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Abstract

The present investigation is focused on the machinability and characterisation of cryogenised AISI 4140 steels, which are
renowned for exhibiting superior hardness, durability, wear resistance, dimensional and chemical stability, and fatigue
strength when compared to conventional steels. Hard turning experiments were conducted on cryogenised steel specimens
employing dry cutting conditions with a carbide insert. As the cutting tip, the TT5100 quality TIN coated type with code
WNMG 080408 MT produced by TaeguTec company was used. The study examines the impact of various cutting parameters,
including three distinct cutting speeds (160, 200, 240 m/min), three feed rates (0.04, 0.08, 0.12 mm/rev), and three depths of
cut (0.1, 0.15, 0.2 mm), on power consumption and surface roughness values. The utilisation of the artificial neural network
(ANN) approach, a machine learning methodology, for the analysis of measured values adds another layer of originality to
the research. Transfer functions, such as Scaled Conjugate Gradient (Trainscg), were employed within the ANN structure.
The calculated metrics include a mean absolute error (MAE) of 0.0218, 0.0542, and 0.0064, and a mean squared error (MSE)
of 0.0429. The mean absolute error (MAE) was 0.0683, the mean squared error (MSE) was 0.0429, and the mean relative
deviation (ARD%) was 10.71%, 0.0718%, and 0.2020%. Furthermore, the optimal values for the correlation coefficient (R?)
were determined as 0.9512, 0.9999, and 0.9997.
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Abbreviations SCG  Scaled conjugate gradient

ANN Artificial neural network Tsg Tansig (transfer function)

ARD  Average relative deviation (%)

b Bias

EDS  Energy dispersive spectrum 1 Introduction

1 Current (A)

L Sound (dB) Hard turning has emerged as a viable approach for machin-
Ldm Learngdm (transfer function) ing automotive components crafted from iron alloys with a
MAE Mean absolute error hardness exceeding 45 HRC. This method offers a reduc-
MSE Mean square error tion in both delivery time and production cost, eliminating
MLP Multilayer perceptron certain processing steps and procedures that are inherent to
w Weight classical machining processes for hard iron alloy materials.
R? Correlation coefficient For instance, a hard-turned gear shaft with a hardness of
Ra Surface roughness 59-62 HRC has been observed to reduce the cycle time by
SEM  Scanning electron microscopy 80% (Rashid et al. 2001; Rashid 2014). Hardened steel mate-
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rials are frequently employed in the production of essential
components in the aviation and automotive industries due
to their distinctive properties, including hardness, tough-
ness, and weldability. For instance, hardened AISI 4140
steel is employed in the production of automotive compo-
nents, including shafts, gears, and bearings. In hard turning,
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hardened steel materials are particularly susceptible to high
temperatures due to the high friction between the tool and
the workpiece. It is evident that elevated temperatures have
a significant impact on the quality of the material (Sayuti
et al. 2014). The global population is expanding, which is
leading to an increase in energy consumption. The expansion
of living standards, concomitant with population growth,
has the effect of increasing the utilisation of machines. As
machines become more prevalent in human life, so too does
energy consumption increase. Consequently, as production
levels rise, so too does the production of machines. The lim-
ited energy reserves available globally have made energy
efficiency one of the most pressing issues. Concurrently, the
necessity for energy results in elevated energy costs. The
operation of the machines employed in the manufactur-
ing industry is contingent upon the generation of electrical
energy. The majority of electrical energy is derived from
fossil fuels. The combustion of fossil fuels releases harmful
gases into the atmosphere, which accumulate and create a
greenhouse gas effect. The elevated temperature results in
further evaporation. As the amount of evaporation increases,
the greenhouse gas effect becomes more pronounced, lead-
ing to further evaporation. The increased temperature causes
glaciers to melt, thereby increasing the water level. This, in
turn, submerges settlements, which reduces the habitats and
agricultural lands. The rise in temperature has been linked
to global climate degradation, which in turn has been linked
to the occurrence of storms in some regions and droughts
in others. Both of these phenomena have been identified
as posing a threat to human life. The damage to agricul-
tural products caused by floods and storms, coupled with
the increasing global population, will result in a further
deterioration of global nutritional standards. Malnutrition
will facilitate the spread of epidemics. Given the afore-
mentioned circumstances, the issue of energy efficiency is
becoming increasingly pertinent. In the field of energy effi-
ciency, machine parts with higher yields, dependent on the
time of use, are provided with machines with lower surface
quality. Furthermore, machines with low surface roughness
values reduce energy losses due to low friction forces. Upon
examination of the studies on hard turning, it was found
that the researchers had focused on the effect of tool geom-
etry (Thiele and Melkote 1999; Ozel et al. 2005) tool wear
(Poulachon et al. 2001; Grzesik 2008), cutting temperature
and cutting forces (Huang and Liang 2005). In their study,
Das et al. (2015a) reported that the optimal surface qual-
ity was achieved at a feed rate of 0.05 mm/rev. The cutting
speed was set at 170 m/min, with a depth of cut of 0.2 mm.
On the other hand, Rashid et al. (Rashid et al. 2016) dem-
onstrated that machining of AISI 4340 steel with a CBN
cutting tool can result in a surface roughness of 45 nm
without the need for additional tools. It was highlighted that
the most significant factor influencing surface roughness in
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hard turning is the low feed rate (approximately 0.02 mm/
rev), which accounts for 99.16% of the total effect. Further-
more, the study revealed that a reduction in the feed rate
leads to enhanced surface finish while concurrently reduc-
ing the tool’s lifespan. demonstrated that the optimal cut-
ting parameters for achieving the lowest cutting temperature
and lowest cutting force are a cutting speed of 615 m/min.
The optimal feed rate was found to be 0.3 mm/rev, with a
depth of cut of 0.5 mm. Furthermore, it has been established
that the feed rate exerts the greatest influence on both the
cutting temperature and cutting force. Das et al. (Das et al.
2015b) observed that an increase in cutting speed resulted
in a decline in surface roughness. In a study published in
2015, Agrawal et al. evaluated surface roughness during
the processing of AISI 4340 steel (69 HRC) and employed
multiple regression models in their investigation. In a study
conducted by Sharma (2019), the maximum value of sur-
face roughness was achieved in hard turning in a dry envi-
ronment with parameters of 100 mm/s cutting speed. The
feed rate was set at 0.12 mm/rev, while the depth of cut was
0.3 mm. In the case of turning AISI 4340 steel, it has been
demonstrated that solid lubricant conditions are the most
favourable in comparison to wet and dry conditions across
the entire range of process parameters. The results of the
aforementioned studies indicate that the optimal cutting con-
ditions for hard turning are a cutting speed of 300-600 m/
min, a feed rate of 0.05-0.5 mm/rev, and a depth of cut of
0.2—1 mm (Das et al. 2015a, b; Agrawal et al. 2015; Rashid
et al. 2016; Sharma 2019; Singh et al. 2019). The quality of
the surface of a material affects its properties in a number
of ways. These include friction, wear, lubrication, and coat-
ing. The effects of these properties determine the corrosion
resistance, fatigue resistance, friction resistance, and service
life of the material. For these reasons, surface quality has
become a basic requirement for many applications (Asakura
and Yan 2014). In order to fulfil this requirement, a num-
ber of different methods have been employed in the field of
hard turning. Another one of these, Gaitonde et al. (2009)
investigated the impact of depth of cut and machining time
on machinability characteristics, including machining force,
power, specific cutting force, surface roughness, and tool
wear, during hard turning of high chromium AISI D2 cold
work tool steel. With the advancement of technology, the
range of materials utilized in industry is expanding continu-
ously. However, in order to select the most appropriate, most
accurate and most economical material from the plethora of
options available, it is necessary to possess a comprehensive
understanding of the material in question, encompassing its
physical, chemical, and mechanical properties. In general,
the most preferred material is the most efficient and eco-
nomical material that provides the desired conditions in gen-
eral. (Ozlii et al. 2023). The most cost-effective, practical,
and productive material for our work is AISI 4140 steel.
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The presence of chromium and molybdenum in AISI 4140
steel results in the formation of a hard martensitic structure
following heat treatment. The formation of this structure
confers upon AISI 4140 steel a range of mechanical prop-
erties, including strength, toughness, wear resistance and
ductility. These properties have been gained as a result of the
aforementioned mechanical properties. AISI 4140 steel is a
material of choice in the aviation and automotive industries
(Choo et al. 2000; Kam 2020).

In the cryogenic process, materials are cooled to
extremely low temperatures, thus enabling the desired met-
allurgical and microstructural properties to be achieved. This
process is typically employed to enhance the abrasion resist-
ance of materials with high abrasion. Once the process has
been applied, it becomes a permanent feature of the mate-
rial and affects the entire region (Jamali et al. 2019). In the
cryogenic process, the material is typically maintained at
the desired temperature and time. Subsequently, the mate-
rial is heated to a temperature within a specified range. The
process is conducted at subzero temperatures (in the range
of —125 and — 196 °C) and involves the conversion of the
entire structure to martensite, the formation of fine carbide
deposits and the homogenisation of the Fe—C distribution
by cryogenic means. This heat treatment offers the poten-
tial to enhance the material's toughness without affecting
its hardness (Kam and Saruhan 2021). Consequently, the
mechanical properties of heat-treated materials undergo
notable enhancements, including improvements in abrasion
resistance, strength, and hardness. In the present era, the
cryogenic process is a widely preferred method for enhanc-
ing the mechanical properties of materials. The cryogenic
process is employed in a multitude of industries, including
the aviation and automotive sectors (Kam 2020; Agrawal
et al. 2024; Jadhav and Sahai 2024).

The initial step is to select the optimal cutting tool, contin-
gent upon the selected material and intended use. In select-
ing a cutting tool, it is essential to consider the properties of
the material in question and the desired level of machining
accuracy. It is of great importance to select the most effi-
cient, most economical, and most suitable cutting tool for the
sustainability of experimental studies. Once the cutting tool
and material have been selected, it is important to consider
the cutting parameters. In determining the cutting param-
eters, it is essential to consider the type of cutting tool and
the dimensions of the material. The determination of optimal
cutting parameters serves to reduce vibration during machin-
ing and to minimise surface roughness and tool wear (Ris-
bood et al. 2003; Das et al. 2015a; Swain et al. 2020; Ozlii
et al. 2023). Rashid et al. (2016) processed AISI 4340 steel
without the use of additional tools, employing a CBN cutting
tool to achieve a surface roughness of 45 nm. Grzesik et al.
(2017) observed that the surface roughness of hard materi-
als was significantly reduced when machining with CBN

Detection of
Cutting Factors
Evaluation and Preparing of
Reporting Morkpiece
I -
Experiment
- Processes

Fig. 1 Flowchart of experimental studies

cutting tools. Besides, Zak (2017) observed that the device
in question exhibited significantly lower roughness values
on hard surfaces when utilising CBN cutting tools. Ginting
et al. (2017) posited that a CBN cutting tool is essential
for attaining both high dimensional precision and high sur-
face quality. The findings of these literature studies indicate
that... In this study, a CBN cutting tool was employed. The
present study aimed to investigate the effects of various fac-
tors, including cutting parameters, vibration, and noise, on
surface roughness and tool wear. To address this limitation,
contemporary research has exhibited a proclivity towards
employing artificial intelligence (AI)-based models, specifi-
cally those grounded in artificial neural networks (ANN)
(Zain et al. 2010). Muthukrishnan and Davim (2009) pro-
pose the implementation of ANN-based models, citing their
reduced computational time and heightened precision. In a
study by Ozel and Karpat (2005), the application of artificial
neural network (ANN) modelling techniques was found to
enhance the prediction accuracy of surface roughness and
tool flank wear in finish hard turning. The authors endorsed
the segmentation of each response for optimal modelling.
The utility of the ANN model, a machine learning methodol-
ogy, extends to the estimation of machinability parameters.
A variety of techniques are employed within the ANN model
for the purpose of prediction, with the Feed Forward Neu-
ral Network (FFNN) method being a particularly prevalent
example (Sazli 2006). Akkus and Asiltiirk (Akkus 2011)
devised an innovative model utilising fuzzy logic, artificial
neural networks, and multi-regression to ascertain surface
roughness values for AISI 4140 grade tempered steel. The
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Fig.2 TTC 630 model CNC
lathe belonging to Taksan
company, a Sound b Surface
roughness and ¢ Current meas-
uring device
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evaluation, based on the Mean Squared Error (MSE), facili-
tated a comparative analysis of the three models. Karayel
(2009) explored the surface roughness of AISI 1050 steel
using a multilayer artificial neural network (ANN) with a
feed-forward architecture. The ANN was trained and tested
using experimental data, and the resulting ANN results dem-
onstrated a significant correlation with empirically measured
outcomes. Neseli et al. (2009) conducted a series of tests
with varying approximation and cutting angles. The ANN
training stage employed data derived from experiments
to evaluate Average Ra values based on the nose radius,
approximation angle, and rake angle. In addition, Gaitonde
et al. (2011) employed ANN modelling to examine the influ-
ence of tool material, cutting speed, feed rate, and machining
time on specific cutting force, surface roughness, and tool

©

wear in hard turning. It is noteworthy that the approach taken
is to model each response independently. Lin et al. (2001)
employed abductive network models to predict cutting force
and surface roughness, capitalising on the network’s capac-
ity to automatically identify an optimal architecture through
the Predicted Square Error (PSE) criterion. The results dem-
onstrated superior performance in comparison to multiple
regression models. In a recent endeavor, Mia et al. (2017)
employed artificial neural networks (ANNSs) to predict sur-
face roughness in hard turning of 600 BHN steel under the
application of minimum quantity lubrication (MQL). The
study achieved a precision level of 97.5%.

Previous studies have demonstrated the characterisation
of semi- and medium-hardened states of AISI 4140 steel and
their machinability capabilities. However, there has been a

Table 1 Chemical composition

! Elemets Fe C
of AISI 4140 steel (Rooprai

Si Mn S P Cr Mo

et al. 2022)

wt(%) Bal 0.382

0.230 0.930 0.006 0.005 0.900 0.218

g

k2 ey @ Springer
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paucity of research on the machinability of cryogenised AISI
4140 steel. Furthermore, the fact that its characterisation has
not yet been addressed is a significant motivation for this
study. In light of these considerations, the characterisation
analysis of cryogenised AISI 4140 steel, its machinability
capabilities and a comparison of the results with machine
learning serve to emphasise the original aspect of the study.
Furthermore, the lack of sufficient research on hard turning
of cryogenised AISI 4140 steels represents another impor-
tant motivation for this study. The principal objective of this
study is to examine and contrast the influence of diverse
machining parameters on current, sound, and surface rough-
ness, employing an artificial neural network approach.

2 Material and Method

In this study, it has been investigated experimental and
machine learning approach for machinability characteristics
such as current, sound, and surface roughness parameters by
taking considered AISI 4140 cryogenized. In context, this
section has been analyzed as two parts. Firstly, it was evalu-
ated experimentally machinability variables. Afterwards, it

has been compared prediction performances as using ANN
method that machine learning method. General investiga-
tion phases of the study have been showed in Fig. 1. As
understood as in Fig. 1, total evaluation processes is made
of eight steps.

2.1 Experimental Approach

AISI 4140 material was used in experimental studies. Sam-
ples with a diameter of 50 mm and a length of 100 mm
were prepared and subjected to turning under dry cutting
conditions. The workpiece material was suddenly cooled in
oil after standing at 950 °C for 2 h. By applying vacuum
hardening technique, homogeneity is provided in heat treat-
ment. To remove the tension of the material, tempering was
done at 350 ‘C. It is tested whether the desired features are
gained or not. 53 HRC hardness value has been reached.
The material is tied between the tailstock and the chuck.
Some material was removed from the surface and prepared
for machining experiments. With the developments in mate-
rial and heat treatment technology, the issue of machinability
is on the agenda. After obtaining high mechanical strength,
machinability of the material is one of the most important

Metallographic processes were applied to the
samples for scanning electron microscopy.

Scratch test was camied
out to determine the
behavior of hardened AISI
4140 steel cryogenized
against abrasion.

LMV‘wM M&

Cotrosion testing was calculated
according to ASTM-G102 standard.

Fig. 3 Flowchart of characterization processes

Characterization
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Metallographic processes were
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energy dispersive spectrum.
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Fig.4 Flow chart of machine learning model

problems. These materials need to be processed in high
rigidity machine tools.

While determining the cutting parameters, the cutting val-
ues recommended for the cutting tool in existing literature
studies were used. The turning process was carried out on a
TTC 630 model CNC lathe belonging to Taksan company
(Fig. 2). As the cutting edge, TT5100 quality TIN coated
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type with code WNMG 080408 MT, produced by TaeguTec
company, was used. MWLNR 25 x25 M08 model from
MBC company was used as the tool holder. Sound intensity
was measured with a Lutron SL-401 (Fig. 2a) sound inten-
sity meter in Slow position, during the time when the ambi-
ent sound was lowest. The distance between the device and
the mirror is 1 m. Pro Vibro brand PVM 303 model device
(Fig. 2b) was used for vibration measurement. The magnetic
probe of the device is attached to the mirror of the bench.
The device measured in mm/s position. The current value
passing through a phase was measured with a UNI-T UT201
clamp meter (Fig. 2c). The total current value was calculated
by multiplying the current value by three. The surface rough-
ness value was measured with a Mitutoyo SJ 201 roughness
measuring device by selecting a sampling length of 0.8 mm.
For each value, measurements were taken at three separate
points and the average roughness value was calculated. In
experimental studies, vibration, sound intensity, and cur-
rent values were recorded instantly. After each experimen-
tal study, the workpiece was taken from the mirror and the
surface roughness value was measured. The execution order
of the processing experiments and the methods are shown
in Fig. 1. On the other hand, the chemical composition of
AISI 4140 steel examined in this study is given in Table 1.
The samples underwent metallographic preparation to
enable analysis through energy dispersive spectroscopy
(EDS) and scanning electron microscopy (SEM). The met-
allographic processes included sequential sanding, polish-
ing, and etching. Sanding was performed using abrasives
of 200, 360, 600, 1000, and 1200 mesh sizes in succession.
Polishing was subsequently carried out with 3 pm and 1 pm
diamond solutions to achieve a smooth surface finish. Fol-
lowing this, the samples were etched using a prepared etch-
ing reagent. SEM imaging was conducted using an “FEI
QUANTA 250 FEG” instrument at Kastamonu University’s
Central Research Laboratories. Additionally, the microhard-
ness of the samples was determined using a microhardness
testing method. The microhardness measurements were con-
ducted in the Mechanical Engineering Department Labora-
tory of Kastamonu University using a SHIMADZU HMV-
G21 model microhardness tester, applying an HV 0.3 kg
load. A force of 300 g was exerted for 16 s to evaluate the
microhardness. Corrosion measurements were performed in
the Mechanical Engineering Research Laboratory using the
Reference 3000 Potentiostat/Galvanostat/ZRA instrument.
Before corrosion testing, the prepared samples were ultra-
sonically cleaned sequentially in acetone, distilled water, and
ethanol for 15 min at 35 °C. Subsequently, the samples were
dried in an oven at 60 °C for 45 min. The corrosion rates
were calculated based on data from the device, following the
ASTM-G102 standard (2023). Before the abrasion test, the
samples were sanded with 400, 600, 1000, and 1200 mesh
sandpaper and their surfaces were polished with diamond
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Fig.5 a Basic topology of the
machine learning model, b
Network structure generated via
Matlab

Meural Network

solution. Abrasion tests were data with Bruker UMT-2-SYS
model mechanical test device. Abrasion tests were carried
out in the form of micro scratches. Rockwell tip is used as
abrasive tip. The scratch length was chosen as 2 mm for
all samples. Scratch test was carried out to determine the
behavior of hardened AISI 4140 steel material against abra-
sion. The flowchart of the characterization processes has
been Fig. 3.

10 1

(b)

2.2 Machine Learning Construction
and Performance Assessment

The Artificial Neural Network (ANN) represents a machine
learning paradigm employed for diverse applications,
including classification, data management, regression, and
occasionally decision-making. The experimental dataset
underwent a tripartite division for training. testing. and veri-
fication purposes. The focus of the current study’s ANN lies
in the estimation and prediction of current, sound, and sur-
face roughness values. The architecture of the ANN in this
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Best Validation Performance is 0.00048727 at epoch 15
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Fig.6 Variation of MSE worths according to epochs

investigation encompasses both feedforward and backpropa-
gation mechanisms within a multilayer perceptron network
construction (Yaseer et al. 2021; Berber and Giirdal 2023),
as illustrated in Fig. 4. Following dataset normalization.
70% of the data was allocated for training the ANN model,
while the remaining data was utilized for both verification
and testing phases.

Fig.7 Error histogram of the
machine learning construction

Instances

o

-0.07711
-0.06502
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-0.02875
-0.01666
-0.00457
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The MATLAB software (Higham and Higham 2016)
suite was employed for computer-aided implementation.
facilitating the optimization of the ANN architecture. The
configuration of ANN models was executed through the uti-
lization of the ‘nftool’ command from the command win-
dow. Evaluation of Mean Squared Error (MSE) performance
and regression analysis for the selected data, which were
employed to create and train the network, was conducted
using the Neural Fitting module. A schematic representation
of the fundamental design of the ANN topology is depicted
in Fig. 5.

In the construction of the ANN, a dataset comprising 162
entries derived from experimental findings was employed.
To assess the influence of input variables on predictive effi-
cacy, alternative ANN models with varying input variables
were generated. The determination of the optimal number of
neurons in the hidden layer poses a challenge in the develop-
ment of ANN structures, as there is no definitive value for
this parameter (Saad et al. 2022). However, in this study, a
trial-and-error approach was employed, resulting in the iden-
tification of the most effective hidden layer structure, which
consisted of 10 neurons. Regarding the training algorithm,
a comprehensive review of the literature was conducted to
identify the most suitable alternatives (Bertolini et al. 2021;
Kaveh and Mesgari 2023). The Scaled Conjugate Gradient
algorithm, recognized for its superior performance in multi-
layer perceptron networks, was selected for implementation

Error Histogram with 20 Bins

-Training
B v alidation
I Test

Zero Error

0.1163 ||| N

0.01961
0.0317
0.04378
0.05587
0.06796
0.08005 |
0.09214
0.1042}
0.1284|
0.1405 |
0.1526 |1
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Table 2 Performance comparisons of the hidden layer

Algorithm Transfer function Number of Weight to Bias to layer
neurons layer

Scaled conjugate gradient =~ Learngdm and Tansig 1 -0.191 2.888
2 -0.310 —2.765
3 —0.407 —1.424
4 —0.380 —1.023
5 -1.216 1.794
6 ~0329 0302

Best Performance e=== [7| 0.0767; -10.951

8 0.957 3.244
9 —0.606 —3.255
10 —0.392 3.205

(Lin et al. 2020; Eser et al. 2021; Yanis et al. 2023a, b).
Learngdm and Tansig transfer functions were applied in the
hidden and output layers of the perceptron network. The
efficiency analysis of the ANN models was conducted in
three phases. In the initial phase, the training of the ANN
model was executed. The validation of the training phase
involved the computation of Mean Squared Error (MSE)
variables and a meticulous examination of error histograms.
Following the validation of the training phase, the subse-
quent phase involved scrutinizing the conformity of the
estimated values derived from the ANN model with the tar-
get values. The final phase comprised an investigation into
the performance variables designated for the assessment of
performance analysis. To assess the predictive performance
of the ANN structure. key metrics such as the correlation
coefficient (R?) and average relative deviation (ARD%) val-
ues were scrutinized. Additionally, Fig. 6 presents the Mean
Squared Error (MSE) as a determinant for optimal validation
performance in the pursuit of an optimal network structure.
The adoption of the Scaled Conjugate Gradient (SCG) with
a 3—10-1 construction of the ANN yielded lower MSE val-
ues. as depicted in Fig. 6. Variations in MSE values during
the training process of the optimal network with 10 neurons
are illustrated in Fig. 6, highlighting an optimal validation
performance of 0.0004827 at epoch 15 (refer to Fig. 7). The
evaluation of the ANN structure's performance for testing
involved an exploration of different neuron numbers in the
hidden layer. with the results presented in Table 2. Notably,
the minimum MSE was achieved with 10 neurons in the
hidden layer. For instance, weight to layer and bias to layer
for the test data in the ideal architecture with 7 neurons were
0.0767 and —0.951, respectively. Experimental data were
employed to train the ANN network, and scatter plots depict-
ing the training, validation, testing, and optimal model are
illustrated in Fig. 8. In Fig. 8, the horizontal axis represents
the target, while the vertical axis signifies the model outputs.
An acceptable agreement is indicated when the gradient of

the designated line approaches 1 and the perpendicular inter-
section approaches 0. Three variables, namely the R-value,
slope, and y-intercept, were considered in the examination
of these graphs. Fundamental balances for output parameters
and ANN performance variables used in this study has been
demonstrated Table 3.

3 Results and Discussion
3.1 Comparison of Experimental Findings

Since a very good surface quality is required in hard turn-
ing, low vibration machine tools should be preferred. The
hardness of the material in hard turning increases the force
required to remove material from the workpiece. Therefore,
the loading intensity on the machine tool increases. Vibra-
tion increases when the loading intensity increases on the
machine tool. These vibrations cause an increase in the sur-
face roughness value. Therefore, as little as possible depth
of cut and feed rate are preferred. In order to obtain a good
surface quality in hard turning operations, the machine tool
must be rigid.

Figure 9 shows SEM images taken from AISI 4140
surface. When Fig. 9 is examined, cementite grains scat-
tered in martensite blocks are observed. Steels having
martensite structure with quenching process, decrease in
hardness and increase in toughness by tempering process.
(Jagadeeshanayaka et al. 2023). Microstructures consist
of acicular martensite and plate martensite. SEM—-EDS
analysis of AISI 4140 material is given in Fig. 10. Pre-
existing martensite affected the growth of bainite hoops
and the rate of volume fraction increase. It rapidly evolved
to a peak rate due to the acceleration effect of pre-existing
martensite with lower volume. Various martensitic trans-
formations are important for steels in terms of hardness.
While the room temperature martensite ratio decreased
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Fig.8 a Regression curves of
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with a slower cooling rate, the auto-tempered martensite
ratio increased. A heterogeneous distribution of martensite
tetragonality is seen for all cooling rates. It confirms that
phase transitions are important in reducing dimensional
change by undergoing extra plastic deformation during
phase transformations and in strengthening the hard mar-
tensitic phase by changing it (Roussos et al. 2023).

When the analysis results given in Fig. 10 are examined,
the Fe, Mn, Cr, C, and Mo peaks present in AISI 4140 steel

£
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material are clearly seen. The microhardness profiles of the
AISI 4140 are given in the Fig. 11. When the analysis results
given in Fig. 11 are examined, it is understood that the hard
turned material is AIST 4140 steel.

The hardness measurements were taken from the AISI
4140 steel. The hardness of the AISI 4140 material was
measured as about 670 HV, ;. While making the microhard-
ness measurements of the sample, three different hardness
values were obtained and the hardness value was determined
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Table 3 Basic data reductions for substantial performance and target variables

Parameter References Eq. number Equation
Surface roughness (um) Skrzyniarz et al. (2021) (1 Ra = (@ ) 1000
L),
Current (A) Mahapatra et al. (2022) 2) I = %
Sound (dB) Muhammad et al. (2023) 3) L=10log <%)
Corrosion rate Srinivasan et al. (1957) “) I = b
corr = 2.303xR,x(,+8.)

Mean average error Gurlek et al. (2021) (5) MAE = 1 Y ( X ousured — Xostimate d)
Mean square error Berber and Giirdal (2023 6 2 2

d ( ) ( ) MSE = i 12 (Xmeasured - Xestimated )
Average relative deviation Giirdal (2023) (@) e [ Xoeased—X e

ARD(D) = . (| St ) x 100

Relation coefficient Berber et al. (2020) ®) 2 Kpeasired=Xesimared )’

RZ =1L
2 Kncsrea)’

by taking the average of these data. The cryogenic process
produced a high increase in the hardness of AISI 4140
steel. It increased in hardness in direct proportion with the
increase of waiting time of cryogenic process. In the litera-
ture, it is emphasized that the cryogenic process has a similar
effect on other metallic materials (Kam 2020).

The potentiodynamic polarization curves of the AISI
4140 steel are given in Fig. 12. Corrosion tests of the AISI
4140 steel were performed in 96.5% distilled water and 3.5%
NaCl solution. The current was applied between initial E
—0.5 mV and final E 0.5 mV against the open cycle poten-
tials determined after 30 min of soaking.

The results of the corrosion measurements are summa-
rized in Table 4. Therefore, corrosion current (Icorr) which
can be applied along Tafel curves to corrosion data must
be calculated. Corrosion resistance (Rp) values determined
from Stern and Geary equation (Srinivasan et al. 1957) can

Fig. 9 SEM images of the AISI 4140 steel

also be used to calculate corrosion rates of the AISI 4140
steel in accordance with undermentioned with Eq. (4) in
Table 3.

When Table 4 is examined, it is seen that the corrosion
resistance of AISI 4140 material has —473 mV. In addition,
Rp (corrosion resistance) was calculated as 4.851 kQ cm?.
From the data obtained. It is clearly seen that the corrosion
resistance of AISI 4140 material increases. Similar results
are found in the literature for AISI 4140 material (Zohuri
2021). The scratch test graph of the samples can be seen in
Fig. 13.

When the graphic is examined, it is understood that the
friction coefficient of the AISI 4140 material is ~0.08. This
is due to the microstructure of double and triple hard phases.
These hard phases formed in the AISI 4140 microstructure
gave the material strength with dispersion resistance. As a
result of all these evaluations, it can be clearly stated that
AISI 4140 material is resistant to abrasion. Current value,
sound level and surface roughness values obtained as a result
of machinability tests on 53 HRC hardness AISI 4140 mate-
rial are given in Table 5.

3.1.1 Varying of Current Value

The measurement of the current is quite easy. However, it
is directly linked to machinability parameters. As the tool
wear increases, the instantaneous current value increases.
The current value increases when the loads on the machine
table increase. As the hardness of the material increases, the
tensile strength of the workpiece material increases (Fedai
2023; Yu Pimenov et al. 2023). The current value increases
as the tensile strength increases. The relationship between
cutting parameters and current values are given in Fig. 14
and Fig. 15.
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Fig. 10 SEM-EDS analysis of

the AISI 4140 steel Full Area EDS
Element | Weight(%)
Fe 79 89
Mn 6.72
Cr 6.61
C 5.38
Mo 1.40
l - ‘:‘.Au . T ""”“

The instantaneous current value is also an expression of
power consumption. The power consumption increases as
the current value increases. Increasing the power consump-
tion or increasing the instantaneous current value indicates
that the cutting forces also increase. As the cutting param-
eters change, the instantaneous current value also changes
(Shi et al. 2019; Sousa et al. 2020; Agrawal et al. 2021).
When Fig. 14 and Fig. 15 are examined, it is clearly seen
that the current value increases with increasing cutting
speed. The instantaneous current value increases with the
increase in feed rate and depth of cut.

3.1.2 Varying of Sound Value

Sound level is an important indicator in controlling the
cutting process in the industry. The increase in the sound
level and the increase in the instantaneous current value
show a similar trend. Because the increase in instantane-
ous current value is the clearest indicator of the load on
the machine tool. As the amount of loading increases, the
sound level increases. With the increase in cutting speed,
the sound level increases. While the cutting speed has the
biggest effect on the change in the sound level, it is fol-
lowed by the feed rate. Finally, the increase in the depth of
cut causes a slight increase in the sound level (Yu Pimenov
et al. 2022; Kminiak et al. 2023; Liu et al. 2023). The
relationship between the feed rate, cutting speed and sound
level are given in Fig. 16 and Fig. 17.

The sound level is an indication of the cutting param-
eters, vibration, and loading quantities on the machine tool
in the manufacturing environment (Fig. 16 and Fig. 17)
(Asif et al. 2023). However, in terms of worker health, the
sound level should not exceed 93 dB. Therefore, materials
were processed within acceptable limits, such as 76 dB.

3.1.3 Varying of Surface Roughness Value

One of the most important parameters in terms of machina-
bility is the surface roughness value. Because the surface
roughness value is directly related to friction and friction
in machine parts is undesirable. If the roughness value
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Fig. 12 Potentiodynamic polarization curves of the AISI 4140 steel
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Table 4 Electrochemical behaviours of the AISI 4140 steel with a cryogenic process

Material E_,, (mV) | S (pAcm‘z) B, (mV) B, (mV) Corrosion rate (mpy) Corrosion resistance (kQ cm?)
AIST 4140 —473 3.600 55.7 144.8 1.732 4.851
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Fig. 13 Scratch test graphic of AISI 4140 material

increases, the friction increases. If the roughness value
increases, the wear increases. When the wear increases,
the life of the machines is shortened. Energy consumption
increases (Reza Kashyzadeh and Ghorbani 2023; Soori and
Arezoo 2023). The relationship between cutting parameters
and surface roughness value are given in Fig. 18 and Fig. 19.

The most important factor affecting the surface roughness
value is the feed rate. If the feed rate increases, the surface
roughness value increases. The depth of cut and cutting
speed do not have as much influence as the feed rate (Alam
et al. 2023; Bag et al. 2023). The surface roughness value
up to 1 pm is considered grinding quality. Since these values

o S

o
o

N e 4

v’ o

can be obtained in hard turning, this technique provides a
great advantage (Fig. 20).

3.2 ANN Findings of Machinability Characteristics

In this section, the measured and predicted values of the
main output parameters roughness, noise and current are
compared with reference to the number of experiments.
Thus, the prediction performance suitability of the feed for-
ward back propagation neural network can be monitored.
The comparison plots for surface roughness, current and
sound values are presented in Fig. 21(a), Fig. 21(b) and
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Table 5 Machinability test

Test no Input parameters Target parameters
results
a (mm) V (m/min) f (mm/rev) Current Sound L (dB) Surface
(Amper) Roughness(um)

1 0.1 160 0.04 2.62 73.1 0.23
2 0.1 160 0.08 2.69 73.4 0.54
3 0.1 160 0.12 2.74 73.5 0.97
4 0.1 200 0.04 2.76 74.1 0.33
5 0.1 200 0.08 2.82 74.4 0.60
6 0.1 200 0.12 2.90 74.6 0.99
7 0.1 240 0.04 2.99 74.7 0.19
8 0.1 240 0.08 3.08 75.5 0.47
9 0.1 240 0.12 3.17 75.9 1.01
10 0.15 160 0.04 2.66 73.4 0.24
11 0.15 160 0.08 2.69 73.6 0.67
12 0.15 160 0.12 2.74 73.8 1.15
13 0.15 200 0.04 2.78 74.1 0.36
14 0.15 200 0.08 2.87 73.9 0.46
15 0.15 200 0.12 2.97 74.3 1.14
16 0.15 240 0.04 3.08 75.6 0.31
17 0.15 240 0.08 3.19 75.7 0.57
18 0.15 240 0.12 3.29 76 1.01
19 0.2 160 0.04 2.66 73.5 0.38
20 0.2 160 0.08 2.69 73.6 0.60
21 0.2 160 0.12 2.73 74 1.02
22 0.2 200 0.04 2.78 74.2 0.43
23 0.2 200 0.08 2.93 74.3 0.57
24 0.2 200 0.12 3.04 74.4 0.93
25 0.2 240 0.04 3.10 75.2 0.37
26 0.2 240 0.08 3.23 75.5 0.59
27 0.2 240 0.12 3.37 75.8 1.00

Z
g 2
E 26 =
< £
2 0y =
v
‘ P ( Y Qe
my, &
min )
Fig. 14 Varying of current values according to feed rate and cutting Fig. 15 Varying of current values according to feed rate and cutting
speed depth
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Fig. 16 Varying of sound values according to feed rate and cutting
speed
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Fig. 17 Varying of sound values according to feed rate and cutting
depth

Fig. 21(c) respectively. Firstly, when the surface rough-
ness comparison graph was examined, it was determined
that the measured and predicted finding curves showed
similar slopes. The average of the measured and predicted
results over the number of experiments are 0.59740 um and
0.57563 pm respectively. Firstly, when the surface rough-
ness comparison graph was examined, it was determined
that the measured and predicted finding curves showed
similar slopes. The average of the measured and predicted
results over the number of experiments are 0.59740 um and
0.57563 pum respectively. Similarly, the minimum surface

Ra (pm)

Fig. 18 Varying of roughness values according to feed rate and cut-
ting speed
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o«
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Fig. 19 Varying of roughness values according to feed rate and cut-
ting depth

roughness is 0.01000 um and 0.17837 pm while the maxi-
mum is 1.15000 pm and 1.15967 pum respectively. Second-
ary, when it was investigated in Fig. 21 (b), while the current
values show a logarithmic plus slope in each of the 10 exper-
iments, a significant decrease was determined in the next
experiment. While the lowest current values were obtained
in the first experiment, the highest current was obtained in
the 27th experiment. Considering all experiments, the aver-
age deviation between the measured and predicted current
values is 0.20% while the maximum deviation is 5.47%. The
prediction performance of the sound values is compared
with the measured values in Fig. 21(c). As in Fig. 21(b),
the curve slopes show an increase in the first 10 values and
then a sudden decrease. In the following ten experiments,
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Ra (,.m)
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Fig.20 Comparison of roughness, sound, and current values

a rising and falling trend is observed again. The deviation
between the measured and predicted values over a total of
27 experiments is 0.0717% on average. This result clearly
shows that the neural network model and optimization is
quite appropriate.

The most important parameters and equations that
reveal the ANN prediction performance are given in
Table 2. The performance comparison of surface rough-
ness, flow and sound prediction results according to the
optimized network structure is shown in Fig. 22. The com-
parison of MAE, MSE, ARD % and R? values for these
three main output parameters are given in Fig. 22a—d
respectively according to the number of experimental data.
MAE value specify difference between experimental and
forecast output parameters. When this deviation range
is lower, the best prediction performance is obtained. In
this context, graphic of changing the MAE is examined
in Fig. 22(a), it was seen averagely 0.0064, 0.0542, and
0.0218 for current, sound, and surface roughness, respec-
tively. On the other hand, the MSE explains regression’s
curve state according to the total data. The best forecast
are achieved with lower values of MSE (Colak et al. 2022;
Bouali et al. 2022). Varying of the MSE with data num-
ber has been displayed for all cases in Fig. 22(b). ARD
is another important ANN performance parameter. Many
studies in the literature show that deviation rates below
10% are acceptable. The predictive bias performances of
the three output parameters are presented in Fig. 22(c).
When this graph is analyzed, the average ARD% values for
current, sound and surface roughness are 0.20%, 0.071%,
and 10.71% respectively. These results show that the low-
est deviation rates were obtained for sound. Since the
roughness values are very small, the smallest deviations
increase the ARD value significantly. The coefficient of
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Fig.22 Comparison of a MAE, b MSE, ¢ ARD, and d R? performance findings along experimental number

determination, denoted as R, serves as an indicator of the
extent of linear association existing between the values
predicted by a model and those actually observed. This
metric is derived by squaring the Pearson correlation coef-
ficient computed for the predicted and observed values.
The resultant R? values are constrained within the range
of 0-1, where a value of 1 signifies an impeccable align-
ment between predicted and observed values. Notably, a
higher R? value is indicative of superior model perfor-
mance. The evaluation methodologies employed in this
analysis collectively furnish a thorough evaluation of the
precision and dependability of predictions generated by
the ANN model. To gain a holistic comprehension of the
model’s efficacy, it is imperative to consider these metrics
collectively, thereby facilitating a comprehensive assess-
ment of its performance. R?> comparison of the measured
and estimated current, sound, and surface roughness are

displayed in Fig. 22d. When R? worths is investigated this
figures for all case, it can be seen that the estimated val-
ues are in suitable with the measured findings. The aver-
age R? values for measured and estimated current, sound,
and roughness were achieved as 0.99970, 0.99998, and
0.95120 respectively.

4 Conclusions

This study aims to conduct a comprehensive characteriza-
tion analysis of cryogenized AISI 4140 steel, assessing its
machinability capabilities and introducing a novel dimension
by incorporating machine learning techniques for compari-
son. The primary objective is to scrutinize and contrast the
impact of diverse machining parameters on current, sound,
and surface roughness through the utilization of an artificial

» @ Springer



198 Iranian Journal of Science and Technology, Transactions of Mechanical Engineering (2025) 49:181-200

neural network approach. The results obtained in this context
are summarized as follows:

Heat treatment increased the material’s corrosion resist-
ance by approximately 2 X and abrasion resistance by
3 x over traditional AIST 4140 steel.

With appropriate tools, hard turning achieved a grinding-
quality surface. The feed rate significantly influenced sur-
face roughness, where lower rates improved smoothness,
while cutting speed and depth had minimal impact.
Cutting speed was the main factor influencing instantane-
ous current and sound levels, with a 6% increase in sound
level at higher speeds. Feed rate and depth of cut had
smaller effects. Maximum sound level was 76 dB, which
is within machinability standards.

CBN tools proved highly effective in machining 53 HRC
hardness material, yielding excellent results for surface
roughness, sound levels, and current values.

Neural networks with Learngdm, Tansig, and Scaled
Conjugate Gradient (Trainscg) functions showed high
predictive accuracy. For neuron 7, optimal prediction
metrics included an MAE of 0.0218, MSE of 0.0429,
and R? values of up to 0.9999, affirming model precision.
This streamlined version captures the essential findings
while reducing redundancy and technical details that may
not need to be emphasized.

Hard turning experiments can be performed for steel
materials of different hardness using wet cutting conditions.
On the other hand, new experiments can be performed by
changing the values of cutting speed, feed rate and depth of
cut, which are hard turning test parameters. Besides, tests
that detect mechanical properties such as wear and three-
point bending can be added for post-test characterization
of the material to be used in the hard turning process. The
different artificial neural network algorithms can be also
compared and optimized.

Author contributions Mehmet Akkas: Conceptualization. Method-
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review & editing. Visualization. Mehmet Giirdal: Methodology. Writ-
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