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Abstract

This study investigates the influence of selected technical and technological parameters on cutting
forces and power consumption during the milling of medium-density fibreboards. The main
objective was to experimentally measure orthogonal cutting force components (Fx, Fy, Fz) and
electrical power consumption under varying spindle speeds (14 000, 16 000 and 18 000 rpm), feed
speed (6, 8 and 10 m/min), and milling strategies (conventional and climb), and to evaluate the
suitability of the obtained data for predictive modelling. Cutting forces were measured using a Kistler
9257B piezoelectric dynamometer, and power consumption was recorded by a three-phase power
quality analyser. Statistical analysis confirmed significant effects of machining parameters on force
components, total cutting force, and power consumption. Spindle speed showed the strongest
influence on total cutting force and power consumption, while milling strategy predominantly
affected Fx and Fy components. Power consumption increased with increasing spindle speed. Based
on the measured data, several machine learning models were developed to predict the total cutting
force. After model comparison using RMSE, R?, training time, and model size, a Fine Tree model was
identified as the most suitable, achieving high prediction accuracy without signs of overfitting. The
results confirm that experimentally obtained force and energy data are suitable for reliable predictive
modelling in CNC milling of MDEF.

Keywords: cutting forces; milling; CNC machining centre; dynamometer; power consumption;
statistical analysis; machine learning models

1. Introduction

In modern manufacturing cutting parameters play vital role in the milling process and have
significant effect on tool and workpiece. As such is paramount to consider cutting forces and their
effect during milling process for several reasons such as tool wear, surface quality, dimensional
accuracy, machine stability and energy consumption [1-3]. Considering cutting forces and their
effects during milling can help optimize the machining parameters in manufacturing process [4-6].

Milling is one of most used manufacturing processes, yet accurate understanding of power
consumption and cutting forces under milling conditions remains not utilized to its full potential. As
power consumption is directly related to energy efficiency and operational cost manufacturing sector,
it requires reliable data and reasons to improve milling process. Experimental investigations reported
in the literature show considerable variability in measured cutting forces and power consumption,
particularly with respect to the influence of cutting speed, feed rate, depth of cut and type of materials
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[7]. Effect of cutting speed on cutting forces in the literature can be described contradictory as no
impact [8] or increasing impact [9,10]. An increase in feed per tooth corresponds to an increase in chip
thickness, what results in greater cutting forces and power consumption [11,12]. Overall differences
in machine tools, measurement systems, and cutting conditions make it difficult to simply compare
results or generalize conclusions. Based on this there is a need for measurement of cutting forces and
power consumption during process of milling. Data are required not only to better understand
process of milling but also to validate predictive models and support overall optimization of process
aimed at energy consumption without decreasing quality of milling performance

Creating a low-cost, constrained-motion dynamometer for milling applications is difficult. Some
design achieves accurate three-axis force measurement at a fraction of the cost of commercial systems,
addressing the need for more affordable and adaptable measurement tools in research and industry
[13].

A milling table integrated with PVDF thin-film sensors was used to measure cutting forces
without an external dynamometer [14]. This research demonstrated a lightweight, flexible approach
to force sensing, showing the evolution toward embedded and intelligent measurement systems in
milling operations. Cutting force measurement has critical role in understanding machining
performance, tool wear, and surface quality. An accurate force data from a dynamometer can be used
to analyse tool condition and optimize process parameters in difficult-to-cut materials [15].

Dynamometers as the most reliable instruments for direct cutting force monitoring. There are
several types of dynamometer that use different sensing methods such as piezoelectric, strain-gauge,
and others. [16]. Dynamometers are capable of measuring four-component forces in real time. This
design significantly improves sensitivity and response speed, representing a step forward in dynamic
and multi-axis force measurement for high-speed milling [17].

Energy consumption increases with higher spindle speeds and decreases with higher feed rates,
while surface quality follows the opposite trend [18].

Cutting parameters affect both cutting forces and cutting temperature during face milling of
material [19]. Milling strategies influence productivity, roughness and vibration, these are important
parameters while searching for optimal milling path [20].

This article deals with the use of cutting force and cutting power data obtained during the
milling of medium density fibre wood boards to create predictive models using machine learning.
First, the measured data are processed and evaluated statistically to determine the statistical
significance of the effects of individual technical and technological milling parameters.

Following the statistical evaluation, the study progresses to the creation and parameterization
of machine learning models. These models are then rigorously tested to assess their suitability for the
specific type of data. The evaluation is based on the correlation coefficient of measured and predicted
data and on their root main square error.

2. Materials and Methods

Samples of medium density fibre (MDF) boards were used as experimental material which were
cut to dimensions of 350 x 160 x 18 mm. Medium Density Fibreboard (MDF) is an engineered wood
product produced by hot-pressing wood fibbers bound with synthetic resins, most commonly urea—
formaldehyde (UF), under controlled heat and pressure [21]. Manufacturer of sample material MDF
E1 (EN ISO 12460-5) company KRONOSPAN (Zvolen, Slovakia) guarantees technical specification
according to technical sheet of manufactured product. Material density is 750 kg-m?® +7% and
tolerance of thickness is +0,2mm. All other details are in technical sheet on manufacturer website.
Before Experimental measurement occurred, material was formatted to required dimensions and
milled around the perimeter for purpose of removal of unwanted shortcomings or inaccuracies.
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2.1. Cutting Tool Used in Experiment

Tool used in experiment was spiral monolithic 3-spiral end mill SCH3UFN284R 20 x 90 x 20
(Freud, S.p.A, Italy) with parameters in Table 1.

Table 1. Parameters of cutting tool.

Parameter Description/Value
Tool type End mill
Construction Monolithic (solid tool)
Cutting edge geometry Spiral/Helical
Number of flutes 3
Tool diameter 20 mm
Chip removal Positive

2.2. CNC Machining Centre

Measurements occurred at a 5-axis CNC machining centre, specifically Z5-31 SCM TECH (SCM
Group, Rimini, Italy). This CNC machine is well-suited for furniture panel production, designed for
high-precision tasks in complex 3D shaping, contouring, and drilling operations. At the core of the
machine is an 11 kW “Prisma 5” vertical electro-spindle with a high-speed capacity of up to 24,000
rpm, allowing it to handle demanding routing and milling operations. The spindle is belt-driven and
water-cooled, ensuring consistent thermal management. CNC machine spindle follows HSK 63
standard, offering excellent rigidity and fast tool changes.

CNC machines capability is supported by a broad movement envelope, typically around 3110
mm (X), 1300-1550 mm (Y), and 160 mm (Z), with continuous rotation along axes B (+320°) and C
(+640°). This enables complex multi-sided machining without repositioning the workpiece. Safety
and ergonomics are embedded into the machine design through features like bumper-style collision
protection, automatic lubrication, and dust extraction interfaces. The control system is PC-based [22].

2.3. Power Consumption Mesurement

Device used for measurement of power consumption of milling process was a three-phase
power quality analyser MI 2893 Power Master XT (Metrel d.o.o., Slovenia). The power analyser was
connected to the electrical power supply of the CNC machining centre. It was connected with the
help of current probes and voltage clamps. The voltage clamps were connected to the phase
conductors, zero and protective conductor using the installed socket 32 A5P. The current probes were
connected in the direction of the current flow, in the case of the opposite connection, the values
measured on the terminals would be negative. After the connection of measuring circuit, a test
measurement of the signal was realized on the phases. Program used for measuring power
consumption was Metrel PowerView v3.0.

2.4. Cutting Forces Mesurement

Cutting force measurements were performed using a three-component piezoelectric
dynamometer (Kistler 9257B, Kistler Group). The Kistler 9257B is a piezoelectric, multicomponent
dynamometer designed to capture orthogonal force components Fx, Fy, F. during machining
operations, including milling, turning, and grinding. In our case we will be using it in process of
milling.

It integrates four three-component quartz force sensors, preload-mounted be-tween a baseplate
and a 100 x 170 mm top plate. This assembly enables measurement of forces and moments with high
stiffness and natural frequency [23].

Dynamometer was mounted onto wooden particleboard which was fixed to CNC machine
centre using pneumatic grippers. This method was used for fixing dynamometer in place during
milling. Experimental sample was fastened onto dynamometer with hex bolts, that kept material
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during milling process in fixed place. We set minimal safe distance to be 50 milometers. This area
was monitored and marked. Tool path was closely monitored and if tool encroached onto marked
area milling process would be stopped im-mediately.

Program used for cutting forces measurement was DynoWare v3.2.5.0. Sampling rate of signal
during measurement was 5000 Hz. The entire milling cycle with one sample was recorded in one
measurement, which includes 3 conventional and 3 climb millings. Overall force was computed as:

F = |E2+F +F? @M

where Fx, Fy and F. are measured forces in X, y and z axis according to coordinate system of
dynamometer.

2.5. Cutting Parameters

The cutting parameters were selected according to the practical operation based on several
factors of the CNC milling machine and the recommended cutting conditions for the applied cutting
tool. Spindle speeds of 14,000, 16,000, and 18,000 rpm and feed speeds of 6, 8, and 10 m/min were
chosen to cover a range of machining conditions commonly used in high-speed milling. These
parameters are summarised in Table 2. This range enabled the investigation of the influence of cutting
speed and feed speed on the milling process while maintaining process stability and preventing
excessive tool wear. Furthermore, both up milling (conventional milling) and down milling (climb
milling) were employed to assess changes in power consumption and measurements of cutting
forces. The experimental milled assembly is shown in Figures 1 and 2.

Table 2. Parameters of variation used in experiment.

Parameter Values
Spindle speed (rpm) 14 000, 16 000, 18 000

Tool feed rate (m/min) 6,8, 10
Milling type Conventional, Climb

Qo000

Figure 1. Simplified drawing of experiment.
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Figure 2. 3D model of experiment (Creo parametric).

2.6. Other Factors

Measurement Uncertainty is always a factor to consider, as such device were calibrated and
tested before experiment occurred.

3. Results

Power consumption was calculated as power consumed during milling process from which was
subtracted power consumption while CNC machine was in idle mode. Cutting forces were more
straightforward as measuring tool has its own software that showed entire experimental process with
detailed graph of any components of cutting forces. In order to work with data, random noise and
volatility were reduces. This is done in order to reveal a clearer, more coherent signal for data
analysis. All calculations were done by software baring the exception of making it absolute value as
depending on which side forces were applied one was negative. Negative value only meant that
forces were applied in other direction.

Figure 3 shows recorded data after three climb and three conventional millings. Figure 4 shows
recorded data after filtering. Based on this figure, forces were calculated as absolute value of
difference between cutting force during idle time and cutting force during milling process. After last
spike there is slight change in forces this was due to part of CNC machine passing over and
transferring forces with rubber curtain.

11N
SRR

&
w
+ v

b

Figure 3. Record of raw data of cutting forces.
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13

Figure 4. Record of data of cutting forces after filtering.

3.1. Statistical Evaluation

The statistical significance of machining parameters was evaluated using analysis of variance
(ANOVA), a method originally developed by Fisher [24] and widely applied in engineering
experimental designs like Montgomery [25] to determine the relative contribution of cutting
parameters to response variables.

For purpose of statistical evaluation, we used program STATISTICA (TIBCO Software inc.). This
program was chosen based on availability, technical understanding of software, utilities and personal
preference. Tables 3-7 summarise descriptive statistics of measured variables. As main tool chosen
for analysis was ANOVA (analysis of variance), in order to determine statistically significant
differences between the means of independent groups for forces Fx, Fy, F, overall force Fc, and cutting
power P. It is essential for comparing multiple groups simultaneously. For analysis purposes, we
took all force components as absolute values. As during experiment different combination of feed

d0i:10.20944/preprints202603.0451.v1

speed (f), rotation of milling tool (1) and different types of milling (conventional, climb) were used.

Table 3. Descriptive statistics of Fx.

Effect Valid N Mean Std. Dev. | Std. Err -95% 95%
Total 180 20.018 4.903 0.365 19.296 20.739
— 14000 60 20.423 5.166 0.667 19.089 21.758
§~ 16000 60 20.627 4.684 0.605 19.417 21.837
1 18000 60 19.003 4.767 0.615 17.771 20.234
— 6 60 19.989 4.199 0.542 18.904 21.074
- g = 8 60 20.158 4.884 0.631 18.896 21.420
— 10 60 19.906 5.605 0.724 18.458 21.354
Climb 90 24.788 1.143 0.120 24.549 25.028
Conventional 90 15.247 1.009 0.106 15.035 15.458
Table 4. Descriptive statistics of Fy.
Effect Valid N Mean Std. Dev. | Std. Err | -95% 95%
Total 180 19.382 5.088 0.379 18.633 20.130
6 14000 60 20.681 5.046 0.651 19.377 21.984
a 16000 60 19.801 5.192 0.670 18.460 21.143
= 18000 60 17.663 4.608 0.595 16.473 18.853
E 6 60 17.628 5.184 0.669 16.289 18.967
E . -~ |8 60 19.356 4.693 0.606 18.143 20.568
= e 10 60 21.162 4.827 0.623 19.915 22.409
Climb 90 14.727 2.074 0.219 14.292 15.161
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Conventional 90 24.037 1.985 0.209 23.621 24.453
Table 5. Descriptive statistics of F-.

Effect Valid N Mean Std. Dev. | Std. Err -95% 95%
Total 180 4915 0.700 0.052 4.812 5.018
/é\ 14000 60 5.512 0.499 0.064 5.383 5.641
& 16000 60 4.757 0.663 0.086 4.586 4.928
H 18000 60 4.476 0.464 0.060 4.357 4.596
E 6 60 4.834 0.688 0.089 4.657 5.012
E = 8 60 4.778 0.595 0.077 4.624 4.932
= 10 60 5.133 0.765 0.099 4.935 5.330
Climb 90 4.830 0.752 0.079 4.672 4.987
Conventional 90 5.000 0.636 0.067 4.867 5.134

Table 6. Descriptive statistics of P.

Effect Valid N Mean Std. Dev. | Std. Err -95% 95%
Total 180 0.145 0.041 0.003 0.139 0.151
g 14000 60 0.125 0.023 0.003 0.119 0.132
& 16000 60 0.127 0.030 0.004 0.119 0.134
H 18000 60 0.182 0.038 0.005 0.172 0.192
E 6 60 0.122 0.023 0.003 0.116 0.128
E = 8 60 0.144 0.046 0.006 0.132 0.156
e 10 60 0.168 0.037 0.005 0.158 0.177
Climb 90 0.145 0.039 0.004 0.137 0.153
Conventional 90 0.145 0.043 0.005 0.136 0.154

Table 7. Descriptive statistics of overall force Fc.

Effect Valid N Mean Std. Dev. | Std. Err -95% 95%
Total 180 29.101 1.952 0.146 28.814 29.388
€ 14000 60 30.409 1.432 0.185 30.039 30.779
o 16000 60 29.785 1.246 0.161 29.464 30.107
H 18000 60 27.109 1.307 0.169 26.771 27.446
E 6 60 27.842 1.669 0.215 27.411 28.273
E = 8 60 29.124 1.040 0.134 28.855 29.393
- 10 60 30.337 2.128 0.275 29.787 30.887
Climb 90 29.271 2.008 0.212 28.850 29.691
Conventional 90 28.931 1.891 0.199 28.535 29.327

Analysis of variance was conducted to examine the groups of data and if there is significant
corelations. Table 8 shows comparisons between the data acquired during experiment. The highest
influence of technological parameters was on the measured force Fx.

Table 8. Analysis of variance.

Variable SS df | MS SS df MS F p

P 0,250 17 | 0,015 0,048 162 | 0,000298 49,259 0,00
Fx 4276,886 17 | 251,582 26,703 162 | 0,164832 1526,290 0,00
Fy 4607,697 17 | 271,041 26,497 162 | 0,163560 1657,138 0,00
F. 79,995 17 | 4,706 7,728 162 | 0,047705 98,640 0,00
F. 633,681 17 | 37,275 48,615 162 | 0,300095 124,212 0,00

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 5 shows how the change of force Fx is influenced by milling parameters. Climb milling
had a component of this force greater than conventional. Figure 6 shows that with increase of feed
speed measured force increases, also the force decrease with increase revolution of cutting tool. Here,
on the contrary, climb milling had a smaller component of this force than conventional milling. Figure
7 shows how cutting parameters influence cutting force in direction Fz, graph shows all cutting
parameters are in range of each other with little change less than 2 N.

Figure 9 shows graph of dependence of computed force Fc on technological parameters. It can
be seen that computed force increases with increase of feed speed, and decreases with increase of
rotation of tool. This fact also comes for theory of cutting, when cutting force decrease with increase
in cutting speed due to decreasing thickness of removed material. This graph shows that force doesnet
change much with change of milling type.

Figure 8 shows the dependence of the consumed power required for material removal by the
technological parameters of milling. With increasing speed of rotation of tool, the consumed electrical
power increases mainly due to higher currents flowing through the electrical winding of the electric
spindle.

F-test determines whether differences between group means are statistically significant by
comparing variability between groups to variability within groups. In ANOVA SS (Sum of Squares)
measures total variation, MS (Mean Square) is SS divided by its degrees of freedom, F is the ratio of
between-group variance to within-group variance (MS between / MS within), and p is the probability
of observing such an F value if there is actually no real difference between groups.

Multivariate Effects of Machining Parameters on Cutting Force
Fx
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12+
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14000 18000 14000 18000 =E f(m/min) 6
=+ f(m/min) 8
Milling Type: Climb Milling Type: Conventional == f(m/min) 10

Figure 5. Analysis of variance for Fx force dependence on technological parameters.
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Multivariate Effects of Machining Parameters on Cutting Force
Fy
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Figure 6. Analysis of variance for Fy force dependence on technological parameters.

Multivariate Effects of Machining Parameters on Cutting Force
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Figure 7. Analysis of variance for F; force dependence on technological parameters.
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Multivariate Effects of Machining Parameters on Cutting Forces
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Figure 8. Analysis of variance for F. force dependence on technological parameters.

Multivariate Effects of Machining Parameters on Power Consumption P
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Figure 9. Analysis of variance for P force dependence on technological parameters.

From Tables 9-13 we can clearly see what parameters are statistically significant. Parameters
that influence parameters are in red font.

From data in Table 9 it can be seen that all examined factors have a statistically significant effect
on the force Fx. Spindle speed 1 (rpm) demonstrates a strong influence (F = 284.98, p < 0.001), while
feed rate f (m/min) also shows statistical significance (F = 6.00, p = 0.003). Milling type exhibits the
highest F value (F = 24853.98, p < 0.001), indicating that it is the dominant factor affecting Fx. Based
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on the magnitude of the F statistics, milling type contributes most substantially to variations in Fy,
followed by spindle speed, whereas feed rate has a comparatively smaller effect.

Table 9. F-test for parameter Fx.

Effect SS MS F p

n(rpm) 93.95 46.97 284.98 0.000000
f(m/min) 1.98 0.99 6.00 0.003054
Milling Type 4096.73 4096.73 24853.98 0.000000

All investigated factors are highly statistically significant (p < 0.001) for force Fy according to
results in Table 10. Milling type yields the largest F value (F = 23848.25), indicating the strongest
influence on Fy. Feed rate (F = 1145.58) and spindle speed (F = 883.48) also demonstrate pronounced
and statistically significant effects. These results confirm that Fz is strongly dependent on both cutting
conditions and the selected milling type.

Table 10. F-test for parameter Fy.

Effect SS MS F p

n(rpm) 289.00 144.50 883.48 0.000000
f(m/min) 374.74 187.37 1145.58 0.000000
Milling Type 3900.61 3900.61 23848.25 0.000000

The f-test results in Table 11 reveal statistically significant effects of all three factors (p < 0.001)
for parameters F.. Spindle speed shows the greatest impact (F = 360.90), followed by feed rate (F =
45.66). Although milling type is statistically significant (F = 27.38, p = 0.000001), its effect is
comparatively smaller. Therefore, Fz is predominantly influenced by spindle speed, with secondary
contributions from feed rate and milling type.

Table 11. F-test for parameter Fz.

Effect SS MS F p

n(rpm) 34.43 17.22 360.90 0.000000
f(m/min) 4.36 2.18 45.66 0.000000
Milling Type 1.31 1.31 27.38 0.000001

In Table 12 results indicate that spindle speed (F = 614.56, p < 0.001), feed rate (F = 311.32, p <
0.001), and milling type (F = 17.31, p < 0.001) all significantly influence parameter Fc. Among these
factors, spindle speed exhibits the strongest effect, followed by feed rate, while milling type
contributes to a lesser extent. Therefore, Fc is predominantly governed by cutting conditions.

Table 12. F-test for parameter Fc.

Effect SS MS F p

n(rpm) 368.85 184.43 614.56 0.000000
f(m/min) 186.85 93.43 311.32 0.000000
Milling Type 5.19 5.19 17.31 0.000052

The f-test for power consumption in Table 13 indicates that spindle speed (F = 210.13, p < 0.001)
and feed rate (F = 104.58, p <0.001) significantly influence the response. In contrast, milling type does
not exhibit a statistically significant effect (F = 0.01, p = 0.931). This suggests that parameter P is
determined mainly by cutting conditions rather than by the type of milling process.
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Table 13. F-test for parameter P.

Effect SS MS F )

n(rpm) 0.13 0.06 210.13 0.000000
f(m/min) 0.06 0.03 104.58 0.000000
Milling Type 0.00 0.00 0.01 0.930993

3.2. Predictive Modeling

Matlab Prediction Learner was used as a tool for creation of predictive models. Main goal was
to predict total force F.. This program allows wide selection of different model types, their training,
testing and is then followed by comparison. Main parameters used for comparison are Root Mean
Square Error (RMSE) and coefficient of determinator R2. The parameters RMSE of created models
should be as close as possible to value of 1. It is also important to compare RMSE values for the
training and testing datasets. If trained and tested data have large difference between each other it
may indicate that model has memorised the training data and is therefore unsuited for new data.

Data used as predictors for model training were: spindle speed (n), feed speed (f) and milling
type. Dependent variable was total force created by milling tool during process of material removal
from workpieces. To choose right model, initial training and testing were carried out using all
available model in Matlab environment, after which models were subsequently compared. The
testing data originated from measured dataset obtained during experiments, this data is about 10%
from total measured data.

After filtering clearly unsuitable models (RMSE > 0.7 and R? < 0.8), the remaining models were
further compared with respect to their size in bytes. The size of the resulting models for Boosted Trees
(Model No. 2.16) and Bagged Trees (Model No. 2.17) exceeded 18 x 10* bytes, while the other models
were below 1.5 x 10* bytes what is shown Figure. With a larger dataset, this imbalance would be even
more apparent, for this reason models with this high of requirement were removed from further
analysis.

Compare Results
T T T

Model Number

0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8 2
Model Size (bytes) x10°

Figure 10. Comparison of models by required memory.

The filtered models (RMSE < 0.7 and R? > 0.8) are shown in Figure 11, with their RMSE and R?
being very similar.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0451.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 March 2026

13 of 20

Compare Results
T T

Model Number

211 F 4

1 1 1 1 1 1
0 0.1 0.2 0.3 04 0.5 0.6 0.7
RMSE (Validation)

Figure 11. Comparison of filtered models.

The values of RMSE (Root Main Square Error), MSE (Main Square Error), R? (Coefficient of
determination) and MAE (Main Absolute Error) for both validation and test are in Table 14. Table
also contains training time and model size. From their comparison, the Fine Tree model appears to
be optimal, which has low RMSE, short training time (3,88s) and reasonable model size (8919 bytes).

Table 14. Comparison of selected models.

Validated Tested Model
Model Training
Model Type Size
Number RMSE | MSE R2 MAE MAE | MSE | RMSE R2 Time (s)
(bytes)
Squared
2.18 Exponential 0.6 0.36 091 0.48 0.37 0.21 0.46 0.95 3.96 14957
GPR
Rational
221 Quadratic 0.6 0.36 091 0.48 0.37 0.21 0.46 0.95 3.85 14988
GPR
Matern 5/2
2.19 0.6 0.36 091 0.48 0.37 0.21 0.46 0.95 3.89 14937
GPR
Exponential
2.20 0.6 036 | 091 0.48 0.36 0.21 0.46 0.95 3.92 14943
GPR
25 Fine Tree 0.6 0.36 0.9 0.48 0.36 0.2 0.44 0.95 3.88 8919
Wide
224 Neural 0.6 0.37 0.9 0.49 0.36 0.2 0.44 0.95 4 10117
Network
Medium
2.12 Gaussian 0.63 0.39 0.9 0.51 0.38 0.26 0.51 0.93 3.47 9180
SVM
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Medium
2.6 0.64 0.41 0.89 0.51 0.52 0.41 0.64 0.9 3.88 4979
Tree
Fine
211 Gaussian 0.64 0.42 0.89 0.51 0.35 0.2 0.45 0.95 3.46 9100
SVM

Based on comparison in Table 14, the Fine Tree model (Model No. 2.5) was further analysed.
Figure 12 shows the predicted response compared to the true response. These approximate have
linear relationship where their distance from line represents the prediction model error.

Validation Predicted vs. Actual Plot for Predictions: model 2.5
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Figure 12. Distribution of predicted responses according to their true values.

Figures 12-15 show comparison between measured and predicted values for individual
predictors in box graph format. From first look at figures it is clear that learned model predicts value
that is within values of experimental measurements. It can be seen that there is slight shift, that may
be a consequence to amount of training data. By further expanding and learning the model can
decrease inaccuracy. It should be emphasized that not all predictors and their change appeared to be
statistically significant during ANOVA analysis.
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Response Plot for Predictions: model 2.5 (Fine Tree)
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Figure 13. Measured and predicted values of milling type.

Response Plot for Predictions: model 2.5 (Fine Tree)
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Figure 14. Measured and predicted values of feed speed.
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Response Plot for Predictions: model 2.5 (Fine Tree)
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Figure 15. Measured and predicted values of revolutions of milling tool.

3.3. Comparison of Residual Values for Validated and Tested Data

The residuals values should be randomly distributed around zero, without any visible pattern
(such as a linear trend). If a pattern appears, it may indicate that the model has memorized the
training data rather than learning general relationships, which limits its ability to perform well on
new unseen data. The residual comparisons for the Fine Tree model (Model No. 2.5), analysed by
individual predictors for the validated and tested values, are presented in Figure 16.

Figure 16 shows a comparison of validation residuals (a) and test residuals (b) for the RPM
predictor. The distribution for validation residuals is around the zero value in the interval + 0.5 N,
some extreme values are +1 respectively -1.5 N. The distribution for test residuals is more in positive
values, but also lies in the value around 0.5, i.e., corresponds to the validated residuals. This means
that model can be considered as suitably trained.

Validation Residuals Plot for Predictions: model 2.5 (Fine Tree) Test Residuals Plot for Predicti model 2.5 (Fine Tree)
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Figure 16. Residuals for RPM Predictor a) Validation residuals, b) Test Residuals.

Figure 17 shows a comparison of validation residuals (a) and test residuals (b) for the Feed speed
predictor. The distribution for validation residuals is around the zero value in the interval + 0.5 N,
some extreme values are +1.5 respectively -1.5 N. The test residuals are slightly shifted toward
positive values; however, most of them also fall within +0.5 N. Overall, the distribution of test
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residuals corresponds well to that of the validation residuals. This means that model can be
considered as suitably trained.

Validation Residuals Plot for Predictions: model 2.5 (Fine Tree) Test Residuals Plot for Predictions: model 2.5 (Fine Tree)
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Figure 17. Residuals for feed speed Predictor a) Validation residuals, b) Test Residuals.

Figure 18 shows a comparison of validation residuals (a) and test residuals (b) for the Direction
of milling predictor. The distribution for validation residuals is around the zero value in the interval
+ 0.5 N, some extreme values are +1.5 respectively -1.5 N. The distribution for test residuals is more
in positive values, especially at climb milling. Nevertheless, the majority of values remain within +0.5
N, indicating that the distribution of test residuals is similar to that of the validation residuals. This
means that model can be considered as suitably trained.

Validation Residuals Plot for Predictions: model 2.5 (Fine Tree) Test Residuals Plot for Predictions: model 2.5 (Fine Tree)
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Figure 18. Residuals for milling Predictor a) Validation residuals, b) Test Residuals.

4., Discussion

The presented research investigated the influences of technical and technological parameters
(rotation speed of tool, feed speed of tool and type of milling) on generated forces and energetical
consumption during milling process of board material of MDF samples. Next objective of the research
was accessing the possibility of using calculated total force Fe for the purpose of developing
prediction models and evaluation of their accuracy. From the point of view of evaluating the
consumption of electrical energy and, this does not seem to be entirely suitable for prediction models.
First, the influence of technological variables on it is statistically the least pronounced. Furthermore,
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the consumed electrical energy and its measurement is an integral function of electrical currents and
voltages, which affects its evaluation in real time.

From the perspective of force effects, individual orthogonal force components and cutting total
power were evaluated. Force components were oriented according to configuration specified by the
sensor manufacturer and were calculated as the absolute difference between the values measured
during milling process and during idling of machine. Conventional milling exhibited lower values
of the Fx component and higher values of the Fy component compared to climb milling. The Fz force
component showed similar values regardless of the milling type. At the same time, the total cutting
force Fc was slightly higher during climb milling, whereby similar findings have been reported in
Hanincova et al. [26]. If the force components Fx and Fy were assessed, the type of milling has the
greatest influence on their change based on the F-test. However for the calculated total cutting force,
spindle speed was the most influential factor. For power consumption most influential factor was
also spindle speed. It was also confirmed that power consumption increases with higher spindle
speed.

4.1. Model Comparison

From the point of view of assessing the suitability for the obtained data for creation predictive
models, linear regression was chosen. This is more suitable than classic multi-layer neural networks,
for this type of obtained data due to their small number and individual dependencies. By comparing
individual models with respect to the correlation coefficient, mean square error, and training time
most suitable type of model is Fine Tree. Decision tree models are often analysed as suitable for
predicting the quality of the created surface [27-29]. At the same time, other applications of machine
learning are being verified and tested to prevent undesirable phenomena occurring during
machining, which are often modified for specific applications [30].

5. Conclusions

The aim of this study was to evaluate the suitability of data on cutting forces and electrical
energy consumption generated during the milling of MDF boards for the development of predictive
models. Although MDF boards represent a relatively homogeneous material, this characteristic did
not present a limitation, particularly in the interpretation of the developed and tested model for the
total cutting force Fc. In addition, the statistical significance of technological parameters with respect
to the measured variables was assessed. Duncane post-hoc test confirmed significant effects,
especially for the total cutting force, across all independent variables. The main findings can be
summarized as follows:

1. A statistically significant effect on the measured variables was observed primarily in the force-
related responses, particularly in the calculated total cutting force Fc. In contrast, for electrical
energy consumption, statistically similar data sets were identified when changing spindle speed
from 14,000 to 16,000 rpm and when altering the milling type (climb vs. conventional milling).

2. Based on the F-test results, spindle speed exerted the greatest influence on both the total cutting
force Fc and electrical energy consumption, while milling type had the smallest overall effect.
For the force components in the x and y directions, the direction of milling had the most
pronounced influence, which is consistent with the theoretical principles of cutting mechanics
and force decomposition in an orthogonal coordinate system.

3. Force effects in the z-axis direction were negligible compared to the force components in the x
and y directions.

4. The development of predictive models appears to be an effective approach for estimating force
effects based on input technical and technological parameters. Predictive models in the form of
decision trees proved to be easily interpretable and exhibited low prediction error, without
indications of overfitting or underfitting.

5. The developed model is straightforward to interpret and can be further extended by
incorporating additional input variables.
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