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Abstract 

This paper presents research aimed at detecting and quantifying backlash in the feed motion 
subsystem of machine tools using positioning accuracy test results. By applying shallow neural 
networks, we not only estimate backlash magnitude but also analyse the impact of key parameters 
on its occurrence. This approach enables continuous, data-driven monitoring and prediction of 
backlash variation, while reducing machine tool calibration time in industrial settings. The 
experimental study followed ISO 230-2, using two standard motion methods while monitoring 
machine and ambient temperature, atmospheric pressure, and humidity. The results show how 
experimental parameters affect detected backlash. A feed-forward neural network predicts current 
backlash at specific measurement points. The results demonstrate high accuracy in backlash 
estimation, significantly simplifying machine calibration during maintenance and providing a 
foundation for real-time error compensation. 

Keywords: machine tool; backlash; feed motion subsystem; machine learning; neural networks 
 

1. Introduction 

Modern industrial development strategies worldwide prioritise the enhancement of efficiency 
and competitiveness of manufacturing systems [1,2]. This particularly applies to machine tools, 
which represent their key technological components.  

A review of research in the field of machine tools indicates that meeting the requirements 
imposed by industrial production under conditions of growing global competition strongly depends 
on improving product manufacturing accuracy. Achieving such requirements has been made 
possible through advancements in machine tool design and by increasing the accuracy of motion 
generation [3,4].  

The earliest studies focused on improving the accuracy of machine tools date back to the first 
half of the 18th century, when methods for measuring flatness and straightness were first defined [5], 
along with the establishment of procedures to ensure machining repeatability and positioning 
accuracy [6].  

The automation of mechanical, drive, and control structures in numerically controlled (NC) 
machine tools, which emerged in the mid-20th century, enabled a significant increase in industrial 
production quality and productivity. At the same time, it became essential to ensure continuous 
monitoring and control of production quality. This led to the need for systematic research into the 
influence of design, operational, and environmental parameters on machine accuracy [7]. As a result 
of these needs, standardised methods for testing machine tool accuracy were developed and 
formalised in the early 1970s within ISO and ANSI frameworks [8,9] , establishing a foundation for 
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comparing machine performance characteristics. Around the same period, laser interferometry began 
to be applied to assess positioning accuracy, the straightness of machine tool axes, and the flatness of 
reference surfaces [6,10]. 

Positioning accuracy testing provides detailed insights into machine precision and enables the 
identification and quantification of linear and rotational axis errors in numerically controlled machine 
tools. Modern measuring systems based on laser interferometers provide positional resolution of 0.1–
1 nm. Such methods enable precise error classification and the calibration of machine tool 
components [11].  

Research conducted over the past two decades has laid the foundation for the active 
compensation of errors in the feed motion subsystems of machine tools [5]. In most cases, these 
approaches increase the number of monitored parameters during testing and apply artificial 
intelligence methods to accurately determine calibration factors and enable real-time error correction 
during machine operation. 

This paper presents a segment of research aimed at identifying the causes and consequences of 
inaccuracies in the feed motion subsystem of machine tools using artificial intelligence methods. The 
experiments were conducted in accordance with ISO 230-2 standards for machine tool positioning 
accuracy testing, with the addition of supplementary parameters that influence accuracy or that may 
result from processes that cause characteristic errors. The tests were performed to create a database 
of positioning accuracy results for one or more machines under various operating conditions 
(different speeds, external influences, etc.), serving as a basis for assessing the applicability of artificial 
intelligence in determining calibration parameters for machine tools during maintenance and in real-
time operation [12] via Edge Computing technologies.  

The working hypothesis of this study is that regular maintenance of machine tools, combined 
with the application of machine learning methods, can provide a basis for predicting certain 
categories of errors in machine tools. This leads to significant improvements by reducing calibration 
time and increasing the precision of calibration parameter estimation. Furthermore, it enables partial 
real-time error compensation via digital twin technology. The paper presents results on predicting 
backlash in the feed motion subsystem, which is one of the most common systematic errors in 
machine tools. 

The paper is structured as follows: this section provides an overview of the research context and 
objectives. Section 2 discusses the issue of backlash in the feed motion subsystem, the causes of its 
occurrence, and its impact on machine tool performance. It also describes the methodology for 
positioning accuracy testing and the experimental setup used for backlash determination. Section 3 
presents the advantages of applying machine learning methods for selecting the most influential 
parameters and predicting backlash magnitude, as well as the architecture of the neural network 
developed for backlash prediction following positioning accuracy tests. Section 4 presents the results 
of experimental testing, the description of the database used for neural network training, and the 
resulting predictions. Section 5 discusses the theoretical and experimental methods employed and 
the applicability of the results. Finally, the conclusions summarise the main findings and highlight 
the prospects for their industrial implementation. 

2. Materials and Methods 

2.1. Backlash in the Feed Motion Subsystem of Machine Tools 

The feed motion subsystem of a machine tool plays a key role in forming the tool path relative 
to the workpiece. Consequently, the accuracy of motion trajectories and the repeatability of 
movements largely depend on the design and operational condition of the components of this 
subsystem. It consists of three main groups of components: mechanical, drive, and control. 

In modern systems, multiple variants of mechanical and drive configurations exist; however, for 
light and medium-duty machine tools, the most commonly used configuration includes a servo motor 
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as the primary drive element, a mechanical transmission composed of a ball screw and nut (for 
converting rotary to linear motion), and sliding or rolling guide elements (Figure 1) [13]. 

 
Figure 1. Feed motion subsystem of a machine tool. 

Manufacturing, assembly, and operational inaccuracies within this subsystem directly affect the 
positioning accuracy of the machine’s slide or spindle, and consequently the accuracy and 
repeatability of machining operations [14,15]. The causes of such inaccuracies include: 

• mechanical inaccuracies due to manufacturing or assembly errors and elastic deformation 
during motion, 

• wear of components in the feed motion assembly, 
• thermal deformation under operating conditions, 
• mechanical oscillations during changes in feed rate along curved paths, 
• inadequate maintenance, poor lubricant quality, and other random causes, and 
• drive-induced inaccuracies. 

Modern control systems enable machine calibration using compensation values for multiple 
types of errors, determined through standardised testing procedures. The number and complexity of 
compensation routines that can be implemented depend on the control unitʹs memory and processing 
capabilities. 

Backlash in the feed motion subsystem is one of the most pronounced systematic errors in 
machine tools. It can be compensated in every modern control system through a single numerical 
correction value added to or subtracted from the programmed position when the direction of motion 
changes. Some control system manufacturers also define the backlash compensation sign (positive or 
negative) to indicate the direction or location of the backlash. The principle of backlash direction 
definition in a nut (a)-and-screw (b) drive system is shown in Figure 2. 

  
(a) (b) 

Figure 2. Backlash occurrence in the feed motion subsystem. 

The left diagram illustrates a subsystem with an indirect measurement setup, where backlash 
occurs within the screw-nut assembly; the right diagram shows a subsystem with a direct 
measurement setup, where backlash appears within the measurement transmission components. 

The elimination of backlash in the feed motion subsystem involves regular preventive 
maintenance, periodic positioning accuracy testing, backlash quantification, and calibration through 
software-based compensation within the control system [5,16]. 
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2.2. Testing the Positioning Accuracy of the Numerically Controlled Axes of Machine Tools and Determining 
the Backlash Value 

The positioning accuracy of a numerically controlled machine tool axis is the deviation between 
the actual and programmed positions of the tool or workpiece carrier during repeated bidirectional 
positioning along that axis. The testing procedure allows for the quantitative determination of 
multiple types of axis errors and provides a foundation for calibration. This procedure is defined by 
several national and international standards, including ISO 230-2, ASME B5.54, JIS B6336, and IEC 
61189-5-504, as well as by the VDI/DGQ 3441:1982 recommendations. 

All these standards define test procedures based on determining the actual position of the work 
table (slide) or spindle using a laser interferometer with environmental compensation, and 
comparing the measured values with those programmed into the control system. 

Positioning accuracy tests provide quantitative and qualitative information on the magnitude of 
systematic and random errors in the feed motion subsystem. The results enable the identification of 
error sources and the planning of maintenance interventions. 

According to ISO 230-2, the testing is performed under workshop conditions while ensuring: 

• unloaded machine operation with stable thermal and lubrication conditions, 
• environmental parameters (temperature, humidity, pressure) close to reference values with 

continuous monitoring and compensation, 
• use of certified measuring equipment with defined uncertainty [11], and 
• adaptation of the testing procedure to the specific machine (number of measurement points, feed 

rate, etc.). 

The testing involves measuring the position of an optical element (an interferometer or 
retroreflector) mounted on the moving part of the machine—typically the table—and comparing it 
with the programmed position. Figure 3 shows the setup of the measuring equipment for positioning 
accuracy testing. 

 
Figure 3. Arrangement of measuring equipment during positioning accuracy testing. 

Each measurement cycle includes positioning between defined points at a constant speed, with 
five repetitions in each direction at each position. Two motion paths are prescribed by the standard: 
linear (Figure 4a) and pendulum (Figure 4b). The number of measurement points, typically greater 
than six, depends on machine characteristics and measurement objectives [17]. 
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(a) (b) 

Figure 4. Linear (a) and pendulum (b) motion cycles for positioning accuracy testing. 

The laser head is mounted on a tripod or similar stand, allowing fine alignment with the 
measurement axis, ideally positioned to enable testing of multiple axes without repositioning. 

2.2.1. Processing of Positioning Accuracy Test Results 

The results consist of measured positions at defined measurement points in both positive and 
negative travel directions, as certain mechanical imperfections exhibit directional behaviour. Data 
processing includes calculating deviations between target and actual positions and a range of 
standardised statistical parameters, equally applicable to linear and rotary axes. 

Positioning accuracy testing for individual axes is performed on the selected axis over the 
maximum available segment of its total stroke (end positions are often inaccessible due to the 
dimensions of the measuring equipment), for ʺmʺ measuring points (positions). If necessary, the test 
can include only one part of the measured axis (to diagnose the condition of the elements of the feed 
motion subsystem on a machine that operates for a long time in a single workspace segment). 

Testing is performed along the available portion of the axis travel, avoiding areas inaccessible to 
measurement equipment. Measurement points are evenly spaced, and in each, the moving element 
stops at least ten times from both directions, yielding n measured values for each reference point j. 

Key terms are defined as: 

• Pi: reference (programmed) position, 
• Pij: actual measured position at the i-th and j-th reference point, 
• Xij = Pij – Pi: deviation from the target position. 

From these, several parameters are derived, including: 

• mean of measured values, 
• central deviation value at bidirectional positioning, 
• maximum and average deviation ranges, 
• unidirectional and bidirectional repeatability, 
• unidirectional and bidirectional systematic positioning errors (E), and 
• maximum bidirectional error (M). 

The results are presented both in tabular and graphical form (Figure 5). 
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(a) (b) 

Figure 5. Example of positioning accuracy test results. 

These data allow the identification of systematic and random errors, their spatial distribution, 
and the implementation of corrective actions. Random and progressive systematic errors are 
corrected by maintenance, while stable systematic errors are compensated numerically through 
software calibration. This can be realised within the maintenance process by removing the causes of 
random errors and certain causes of systematic errors. In addition, it is possible to numerically 
compensate systematic errors that do not show a progressive increase (usually caused by the type of 
machine, assembly errors, or wear of elements of the feed motion subsystem). 

It is important to note that the standard itself does not define methods for identifying specific 
error types (e.g., backlash in the screw–nut assembly, axis inclination, etc.), as these depend on the 
machine’s design. Such determinations are made through diagram analysis (Figures 5 and 8) and 
supplementary calculations. 

2.2.2. Determination of Backlash in the Feed Motion Subsystem 

To achieve the research objectives, it was necessary to quantify backlash in the feed motion 
assembly. Most commercial CNC control systems treat backlash as a scalar value used for 
compensation during direction reversal. 

All positioning accuracy tests in this research were performed using both the linear and 
pendulum motion methods defined by ISO 230-2. The pendulum method involves alternating 
movements between measurement points across the entire measuring range, capturing deviations 
that include both systematic and random errors as well as backlash (Figure 6). ∆𝑃௉௜ ൌ 𝑧௜ ൅ ∆𝑠௜ ൅ ∆a௜ 

 
Figure 6. Backlash effect in pendulum motion method. 
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The linear method involves unidirectional movement with position measurements at each 
defined point (Figure 7). After completion, the direction is reversed, and the procedure is repeated: ∆𝑃௅௜ = ∆𝑠௜ + ∆a௜ 

 
Figure 7. Backlash effect in linear motion method. 

In this case, backlash manifests only at the beginning and end of travel. 
Figures 8a and 8b show the impact of changing the direction of movement on the test result. 

  
(a) (b) 

Figure 8. The impact of the changing the direction of movement on the test result. 

After the measurement, the backlash was determined as part of the feed movement at all central 
measurement points, except the end ones, by subtracting the deviation in positioning measured by 
the pendulum and linear methods for each point. 𝑧௜ = ∆𝑃௉௜ − ∆𝑃௅௜ 

The endpoints are excluded, as backlash cannot be reliably determined there. 

3. Application of Machine Learning in Backlash Estimation 

Backlash in the feed motion subsystem is a systematic error that appears during movement 
along specific machine tool axes. It primarily depends on machine design, component characteristics 
(screw–nut, rack–and–pinion, etc.), wear level, thermal expansion, and the position and type of 
measurement system. While the influence of some parameters can be estimated from physical 
characteristics, environmental and operational variations may cause significant deviations.  

Research in this domain generally follows two directions: 

1. development of standardised methods for accurate backlash determination for machine 
calibration, and 

2. creation of software tools for real-time backlash estimation and compensation based on 
operational parameters such as power, noise, or vibration. 

In both cases, advanced software solutions that account for numerous influencing parameters—
design, operational, environmental, and measurement-related—are essential. Machine learning 
methods have proven particularly effective [18–20], as they enable the integration of diverse input 
data, improve diagnostic precision, and support prediction and compensation of mechanical errors 
[21]. , as they enable the integration of diverse input data, improve diagnostic precision, and support 
prediction and compensation of mechanical errors [22]. 
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Under controlled testing conditions defined by standardised procedures that minimise 
measurement uncertainty, machine learning techniques provide an optimal solution for estimating 
backlash values suitable for machine calibration [23,24]. These methods establish mathematical 
relationships between influencing parameters [25,26], enabling rapid prediction of compensation 
factors during calibration or machine operation. 

In the present study, a shallow feedforward neural network was used to estimate variations in 
backlash values within the feed motion subsystem, based on positioning accuracy test results. Input 
parameters included not only the measured deviations from programmed positions but also machine 
and environmental parameters such as travel speed, machine and ambient temperature, air pressure, 
and humidity. 

Given the number of potential inputs and the nature of backlash as a systematic error, previous 
studies have emphasised the advantages of feedforward neural networks [18]. Therefore, the 
experimental model employed a network with eight input nodes, one output node, and two hidden 
layers containing eight neurons each. The network was developed, trained, validated, and tested 
using MATLAB software. Figure 9 presents the schematic of the neural network used. 

 
Figure 9. Schematic representation of the applied neural network. 

4. Results of Experimental Research 

The experimental investigations conducted within this research included a series of positioning 
accuracy measurements along individual axes of the FM38 horizontal machining center installed at 
the Faculty of Technical Sciences, University of Novi Sad. 

The accuracy testing was performed using a specialised measurement system for machine tool 
calibration—HP 5526A, based on a laser interferometer, while continuously monitoring external 
conditions, including ambient temperature, atmospheric pressure, and humidity, as well as the 
temperature of the machine’s ball screw (measured using a contact probe integrated into the 
measuring system). 

For the portion of the experiment used to form the neural network training database and to 
verify the research hypothesis presented in this paper, an experimental plan was developed to 
measure the positioning accuracy of individual axes of the Heidenreich & Harbeck FM38 machining 
center, following the procedure defined by ISO 230. 

The linear axes of this machine use a recirculating ball screw and nut drive. The experimental 
plan was designed using the Taguchi method, with parameters given in Table 1. 

Table 1. Measurement plan parameters. 

Number of measurement points along the axis 8 (0–350 mm) 
Feed rates 3 (200, 500, and 1200 mm/min) 

Motion methods 2 (linear and pendulum) 
Dwell time at each point 3, 5, and 7 s 

Measured parameters 
Machine temperature, ambient 

temperature, atmospheric pressure, air 
humidity 
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Analysis of deviations from programmed positions obtained with different motion methods at 
each measurement point allows determination of backlash values, as described in Section 2.2.2, 
providing the necessary output data for training and validating the neural network. 

Testing of the FM38 machining center produced a training dataset consisting of measurement 
results collected at different positions along the test axis. The database included the following 
parameters: programmed slide position (measurement point), feed rate, measured positions for both 
motion methods, deviations between measured and programmed positions in both travel directions, 
machine and ambient temperature, pressure, and humidity. Each measurement was repeated three 
times for each feed rate. 

Additionally, the database included statistical parameters defined by ISO 230-2, necessary both 
for generating standardised test reports and for identifying characteristic errors. The complete 
dataset comprised 432 measurement points per axis. 

Backlash determination and neural network formation were based on data obtained from the X-
axis, ensuring the inclusion of machine-specific structural and operational characteristics. Table 2 
presents an excerpt from the measurement database. 

Table 2. Example of the measured value database. 

No Pos. 
[mm] 

Dev_lin_f 
[mm] 

Dev_lin_r 
[mm] 

Speed 
[mm/min] 

T_e 
[°C] 

... Dev_pend_f 
[mm] 

Dev_pend_r 
[mm] 

1 0 -0.0001 -0.0001 200 21.6 … 0.0028 6.96E-05 
2 0 -0.00064 -0.00064 200 21.6 … 0.003929 0.000261 
... ... ... ... ... ... ... ... ... 

180 250 249.9828 249.9765 500 26.9 ... 250.024 250.0181 
181 250 249.9831 249.9767 500 26.9 ... 250.0243 250.0173 
... ... ... ... ... ... ... ... ... 

430 350 349.9747 349.9668 1200 19.7 ... 350.0373 350.0292 
431 350 349.9745 349.9664 1200 19.7 ... 350.0374 350.0297 

The initial step in data processing was the training of the neural network. The Levenberg–
Marquardt backpropagation algorithm was used for training, with 70% of the available data reserved 
for this phase. The mean squared normalised error (MSE) function was used to evaluate deviations 
from expected values and to adjust network parameters. 

Validation and testing were performed on 15% of the remaining data each. The neural network 
achieved optimal performance at the 27th epoch out of 33 total training iterations. Figure 10 shows 
the network performance during the training phase. 
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Figure 10. Neural network validation during training. 

The deviations between the predicted and true backlash values in the feed motion assembly 
during training, validation, and testing are shown in Figure 11. 

 
Figure 11. Deviation of predicted backlash values from reference. 

The trained neural network was then tested using a sample of 80 data points. The backlash 
values obtained in the feed motion subsystem of the FM38 machining center ranged from 0.9µm to 5 
µm. Figure 12 presents the graphical representation of the test results. 

 
Figure 12. Neural network test results. 

Figure 13 presents the regression results for the neural networkʹs training, validation, and test 
phases. 
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Figure 13. Regression results for the neural network across phases. 

5. Discussion 

The application of artificial intelligence techniques for predicting parameters of complex 
mechatronic systems—such as CNC machine tools—requires a critical assessment of the obtained 
results. This is particularly important when estimating parameters that can significantly affect 
machine performance. The results, therefore, must be analysed from several perspectives: 

• the influence of measurement uncertainty (both equipment and environmental) on backlash 
prediction, 

• the influence of individual input parameters on prediction results, 
• the accuracy and robustness of predicted backlash values, and 
• the applicability of the defined procedure in real industrial environments. 

To verify the validity of the conducted measurements, the measurement uncertainty was 
evaluated in accordance with ISO 230-9:2005[27] 

The measuring equipment was adjusted according to manufacturer specifications to minimise 
potential error sources, such as misalignment error, Abbe error, and lost motion. During 
measurements, the laboratory temperature was maintained at 21 °C ± 2 °C. The measurement 
duration per axis did not exceed 30 minutes. The measuring instruments were not recalibrated prior 
to testing; therefore, the manufacturerʹs uncertainty values were used. 

The optical alignment was maintained within 1 mm of the tested axis, with repeatability steps 
of 50 mm and maximum deviation gradients of 50 µm/m. Environmental variation errors were 
considered according to [28]. The laser interferometer is positioned to minimise the path error. Table 
2 shows the obtained uncertainty values for the farthest measurement point of the examined axis. 
The laser measurement system used includes automatic ambient compensation and automatic 
expansion coefficient compensation. uM Device, iuE Device are considered null. For steel, a thermal 
expansion coefficient of α = 0.012 µm/mm ◦C was used, and the uncertainty range was set to Δα = 
0.002 µm/mm oC, following ISO recommendations. 
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The He–Ne laser source with a Zeeman-split dual-frequency output (HP 5500C) was used in 
conjunction with an optical interferometer and retroreflector. Table 3 shows the influential 
measurement uncertainty parameters for the used equipment. 

Table 3. Table of influential parameters of measurement uncertainty. 

Device - uD X axis units 
L - measurement length 360 mm 

a - accuracy 3.4 ppm 

uaccuracy 0.1963 µm 

Wavelength stability 0.04 ppm 

uwavelength 0.0023 µm 

udevice.estimate 0.1986 µm 
r - resolution 0.1 µm 

uresolution 0.0289 µm 

uD 0.2007 µm 

Misalignment - uM 
Misalignment 1 mm 
γ - angle 0.2865 ° 

ΔLm - misalignment 2.5000 µm 

uM 0.7217 µm 

Temperature - uT 

Standard uncertainty of sensor 0.7 °C 

u(Θ)calculated 0.2021 °C 

uM.Machine tool 0.4850 µm 

uM.Device 0 µm 

TM - Machine temperature 24 °C 
ΔT 4 °C 

u(α) 0.0006 µm/mm°C 

uE.Machine tool 0.4619 µm 

uE.Device 0 µm 

uT 0.6697 µm 

Environmental variation - uEVE 

EVE - drift 1 µm 

uEVE 0.2887 µm 

Repeatability of the setup - uS 

OABBE 50 mm 

Dangle 50 µm/m 

ΔLS 3.5355 µm 

uS 1.0206 µm 

At the measuring length - uP 

uP 1.4610 µm 
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Uncertainty parameters are also determined based on the measurement length. The obtained 
values are presented in Table 4. 

Table 4. Uncertainty values of the measurement parameters. 

Measurement parameters X axis units. 
n - number of cycles 5 - 

U(R+, R-) 1,15 µm 
U(B) 4,12 µm 
U(R) 4,27 µm 

U(E,E+,E-) 2,88 µm 
U(M) [n=10] 2,87 µm 

U(A) 3,33 µm 

The results showed that the influence of environmental and instrumental factors on 
measurement uncertainty was minimal under the given conditions. 

Another critical issue concerns the influence of individual measured parameters on the neural 
network’s output. To identify the most relevant parameters, a weighted k-nearest neighbours (k-NN) 
classification algorithm was used. Validation achieved 98.8% accuracy. Figure 14 presents the 
ANOVA-based influence scores of the analysed parameters, expressed as –log(p) values. 

 
Figure 14. Influence of input parameters based on ANOVA analysis. 

Table 5 summarizes the ANOVA scores for each testing parameter. 

Table 5. ANOVA scores of influencing parameters. 

Parameter ANOVA score (–log(p)) 
Position 24.724 

Negative-direction deviation 22.099 
Positive-direction deviation 20.093 

Feed rate 3.217 
Machine temperature 1.424 
Ambient temperature 1.040 
Atmospheric pressure 0.417 

Air humidity 0.108 
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From these results, it can be concluded that most selected parameters are relevant for 
determining backlash in the feed motion subsystem. The most significant parameters are position, 
deviation from the commanded position, and feed rate, while environmental parameters have a 
considerably smaller impact. 

The test results for 60 data samples correspond to the actual backlash values of a machine tool 
equipped with a recirculating ball screw and a preloaded nut after a defined operational period. The 
obtained backlash range indicates that no mechanical adjustment of the nut is currently required; 
numerical compensation is sufficient. 

Observed point-to-point variations include both systematic and structural errors not explicitly 
covered by this study, which can be corrected in the subsequent calibration cycle. 

The conducted research demonstrates that machine learning, specifically feedforward neural 
networks, can accurately predict backlash values in feed motion assemblies. The analysis also 
revealed that input parameters dependent on measured position accuracy strongly influence results, 
confirming the potential of this method for predictive maintenance based on a machine’s historical 
measurement data. 

This approach significantly reduces calibration time and improves the accuracy of backlash 
compensation for specific machine tool axes. Moreover, it indicates the possibility of extending the 
same methodology to rotary axes. 

Additionally, the applied testing and analysis procedures suggest the feasibility of real-time 
monitoring of ball screw condition in modern CNC machine tools. However, such implementation 
requires integrated active and reference measurement systems and appropriate upgrades to the 
control system. 

6. Conclusions 

The research presented in this study highlights the importance of artificial intelligence 
applications in the maintenance and operation of machine tools. The initial hypothesis—that the 
machine tool calibration process can be significantly improved through machine learning methods 
while fully complying with ISO 230-2 testing procedures—has been confirmed. 

Furthermore, applying a similar methodology while continuously monitoring additional 
parameters (e.g., energy or dynamic data) has strong potential for automatic real-time calibration by 
correcting compensation values. This trend aligns with the growing adoption of Edge Computing-
based feedback systems in the modern machine tool industry. 

Future research, building on the database and methodology established here, will focus on 
identifying other systematic and random errors that occur during machine operation. The ultimate 
objectives include the development of automatic calibration applications for machine tools based on 
the tracking of key influencing parameters, and the implementation of digital twin–based systems 
for intelligent, self-correcting machine tool calibration. 
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