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Machine Learning-Based Surface Roughness Prediction In Turning Of
Hardened AISI 4340 Steels: Incorporating Tool Wear Via Cutting Length
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This study explores the predictive modeling of surface roughness in the hard turning of AISI 4340 steel using
machine learning techniques, specifically Random Forest (RF) and Gaussian Process Regression (GPR). The
uncoated carbide was used and the experimental design considered varying cutting speeds (70,90, 110 m/min
), feeds (0.14,0.16,0.22 mm/rev ), depths of cut ( 0.25,0.5 mm ), and cutting length ( 80,160,240 mm ) to account
for tool wear as an uncontrollable factor. The RF model achieved an RMSE of 0.1627y m and an R? value of
0.9718 , while the GPR model had an RMSE of 0.1676; m and an R? value of 0.8333 . The novelty of this study
lies in considering the influence of tool wear via cutting length, significantly impacting the RMSE of the GPR
model. Using K-fold cross-validation (K=7) on a 50% training dataset resulted in the lowest RMSE values for
both models. Despite the GPR model’s slightly lower performance, it demonstrated robustness and consistency
across different cross-validation splits and random states, making it a reliable option for predicting surface
roughness. This research provides insights into the application of machine learning for process optimization in
hard turning operations, highlighting the importance of tool wear and training dataset size. Future work could
extend these findings to other machining processes and material types to validate the models’ robustness and
generalizability.
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1. Introduction

Hard machining has been coined and implemented in the
metal cutting industry since the 1970s. This technology
aims to raise productivity by processing metal directly in
its hardened condition. Implementing hard machining
requires a rigid machine tool, suitable cutting tool material,
and an appropriate cutting condition [1].

Studies related to hard machining are mostly about se-
lecting cutting tool materials and geometry, as well as cut-

ting conditions. From the 1970s to the 1980s, it was reported
that carbide, ceramic, and cubic boron nitride (CBN) were
the suitable cutting tool materials used for hard machining
various hardened steel from 50 HRC to fully hardened [1].
The study within the boundary conditions for hard machin-
ing implementation continued, and in [2], the mechanisms
of chip removal and the thermo-mechanical influence of
the product were reported. For turning hardened steels,
in particular, several models of chip removal were intro-
duced. The metallurgical fundamentals, the stress, and the
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temperature distributions in hard turning were discussed
and summarized. The study also focused on determining
hard machining processes” achievable workpiece quality
and economic efficiency.

The workpiece quality of machined components used
in various structures like transportation (airplanes, ships,
trains, cars) is subjected to cyclic and randomly variable
loads, which may lead to failure due to fatigue. The fatigue
behavior of materials is empirically influenced by surface
roughness and residual stress [3]. The study of [4, 5] re-
ported that surface roughness greatly influenced the fatigue
limit, where increasing Ra reduced fatigue resistance.

Hard turning is normally carried out under dry condi-
tions [1, 6, 7]. Dry conditions promote the thermal softening
of the workpiece material, and when hard turning is used
with ceramic tool material, thermal shock can be avoided.
However, the absence of cutting fluid when hard turning
under dry conditions promotes higher surface roughness.
In this case, and considering the issue of surface roughness
influencing the fatigue limits, the effort to study surface
roughness in hard turning is supported by a minimal quan-
tity of lubricant (MQL) technique. The success of MQL
in reducing surface roughness (about 7% to 13% ) when
turning the hardened stainless steels was reported in [8].
The similar results were also reported in [9, 10]. More com-
prehensively, the study related to machined surface quality
was reported in [6, 11].

With the introduction of machine learning in manufac-
turing, surface roughness has been studied in the intel-
ligent manufacturing field. Recent advances in machine
learning applications in machining processes were com-
prehensively reviewed and presented in [12]. Machine
learning applications were reportedly utilized in several as-
pects of machining processes, including surface roughness
quality prediction and tool condition monitoring. Segreto
and Teti [13] used a machine learning approach to deter-
mine the state of the polishing process in terms of target
surface roughness achievement. The other comprehensive
reviews were also reported in [14, 15]. In the papers, the
authors underlined six strategic topics to be studied under
data-driven smart manufacturing that is mainly applied
for machining monitoring systems, and surface roughness
was one of the parameters that were urgently monitored.

As discussed earlier, the experimental-based study of
surface roughness is potentially enriched with machine
learning techniques. In this case, the observation could
be enriched by prediction, and as a result, a more com-
prehensive understanding of the quality of the machined
surface could be gained, and at the same time, the cost of
study could be reduced. The experimental data (observed)

is used as the training dataset in the machine learning tech-
nique. Supervised machine learning technique with some
algorithms is then utilized as a powerful tool to recognize
the relationship between process variables (input) and re-
sponse variables (output). In a study of surface roughness
under hard turning, for example, cutting speed (v), feed (f),
and depth of cut (a) are the process variables, while surface
roughness ( Ra ) is the response. Such supervised machine
learning technique algorithms are successfully applied in
machining [14, 16-18].

Considering the review presented above, in the work
reported in this paper, an experimental study of surface
roughness when hard turning of AISI 4340 steels (hardness
number of 50 HRC) under MQL conditions is enriched with
a machine learning technique. The novel in this study is
that the influence of tool wear as an uncontrollable factor in
the turning process is considered via cutting length. Predic-
tive models are developed using 2 (two) machine learning
algorithms, i.e., Random Forest (RF) and Gaussian Process
Regression (GPR). The performance of the models is then
evaluated in terms of the errors in their predictions.

2. Materials and method

AISI 4340 bars of high strength low alloy steel with a hard-
ness number of 50 HRC, dimension diameter of 80 mm ,
and length of 300 mm are used as the workpiece materials
for the turning experiment in this study. The uncoated
carbide tool coded DCMT11T304-F2 TP40 is used as the
cutting tool, and this insert is rigidly mounted on the tool
holder coded SDJCR 1616 H11. The turning experiment
uses the MQL technique, and FUCHS Ecocut 1012 ID is
used for the MQL cutting fluid. This cutting fluid is a
low viscosity cutting oil manufactured with solvent-refined
paraffinic base oil.

A factorial design is adopted in this experiment, and
the factors and the levels are shown in Table 1. Process
variables are cutting speed (v ), feed ( f ), depth of cut
(a), and as mentioned earlier, tool wear is considered
via cutting length (It) in this experiment. The preliminary
work [19] of this study shows that tool wear of the uncoated
carbide tool is associated with cutting length in which the
initial wear ( VB < 0.1 mm ), gradual wear (0.1 < VB <
0.20 mm ), and sudden wear ( VB > 0.2 mm ) phases of
flank wear are observed at cutting length of (0 — 80) mm,
(80 - 160) mm, and (160-240) mm, respectively.

The response variable in this study is surface roughness.
The surface roughness measurement for the Ra parameter
is as per ISO standard 1302:2002 [20] and ISO 4288:1998
[21]. Sampling and evaluation length are set accordingly,
and a Gaussian filter is used. The instrument used for the
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Table 1. Factors and levels of factorial design of the experiment

Factors Symbols Units Levels
Cutting speed v m/min 70 90 110
Feed f mm/rev 0.14 0.16 0.22
Depth of cut a mm 0.25 - 0.5
Cutting length It mm 0-—80 | 80—160 | 160 — 240

observation of machined surface is Dino-Lite AM7115MTF
digital microscope and for the measurement of Ra is pro-
filometer Surftest SJ-210. In every cutting condition, as in
Table 1, the uncoated carbide tool is assigned for turning
with a cutting length of about 240 mm . As the phases
of flank wear, the cutting length is divided into 3 (three)
phases, with 80 mm for every phase. Surface roughness
(Ra) is measured 3 (three) times in every phase, and the
average is recorded. Figure 1 shows the arrangement of
turning experiment and the position of the three phases
of cutting length where the machined surface is observed,
and surface roughness ( Ra ) is measured.

Cutting length

Cutting length (80-160) mm Cutting length

(0-80)mm

(160 - 240) mm e

Fig. 1. Turning experiment and the position of the three
phases of cutting length

There are 2 (two) algorithms of machine learning used
in this study they are Random Forest (RF) and Gaussian
Process Regression (GPR). The RF algorithm was proposed
by Breiman [22] in 2001. This ensemble algorithm improves
the predictive accuracy and controls overfitting by averag-
ing multiple decision trees. The advantages of this algo-
rithm include high accuracy, robustness to overfitting, and
handling non-linearity well [22, 23].

GPR is a probabilistic supervised machine learning algo-
rithm. It works by extending the concept of the probability
distribution of values to functions. GPR calculates the prob-
ability distributions over all admissible functions that fit the
data. As RF, GPR also works well with a moderate number
of experimental runs as a factorial design in this study. RF
and GPR are good choices because of their robustness and
ability to handle non-linear relationships effectively [24, 25].
The performance of RF and GPR models in this study is

evaluated regarding root mean square error (RMSE) metric-
k -fold cross-validation number and size of the training
dataset. The RMSE is the normalized distance between
the vector of predicted values and the vector of observed
values. This metric is mathematically given by:

n
RMSE = [ = Y (9 — i)?
i=1

where n is the sample size, §J; is a predicted value, and

S| =

y; is the corresponding observed value. The smaller the
value of RMSE, the higher the predictor’s accuracy. The
K-fold crossvalidation is a measurement used to assess the
performance of a predictive model. In this technique, the
sample is divided randomly into K sub-samples. A single
sub-sample is regarded as the validation data for testing
the model, and the remaining K — 1 sub-samples are used
as training data. The cross-validation process is repeated
K times, and each K sub-sample uses exactly one as the
validation data. The K results from the folds can then be
averaged to produce a single estimation [26-28].

3. Results and discussion

The result of the hard-turning experiment for Ra measure-
ment on the machined surface at all three phases of cutting
length is presented in Table 2. A total of 54 runs were
carried out in the experiment.

Besides the measurement of surface roughness, the ob-
servation was also done on the machined surface at all
three phases of cutting length. Some samples of observed
machined surface resulted from Runs 1, 2, 3, 52, 53, and
54 are presented in Figure 2. Those observed machined
surface were captured using digital microscope with 50x of
magnification. From the observation for all 54 machined
surface, it is observed that the appearance of machined
surface is similar where feed mark (the vertical mark lines
in all machined surface photos in Figure 2) is dominantly
observed as the texture of machined surface.

3.1 Model training and prediction

Prior to develop the machine learning model, the data in
Table 2 was analysed in order to study the relation between
the experiment factors ( v, f,a, It ) with response variable
Ra. The ANOVA analysis reveals that feed ( f ) and cutting
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Table 2. The result of hard turning experiment

v f | Runs a It | Ra(ym) | Runs | a | It | Ra(um)
70 | 0.14 1 025 | 1 2.183 28 05 |1 2413
70 | 0.14 2 025 | 2 2.445 29 05| 2 2.745
70 | 0.14 3 025 | 3 2.841 30 05| 3 3.165
90 | 0.14 4 025 | 1 2.192 31 051 2.598
90 | 0.14 5 025 | 2 2.395 32 05| 2 2.725
90 | 0.14 6 025 | 3 2.835 33 05| 3 2.978
110 | 0.14 7 025 | 1 2.325 34 05 |1 2.485
110 | 0.14 8 025 | 2 2.623 35 05| 2 2.714
110 | 0.14 9 025 | 3 2.933 36 | 053 3.322
70 | 0.16 10 025 | 1 2425 37 05 |1 242
70 | 0.16 11 025 | 2 2.723 38 05| 2 2.867
70 | 0.16 12 025 | 3 3.282 39 05| 3 3.244
90 | 0.16 13 025 | 1 2.355 40 05 |1 2.285
90 | 0.16 14 025 | 2 2.825 41 05| 2 2.795
9 | 016 | 15 | 025 | 3 3.334 42 053 3.256
110 | 0.16 | 16 | 025 | 1 2.225 43 |05 |1 2.788
110 | 0.16 17 025 | 2 2.765 44 05| 2 2.865
110 | 016 | 18 | 025 | 3 3.212 45 |05 | 3 2.935
70 | 022 19 | 025 |1 2.625 46 |05 |1 2.644
70 | 0.22 20 025 | 2 2.978 47 05| 2 2.973
70 | 022 | 21 025 | 3 3.365 48 |05 | 3 3.385
90 | 0.22 22 025 | 1 2434 49 05 |1 2.384
90 | 0.22 23 025 | 2 2.833 50 05| 2 2.637
90 | 0.22 24 025 | 3 3.178 51 05| 3 3.328
110 | 0.22 25 025 | 1 2.688 52 05 |1 2.838
110 | 022 | 26 | 025 | 2 2.751 53 | 05| 2 2.936
110 | 0.22 27 025 | 3 3.482 54 05| 3 3.226

@ Cutting length (160 - 240) mm
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Fig. 2. Samples of machined surface (50x magnification)
resulted from Runs 1, 2, 3, 52, 53, and 54

length ( It ) significantly affect surface roughness ( Ra ),
with cutting length contributing the largest percentage of
the F -value at 74.6%, highlighting its strong impact. Feed
and depth of cut (a) contribute 10.0% and 4.2%,

respectively. Cutting speed (v) also influences Ra, with
an F-value contribution of 1.5%, indicating a smaller but
notable effect on surface roughness. Interactions between
factors contribute minimally, suggesting limited combined
effects on Ra. By this analysis, it is proof that cutting length

is effectively used as a proxy for tool wear, contributing
significantly or dominantly influence to surface roughness
prediction.

Data in Table 2 is used as the input for developing ma-
chine learning models using RF and GPR algorithms. There
are 2 (two) programs have been developed using Python
codes for RF and GPR. As the training dataset, the program
randomly picks 80% of the input data for model develop-
ment. The remaining 20% of the input data would be used
as the testing dataset to validate the model. The following
paragraphs present the results of the model (Ra prediction)
and validation (experimental).

The plot of RF and GPR models and validation is pre-
sented in Figure 3. The RF model used the training dataset
(80% of input data randomly picked from Table 2). As a
testing dataset, the remaining 20% of input data ( 11 runs)
was inputted into the RF model to provide the value of Ra
prediction. The value of the Ra prediction for 11 runs (7,
8,21,27,33,40,42, 49, 50, 51, 53) and the value of the Ra
experiment (at the same runs) are plotted in Figure 3(a).
For the same purpose of RF but different cutting condition
numbers, because runs are randomly picked by the pro-
gram (2,3,5,8,13,15,23,25,35,44,48), the plot of the GPR
model and its validation are presented in Figure 3(b).
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Fig. 3. Plot of model (Ra prediction) and validation (Ra
experiment): (a) RF model, and (b) GPR model

The trend of the plot of the Ra experiment and Ra pre-
diction in Figure 3 shows a good agreement. In particular,
the plot resulting in the RF model in Figure 3(a), the plot
of the Ra experiment and Ra prediction is almost identical.
As shown in Table 3, the relative error between the Ra ex-
periment and Ra prediction for the RF model (Figure 3(a))
ranges between ( 0.23 — 4.45 ) %, while for the GPR model
(Figure 3(b)) is ( 0.07 — 7.68 ) %. From this fact, it can be
concluded that the prediction provided by the RF model is
better than the GPR model.

3.2 Model performance evaluation

As mentioned previously, the performance of models is
evaluated in terms of RMSE, Kfold cross-validation num-
ber, and size of the training dataset. From the results of
model development for RF and GPR algorithms using 5-
fold cross-validation and 80% of the training dataset, the
RMSE for the RF model is recorded at 0.1746p m, and the
GPR model is 0.2149 um. This is the reason for the better
agreement of the plot (Figure 3(a)) and the smaller rela-
tive error provided by the RF model compared to the GPR
model, as discussed before. Moreover, the performance
evaluation for both models was done by studying the influ-
ence of the K -fold number used for cross-validation and
the training dataset size. The values of RMSE visualized
in Figure 4 are the results of various scenarios arranged
to study the influence of the K-fold value and size of the
training dataset on the performance of both models.

In Figure 4(a), plots of the RF model at K-5 and K-10
show that the RMSE values vary and are almost identical
when the training dataset size is 80% and 90%. At 80%, the
RMSE is recorded at the lowest value of RF K-5 (RMSE =
0.1746p m) and RFK — 10( RMSE = 0.1732 pm). The case
is different for the GPR model, where the RMSE tends
to increase with the size of the training dataset increases.
Moreover, it must be noted that both GPR K-5 and GPR
K-10 have identical RMSE values at all sizes of training
datasets. In this case, it seems that K-fold does not influence
the RMSE value of the GPR model.

In Figure 4(b), plots of the RF models at the train-

REKS GPR80%

= ————{0

RFK-10, 07
o

- GPR 50%
0.15 'GPRK-10 0.15

40 50 60 70 80 920 100 4 5 6 7 8 9 10 1"

Size of training dataset (%) K-fold number

Fig. 4. The RMSE of the RF and GPR models: (a) size of
the training dataset (50-90 )% at K-fold (5 and 10), and (b)
K-fold (5-10) at the size of the training dataset (50 and 80)%

ing dataset of 50% and 80% show that the RMSE values
vary, and the lowest value is given by RF 50% at K —7
(RMSE = 0.1627y m). In both RF 50% and RF 80%, the
RMSE values are constant when K-5 and K-6. Moreover,
when K-7, the RMSE value of RF 50% decreases (the lowest
value of RMSE = 0.1627y m ), but the RF 80% increases to
RMSE = 0.1856y m. In the remaining, both RF 50% and
RF 80% show almost constant values of RMSE at K-8 and
K-10. For the GPR model, both GPR 50% and GPR 80%
show different but constant values of the RMSE for all K-
fold values. This behavior seems to reconfirm the previous
result in Figure 4(a) that K-fold is not influencing the RMSE
value for the GPR model.

Referring to the works reported in [18, 29-31], the K-fold
numbers influenced the result of the error calculation of the
model. Motta et al. [18], in modelling of surface roughness
when turning of tool steel X37CRMOV5-1, reported that
the RMSE values of the GPR model varied between ( 0.3 to
0.9 ) with the increase of K number ( 2 to 10 ) and size of
the training dataset from 50% to 90%. A similar trend was
also reported in [29]. Also, for the GPR model, K-5 cross-
validation influenced the calculation of RMSE, as reported
in [30]. Considering the works of [18, 29, 30], the theory of
cross-validation [28], and machine learning programming
[25], further analysis was done on the results visualized in
Figures 4(a) and 4(b).

The Python code for the GPR model was scrutinized
to reconsider the data variability to avoid overfitting or
underfitting the GPR model, the random state, the grid
parameter, the kernel parameters, and cross-validation to
ensure that folds were split as expected. Modifications
were made to reduce the grid parameter, enable verbose
output to monitor the fitting process and check the diag-
nostic output. So far, the results showed that the K-fold
number influenced the RMSE values at every random state;
however, when the RMSE of all random states were aver-
aged, the RMSE values were constant, as shown in Figure
4(b).

The RMSE values from combining every K-fold value



28 A. Ginting et al.

Table 3. Relative error between Ra experiment and Ra prediction for the RF and GPR models

RF model GPR model

Runs Ra(pm) Relative error (%) | Runs Ra(pm) Relative error (%)

experiment | predicted ? experiment | predicted ?
7 2.325 2.320 0.23% 2 2.445 2.562 4.79%
8 2.623 2.596 1.03% 3 2.841 2.987 5.14%
21 3.365 3.343 0.66% 5 2.395 2.579 7.68%
27 3.482 3.413 1.99% 8 2.623 2.590 1.27%
33 2.978 3.042 2.15% 13 2.355 2.392 1.56%
40 2.285 2.387 4.45% 15 3.334 3.118 6.49%
42 3.256 3.227 0.88% 23 2.833 2.853 0.71%
49 2.384 2.458 3.09% 25 2.688 2.574 4.25%
50 2.637 2.726 3.37% 35 2.714 2.716 0.07%
51 3.328 3.294 1.02% 44 2.865 2.802 2.21%
53 2.936 2.861 2.57% 48 3.385 3.335 1.48%

with every size of the training dataset were found to be
identical. Based on the results, we assume that the GPR
model performance is remarkably consistent across differ-
ent cross-validation splits and random states. Our experi-
mental data is homogeneous; hence, the GPR algorithm’s
model is very stable. The data’s standard deviation and
feature importance were also checked to ensure this consis-
tency.

In checking the standard deviation, the results showed
that the standard deviation of RMSE for each K-fold value
was very low and almost identical for all K-fold values. The
difference was recorded after the 10" significant number.
This low value indicates that the RMSE values are highly
consistent across different random states.

In the case of the feature importances, it was found that
the feature cutting length, especially the effect of the cutting
length of (180 — 240)mm or I/t3 (in Table 2 ) to surface
roughness ( Ra) for all runs, was overwhelmingly the other
features in the dataset, contributing 69.5% to the model.
The other 5 (five) features (in Table 2) were relatively low
importance (v = 7.8%, f = 7.8%,a = 4.6%,1t1 = 6.3%,
and /2 = 3.8%) and far less influential than the feature of
cutting length of (180-240) mm.

Based on the discussion of the results in the last four
paragraphs, the GPR model is stable and not significantly
affected by the choice of training and validation splits.
Moreover, the GPR model is robust and performs consis-
tently across different cross-validation splits and random
states, making it reliable.

The plots in Figure 4(b) show that the lowest RMSE val-
ues for both models are recorded at K-7 with 50% training
dataset where the RMSE = 0.1627u m provided by the RF
model, and the RMSE = 0.1676y m provided by the GPR
model. Since a smaller RMSE value provides higher pre-
dictor accuracy, these results are selected to represent the

models’ performance for predicting the surface roughness
value (Ra prediction). For visualization of the model’s per-
formance, the scatter plots of the Ra experiment versus the
corresponding Ra prediction resulting from the models are
presented in Figure 5.

RF model K-7 with 50% of training dataset GPR model K-7 with 50% of training dataset

I
o

Ra prediction
w

Ra prediction
)

RMSE =0.1627 ym
R*=0.9718

RMSE =0.1676 ym
R?=0.8333

nd
o

[N

2 2.5 3 3.5 4 2 2.5 3 3.5 4
Ra experiment Ra experiment
Fig. 5. Scatter plot of Ra experiment vs. the corresponding
Ra prediction resulted by: (a) RF model, and (b) GPR
model at K-7 with 50% training dataset

Through the error analysis between the Ra experiment
and Ra prediction shown in Figure 5, the relative error of
the RF model (Figure 5(a)) is obtained, ranging between
(0.17-7.52) %, while for the GPR model (Figure 5(b)) is (0.06-
12.93) %. The relative error provided by the RF model is
lower than the GPR model. As a reference, a line corre-
sponding to the equality between Ra experiment and Ra
prediction shows that the average R? score obtained for
the RF model (R? = 0.9718) is higher than the GPR model
(R2 = 0.8333). Known as the coefficient of determination,
the R? score indicates the percentage of the response vari-
able variation that a regression model explains. A higher
score of R? is preferred to show that a better regression
model fits the data. From this result, the conclusion can
be given that the performance of the RF model is better
than that of the GPR model in predicting the surface rough-
ness value for the problem in this study. Despite the GPR
model’s slightly lower performance, it remains a viable
option for predicting surface roughness. The better per-
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formance of RF model was also reported in modelling the
surface roughness when turning of AISI 304 steel under
MQL technique [32]. Instead of GPR, it was reported in
[32] that RF outperformed the other two models (Linear
Regression and Support Vector Machine). For 27 data in
which 2/3 randomly was used as training dataset and 1/3
for testing, the performance of RF in modelling surface
roughness resulted under MQL technique with two types
of MQL fluids was indicated by RMSE of 0.1493 m and
R? of 0.9710 for fluid with particle of 30 nm , and RMSE of
0.1396 um and R? of 0.7968 for fluid with particle of 40 nm.

4. Conclusions

The objective of this study was to explore predictive mod-
eling of surface roughness in the hard turning of AISI 4340
steel using Random Forest (RF) and Gaussian Process Re-
gression (GPR) models. The experimental design consid-
ered varying cutting speeds, feeds, depths of cut, and cut-
ting lengths to account for tool wear as an uncontrollable
factor. Our findings reveal that cutting length is effectively
used as a proxy for tool wear, contributing significantly or
dominantly influence to surface roughness prediction, and
both models effectively predict surface roughness, with the
RF model achieving an RMSE of 0.1627y m and an R? value
of 0.9718 , outperforming the GPR model, which had an
RMSE of 0.1676y m and an R? value of 0.8333 .

The novelty of this study lies in the inclusion of cutting
length as a feature to account for tool wear, significantly
impacting the RMSE of the GPR model and underscoring
its overwhelming importance compared to other features.
Furthermore, using K-fold crossvalidation (K =7 ) on a
50% training dataset resulted in the lowest RMSE values
for both RF and GPR models, highlighting the crucial role
of training dataset size in model performance. The GPR
model demonstrated robustness and consistency across
different cross-validation splits and random states, making
it a reliable option despite its slightly lower performance
than the RF model. These results suggest that the RF model
is more suitable for predicting surface roughness in hard
turning operations under the conditions tested. However,
the GPR model remains a viable option for scenarios where
understanding the underlying distribution of the data is
crucial.

The study also identifies the constant RMSE value prob-
lem in the GPR model, which is likely related to imple-
menting K-fold cross-validation due to low standard de-
viation and the significant influence of the cutting length
feature. These findings have practical implications for the
machining industry, offering a more accurate method for
predicting surface roughness, leading to improved product

quality. However, the study has limitations, including its
focus on AISI 4340 steel and specific cutting conditions. Fu-
ture research should validate these models across different
materials and a broader range of cutting parameters to en-
sure their robustness and versatility. Additionally, real-time
data acquisition and adaptive learning techniques could
enhance predictive capabilities.
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