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ANALYSIS OF THE USE OF MACHINE
LEARNING-BASED SURROGATE MODELS IN THE
SELECTION OF OPTIMAL CUTTING CONDITIONS

Introduction. In machining, machine learning (ML) is used to predict surface
quality, cutting forces, tool condition, and the dynamic stability of the process [1-
3]. In the optimization of cutting conditions, such predictive models can be used as
surrogates, replacing repeated experimental or detailed computational evaluation of
candidate conditions [4-6]. Hybrid approaches combine ML with mechanistic
models and experimental, sensor or simulation data [2—4, 7, 8]. The aim of this work
Is to review ML surrogates for predicting machining responses and to analyze their
use in the optimization of cutting conditions.

Data and predicted responses. The composition of the input data in the
studies considered depends on the task at hand. To predict machining responses
under specified conditions, the inputs typically include spindle speed, feed rate,
axial depth of cut, radial width of cut, and tool and material characteristics [3—7]. In
tasks involving process monitoring and condition assessment, sensor signals are
additionally utilized, in particular vibration signals and signals from CNC drives [2,
8]. Based on such data, cutting forces [4, 7, 8], surface roughness and tool wear [1,
3, 5, 6], as well as chatter risk [1, 2, 4], are predicted. Wear prediction is linked to a
specific stage or duration of machining, cutting length or tool life; an alternative
output may be the remaining tool life [1, 3, 5]. In optimization problems, the
predicted machining responses can be used as components of objective functions or
constraints, depending on the formulation of the problem [4-6].
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Use of ML surrogates in the optimization of cutting conditions. In the
studies considered, predictive ML models learn the relationship between input
process parameters and a specific machining response. Once trained, such a model
predicts, for example, cutting forces, surface roughness or wear for a new set of
cutting conditions without the need for separate experiments or detailed calculations
[4-6]. In the optimization problem, it acts as a surrogate: the prediction is used as
an objective, a constraint or an intermediate quantity, depending on the formulation
of the problem [4-6].

In the study [6], an ensemble neural network model for predicting surface
roughness was developed based on experimental data; its base models combined a
genetic algorithm with an artificial neural network, and the hyperparameters were
tuned using the Bayesian optimization method. The trained model was subsequently
used to determine machining conditions that ensure a specified surface roughness
while maximizing the material removal rate (MRR) [6]. In another study, ML
models for predicting average roughness and maximum flank wear were combined
with the NSGA-I1I algorithm to minimize both simultaneously [5]. In [4], Gaussian
process regression (GPR) was used in a sequential Bayesian optimization (BO)
procedure to maximize MRR and minimize production costs subject to process
constraints related to power, torque, process stability, tool strength, tool life and
form error. Thus, the literature presents both optimization problems with pre-
constructed predictive models [5, 6] and sequential procedures in which the
surrogate model is an integral part of the optimization process itself [4].

Hybrid and physics-based models. In the study [7], physical modeling of
cutting forces was combined with machine learning (ML) to predict forces for new
combinations of materials and tools; in another study, a hybrid force prediction
model was used in the optimization of milling conditions [4]. The combination of
ML with a physical model has also been applied to detect chatter [2], a physics-
based approach has been used to estimate cutting forces from CNC servo drive
signals [8], and a thermomechanical model of the process has been employed to
predict tool wear [3]. A review of these studies shows that physical and ML models
can perform complementary functions: the physical component takes into account
the physical relationships governing the cutting process, while the ML component
uses calculated and/or measured data to predict the relevant machining response
under specified machining conditions [2—4, 7, 8].

Limitations on practical implementation. The main challenges are data
quality, signal pre-processing, interpretability and the transferability of models
between different machining conditions [1]. In [3, 5-7], the models have been

63 |



I SCIENTIA e Theoretical and Practical Scientific Achievements: Research and Results of their Implementation

validated for specific materials, tools, and ranges of cutting conditions, while
sensor-based approaches depend on signal characteristics and the dynamics of the
machining system [2, 8]. It is therefore advisable to apply ML surrogates within the
validated domain and to independently verify the selected cutting conditions.

Discussion. A review of studies [3—7] provides grounds for proposing a
framework for selecting optimal cutting conditions, in which ML surrogates predict
machining responses that are used as objectives or constraints in the optimization
problem (Fig. 1). For a given material and tool, the cutting conditions are defined
by the spindle speed n, the feed per tooth fz, the axial depth of cut ap and the radial
width of cut ae. It is proposed to predict the cutting forces, Ra, Rz, flank wear VB,
or the tool life and chatter risk. Power can be determined from the predicted forces
and kinematics or using a separate model, while MRR can be calculated directly
from the cutting conditions and the geometry of the material removal.

In the basic formulation, the aim is to maximize the MRR subject to constraints
on forces, power, surface roughness, wear or tool life, chatter risk, and machine
limits. The studies considered have applied genetic algorithms, multi-objective
optimization methods, and Bayesian optimization procedures [4-6]; differential
evolution, particle swarm optimization, and nonlinear programming methods are
also possible within the proposed framework. A multi-objective extension is only
appropriate where there are several independent objectives. The search should be
restricted to the domain of applicability of the surrogates, and the final set of cutting
conditions should be independently verified.
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Fig. 1. A generalized framework for the use of ML surrogates to select
optimal cutting conditions (developed by the authors based on [3-7])

Conclusions. The review has shown that predictive ML models are used to
estimate cutting forces, surface roughness, tool wear and chatter risk [1-3, 7, 8], and
are combined with genetic algorithms, multi-objective optimization methods, and
Bayesian optimization procedures [4-6]. Based on the approaches considered, a
generalized framework is proposed in which ML surrogates estimate machining
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responses that are used as objectives or constraints when selecting cutting
conditions. The basic formulation proposed is the maximization of MRR subject to
process and machine constraints; multi-objective optimization is intended to be
applied when there are several independent objectives. The practical application of
this approach must take into account the domain of applicability of surrogate models
and the need to verify the resulting cutting conditions.

References:

1.

2.

Survey on machine learning applied to CNC milling processes / M. Pasandidehpoor et al. Advances in
Manufacturing. 2025. Vol. 13. P. 847-885. DOI: 10.1007/s40436-025-00564-X.

On-line chatter detection in milling with hybrid machine learning and physics-based model / M. H. Rahimi,
H. N. Huynh, Y. Altintas. CIRP Journal of Manufacturing Science and Technology. 2021. Vol. 35. P. 25-40. DOI:
10.1016/j.cirpj.2021.05.006.

Tool wear prediction in milling process using physics-informed machine learning and thermo-mechanical force
model with monitoring applications / F. Pashmforoush, A. Ebrahimi Araghizad, E. Budak. Journal of
Manufacturing Systems. 2025. Vol. 82. P. 1192-1212. DOI: 10.1016/j.jmsy.2025.08.014.

Machine learning-based optimization to achieve stable milling conditions with maximum productivity /
F. Pashmforoush et al. The International Journal of Advanced Manufacturing Technology. 2025. Vol. 141. P.
5873-5886. DOI: 10.1007/s00170-025-16798-9.

Multiobjective Optimization of Surface Roughness and Tool Wear in High-Speed Milling of AA6061 by Machine
Learning and NSGA-II / A.-T. Nguyen et al. Advances in Materials Science and Engineering. 2022. Article
5406570. DOI: 10.1155/2022/5406570.

An ensemble neural network for optimising a CNC milling process / P. G. Mongan et al. Journal of Manufacturing
Systems. 2023. Vol. 71. P. 377-389. DOI: 10.1016/j.jmsy.2023.09.012.

Improving milling force predictions: a hybrid approach integrating physics-based simulation and machine learning
for remarkable accuracy across diverse unseen materials and tool types / A. Ebrahimi Araghizad et al. Journal of
Manufacturing Processes. 2024. Vol. 114. P. 92-107. DOI: 10.1016/j.jmapro.2024.02.001.

A physics-guided data driven method for sensorless measurement of cutting forces using CNC servo drive signals
/C.-Y. Tai, Y. Altintas. CIRP Annals. 2026. Vol. 75, No. 1. P. 461-465. DOI: 10.1016/j.cirp.2026.04.015.

65 |



