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Purpose. Development and validation of a predictive modeling methodology that enables multi-objective analysis
of the turning process by simultaneously predicting two key parameters: average surface quality and process stability

(variability).

Research methods. A comparative analysis of models based on Multiple Linear Regression (empirical formula) and
the Random Forest algorithm was conducted. The models were trained on an open experimental dataset for 42CrMos+QT
steel. Accuracy was evaluated using R? and MAE metrics on a test set. Validation was performed on an independent

dataset.

Results. The Random Forest model demonstrated slightly higher predictive capability for average roughness
(R2=0.59 vs. 0.53) and significantly higher capability for process stability (R2=0.139 vs. negative values for the formula).
The dominant influence of feed rate and tool nose radius on quality was established, as well as the key role of cutting

speed and tool geometry on stability.

Scientific movelty. An approach for the simultaneous modeling of the quality and stability of the turning process is
proposed. The substantial advantage of flexible ML models over classical regression for analyzing stochastic aspects of
the process, such as process variability, has been quantitatively proven.

Practical Value. The developed methodology serves as a tool for the multi-objective optimization of cutting param-

eters. Recommendations for improving process reliability have been formulated: increasing the depth of cut to enhance
productivity, avoiding low-speed regimes (v<95m/min), and using a tool with a nose radius of r=0.8mm, which reduces
the maximum expected process variability by more than 16%.

Key words: machine learning, Random Forest algorithms, surface roughness, process stability, optimization, turn-

ing, multi-objective analysis.
Introduction

Ensuring high surface quality and stable operation of
turning processes is a key task in modern mechanical engi-
neering. This issue is of particular importance in the pro-
duction of critical components — aircraft engine elements,
high-load shafts, axles, and hydraulic system parts — where
even minor deviations in surface layer parameters can lead
to a significant reduction in reliability, fatigue strength, or
operational failure. Surface roughness parameters and pro-
cess repeatability depend on a complex set of operational
and structural factors, the interaction of which exhibits a
pronounced non-linear character.

Classical approaches to selecting cutting parameters
rely on empirical power laws and tabular recommenda-
tions. While these often provide an acceptable quality
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level, they fail to account for the complex non-linear inter-
connections and stochastic effects inherent in real-world
cutting processes. Furthermore, such approaches are pri-
marily focused on predicting the mean value of the rough-
ness parameter and practically do not consider process var-
iability, which is critically important in the context of in-
creasing production stability.

The development of machine learning (ML) methods
opens the possibility of transitioning from simplified analyt-
ical relationships to flexible models capable of reflecting the
complex behavior of technological systems in a multidimen-
sional parameter space. However, the challenge of applying
them in metal machining remains open due to the limited
amount of high-quality experimental data and the insuffi-
ciently studied ability of ML approaches to model not only
the mean values of quality parameters but also their stability.
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Therefore, there is a scientific and practical need to cre-
ate a comprehensive predictive model capable of simultane-
ously predicting average surface quality and the stability of
the turning process, taking into account non-linear interac-
tions between technological parameters.

Analysis of Research and Publications

Modern research in surface roughness prediction for
turning is characterized by a gradual transition from tradi-
tional empirical methods to the application of machine
learning algorithms. Early works were largely based on
constructing analytical dependencies of the mean value R,
on cutting parameters and tool geometry, primarily using
power equations and response surface models. Although
such approaches provided basic engineering interpretation,
they demonstrated limited capability in describing the non-
linear and interdependent effects inherent to the cutting
process [1, 2].

Further progress in this field was driven by the imple-
mentation of machine learning methods capable of model-
ing multidimensional non-linear dependencies. Recent
publications have employed Support Vector Machines
(SVM), Random Forest, Gradient Boosting (XGBoost),
Gaussian Process Regression (GPR), as well as deep neural
networks and neuro-fuzzy systems. Most researchers indi-
cate a significant advantage of ensemble and deep models
over classical regression methods regarding R, prediction
accuracy, especially under conditions of limited and noisy
experimental data [3-5]. Certain works demonstrate the
potential of using GPR for tasks requiring not only point
forecasts but also probabilistic uncertainty assessment,
which is critical in production environments [1, 6].

An important research vector has been the integration
into predictive models of informative features derived not
only from process parameters but also from sensor signals
— vibrations, acoustic emission, and drive current signals.
The use of temporal and spectral characteristics allows for
the effective identification of dynamic effects and process
instability, particularly the onset of self-excited vibrations
(chatter), which have a significant impact on surface mi-
crogeometry. Studies [7-9] have proven that the addition
of vibration and acoustic features significantly improves
the accuracy of both machining regime classification and
roughness regression analysis.

Despite the intensive development of this topic, a crit-
ical review of the literature highlights a number of unre-
solved problems. Firstly, the vast majority of works focus
on predicting the mean value R,, while variability indica-
tors, specifically the standard deviation Sgrs, are practically
not considered as independent modeling objects [10, 11].
This limits the possibilities for quantitative analysis of pro-
cess stability and risk assessment of production fluctua-
tions, although the consistency of quality indicators is often
a decisive factor in industry. Secondly, many publications
use relatively small experimental datasets on which models
show high accuracy on test samples, but external validation
of results is often absent [4, 12]. Consequently, the ques-
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tion of model generalization and scalability in real produc-
tion conditions remains relevant. Thirdly, the degree of in-
tegration of such models into online monitoring systems
remains insufficient to ensure automatic adjustment of pa-
rameters or early detection of deviations.

In this context, the scientific novelty and aim of this
study are as follows. First, the work is aimed at modeling
not only the mean roughness value R, but also its variabil-
ity Sra, Which allows for filling one of the key gaps in mod-
ern research. Second, the choice of the Random Forest en-
semble method is justified, providing the necessary bal-
ance between prediction accuracy and model interpretabil-
ity, allowing for an assessment of the contribution of each
factor to the formation of both mean and variable rough-
ness indicators. The clarity of the model structure is a crit-
ical requirement for engineering practice [3, 4]. Third, con-
ducting external validation on an independent dataset in-
creases the reliability of the obtained results and confirms
the robustness of the proposed approach across a wider
range of conditions, which distinguishes this work from
many previous studies. Finally, the formulated practical
recommendations facilitate the transition from theoretical
modeling to the optimization of technological processes in
real production [13].

Thus, the analysis of the current state of the problem
confirms both the relevance and feasibility of the chosen
research direction: comprehensive modeling of mean and
variable roughness characteristics using ensemble machine
learning methods and ensuring external validation allows
for expanding existing methodological approaches and cre-
ating a foundation for developing reliable prediction sys-
tems for turning quality.

Aim of the Study

The aim of this work is to develop and validate a pre-
dictive modeling methodology that ensures the simultane-
ous forecasting of two key characteristics of the turning
process for 42CrMos+QT steel:

- mean surface roughness (R,);

- process stability, defined by the standard deviation
of roughness (Sra).

To achieve this aim, the following objectives must be
met:

- form a representative experimental dataset;

- construct two models: an empirical power law for-
mula (linear regression) and a Random Forest model;

- perform a comparative accuracy assessment using
R? and MAE metrics;

- conduct an engineering interpretation of the influ-
ence of cutting factors on the target variables;

- validate the approach on an independent dataset;

- formulate recommendations for optimizing cutting
parameters.

Material and Research Methodology

The study utilizes the open experimental dataset
MaRoReS [14] for the turning of 42CrMo4+QT steel. The
dataset contains the results of 68 independent experiments,
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each accompanied by three parallel measurements of the
roughness parameter R,. The input data includes the main
technological parameters of the turning process: v — cutting
speed in the range of 76—200 m/min, f — feed rate (0.05-
0.25 mm/rev), d — depth of cut (0.05-0.25 mm), and r —
tool nose radius (0.4 or 0.8 mm). This structure ensures a
representative factor space sufficient for building models
to predict surface quality indicators and assess process sta-
bility based on machine learning methods.

Data preprocessing involved calculating integral
characteristics for each experiment. The arithmetic mean
of the roughness was defined as R, and the standard devi-
ation between the three measurements was defined as Sga,
which was interpreted as a quantitative assessment of pro-
cess stability (variability). Table 1 demonstrates the struc-
ture of the dataset using the first five rows as an example.

Table 1 - First 5 rows of the dataset

Ne r d S f R, Sra

0 | 04 | 0.05 | 138 | 0.15 | 0.857667 | 0.004726
1 04 | 0.05 | 138 | 0.15 | 1.078333 | 0.023629
2 04 | 010 | 107 | 0.10 | 0.408667 | 0.014012
3 04 | 0.10 | 107 | 0.10 | 0.558000 | 0.007810
4 | 04 | 010 | 107 | 0.20 | 1.133333 | 0.034819
5 |04 | 010 | 107 | 0.20 | 1.185000 | 0.011358

In the first stage of modeling, an empirical power
model was built based on multiple linear regression in log-
arithms. This approach yielded a formula of the form:

R,=C-1%-dP-v°-f2, (1)
which reproduces the traditional form of the dependence of
roughness on cutting parameters.

For comparison, a Random Forest Regressor model
was also built with hyperparameter tuning using the
GridSearchCV method. The data was split into training and
test sets in a 75/25 ratio. An analysis of the importance of
input parameters on the target roughness variable was also
conducted.

Subsequent analysis focused on modeling process
stability, represented by the Sga value. For this purpose, a
Random Forest model was also applied, trained on the
same four technological factors. The influence of critical
cutting parameters on process stability and a comparison of
stability for tools with different nose radii were also inves-
tigated.

The final stage was the external validation of the
models on an independent dataset [15], which contains 20
experimental data points regarding the dependence of sur-
face roughness on cutting regimes.

Research Results

Based on the power model (1), the following empiri-
cal formula was obtained to determine the mean roughness
value:

R. = 24.824 - T'_0'456 . d—0.1811 . 17_0'5643 ,f0.7435 (2)
a . .
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Despite its simplicity and convenience, formula (2)
demonstrated a somewhat limited capability in predicting
the mean roughness value R,. On the test sample, the co-
efficient of determination was only R?=0.53, indicating
that the model explains only 53% of the data variability.
The Mean Absolute Error (MAE) was 0.13pum. These re-
sults suggest a significant discrepancy between the linear
model and the actual nature of parameter dependencies in
cutting processes, as well as an inability to adequately re-
produce interactions between them. This is consistent with
the fact that the roughness formation process has a pro-
nounced non-linear character, limiting the effectiveness of
traditional regression formulas.

The application of the Random Forest model allowed
for a slight improvement in prediction accuracy. On the test
dataset, R2=0.59 and MAE =0.127um were obtained.
Figure 1 compares the predictions of both models with the
actual experimental values on the test sample.

Comparison of models on the test sample
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Figure 1. Comparison of predictions of the two models, R,

It can be seen that the points predicted by Random
Forest cluster somewhat more tightly around the ideal pre-
diction line (dashed line) than the points of the empirical
formula.

Additionally, the importance of input parameters for
the Random Forest model was analyzed (Fig. 2). The ob-
tained values confirm the dominant influence of the feed
rate f, which contributes the most to roughness variation.
The tool nose radius r was the second most important fac-
tor, while the influence of the depth of cut d was the least
significant. The cutting speed v manifested itself as a factor
of medium significance.
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Figure 2. Feature importance for predicting R,

Process stability modeling, represented by the stand-
ard deviation of the roughness parameter Sga, was con-
ducted separately. The results proved to be significantly
less accurate compared to R, prediction: for the Random
Forest model, R?=0.139 and MAE=0.0059um were ob-
tained. The empirical formula showed a negative value, in-
dicating an inability to predict the data. The low value of
the coefficient of determination is expected, as the varia-
bility of the Sra indicator is largely formed by stochastic
factors (micro-vibrations, local microstructural differ-
ences, the initial state of the cutting edge, etc.) which are
not represented in the dataset as input variables. The nature
of the influence of the feed rate f on process stability is
shown in Fig. 3.
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Figure 3. Influence of feed rate on Sra

An increase in Sg, is observed with increasing feed,
which corresponds to the complication of chip formation
conditions and increased fluctuations in the load on the
tool. The influence of cutting speed is shown in Fig. 4.

Here, an opposite trend is observed: stability deterio-
rates at low speeds, while increasing the cutting speed leads
to a decrease in variability, corresponding to a more stable
chip formation regime.

The influence of the tool nose radius on process sta-
bility is worth considering separately (Fig. 5).
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Figure 4. Influence of cutting speed on Sra

Comparative analysis of the influence of tool radius on stability

Figure 5. Comparison of Sra forr =0.4 mmand r=0.8 mm

The tool with a radius r = 0.8 mm showed signifi-
cantly lower variability values than the tool with
r =0.4 mm, which can be explained by better load distri-
bution and a reduction in local stress in the cutting zone. In
particular, for certain combinations of regimes, a reduction
in expected instability of more than 16 % is observed.

An important stage of the study was external valida-
tion on an independent set [15], which allowed for evalu-
ating the generalizability of the constructed models. A
comparison of the three approaches showed significant dif-
ferences: the formula from [15] demonstrated a negative
result (R?=— 0.675), meaning it was unable to predicted
the data. The modified power model obtained in this study
showed a significantly more modest but non-zero con-
sistency (R%?= 0.051). The best result was provided by the
Random Forest model with R? = 0.525, indicating its abil-
ity to transfer to other datasets without overfitting. A visual
comparison of the three models relative to the ideal predic-
tion is shown in Fig. 6.

As can be seen from Fig. 6, the points of the Random
Forest model are located closest to the ideal prediction line,
while the points of both empirical formulas are scattered
across almost the entire range, indicating a complete inad-
equacy of prediction.
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Validation of the approach on data from the article Doniavi et al., 2007 [15]
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Figure 6. Comparison of predictions of three models on the ex-
ternal dataset [15]

Discussion

The obtained results confirm that classical power re-
gression models, although providing a basic level of fore-
casting, are insufficiently flexible to describe the complex
interrelationships between cutting process parameters. Ma-
chine learning models, particularly Random Forest,
demonstrated a significantly higher capacity for generali-
zation, especially under conditions of heterogeneous or
noisy experimental data.

An important practical implication is the possibility
of transitioning to multi-objective optimization, which
simultaneously considers:

- low surface roughness;

- process stability and repeatability;

- productivity (via the possibility of increasing the
depth of cut).

Stability analysis allowed for the identification of
specific risk zones that are usually not revealed in works
focusing solely on R,.

Conclusions

A methodology for predictive modeling of turning
based on machine learning, which simultaneously forecasts
process quality and stability, has been developed and vali-
dated.

The Random Forest algorithm provided significantly
higher accuracy compared to classical regression.

It was established that the feed rate and tool nose ge-
ometry are the most influential factors on R,.

The first process stability model for Sga was built, al-
lowing for the assessment of result repeatability.

Critical zones of instability were identified: low cut-
ting speeds and extreme feed values.

A tool with a cutting edge radius of r = 0.8 mm en-
sures a tangible reduction in process variability (up to 16%)
relative to tools with r = 0.4 mm.

Validation on an independent dataset confirmed the
robustness of the machine learning approach.
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CMUYHUX ACNEeKMi8 npoyecy, MaKux 5K 1o2o eapiabenbHicmb npoyecy moxkapHoi 0opooKu.

Ilpakmuuna yinnicms. Po3pobiena memoouxa € iHcmpymeHmom Ona 6a2amoyinbo8oi onmumizayii pesxcumis
pizanna. Cghopmynvosaro pexomenoayii 0 niosuuerHa HaditiHocmi npoyecy: 30i1bueHH eIUOUHY PI3AHHA 015 Ni08U-
WeHHA NPOOYKMUBHOCHI, YHUKHEHHS HUZbKOWBUOKICHUX pexcumie (V < 95 m/xe) ma euxopucmauus iHcmpymenmy 3

paodiycom r=0.8 mm, Wo 3HUNCYE MAKCUMATLHY OHIKYBAHY éapiabenbHicmy npoyecy Oinvut g Ha 16%.
Kntouogi cnosa: mawunne naguanns, areopumm Random Forest, wopcmxicms nosepxui, cmabinvuicms npoyecy,

onmumizayis, mokapua ob6pooKa, bazamoyinbo8uii AHaLi3.
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