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Abstract: This study presents the development of an artificial intelligence model for predicting power
consumption in the dry turning of 42CrMo4 steel. A feedforward neural network (FNN) was designed using
experimental data generated through a Central Composite Design approach. The network was trained and
validated in MATLAB, achieving high correlation and low prediction errors for both training and test data.
Validation with practical experiments demonstrated deviations under 10%, confirming the model’s
effectiveness for estimating power demand and supporting energy-efficient process optimization in CNC

turning operations.
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1. INTRODUCTION

In the context of modern manufacturing,
metal cutting operations such as turning remain
among the most widely used processes for
producing precision components [1], [2]. Dry
turning, which avoids the use of cutting fluids,
has gained popularity due to its environmental
and economic benefits, including lower
operational costs and improved sustainability
[31, [4], [5]. However, dry machining can lead to
increased tool wear and higher energy demands
if cutting parameters are not carefully optimized
[6], [7], [8]. Consequently, accurately predicting
and controlling power consumption is essential
for achieving both cost efficiency and
environmental sustainability in machining
operations [9], [10].

Power consumption in turning is a complex
function of multiple factors, such as cutting
speed (V.), feed rate (f»), and depth of cut (ap)
[11]. These parameters interact nonlinearly,
making accurate modeling a significant
challenge [4], [12]. Conventional analytical
models often assume simplified cutting
mechanics and fail to capture the true variability
of real-world machining processes, especially

under dry conditions [4], [13]. Experimental
methods, while accurate, are costly and time-
consuming when applied at scale [14], [15].

Recent advances in artificial intelligence (AI)
and machine learning (ML) have opened new
opportunities for overcoming these limitations
[16], [17]. Artificial Neural Networks (ANNSs)
have proven to be especially effective for
modeling complex, nonlinear relationships in
machining [17], [18], [19]. Unlike conventional
regression models, ANNs do not require prior
knowledge of the wunderlying physical
relationships and can learn directly from
experimental data. Prior research has
demonstrated their use in predicting outcomes
such as surface roughness [20], tool wear [21],
cutting forces [22], and machining-induced
vibrations [23].

Despite these promising developments, fewer
studies have focused on using ANNSs specifically
for predicting energy consumption in turning
operations, especially for dry cutting of
42CrMo4 steel. For example, Sarikaya and
Giillii [24] used ANN models to predict surface
roughness and tool wear under dry turning
conditions, but their work did not extend to
power consumption. Diniz and Micaroni [5]
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investigated the effect of cutting parameters on
power consumption experimentally but did not
develop Al-based predictive models. More
recently, Parmar and Dave [25] demonstrated
the use of ANNSs for energy prediction in milling
operations, suggesting the potential for broader
application to other machining processes.

Given the significant contribution of
machining operations to total manufacturing
energy consumption, there is an increasing need
for reliable Al-based models that can be
integrated into digital twin frameworks and
smart manufacturing systems [12], [19], [26].
Such models can support process planning, real-
time monitoring, and adaptive control to
minimize energy waste and improve
sustainability [27], [28], [29], [30].

The present study addresses this gap by
developing and validating an ANN-based model
to predict power consumption in the dry turning
of 42CrMo4 steel, a widely used alloy steel with
demanding machinability requirements.

The results presented aim to contribute to
ongoing efforts to reduce the carbon footprint of
manufacturing operations by enabling more
precise control of energy demand through data-
driven modeling and smart process optimization.

2. METHODOLOGY
2.1 Experimental Setup

The initial phase of this research involved
experimental design. To limit the number of
experimental runs while ensuring robust results,
a Central Composite Design (CCD) with three
factors was selected [7]. The independent
variables considered were cutting speed (V.),
feed per revolution (f»), and depth of cut (ap).
Their respective ranges were as follows:

* Cutting speed (V¢): 50-200 m/min;

* Feed rate (f;): 0.05-0.2 mm/rev;

* Depth of cut (ap): 0.5-1.5 mm.

The turning insert used in this experiment
was a CCMTO09T304-FS model, manufactured
by Mitsubishi. It is made of carbide grade
MP9025, which offers excellent wear resistance,
thermal stability, and toughness. This insert is
specifically designed for high-performance
turning operations, providing a balance between

hardness and durability. Its geometry ensures
efficient chip removal and stable cutting
performance, making it suitable for dry turning
applications where heat and friction are critical
factors.

By applying the Central Composite Design
(CCD) for the experimental plan, a total of 20
trials were determined. The material selected for
machining was 42CrMo4 steel. The experiments
were carried out using a LYNX 220 CNC
turning center located in the Manufacturing
Engineering Department at TU Cluj-Napoca.
This turning center is equipped with a main
spindle capable of a maximum speed of 7000
revolutions per minute, a two-axis positioning
system, and a CNC FANUC controller.

ail

ig. 1. Experimental setup.

The experimental setup is illustrated in Figure
1. The experimental work was conducted on
42CrMo4 steel bars with a diameter of 20 mm
and a length of 200 mm. 42CrMo4, a high-
strength alloy steel (EN 10083-3), is known for
its toughness, wear resistance, and good
hardenability @~ due to chromium and
molybdenum content. Its typical chemical
composition includes 0.38-0.45% C, 0.60-
0.90% Mn, 0.90-1.20% Cr, and 0.15-0.30%
Mo.

The turning operations were performed under
dry conditions to assess realistic cutting energy



requirements without the influence of cutting
fluids. The cylindrical workpiece was securely
clamped in the chuck and additionally supported
by the tailstock to ensure proper alignment and
stability during machining.

2.2 Measurement

To measure power consumption during the
turning process, an XKM dynamometer was
employed. The recorded data were visualized
and analyzed using the XKM2000 software.
Figure 2 presents the results obtained for a
representative experimental trial (Run No. 3)
conducted with the following parameters:
cutting speed 80.40 m/min, depth of cut
1.30 mm, and feed rate 0.08 mm/rev.
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Fig. 2. The graphical representation of power
consumption recorded during an experimental trial.

2.3 AI Modeling

A feedforward neural network (FNN) was
selected for regression tasks due to its suitability
for modeling complex, nonlinear relationships.
The network architecture consisted of:

* An input layer with three neurons (one for
each cutting parameter).

* One hidden layer with ten neurons and a
sigmoid activation function.

* An output layer with one neuron and a linear
activation function to predict continuous
output.

The modeling process, including network
configuration, training, and performance
analysis, was executed using the Neural
Network Fitting app in MATLAB R2024a, as
presented in Figure 3.

The network was trained using the
Levenberg—Marquardt backpropagation
algorithm. This algorithm was selected for its
known high efficiency with small- to medium-
sized datasets and its fast convergence
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properties, particularly for nonlinear regression
problems.

Inpu Train a neural network to map predictors to continuous responses.
3] Data
b e Predictors:  DateExperimentale_Input - [20x3 double]
Responses: DateExperimentale_ouput_1 - [20x1 double]

idden DateExperimentale_Input: double array of 20 observations with 3 features.
DateExperimentale_ouput_1: double array of 20 observations with 1 features.
E Algoritam
Data division: Random
Training algorithm: - Levenberg-Marquardt

@ Performance:

Training Results
Training start ime:  04-Jul-2025 07:40:58

e =

Observations MSE R

Mean squared error

Training 14 6.3467 1.0000
Validation 3 30,8966 0.9997
( Output') Test 3 1.0313e+04 0.9860

Fig. 3. The Neural Network Fitting app in MATLAB
R2024a.

The dataset consisted of 20 observations,
which were randomly divided for training,
validation, and testing as follows:

* Training Data: 14 observations (70%)
e Validation Data: 3 observations (15%)
e Test Data: 3 observations (15%)

The Mean Squared Error (MSE) was used as
the primary performance metric to guide the
training process and evaluate the model's
accuracy.

Best Validation Performance is 30.8966 at epoch 4

Mean Squared Error (mse)

i .
0 1 2 3 4 5 6 7
7 Epochs

Fig. 4. Performance Plot (Mean Squared Error vs.
Epochs).
The performance plot (figure 4.) illustrates
the MSE progression during training across
epochs:
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* The training MSE (blue line) continuously
decreased, reaching very low values by the
end of training.

* The validation MSE (green line) initially
decreased but reached its minimum
performance of 30.8966 at epoch 4. After
this point, the validation error began to
increase slightly, indicating that further
training on the given data was leading to

overfitting rather than improved
generalization.
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Fig. 5. Error histogram.

e The test MSE (red line) remained
consistently high throughout the training
process, further supporting the overfitting
observation. The significant gap between the
training error and the validation/test errors
after epoch 4 clearly demonstrates that the
model was learning the noise in the training
data rather than generalizing well to unseen
patterns.

The error histogram, figure 5, (Errors =
Targets - Outputs) provides a distribution of
prediction errors:

* Training Errors: The majority of training
errors are clustered closely around zero,
indicating high accuracy on the trained data.

* Validation Errors: A few validation errors are
also close to zero.

* Test Errors: Critically, the test errors are
distributed across a wider range of values
and are not centered around zero. Several
instances show errors of significant
magnitude (e.g., up to ~140 units). This
wider spread and larger error values for the

test set strongly reinforce the conclusion of
poor generalization and overfitting.
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Fig. 6. Regression plots.

The regression plots (figure 6) visualize the
relationship between the network's outputs and
the true target values for each dataset:

e Training (R=0.99998): The predicted outputs
align almost perfectly with the target values,
with data points tightly clustered around the
ideal Output = Target line. The fit equation
(Output = 1 * Target + -1.1) is very close to
the ideal.

e Validation (R=0.99969): The fit for the
validation set also appears visually strong,
with an equation of Output = 0.98 * Target +
16.

e Test (R=0.98596): While the R-value is still
high, the test set regression plot shows a
noticeable deviation from the ideal Output =
Target line. The fit equation (Output = 1.1 *
Target + -1.3e+02) indicates a systematic
bias, with a significant negative intercept (-
130) and a slightly different slope. This
confirms the model's diminished ability to
accurately predict for unseen test data.

All (R=0.99531): The combined plot shows a
good overall correlation, but the underlying
overfitting issues are masked by the high
training performance.

The high R-values across all sets, despite
large MSEs for validation/test, suggest that
while the model captures the overall trend of the
data, its absolute predictions for unseen data
have substantial errors.



The developed ANN model proved to be
effective in predicting power consumption based
on cutting speed, feed rate, and depth of cut. The
low training and validation errors, combined
with high correlation coefficients, indicate that
the model can accurately describe the complex
interactions between cutting parameters and
power demand in dry turning operations.

’ﬁ untitled1/Function Fitting Neural Network * - Simulink academic use
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2.4 Al Modeling validation

The use of the Simulink app (figure 7) in
MATLAB R2024a further demonstrates the
practical integration of the trained ANN model
into a simulation environment, making it
convenient for real-time predictions and process
control applications.
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Fig. 7. The Simulink app in MATLAB R2024a.

For all three test cases (table 1), the predicted
power consumption values are close to the actual
measured values.

2.7%. This indicates very good predictive
accuracy for the AI model.

3. CONCLUSIONS

Table 1
The validation results. __ This paper demonstrated the successful
Run | Parameters Model | Test Deviation S spe o 1. .

i application of an artificial intelligence-based
1 V=150m/min 1300 | 1100 (;%%Z) model to predict power consumption during the
fngISI $$/’rev ' dry turning of 42CrMo4 steel. A feedforward
7 Y =100m/min 530 790 0w neural petwork (FNN) was developed, trained,
and validated using experimental data collected

2,=0.5 mm, (8.16%) ..
£,=0.15 mm/rev under controlled conditions. The model
3 V=200m/min 1650 | 1606 1AW accurately captured the nonlinear relationships
a,=1.5 mm, (2.74%) between. cu.tting.speed, feeq rate, an.d .depth of
£,=0.2 mm/rev cut, achieving high correlation coefficients and

The differences range from 40 W to 100 W,
which is a relatively small deviation considering
the magnitude of the power values. The
percentage deviations are all below 10%, with
the highest at about 9.1% and the lowest at about

low mean squared errors. Experimental
validation showed that the predicted power
values deviated by less than 10% from the actual
measurements. This confirms the model’s
suitability for practical implementation in
process planning and real-time monitoring,
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contributing to improved energy efficiency in
machining operations.

4. ACKNOWLEDGEMENT

The authors gratefully acknowledge the
administrative and technical support provided
by TUCN for this work.

S. REFERENCES

[1] Fratila D., Trif A., Analysis of cutting
forces at dry and near-dry turning of aisi
316l stainless steel, Academic Journal of
Manufacturing Engineering, Vol. 16 Issue
4,p13-19, 2018.

[2] L A. Popan, N. Balc, A. L. Popan, and A.
Cerciu, Experimental studies on turning
process, using the Prime turning
processing strategy, proposed by Sandvik
Coromant, 10P Conf. Ser.: Mater. Sci.
Eng., vol. 1268, no. 1, p. 012018, Nov.
2022, doi: 10.1088/1757-
899X/1268/1/012018.

[3] A. D. Jayal, F. Badurdeen, O. W. Dillon,
and 1. S. Jawahir, Sustainable
manufacturing: Modeling and
optimization challenges at the product,
process and system levels, CIRP Journal
of  Manufacturing Science and
Technology, vol. 2, no. 3, pp. 144-152,
Jan. 2010, doi:
10.1016/j.cirpj.2010.03.006.

[4] I A.Popan, N. Bilc, A. Popan, D. Fratila,
and A. Trif, Surface Roughness
Prediction During Dry Turning of
Austenitic Stainless Steel AISI 304,
AMM, vol. 808, pp. 54-59, Nov. 2015,
doi: 10.4028/www.scientific.net
/AMM.808.54

[5] A. E. Diniz and R. Micaroni, Cutting
conditions for finish turning process
aiming: the wuse of dry cutting,
International Journal of Machine Tools
and Manufacture, vol. 42, no. 8, pp. 899—
904, Jun. 2002, doi: 10.1016/S0890-
6955(02)00028-7.

[6] B. Denkena and D. Biermann, Cutting
edge geometries, CIRP Annals, vol. 63,
no. 2, pp. 631-653, 2014, doi:
10.1016/j.cirp.2014.05.009.

[7] Fratila D., Trif A., Popan A., Study on
chips’ morphology at conventional and
environmental-friendly turning of
42CrMo4 alloyed steel, vol. Acta
Technica Napocensis, Vol 62, No 1, 2019.

[8] K. Weinert, 1. Inasaki, J. W. Sutherland,
and T. Wakabayashi, Dry Machining and
Minimum Quantity Lubrication, CIRP
Annals, vol. 53, no. 2, pp. 511-537, 2004,
doi: 10.1016/S0007-8506(07)60027-4.

[9] I A. Popan, A. Trif, N. Panc, A. C.
Popescu, A. 1. Popan, and G. Pop,

Investigations of the quality
characteristics of holes made by using
indexable  drills, Acta  Technica

Napocensis, vol. 65, no. 3, 2022, [Online].
Available: https://atna-
mam.utcluj.ro/index.php/Acta/article/vie
w/1869/1491.

[10] I. A. Popan, N. Balc, and A. Popan, CNC
Machining of the Complex Copper
Electrodes, Acta Universitatis
Cibiniensis, vol. 66, no. 1, pp. 153-158,
Jul. 2015, doi: 10.1515/aucts-2015-0045.

[11] A. Trif, M. Borzan, A. Popan, D. Fratila,
A. Rus, and C. Nedezki, Researches
Regarding the Influence of Cutting
Regime on Processed Surface in
Aluminum  Alloys Turning Process,
AMM, vol. 808, pp. 15-20, Nov. 2015,
doi:
10.4028/www.scientific.net/amm.808.15

[12] I. A. Popan, C. Cosma, A. L. Popan, V. L.
Bocédnet, and N. Balc, Monitoring
Equipment Malfunctions in Composite
Material Machining: Acoustic Emission-
Based Approach for Abrasive Waterjet
Cutting, Applied Sciences, vol. 14, no. 11,
p- 4901, Jun. 2024, doi:
10.3390/app14114901.

[13] V. Ceclan, A. Popan, S. Grozav, and A.
Popan, Study on milling strategies
influence on the quality characteristics in
case of composite material, MATEC Web
Conf., vol. 299, p. 04012, 2019, doi:
10.1051/matecconf/201929904012.

[14] M. F. Rajemi, P. T. Mativenga, and A.
Aramcharoen, Sustainable machining:
selection of optimum turning conditions
based on minimum energy considerations,
Journal of Cleaner Production, vol. 18, no.



10-11, pp. 1059-1065, Jul. 2010, doi:
10.1016/j.jclepro.2010.01.025.

[15] A. Popan, N. Bilc, B. Luca, A. Popan, and
A. Carean, The Accuracy of the Plastic
Parts Milling Process Executed by a Six
Axes Robot, AMM, vol. 808, pp. 339-344,
Nov. 2015, doi: 10.4028/
www.scientific.net/ AMM.808.339.

[16] S. D. Grozav, A. D. Sterca, M. Kocisko,
M. Pollak, and V. Ceclan, Artificial
Neural Network-Based Predictive Model
for Finite Element Analysis of Additive-
Manufactured Components, Machines,
vol. 11, no. 5, p. 547, May 2023, doi:
10.3390/machines11050547.

[17] 1. A. Popan, V. L. Bocanet, S. Softic, A. L.
Popan, N. Panc, and N. Balc, Artificial
Intelligence Model Used for Optimizing
Abrasive Water  Jet  Machining
Parameters to Minimize Delamination in
Carbon  Fiber-Reinforced  Polymer,
Applied Sciences, vol. 14, no. 18, p.
8512, Sep. 2024, doi:
10.3390/app14188512.

[18] S. Rakic, S. Softic, M. Vilkas, B. Lalic,
and U. Marjanovic, Key Indicators for
Student Performance at the E-Learning
Platform: An SNA Approach, in 2018 16th
International Conference on Emerging
eLearning Technologies and Applications
(ICETA), Stary Smokovec: IEEE, Nov.
2018, Pp- 463-468. doi:
10.1109/ICETA.2018.8572236.

[19] F. Tao, H. Zhang, A. Liu, and A. Y. C.
Nee, Digital Twin in Industry: State-of-
the-Art, IEEE Trans. Ind. Inf., vol. 15, no.
4, pp. 2405-2415, Apr. 2019, doi:
10.1109/T11.2018.2873186.

[20] P. G. Benardos and G. C. Vosniakos,
Prediction of surface roughness in CNC
face milling using neural networks and
Taguchi’s design of experiments, Robotics
and Computer-Integrated Manufacturing,
vol. 18, no. 5-6, pp. 343-354, Oct. 2002,
doi: 10.1016/S0736-5845(02)00005-4.

[21] P. Twardowski and M. Wiciak-Pikuta,
Prediction of Tool Wear Using Artificial
Neural Networks during Turning of
Hardened Steel, Materials, vol. 12, no. 19,

- 149 -

p- 3091, Sep.
10.3390/ma12193091.

[22] D. S. Mahjoob, A. A. Khalaf, and M. M.
Hanon, Forecasting Cutting Force by
Using Artificial Neural Networks Based
on Experiments of Turning Aluminum,
IJMERR, pp. 410416, 2023, doi:
10.18178/ijmerr.12.6.410-416.

[23] H.-M. Lin, J.-J. J. Wang, and K.-S. Chen,
Prediction and Simulation for Turning
Chatter Control by Spindle Speed
Variation, in Proceedings of the 9" IIAE
International Conference on Industrial

2019, doi:

Application Engineering 2020, The
Institute  of Industrial Applications
Engineers, 2021, pp. 61-68. doi:

10.12792/iciae2021.013.

[24] M. Sarikaya and A. Giillii, Taguchi design
and response surface methodology based
analysis of machining parameters in CNC
turning under MQL, Journal of Cleaner
Production, vol. 65, pp. 604-616, Feb.
2014, doi: 10.1016/j.jclepro.2013.08.040.

[25] J. G. Parmar, K. G. Dave, A. V. Gohil, and
H. S. Trivedi, Prediction of end milling
process parameters using artificial neural
network, Materials Today: Proceedings,
vol. 38, pp. 3168-3176, 2021, doi:
10.1016/j.matpr.2020.09.644.

[26] J. Basulo Ribeiro and M. Amorim, How to
Accelerate Digital Transformation in
Companies With Lean  Philosophy?
Contributions Based on a Practical Case,
Int J Ind Eng Manag, vol. 14, no. 2, pp. 94—
104, Jun. 2023, doi: 10.24867/LJIEM-
2023-2-326.

[27] D. K. Bilal, M. Unel, and L. T. Tunc,
Improving Vision Based Pose Estimation
Using LSTM Neural Networks, in IECON
2020 The 46th Annual Conference of the

IEEE Industrial Electronics Society,
Singapore, Singapore: IEEE, Oct. 2020,
Pp- 483-488. doi:

10.1109/IECON43393.2020.9254673.

[28] M. Maier, H. Kunstmann, R. Zwicker, A.
Rupenyan, and K. Wegener, Autonomous
and data-efficient optimization of turning
processes using expert knowledge and
transfer learning, Journal of Materials
Processing Technology, vol. 303, p.



-150 -

117540, May 2022, doi:
10.1016/j.jmatprotec.2022.117540.

[29] M. Pavlovi¢, U. Marjanovi¢, S. Raki¢, N.
Tasi¢, and B. Lali¢, The Big Potential of

Information and Communication
Technology, vol. 592, Cham: Springer
International Publishing, 2020, pp. 100-
107. doi: 10.1007/978-3-030-57997-5_12.

[30] S. Raki¢, A. Sofi¢, B. Markoski, S. Softi¢,
and U. Marjanovi¢, The use of digital
Product-Service Systems in manufacturing
firms, JEMC, vol. 12, no. 1, pp. 57-64,
2022, doi: 10.5937/jemc2201057R.

Big Data in Manufacturing: Evidence from
Emerging Economies, in Advances in
Production Management Systems.
Towards Smart and Digital Manufacturing,
vol. 592, Eds., in IFIP Advances in

Modelarea consumului de energie in strunjirea uscata a otelului 42CrMo4 prin
intermediul inteligentei artificiale

Rezumat: Acest studiu prezinta dezvoltarea unui model bazat pe inteligenta artificiald pentru estimarea consumului de
energie in strunjirea uscata a otelului 42CrMo4. A fost conceputd o retea neuronald feedforward (FNN) utilizdnd date
experimentale generate printr-o planificare de tip Central Composite Design. Reteaua a fost antrenata si validatd in
MATLAB, obtinand o corelatie ridicata si erori de predictie reduse atit pentru datele de antrenare, cat si pentru cele de
testare. Validarea cu experimente practice a aratat deviatii sub 10%, confirmand eficienta modelului pentru estimarea
puterii consumate si sprijinirea optimizarii proceselor de strunjire CNC in vederea cresterii eficientei energetice.
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