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Abstract
This study proposes an optimization-based methodology for predicting cutting forces in milling by eliminating the need for
traditional offline calibration procedures. A mechanistic force model is employed, in which cutting force coefficients are
identified using population-based metaheuristic algorithms, namely Genetic Algorithm (GA), Differential Evolution (DE),
and Particle Swarm Optimization (PSO). Cutting force data collected during machining are utilized to optimize the model
parameters directly. The performance of each algorithm is systematically evaluated through 30 independent trials to ensure
statistical reliability. The DE algorithm demonstrated the best performance, converging in all 30 runs with an average of 197
iterations and 5.4 s, followed by PSO (363 iterations, 9.8 s), while GA exhibited lower reliability (18 successful runs, 2108
iterations, 62.9 s). The optimized coefficients were validated against experimental data, yielding mean prediction errors of
2.82 N (Fx) and 4.35 N (Fy). The proposed method offers a fast, accurate, and scalable solution for cutting force prediction,
supporting adaptive process control, and contributing to the development of intelligent manufacturing systems.
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Introduction
Machining is one of the fundamental manufacturing methods
due to its capability to produce complex geometries with high
precision across a wide range of materials.1 Among these meth-
ods, milling is particularly critical in the aerospace, automotive,
and medical sectors.2 Advances in computer numerical control
(CNC)machines and cutting tool technologies have enabled pre-
cise and repeatable manufacturing; however, the effective util-
ization of these technologies under appropriate operating
conditions plays a crucial role in enhancing energy efficiency,
product quality, and environmental sustainability.3–7 Therefore,
researchers have employed advanced techniques such as regres-
sion analysis, multi-objective optimization methods, artificial
neural networks (ANN), and intelligent optimization algorithms
to optimize cutting conditions.8–12 For instance, Palanisamy
et al.13 performed a genetic algorithm (GA)–based multi-
objective optimization in milling operations by considering mul-
tiple performance criteria such as cutting force, surface rough-
ness, tool life, and vibration amplitude. The optimal cutting
parameters obtained through GA — cutting speed of 38.71 m/
min, feed rate of 0.30 mm/tooth, and depth of cut of 0.92 mm
—were experimentally validated. Themodel predicted a surface
roughness of 0.71 μm and cutting forces of Fx=283.62 N and
Fy=457.96 N. Experimental results showed a surface rough-
ness of 2.6 μm and cutting forces of Fx=290 N and Fy=465
N. Although some deviations were observed in surface rough-
ness, the model accurately predicted cutting forces. In a similar
study, Wu et al.14 developed a multi-objective optimization

approach by integrating deep learning, GA, and TOPSIS meth-
ods. This approach modeled the nonlinear relationships among
energy consumption, surface quality, and material removal
rate and identified optimal cutting parameters through Pareto
optimization. The method was validated by milling experiments
and improved surface quality while reducing energy consump-
tion by 15%. In another study, Radhakrishnan and Nandan15

employed a combination of artificial neural networks (ANN)
and multiple regression analysis to model the relationship
between cutting force and process parameters such as cutting
speed, feed rate, and depth of cut. Initially, outliers were filtered
through regression analysis, and the resulting refined dataset was
used to train the ANN model. The developed empirical model
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could predict cutting forces with an R² accuracy of 95.3%, enab-
ling effective optimization of machining parameters. However,
although methods such as regression and ANN16,17 have pro-
duced successful results for optimizing cutting conditions, these
approaches often require large amounts of experimental data and
offline calibration experiments.When coupled with the necessity
to generate separate datasets for each specific tool–material com-
bination, this leads to significant limitations in terms of time and
cost for industrial applications. The preparation of experimental
data imposes considerable economic burdens depending on the
tools and workpiece materials used, thereby restricting the broad
practical applicability of these methods. As an alternative to this
problem, Wang et al.18 developed a transfer learning-based
approach by combining simulation data obtained through
Third Wave AdvantEdge software with a limited amount of
experimental data. The model, developed using an ANN archi-
tecture with four hidden layers, predicted cutting forces with an
error rate of 11.15%, even under low-data conditions. However,
the authors emphasized that increasing the amount of experi-
mental data adversely affected model performance. This finding
indicates that simulation-based approaches cannot eliminate the
need for experimental data and remain sensitive to data imbal-
ance issues. Therefore, there remains a need to develop models
with high generalization capability, reduced data requirements,
and adaptability to various tool–material combinations for prac-
tical industrial applications.19–21 Li et al.22 developed a force pre-
diction model by processing spindle current signals using deep
learning algorithms, aiming to overcome the limitations of using
expensive measurement systems and provide a feasible solution.
Their study achieved successful predictions with error rates
below 4% for forces in the feed direction and below 10% for
forces perpendicular to the feed direction. However, the large
number of experiments required to train the deep learning algo-
rithm posed a significant limitation for practical applications of
the method.

In this context, the exploration of hybrid approaches has
become inevitable in order to overcome the data-dependent
limitations of conventional methods and to develop reliable
cutting force prediction models with high applicability in
industrial settings. Such hybrid methods, which integrate ana-
lytical models with artificial intelligence and heuristic opti-
mization techniques, not only address significant gaps in the
literature but also contribute directly to the development of
efficient solutions that operate with limited data, possess
strong generalization capabilities, and can be integrated into
online control systems.23 To minimize the number of experi-
ments or to achieve rapid and reliable solutions, it is essential
to have a thorough understanding of cutting mechanics and to
ensure that the developed models are grounded on solid phys-
ical and mechanical principles. Research on reliably modeling
cutting forces has historically been built upon a well-
established foundation.24 One of the pioneering studies in
this field was conducted by Martellotti in 1941,25 followed
by a more systematic modeling approach based on physical
and mechanical principles introduced by Merchant in
1945.26 Merchant developed a fundamental force model,
expressed by equation (1), by relating the cutting forces gen-
erated during the material removal process to the process para-
meters such as chip thickness (h) and chip width (b):

F = Kt.h.b (1)

Here, Kt represents the specific cutting force coefficient
(SFC). This model provided a linear and simplified description
of the material removal process. In 1951, Lee and Shaffer27

extended the model by incorporating plastic deformation the-
ory to account for the physical deformation effects in the shear
zone. Subsequently, Oxley (1989)28 further expanded the
scope of the linear model by introducing a mechanistic
approach that considered thermal effects and the properties
of the workpiece material. In 1991, Altintaş and Budak29–31

extended the linear cutting force model to milling operations
using a mechanistic approach. In their study, cutting forces
were defined in terms of tangential (Ft), radial (Fr), and axial
(Fa) components and were correlated with the process para-
meters. The force components in milling operations were
modeled as presented in equation (2):

Ft = Kt.h.b+ Kte.b
Fr = Kr.h.b+ Kre.b
Fa = Ka.h.b+ Kae.b

⎫⎬
⎭ (2)

Here, Kt, Kr, and Ka represent the tangential, radial, and
axial cutting force coefficients, respectively, while Kte, Kre,
and Kae denote the edge cutting force coefficients. This model
accurately related cutting forces to chip geometry and process
parameters, enabling the prediction of stability lobes during
milling operations. The work of Altintaş and Budak laid the
foundation for modern linear cutting force models and marked
a significant milestone in the analytical investigation of
machining processes.

In the mechanistic approach, which is widely used for
modeling cutting forces, the accuracy of force predictions
depends on the precise determination of specific cutting force
coefficients (SFCs). Budak32 emphasizes that edge-cutting
force coefficients are critical in accurately estimating the total
cutting force, particularly at low chip thicknesses. However,
in the mechanistic approach, cutting force coefficients are
determined experimentally in offline conditions, which
requires conducting separate experiments for each cutting
tool geometry and process conditions.33 The methodology
for calculating SFCs within the mechanistic modeling frame-
work is described in detail in the work of Altintaş.21 A sig-
nificant limitation of this approach lies in the necessity of
performing a series of calibration experiments to determine
SFCs for every new tool–material pair, which must be con-
ducted offline.33–35 Farhadmanesh and Ahmadi36 proposed
three different methods based on recursive least squares
(RLS), Kalman filter (KF), and extended Kalman filter
(EKF) to overcome the challenges in calculating SFCs and
to enable their online estimation. Their study, where these
methods were compared numerically and experimentally,
emphasized that SFCs serve as a more sensitive indicator
than force signals, particularly for monitoring tool wear.
Similarly, Rosnan et al.37 presented an FFT-based method
for estimating SFCs, requiring fewer cutting tests than exist-
ing methods. Although the model demonstrated high accur-
acy and good fit in their study, the need for experimental
data remains a limitation.

In this context, most studies in the literature have focused
either on online estimation methods or on model calibration
through uncertainty analysis; however, they have not proposed
a systematic optimization approach capable of determining
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globally optimal values for SFCs in the highly multivariate and
complex nature of milling operations. Moreover, the need for
extensive offline experimental data collection to determine
SFCs persists in existing studies, posing significant limitations
regarding time and resource consumption. In the present study,
while preserving the mathematical form of the conventional
model, the parameter identification process is addressed as a
multi-objective and multi-parameter optimization problem.
To solve this problem, swarm intelligence-based algorithms
such as Genetic Algorithm (GA),38 Particle Swarm
Optimization (PSO),39 and Differential Evolution (DE)40 are
employed. The primary aim of this study is to demonstrate
the applicability of optimization algorithms for solving the pro-
posed problem. Accordingly, the development of new or hybrid
algorithms specifically tailored for this problem is beyond the
scope of this work. Instead, well-established reference algo-
rithms such as GA, PSO, and DE are utilized, as they have pro-
ven to be effective in exploring complex, high-dimensional,
and nonlinear search spaces while maintaining a balanced
trade-off between exploration and exploitation. This selection
supports the optimization-based solution strategy adopted in
the study. The proposed approach provides cutting force pre-
diction and achieves global model improvement, thereby
enhancing model accuracy. Furthermore, this approach elimi-
nates the offline experimental determination of SFCs, allowing
these coefficients to be calculated directly during machining. In
this respect, the study provides a reference for future research
focused on cutting force prediction, enabling more precise
and autonomous tool condition monitoring and process control.
Unlike many prior works that employ these algorithms in iso-
lation or rely on offline calibration procedures, this study inte-
grates GA, PSO, and DE into an in-process optimization
framework that dynamically updates cutting force coefficients
based on real-time machining data. This unique implementa-
tion significantly enhances the method’s efficiency and elimi-
nates the need for time-consuming offline calibration
experiments. Furthermore, the proposed methodology is scal-
able for a range of practical scenarios, including different

tool–material combinations, cutting tool geometries, and
machining parameter settings. While certain limitations remain
in terms of real-time deployment, the framework holds strong
potential for various practical applications during machining,
including tool wear monitoring, prediction of surface roughness
and integrity, and identification of stable machining conditions.

Materials and methods

Mechanistic force modeling in helical milling
This study utilized a mechanistic modeling approach to predict
the cutting forces generated during helical end milling opera-
tions. The mechanistic model assumes a linear relationship
between the cutting forces and the chip volume. Initially, the
cutting tool is segmented into differential disk elements along
its axial direction. The forces acting on each disk element are
mathematically expressed using the following equations21:

dFt = Ktchdz+ Ktedz
dFr = Krchdz+ Kredz
dFa = Kachdz+ Kaedz

⎫⎬
⎭ (3)

In these equations, dFt, dFr and dFa represent the tangen-
tial, radial, and axial differential cutting forces, respectively.
The coefficients Ktc, Krc, and Kac and Kte, Kre, and Kae denote
the specific cutting and edge coefficients, while h and dz indi-
cate the instantaneous chip thickness and axial element thick-
ness, respectively. This incremental computational method
allows for detailed modeling of force distribution within the
cutting zone, which is crucial for accurately characterizing
instantaneous force variations across different axial positions
and tool engagement angles.

Geometric considerations and lag angle formulation
A schematic representation of the process is provided in
Figure 1 to enhance understanding of the analytical procedure

Figure 1. Schematized nomenclature for the analytical model. (a) Illustration of the cutting tool and workpiece interaction. (b)
Cross-sectional view representing the engagement between the cutting tool and workpiece at a differential disk element corresponding to
the axial depth of cut.
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for calculating cutting forces described in the steps above. The
geometry of the cutting tool significantly influences the distri-
bution and magnitude of cutting forces. In this study, an end
mill with diameter D, helix angle β, and a zero tip radius
was considered. A key geometric parameter in helical milling
is the lag angle (ψ), which arises due to the helical inclination
of the cutting edges. When the helix angle β is greater than
zero, points along the cutting-edge exhibit axial and circumfer-
ential positional differences, resulting in varying chip thick-
nesses (dz).

A coordinate system, used to represent the directions of
the cutting forces, is established based on the center of the
tool’s flat-end face. In this system, the x and y axes lie in
the surface plane, while the z axis is oriented upward along
the tool axis.

The angular positioning of the cutting edges is governed
by the step angle ϕZ , determined as follows:

ϕZ = 2π

Z
(4)

where Z represents the number of cutting edges. The pos-
itional angle of the ith cutting edge at the jth disk element
and kth axial depth, ϕ(i, j, k) is expressed as follows:

ϕ(i, j, k) = ϕ+
∑i−1

n=0

ϕZ − ψ( j, k) (5)

The lag angle ψ( j, k) is calculated as follows:

ψ ( j, k) = 2tanβ

D

∑j

n=0

Δz(k) (6)

Given these formulations, the instantaneous chip thick-
ness h(i,j)(ϕ, k) along the cutting edge varies periodically
due to changes in rotational angle and feed rate, and is com-
puted as follows:

h(i,j)(ϕ, k) = fzsinϕi,j(k) (7)

Cutting force component calculation
Differential forces acting on the infinitesimal cutting edges of
thickness dz are first computed individually and then
summed to find the total cutting forces. Tangential (dFt)
and radial (dFr) force components are transformed into
Cartesian coordinates using trigonometric relationships
according to the defined coordinate system as follows:

dFx(i,j)(ϕ, k) = −dFt(i,j)(ϕ, k)cosϕj(k)− dFr(i,j)(ϕ, k)sinϕj(k)
dFy(i,j)(ϕ, k) = dFt(i,j)(ϕ, k)sinϕj(k)− dFr(i,j)(ϕ, k)cosϕj(k)

}

(8)

Integrating these differential force components along the
axial cutting depth, the instantaneous total cutting forces act-
ing on the milling tool can be obtained as follows:

Fxi,j(ϕ, k) = fz
4zβ

(−Ktccos2ϕj(k)+ Krc[2ϕj(k)− sin2ϕj(k)])+
1

zβ
(Ktesinϕj(k)− Krecosϕj(k))

[ ]k j,2(ϕj(k))

k j,1(ϕj(k))

(9)

Fyi,j(ϕ, k) = −fz
4zβ

(Ktc[2ϕj(k)− sin2ϕj(k)]+ Krccos2ϕj(k))+
1

zβ
(Ktecosϕj(k)+ Kresinϕj(k))

[ ]k j,2(ϕj(k))

k j,1(ϕj(k))

(10)

In Equations (8) and (9), the cutting forces are calculated in
a discrete manner based on the instantaneous angular position
of each cutting edge. The cutting tool is divided into disk ele-
ments with differential thickness along the axial depth of cut.
For each of these disk elements ( jth), the effects of the ith cut-
ting edges that are engaged in the cutting zone at angular pos-
ition ϕj are individually computed using a numerical

approach. In this way, the total cutting force is obtained by
summing the contributions of all cutting edges engaged in
the cutting zone along the axial depth of cut at the given angu-
lar position ϕj.

Where zβ = 2tanβ
D , ϕj = ϕ+ ϕZ represents the angular

positioning of each cutting edge. k j,1(ϕj(k)) and k j,2(ϕj(k)
are the lower and upper intersection boundaries of the cut-
ting portion of the ith cutting edge on the jth disk element.
This systematic formulation enables precise calculation
and modeling of instantaneous cutting forces during milling
operations.

Optimization algorithms and model formulation
Various mechanistic models have been developed based on
fundamental physical principles to predict cutting forces in
milling operations. The primary distinction among these mod-
els lies in the methodology employed for identifying the cutting
force coefficients, which are critical for accurately characteriz-
ing the material removal process. Conventional approaches typ-
ically rely on empirical formulations derived from extensive
experimental trials and linear regression-based parameter esti-
mation. While these traditional methods can provide reliable
results, they are associated with significant experimental costs,
require time-intensive data collection, and are constrained by
the inherent assumptions of linearity.

To address these challenges, this study employs
population-based metaheuristic optimization algorithms,
including GA, PSO, and DE. These algorithms optimize
the cutting coefficients by minimizing the deviation between
analytically predicted forces and in-process force
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measurements. This approach eliminates the need for mul-
tiple offline experiments typically required by conventional
calibration methods that rely on average cutting force data,
offering a more practical computational framework. In add-
ition, it allows for tracking the variations of cutting coeffi-
cients throughout the machining process.

The operational steps of the proposed methodology are
illustrated schematically in Figure 2.

As shown in Figure 2, the optimization methodology
involves three main steps:

• Data acquisition: Collection of experimental mea-
surements for cutting force components Fx and Fy.

• Model optimization: Utilization of these experimen-
tal measurements to optimize an objective function
derived from the analytical cutting force model.

• Prediction Model Formulation: Construction of a
predictive mathematical model using optimized cut-
ting coefficients.

Metaheuristic optimization formulation. In applying metaheur-
istic algorithms, the optimization problem is rigorously

defined as the minimization of the squared error between
the measured and predicted cutting force components. This
objective function can be expressed as follows:

F(x,y)θ = f(x,y)θ (Ktc, Krc, Kte, Kre) (11)

where the function f(x,y)θ describes the analytical relationship
between the process parameters and the cutting force coeffi-
cients. The operational logic of the optimization framework
is detailed in the pseudo-code in Table 1, which demonstrates
the calculation of predicted forces for a given set of coeffi-
cients and the computation of the objective error function.
During the optimization, the cutting coefficients are itera-
tively updated as candidate solutions within the defined
search space, guided by the respective metaheuristic algo-
rithm. The coefficients yielding the minimum error represent
the optimal solution, thus allowing precise force estimation
without the need for extensive offline calibration.

To clarify, the squared error minimized in the objective
function represents the local discrepancy between the mea-
sured and predicted pointwise cutting forces over angular
segments, and it is expressed in a non-dimensional form
due to normalization and alignment procedures. As presented
in Table 3, these values reflect the fitness criteria utilized by

Figure 2. Flow diagram of the method.
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the optimization algorithms during the convergence process.
However, in order to evaluate the real-world predictive per-
formance of the model, a separate error analysis is performed
on the full dataset using the cutting coefficients obtained
from the optimization. In this analysis, the mean absolute dif-
ference between the measured and predicted forces is com-
puted in Newtons (N) to assess the model’s accuracy.

Implementation details of the proposed approach. Traditional
methods for determining cutting force coefficients involve
a series of machining trials at various feed rates, followed
by the application of linear regression to the resulting
data.41 The slope and intercept of the resulting linear equa-
tion provide estimates for the cutting force and edge force
coefficients, respectively.21 Although robust, these methods
are time-consuming, resource-intensive, and may not be
practical for real-time or adaptive manufacturing
environments.

In contrast, the methodology introduced in this study
enables direct, in-process optimization of cutting coefficients
using force data acquired during actual machining. After col-
lecting the force measurements, the data is segmented into
fixed-length windows (typically corresponding to a complete
revolution of the cutting tool) to ensure temporal resolution
and computational efficiency (Figure 3). Each data window
is then fed to the selected metaheuristic optimization algo-
rithm (GA, DE, or PSO), which generates candidate solu-
tions equal to the defined population size (40 in this study).

The unknown entry angle of the force signals within each
window introduces a phase shift between the measured and

theoretical forces. This phase shift is calculated by multiply-
ing the angular shift, obtained through cross-correlation, by
the sampling step size. Angular alignment is achieved using
the computed phase shift, and the objective function con-
verges, based on the squared error at the closest force point,
to optimize the cutting coefficients.

SE = (Fmeasured − Fcalculated)
2 (12)

The optimization process continues iteratively, with can-
didate solutions evolving through reproduction, mutation,
or positional updates, depending on the algorithm. The
search proceeds until a solution yielding an error below the
predefined threshold is found, resulting in the optimal set
of cutting force coefficients.

This continuous and adaptive identification process
enables the cutting force model to be updated dynamically
throughout the machining operation, eliminating the need
for separate offline calibration experiments. As a result, the
proposed approach offers a practical, efficient, and scalable
solution for real-world machining applications, supporting
the development of intelligent and autonomous manufactur-
ing systems.

Experimental setup and parameters
Milling experiments were conducted to validate and test the
proposed cutting force prediction models and optimization
algorithms. The cutting tool selected for the experiments
was a 4-flute Tungsten Carbide (WC) end mill with an
8 mm diameter, a 35-degree helix angle, and an AlCrN phys-
ical vapor deposition (PVD) coating. The workpiece material
used was Ti6Al4 V alloy, a widely used aerospace-grade
titanium alloy noted for its machinability challenges.

Milling experiments were conducted on a Haas VF 2 SS
five-axis computer numerical control (CNC) machine.
Cutting forces were recorded using a Kistler Type 9123C
rotary dynamometer. The milling and measurement setup is
illustrated in Figure 4.

In the milling experiments, the cutting parameters were
set as follows: cutting speed (V) of 100 m/min, feed per tooth
(fz) of 0.1 mm/tooth, radial depth of cut (ae) at 50% of the
tool diameter, and axial depth of cut (ap) of 4 mm. Cutting
force measurements were conducted using a dynamometer
operating at a 10 kHz sampling rate. The experimental con-
ditions were deliberately held constant to focus explicitly
on evaluating and optimizing the cutting force coefficients,
thereby ensuring reproducibility and clarity of the analysis.
However, this constraint constitutes a limitation concerning
the generalizability of the obtained results.

The optimization algorithms (GA, DE, PSO) were exe-
cuted independently for 30 repetitions under standardized
conditions to ensure statistically significant results. The
details regarding algorithm-specific parameters, such as
population size, iteration numbers, and boundary conditions,
are listed comprehensively in Table 2. The selection of these
parameters was guided by both a preliminary sensitivity ana-
lysis and relevant literature. The primary goal of metaheuris-
tic algorithms is to provide effective alternatives for solving
complex real-world optimization problems. Such algorithms
are generally characterized by three key features: (a) the

Table 1. PSEUDO code representation of the object-oriented
cutting force simulation model for optimization algorithms.

Optimization Problem
1 Initialize:
2 Parameters: bounds, cutting field, ap, dz, β, D, fz, Vc, Z,

Ktc, Kte, Krc, Kre

3 Computed Values: ϕZ ← 2π
Z

4 Function cutting force (angle, solutions):
5 Fx, Fy ← 0 (Initialize forces)
6 Start loop for each tooth: LOOP i ← 0 TO Z-1
7 Calculate the angular position of the tooth: Φ ← angle +

ϕZ x i
8 Ktc, Kte, Krc, Kre ← solutions
9 Star loop for each axial-depth: LOOP k ← 0 TO ap:

(from 0 to `ap` with step size `dz`)
10 Calculate the lag angle: ψ← (Φ - ((2× tan(β)) ÷ D)× k)

MOD (2 ×π)
11 If the lag angle is within the cutting region: IF ψ in

cutting field
12 Calculate the chip thickness: h ← fz× sin(ψ)
13 Integrate tangential and radial forces:
14 Ft ← dz× (Ktc × h+Kte)
15 Fr ← dz× (Krc × h+Kre)
16 Calculate Cartesian force components:
17 Fx ← Fx+ (-Ft× cos(ψ)) - Fr× sin(ψ)
18 Fy ← Fy+ Ft× sin(ψ) - Fr× cos(ψ)
19 Return the total X and Y forces: RETURN Fx, Fy
20 Function objective function (angle, measured, solutions):
21 forces ← cutting force(angle, solutions)
22 error ← error(forces, measured)
23 RETURN error
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balance between exploration (global search) and exploitation
(local search), (b) adaptation and diversity, and (c) the use of
critical control operators.42 Achieving a well-balanced
exploration–exploitation trade-off is inherently challenging
and depends not only on the algorithm’s structure but also
on the nature of the optimization problem.
Belmont-Moreno43 reported that typical values for mutation
rates generally fall between 0.01 and 0.1, while population
size should be chosen based on evaluation depth: smaller
populations (10–30) are more suitable for quick evaluations,
whereas larger populations (100+) are recommended for
extensive optimization. However, he also noted that the com-
monly suggested population size of 100 might be unneces-
sarily large in many cases. Similarly, Dhal et al.44

emphasized that the optimal values of these parameters
should be tailored to both the algorithm and the problem
type. Their study indicated that population size in PSO, in
particular, has an unpredictable effect on performance, and
that a population range between 10 and 40 is generally
more suitable—larger sizes tended to reduce performance.
In the present study, a range of parameter configurations
was evaluated during the initial testing phase to assess their
impact on convergence speed and solution accuracy. A popu-
lation size of 40 and a maximum iteration limit of 3000 were
found to provide a practical balance between computational
cost and optimization performance. While it is acknowledged
that further tuning of these parameters, potentially via auto-
mated methods or hybrid strategies, could improve conver-
gence speed, such parameter optimization is considered
beyond the scope of the current study and may constitute a
standalone research effort.

The performance of metaheuristic algorithms is known to
be sensitive to their parameter settings. Thus, a preliminary
sensitivity analysis was conducted to identify suitable param-
eter values ensuring optimal convergence performance for
each algorithm. The key findings from this analysis can be
summarized as follows:

• Genetic Algorithm (GA): GA demonstrated con-
sistent convergence behavior when the crossover
probability (Pc) was set at or above 0.8, and the
mutation probability (Pm) was maintained below
0.1. This balance prevented premature convergence
and promoted a thorough search of the solution
space.

• Differential Evolution (DE): DE algorithm perform-
ance was optimal with a mutation factor (F) of 0.8 and
crossover probability (CR) of 0.7. Deviating from
these settings, especially higher values of F, led to

unstable divergence, while lower values caused early
convergence and suboptimal exploration.

• Particle Swarm Optimization (PSO): PSO showed
superior stability and convergence robustness when
inertia weight was linearly reduced throughout itera-
tions, and cognitive (c1) and social (c2) parameters
were equally balanced at a value of 2.0.

These findings suggest that tuning algorithm parameters
has a significant impact on both convergence speed and solu-
tion quality. Default parameters were selected based on these
observations and confirmed through repeated trials.

Results and discussion
This study proposes an optimization-based approach for pre-
dicting cutting forces in the milling process, eliminating the
need for conventional offline calibration procedures.
Utilizing a mechanistic force model, the cutting force coeffi-
cients are optimized through metaheuristic algorithms,
including GA, DE, and PSO. The performance of each algo-
rithmwas assessed through 30 independent runs. The optimized
cutting force coefficients were validated against experimental
force measurements, demonstrating the high predictive accur-
acy of the developed model. The results indicate that the pro-
posed method offers significant advantages in implementation
simplicity, time efficiency, and cost-effectiveness.

Evaluation based on tolerance criterion and fixed
iteration criterion
The performance of optimization algorithms is typically
evaluated based on specific criteria such as convergence
speed, solution accuracy, computational cost, and the algo-
rithm’s adaptability to the problem. Effective optimization
algorithms should consistently deliver accurate solutions rap-
idly and with minimal computational resources, even when
handling complex or high-dimensional problems.45,46

In this study, the performance of the algorithms was evalu-
ated based on twomain criteria. The first criterion examines the
algorithm’s capability to achieve a cost function value equal to
or below the given tolerance level (cost≤ 0.001). This criterion
reflects the algorithm’s efficiency and reliability in reaching an
acceptable solution quality. The second criterion assesses the
algorithm’s performance by considering the best solutions
obtained throughout a fixed iteration process (3000 iterations),
providing insights to compare the performance of the algo-
rithms at the point where the cost function falls below the tol-
erance value and their success after 3000 iterations,
providing insights into each algorithm’s behavior and

Table 2. Optimization parameters used for GA, DE, and PSO algorithms.

Algorithm Optimization parameters
Population
number Iteration Boundary range

GA Crossover probability (Pc): 0.8 Mutation probability (Pm): 0.1
Crossover rate (σ): 0.9 Mutation rate (α): 0.07

40 3000 [−10.000, 10.000]

DE Mutation: DE/rand/1 Mutation factor (F): 0.8 Crossover probability
(Pc): 0.7

40 3000 [−10.000, 10.000]

PSO Cognitive intelligence (c1): 2 Social intelligence (c2): 2 Max. coefficient
of inertia (ωmax): 0.1 Min. coefficient of inertia (ωmin): 0.01

40 3000 [−10.000, 10.000]
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robustness under standardized computational constraints. The
experimental evaluations were conducted using GA, DE, and
PSO, selected due to their proven effectiveness in solving com-
plex, nonlinear optimization problems with high-dimensional
search spaces. Each algorithm was independently executed
30 times to ensure statistical reliability and robustness in the
analysis.

The performance of the optimization algorithms was
assessed based on error minimization, robustness, and

computational efficiency under two criteria: achieving a pre-
defined tolerance (cost ≤ 0.001) and operating under a fixed
iteration limit (3000 iterations). As summarized in Table 3,
DE achieved a 100% success rate with the lowest mean error
(6.13× 10−⁴), shortest average iteration count (197), and
minimal standard deviation across all runs, highlighting its
effectiveness in both accuracy and consistency.

PSO also demonstrated strong reliability, converging suc-
cessfully in all runs with slightly higher mean error (7.92×

Figure 3. Schematic representation of the purposed methodology for cutting force coefficient estimation.
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10−⁴) and longer convergence time (9.8 s), but still maintain-
ing relatively low variability. In contrast, GA displayed not-
able performance degradation, with only 18 successful runs
out of 30, a mean error over three orders of magnitude higher
(7.23× 10²), and the largest variance in both error and iter-
ation counts, which indicates reduced stability and conver-
gence reliability.

When evaluated under the fixed iteration constraint, DE
continued to outperform by converging early (average: 673
iterations, 18.3 s) and achieving near-zero objective function
values (1.29× 10−²⁶) with zero run-to-run variance. PSO
reached comparable accuracy (mean: 1.49× 10−²⁶), though
at a later stage (∼1838 iterations). GA again lagged behind,
converging near the end of the iteration window (∼2947)
with significantly higher computational cost (87.8 s) and
error spread. These findings demonstrate that while DE and
PSO are both viable for accurate and robust parameter esti-
mation, GA requires further refinement to ensure reliable per-
formance under constrained conditions.

The relatively low success rate and high computational
cost of the GA algorithm observed in this study can be

attributed to both the inherent characteristics of the algorithm
and the nature of the optimization problem. A key factor
behind this underperformance is GA’s tendency toward pre-
mature convergence; the rapid loss of genetic diversity
within the population often leads to entrapment in local min-
ima during the early stages of the search process. Unlike GA,
which explores the solution space in a relatively unguided
manner, DE and PSO employ more directed search strat-
egies, using difference vectors (DE) or velocity updates
(PSO) to guide candidate solutions toward promising
regions. This distinction becomes especially critical in high-
dimensional, continuous, and multimodal optimization land-
scapes, where GA’s exploration capability is limited, while
DE and PSO are more likely to maintain search diversity
and achieve consistent convergence.

Statistical analysis of solution sets
Z-scores were computed for each algorithm to evaluate the
distribution and consistency of the fitness values obtained
from 30 independent runs. The Z-score is defined as follows:

Figure 4. Experimental setup for milling operations and cutting force measurements.

Table 3. Comparative error and computational performance of optimization algorithms under two different stopping criteria.

Stopping criterion: Cost ≤ 0.001

Performance Error Analysis

Algo Min. Error Max. Error Mean Error STD

GA 1.713E-4 1.848E+ 4 7.229E+ 2 3.368E+ 3
DE 2.051E-5 9.808E-4 6.128E-4 2.548E-4
PSO 1.426E-4 9.983E-4 7.924E-4 2.351E-4

Evaluation of Computational Speed

Algo
Successful
Trials

Average
Iterations

Iterations (Std.
Dev.)

Min.
Iterations

Max.
Iterations

Average Time
[s]

Time (Std.
Dev.)

Min. Time
[s]

Max. Time
[s]

DE 30 197 8.561 179 223 5.4 0.2 4.9 6.1
PSO 30 363 74.699 198 489 9.8 2.0 5.4 13.1
GA 18 2108 616.442 735 2894 62.9 18.2 22.3 86.1

Stopping criterion: iter.= 3000

Evaluation of Algorithms Based on Error Metrics and Execution Performance

Algo Min. Error Max. Error Mean Error STD Error Average Iterations Average Time [s]

GA 1.865E-6 1.848E+ 4 7.229E+ 2 3.368E+ 3 2947 87.8
DE 1.292E-26 1.292E-26 1.292E-26 0 673 18.3
PSO 1.292E-26 6.462E-26 1.486E-26 9.434E-27 1838 49.1
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Z = (X − μ)

σ
(13)

expresses how many standard deviations a particular fitness
value X deviates from the mean μ, with σ being the standard
deviation. Positive Z-scores indicate above-average perform-
ance, while negative values denote below-average results.
This metric is particularly effective for detecting outliers
and assessing solution robustness.

Figure 5 presents the convergence performance of 30
independent runs for each algorithm (GA, DE, and PSO),
evaluated using both raw cost values (left) and their corre-
sponding Z-scores (right). The GA results show a high
degree of variability across runs. The convergence values
span several orders of magnitude (from ∼1e-6 to ∼1e6),
with the majority of runs clustering around mid-range cost
values and a single extreme outlier observed at run 25. The
corresponding Z-score plot confirms this inconsistency,
with a notable deviation at the 25th run exceeding +5 stand-
ard deviations from the mean. Such a high Z-score, far out-
side the ±1σ range, indicates that GA’s performance is
highly sensitive to initial conditions and lacks repeatability.

The PSO results also show relatively consistent conver-
gence behavior, though with slightly more variation than
DE. While the convergence values remain within a narrow
logarithmic band (∼1e-4 to ∼1e-3), a few runs exhibit mild
deviations. The Z-score distribution remains mostly within
±1σ, with a small number of values approaching ±2σ,
indicating moderate sensitivity but generally reliable
performance.

The DE algorithm exhibits tightly packed convergence
values, all within a narrow range around 1e-3. The absence
of large fluctuations across runs reflects high stability.
Z-scores for DE remain well within the ±1 standard devi-
ation band for all 30 runs, confirming that the algorithm
yields consistent results regardless of initialization. This nar-
row distribution indicates low variance and high robustness
in performance.

The comparative Z-score analysis highlights the DE algo-
rithm as the most statistically stable, with minimal run-to-run
variation. PSO also shows consistent results but with slightly
higher variability. GA, on the other hand, displays a broad
and erratic performance distribution, with at least one statis-
tically significant outlier. These observations are consistent
with the convergence trends observed in Figure 6 and sum-
marized in Table 3.

Comparative convergence analysis
Figure 6 displays the convergence profiles of the best-
performing runs from each algorithm (DE, PSO, and GA),
with the cost function plotted on a logarithmic scale against
the number of iterations, up to the fixed limit of 3000
iterations.

The DE algorithm demonstrates the most immediate
reduction in cost function value. A significant decline occurs
between iterations 200 and 500, spanning several orders of
magnitude. The PSO algorithm initially progresses more
slowly. A noticeable decrease begins after approximately

Figure 5. Solution set and Z-score values.
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300 iterations, with the convergence accelerating between
iterations 400 and 800. The curve approaches the final cost
level of DE, but this occurs later in the iteration window.
PSO thus achieves comparable final performance, albeit
requiring more iterations to reach that level. The GA exhibits
relatively inconsistent convergence behavior. While there is
some initial improvement in the first 200 iterations, the
cost function stagnates thereafter. No significant reduction
is observed beyond this point. The final cost value remains
multiple orders of magnitude above those achieved by DE
and PSO. This behavior indicates early convergence to a sub-
optimal solution and a lack of effective exploration in later
iterations.

In summary, within the tested configuration:

• DE achieves the lowest cost value in the fewest
iterations.

• PSO converges more slowly but ultimately reaches a
comparable cost level.

• GA shows limited convergence and stalls early, result-
ing in higher final error.

Optimization, verification, and validation of cutting
coefficients
The final stage of the analysis involved identifying the opti-
mal cutting force coefficients, which were successfully esti-
mated by all three algorithms. The optimized values were
found to be 1740.9 N/mm² for the tangential cutting coeffi-
cient (Ktc), 33.7 N/mm for the tangential edge coefficient
(Kte), 510.6 N/mm² for the radial cutting coefficient (Krc),
and 40.1 N/mm for the radial edge coefficient (Kre).

Among the algorithms, DE demonstrated the highest
effectiveness, achieving the optimal coefficients with the
greatest consistency and speed. Its superior convergence
behavior and low variability validate its suitability for high-
dimensional, nonlinear parameter estimation problems such
as cutting force modeling. The PSO algorithm also yielded
accurate and stable results, closely matching DE’s perform-
ance metrics. Its comparable robustness positions PSO as a

reliable alternative in similar optimization tasks. Although
the GA performed relatively poorly in speed and consistency,
it converged to feasible coefficient values. With algorithmic
enhancements, such as adaptive mutation strategies or
hybridization with local search methods, GA’s effectiveness
could be significantly improved.

To assess the validity of the optimized cutting coefficients,
theoretical cutting force predictions were performed and com-
pared with experimental measurements. As shown in Figure 7,
the predicted and measured force values exhibit a close match,
supporting the reliability of the identified model parameters.
The statistical evaluation of prediction errors is summarized in
Table S1. The force component Fx showed a mean deviation
of 2.823 N with relatively high variability (standard deviation:
4.954 N), and a range of −5.17 N to 9.95 N. The component
Fy yielded a slightly higher mean deviation (4.347 N) but lower
variability (3.634 N), with error bounds between −0.136 N and
11.76 N. These results confirm that the proposed approach can
produce accurate and consistent force predictions across differ-
ent directions, thereby validating the effectiveness of the
optimization-based methodology. Importantly, this study
focuses on the application of established metaheuristic algo-
rithms (GA,DE, and PSO)without proposing novel variants.
These methods were chosen for their demonstrated ability to
handle nonlinear and high-dimensional search spaces while
maintaining a balanced exploration–exploitation profile.

The findings highlight that data-driven estimation of cut-
ting coefficients can be achieved without extensive offline
calibration, offering significant time savings and process
flexibility. However, the observed computational costs may
hinder real-time applications. Future work should address
this limitation through algorithmic acceleration techniques
or hardware-based parallelization to enable online implemen-
tation under industrial constraints.

Discussion on algorithm applicability and future
directions
The primary objective of this study was to evaluate the
applicability of well-established metaheuristic algorithms,

Figure 6. GA, DE and PSO convergence graph.
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GA, DE, and PSO, in optimizing cutting force coefficients
during milling. These algorithms were selected based on
their proven capability to effectively explore complex, non-
linear, and high-dimensional search spaces and their
balanced exploration-exploitation mechanisms.

The findings demonstrate that all three algorithms can
estimate accurate cutting coefficients without labor-intensive
offline calibration, which is traditionally required for each
unique tool–material pairing. This capability significantly
enhances the flexibility and scalability of process modeling
in machining applications. Among the tested methods, DE
exhibited superior convergence speed, robustness, and pre-
dictive accuracy, while PSO provided a reliable alternative
with consistent results. Although less efficient, GA

converged to reasonable solutions, suggesting that its per-
formance could be improved through algorithmic enhance-
ments such as hybridization or adaptive parameter control.

Despite the promising results, it is important to emphasize
that the current computational cost of the proposed optimiza-
tion framework (while acceptable for offline analysis) may
present a critical barrier for real-time industrial applications
such as online adaptive control or closed-loop process mon-
itoring. In high-throughput manufacturing environments, the
latency introduced by iterative optimization can limit integra-
tion into production lines where decisions must be made
within milliseconds. As such, this limitation may restrict
the immediate adoption of the proposed approach in fully
autonomous systems. To address this challenge, future

Figure 7. Comparison of measurement results and theoretical calculations.
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work should not only focus on algorithmic enhancements
(e.g., surrogate modeling, adaptive stopping criteria) but
also on hardware-level acceleration strategies such as
GPU-based parallel computing or FPGA implementation.
These directions would help bridge the gap between theoret-
ical optimization models and their practical deployment in
industrial digital twins or smart CNC systems. Future studies
should focus on:

• Reducing computational time through algorithm
acceleration (e.g., surrogate modeling, dimensionality
reduction),

• Leveraging parallel processing or GPU computing,
• Integrating real-time sensor feedback to enable adap-

tive optimization,
• Extending the methodology to multi-objective frame-

works, where surface quality, tool wear, or energy
consumption may also be considered alongside force
prediction.

Furthermore, the experimental setup employed a fixed
cutting speed and a single tool–material combination (WC
end mill and Ti6Al4 V alloy). This controlled configuration
was chosen to minimize measurement noise under poten-
tially unstable cutting conditions. However, this experimen-
tal constraint also limits the generalizability of the results. To
enhance the robustness and broader applicability of the pro-
posed framework, future studies should aim to validate the
methodology under a wider range of cutting conditions
(e.g., varying cutting speeds, feed rates, and depths of cut)
and across multiple tool–material configurations. Such valid-
ation efforts are crucial to demonstrate the scalability and
effectiveness of the method in diverse industrial
environments.

Conclusions
This study presents a practical approach for predicting milling
forces by optimizing process-specific cutting coefficients using
population-based metaheuristic algorithms. The proposed strat-
egy eliminates the need for offline pre-experimental calibration
procedures by optimizing specific cutting coefficients using
force measurements collected during machining. It integrates
intelligent optimization algorithms with a semi-analytical
mechanistic model to estimate these coefficients. This approach
offers a flexible and practical method for force prediction across
various cutting conditions. Moreover, monitoring the variation
of cutting coefficients during machining enables real-time
tracking of tool conditions. Each algorithm was executed 30
times under the stopping criterion of cost < 0.001, and their per-
formance was evaluated in terms of convergence speed and
robustness. Among the tested algorithms, the DE algorithm
achieved the highest success rate, with all 30 runs converging
successfully, yielding an average iteration count of 197 and
an average computation time of 5.4 s. PSO similarly showed
robust performance with 30 successful runs, completing opti-
mization in 363 iterations and 9.8 s on average. In contrast,
the GA algorithm achieved convergence in only 18 out of 30
runs, with a significantly higher average iteration count
(2108) and computation time (62.9 s), along with considerable
variability.

The cutting force prediction model developed using the
optimized coefficients was validated against experimental
measurements. The mean difference between the predicted
and measured forces was calculated as 2.82 N for the Fx com-
ponent and 4.35 N for the Fy component, with standard
deviations of 4.95 N and 3.63 N, respectively. These results
indicate that the model can closely approximate actual cut-
ting forces across varying cutting conditions.

The proposed method demonstrates that metaheuristic
optimization algorithms can effectively determine cutting
coefficients without requiring prior calibration trials,
thereby offering a flexible and scalable alternative for
machining process modeling. What distinguishes this
study is not only the selection of well-established algo-
rithms (GA, PSO, DE), but also the novel integration strat-
egy: these algorithms are embedded within a unified,
in-process framework tailored for dynamic machining
environments. Rather than serving as mere parameter-
tuning tools, the algorithms are implemented in a way
that supports real-time adaptation to machining data,
ensuring robustness across different tool–material config-
urations. This implementation significantly enhances prac-
tical applicability, paving the way for integration into
adaptive control systems and intelligent manufacturing
platforms. The approach also enables online stability ana-
lysis and contributes to the development of autonomous
and self-optimizing manufacturing systems. Future
research may explore further improvements in computa-
tional efficiency through algorithmic refinement and hard-
ware acceleration, thereby advancing the scalability of this
framework for industrial digital twins and smart manufac-
turing ecosystems.
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