
changing production conditions. In particular, an
important direction is the development of multifunc-
tional sensor systems that can simultaneously con-
trol several parameters (vibration, temperature, etc.)
and perform a comprehensive analysis of tool wear
[7, p. 5]. Additionally, the introduction of self-adaptive
algorithms based on neural networks will allow control
systems to independently change the analysis parame-
ters depending on the operating conditions of the tool.

Task statement. The purpose of the work is: to
develop an automated system for processing parts
based on measuring acoustic emission and elastic
deformations, which allows for timely detection of
tool wear, predicting its residual resource and correct-
ing technological processing modes.

To achieve this, the study focuses on the syner-
gistic relationship between high-frequency acoustic
signals and low-frequency mechanical strains. The
integration of these two distinct physical phenomena
provides a more holistic view of the tool-workpiece
interface than single-sensor systems. Specifically,
the research aims to validate a mathematical model
that translates these raw physical inputs into a singu-
lar, actionable "wear index" that can be interpreted
directly by CNC controllers.

Thus, the development and implementation of such
systems is an important step towards the digitalization
of production processes, increasing their flexibility
and efficiency. The integration of automated control
with modern technologies of artificial intelligence,
machine learning and IoT allows to create high-tech
systems that are able to work in dynamic conditions
of modern production and provide continuous control
of product quality. Automated control systems allow
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to significantly reduce production losses, improve the
forecasting of the technical condition of equipment
and ensure high reliability of mechanical processing
[8, p. 4]. As a result, enterprises are able to reduce
costs for maintenance and repair of equipment, which
in the long term contributes to increasing the com-
petitiveness and efficiency of the entire production
process.

Outline of the main material of the study. The
cutting process is accompanied by a set of physico-
chemical phenomena, in particular mechanical, elec-
trical, thermal, adhesive and diffusion processes that
occur during the interaction of the cutting tool with
the workpiece. Each of these factors affects the pro-
cessing parameters, which contain information about
the cutting conditions. Determining the dependence
between them and the degree of tool wear makes it
possible to assess its condition and predict the resid-
ual service life.

The results of experimental studies confirm that
the most informative characteristics for controlling
the process of processing parts are the parameters of
acoustic emission and elastic deformations [9, p. 16].

Therefore, the proposed control system should
be based on the analysis of the signals of these pro-
cesses. At the same time, the key diagnostic indica-
tor is acoustic emission in the cutting zone, since it
is formed under the influence of the main physico-
mechanical phenomena and is a reliable indicator
of the technical condition of the tool. That is why in
the developed system, the assessment of its wear and
adjustment of the technological process will be car-
ried out on the basis of the received signals.

The automated machining control system contains
two levels of diagnostics. The first provides prompt
response and emergency stop in case of exceeding
the permissible deformation limits. Sudden changes
in the behavior of the material may indicate a criti-
cal level of wear, the presence of hard inclusions in
the workpiece or a sharp increase in the depth of cut
during roughing [10, p. 4]. One of the main reasons
for an emergency stop may be a sudden tool failure.
Analysis of changes in the characteristics of elastic
deformations allows for timely identification of such
cases and rapid response to them.

The second level performs the function of assess-
ing the condition of the tool and predicting its further
wear. This predictive level operates as a continuous
monitoring loop that compares real-time data against
a historical baseline of tool performance stored in the
system's database. By utilizing a correction factor, the
system accounts for variations in material hardness
and tool geometry, ensuring that the diagnostic out-
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put remains accurate even when switching between
different production batches. This level is not merely
observational; it serves as the "brain" of the adaptive
control system, calculating the precise moment when
a tool's efficiency drops below the economic thresh-
old. It is based on the analysis of the combination
parameter of acoustic emission [11, p. 13], which
takes into account...

A* Ny
Wy = Kg (1)
where 4. Ny — acoustic emission power; 4 —

acoustic emission signal amplitude; Ny — acoustic
emission signal activity; K, — coefficient reflecting
the influence of elastic deformations on the cutting
process, can be described through the elastic modulus
of the material and the conditions of interaction of the
tool with the workpiece.

The values of the amplitude and activity of the
acoustic emission signal are determined by analyzing
the obtained acoustic emission signal data, and the
elastic deformation parameter [12, p. 162] is calcu-
lated by the following formula:

_oce F-AL

“ E ALE 2)
where E is the modulus of elasticity (Young's
modulus); o=Lo is the stress, which is calculated as
the cutting forde (F.) per unit area (A); ¢ ~AL s the
relative strain, defined as the ratio of the cl%ange in
length (AL) to the initial length (L).

Using the ratio of the combination parameter of
acoustic emission #,, and the value of cutting tool
wear, the degree of tool wear #, is analyzed, the
intensity of wear is calculated and mathematical
models of wear are simulated. Based on these models,
tool wear is predicted. After analyzing the degree of
wear, intensity and previously predicted values, a
conclusion is made about the possibility of making
changes to the processing modes to reduce wear.

The mathematical model of cutting tool wear is
described as follows:

LAk ANy A(Ah, +(k, g, AP Ny))E-L

" F_AL B F-AL 3)
A-E-L
where Ak, — existing wear, mm; j, — wear intensity
h, (i . .
[/ﬁ " (‘;(_)1)) ; k, — correction factor for the ratio of tool

wear and the combination parameter of acoustic
emission, which is determined experimentally for
various combinations of materials “tool — part” and
entered into the database.

The calculation of the predicted wear of the cutting
tool is carried out using the following formula:
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The general functional block diagram of the auto-
mated control system for the processing of parts is
shown in Fig. 1, and the algorithm of its operation is
presented in Fig. 2.

The control system consists of a sensor that meas-
ures the acoustic emission signal (pos. 1, Fig. 1). The
received signal passes through an amplifier (pos. 2)
and a low-pass filter (pos. 3), after which it is fed to
an analog-to-digital converter (ADC, pos. 6). The
signal that registers the elastic deformations of the
cutting tool (pos. 4) is processed in a similar way: it
is first amplified (pos. 5), and then transmitted to the
ADC input.

Further analysis of the parameters is performed
using a computer (pos. 12), which contains a unit for
estimating the intensity and degree of wear (pos. 7).
The unit for estimating wear functions by performing
a fast Fourier transform (FFT) on the acoustic signals
to isolate the frequency bands most associated with
adhesive and abrasive wear. Simultaneously, the elastic
deformation data is filtered to remove the "noise" of
the machine's own structural vibrations, leaving only
the pure strain data caused by the cutting force. This
cleaned data is then fed into the mathematical models to
generate a real-time prediction of the tool's flank wear
(#,). In this module, based on data on the maximum
and minimum values of elastic deformations (pos. 8),
emergency conditions are monitored. If the permissible
limits are exceeded, the system sends an emergency
stop signal to the actuators (pos. 15), which include the
engine control unit, the feed control system and other
modules.

In addition, in block 7, the intensity of wear of
the cutting tool is analyzed using the correction factor
k,, which is stored in the database (pos. 9). For a

more accurate assessment, the operating modes of
the technological and processing system are taken
into account, information about which comes from
the CNC block (pos. 13) according to the control
program (pos. 14).

After determining the level of wear, the data is
transmitted to block 10, where the machining process
is simulated, the residual tool life is estimated and its
further state is predicted based on information from
the CNC. In block 11, corrective and control signals
are generated that allow changing the machining
modes, which are then transmitted to the CNC.

If the correction of technological parameters is
impossible, the system initiates a stop of the produc-
tion process or issues a command to replace the tool.
The CNC, receiving the corresponding signals from
block 11, makes changes to the control commands
that are sent to the actuators (pos. 15).

Conclusions. Automated control systems for the
processing of parts are an important element of mod-
ern production, as they can significantly increase the
accuracy and stability of mechanical processing. The
use of methods for analyzing acoustic emission and
elastic deformations provides effective monitoring of
the technical condition of the tool in real time. This
allows for timely detection of signs of wear, prediction
of residual life and prevention of emergency situations.

Integration of such systems with CNC, machine
learning technologies and the Internet of Things con-
tributes to the automatic correction of processing
parameters, minimizing the human factor. By reducing
the reliance on operator intuition, the system ensures
a standardized level of quality that is independent
of the workforce's experience level. The ability to
automatically adjust feed rates and spindle speeds in
response to tool degradation effectively extends the
"sweet spot" of the tool's lifecycle, maximizing the

Y
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Fig. 1. Block diagram of an automated control system for the processing of parts
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Fig. 2. Algorithm of functioning of the automated control system for the processing of parts

volume of material removed before a replacement is
required. This leads to a measurable decrease in the
cost-per-part and a significant reduction in the envi-
ronmental footprint of the manufacturing process due
to lower energy and material waste. This, in turn,
helps to reduce production costs, optimize tool use
and increase the overall efficiency of equipment.

Further development of such systems may include
the introduction of self-learning algorithms, digital
twins and cloud technologies for centralized data
analysis. All this will contribute to increasing the reli-
ability of production processes, reducing the level of
defects and creating more flexible and adaptive tech-
nological solutions in industry.
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IleBuenko B.B., [Toarymko M.M. ABTOMATHU30BAHA CUCTEMA JIATHOCTHUKMU IMPOLHECY
OBPOBKM JIETAJIEM

Y yiu pobomi docrioacyemucsi cmeopents ma 6npoBadI’CceH s A8MOMAMU308aHOT cucmemu OideHOCMUKY
npoyecy 0bpobku demaiell, KA 0A3VEMbCA HA BUKOPUCMAHHI MemoOdi8 aHANI3y aKycmuuuoi emicii ma
npyoicnux oegpopmayiii. Ii knowosum 3a60annam € GUAGNEHHS CMYNEHs 3HOULYEAHHA MA NPOSHO3YEAHHS.
3ANUUKOB020 pecypcy THCMPYMeHmy, Wo 0dc€ 3MO02y RIOSUWUMY AKICMb 00pOOKU, 3MEHUUMU KIIbKiCmb
opaky ma onmumizysamu eupoonuui npoyecu. Cucmema 6npo8ad’cyemuvcs y upobnuye cepedosuue, o
Cnpuse NiOBUWEHHIO epeKmMUsHOCmi (QYHKYIOHY8AHHA OONAOHAHHA MA 3HUNCEHHIO DUSUKY BUHUKHEHMS
asapitinux cumyayii. 3anponoHo8aHi aneopummu 3a0e3neuyroms MONCIUBICIb UWBUOKO20 Dedasy8aHHs HA
3MIHY napamempis 0o6podxu ma 3anobicanns iomosam incmpymenny. Cucmema BUKOHYE AHANI3 OMPUMAHUX
OAHUX Y PeXHCUMI pedibHO20 Hacy, o 00380JIAE KOPUSYBAMU PEHCUMU 0OPOOKU, 3HUNCYIOUU HABAHMANCEHHS HA
001A0HANHS MA NIOGUWLYIOYU 3A2ANbHY NPOOYKMUBHICINb. 3ACMOCYBAHNS MEMO0i8 MAWMUHHO20 HABYAHHS MA
00pOOKU BETUKUX OAHUX NIOBUULYE MOUHICIb OYIHKU 3HOULYBAHHS MA A0ANMAYII0 MEeXHOL02IUHUX NaApaAMempis
00 3MIHHUX YMO8 eKcniayamayii. Busnauenna KpumuyHux epaHudHux 3Ha4eHb 0036074€ YHUKAMU A8aAPIUHUX
cumyayitl ma 3abesneuye cmaobinbry pobomy oonaouanns. OCHOBHOW0 nepedacolo cucmemu € il inmezpayisi
3 cucmemamu YIIK, wo oae modxciugicmos agmomMamuyHo 3MIHIOBAMU pexcuMu 0OpoOKu 6e3 8mpyuaHHs.
onepamopa. Takootc 60Ha NIOMPUMYE BUKOPUCTNAHHA XMAPHUX MEXHONI02ill OJisl YeHMPANi308aH020 30epicaHHs
U ananizy Oanux, wo NioGUWYE MOYHICMb [ WUBUOKICIb NPUUHAMMS piutens. [lani npo cman iHCmpymenny
3ACMOCo8YIOMbCA 01 CIAMUCIMUYHO20 AHANIZY 1020 eheKmusHoCcmi ma onmumizayii napamempie o6poOKu.
Ilpogedeni docniodxcenns nokazamu, wo cucmema Cnpuse 30LIbUIEHHIO Pecypcy THCMPYMEHMY, 3HUNCEHHIO

KitbKocmi Opaky ma smeHuenno enepeocnoxcusants. CKopouenHs 8ioxo0ie i nioguujeHHs AKOCmi 20moeoi

npoOyKYii NOKpawye eKkoHomiuny egpekmusHnicms supoonuymea. Ilooanvuuii po3eumox modce nepedbavamu
BNPOBAONCEHHS MYIbIMUCEHCOPHUX CUCMEM, YUPPOBUX OBIUHUKIE MA HelipOMepenHcesux dl2opummis onsa ue
OinbUL MOYHO20 NPOSHO3YBAHHS | A0ANMAYii MEeXHON02IUHUX NPOYeCs.

Knrwuosi cnoea: asmomamusosana cucmema, 0iaeHOCmuKa npoyecy oOpoOKu, pi3aibHUll iHCMpYMeHm,
8IOPOAKYCMUYHUL CUSHATL, NPYICHI Oehopmayi.
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