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Abstract
This study presents a systematic framework for modeling the tensile strength (TS) and wear resistance (WR) of friction stir 
processed (FSP) AA1100 metal matrix composites (MMCs) reinforced with aluminum oxide (Al2O3) powder reinforcement. 
Using a design of experiments approach, the influence of tool rotation speed, feed rate, and reinforcement content on TS and 
WR was investigated across 20 independent experiments, with the optimal process combination resulting in a 20.7% increase 
in TS and a minimum WR of 7.3 × 10−3 mm3/m. To capture the nonlinear relationships between process parameters and 
material performance, TS and WR were initially modeled using second-order polynomial regression, further optimized by 
two metaheuristic (ME) algorithms. Furthermore, two supervised machine learning (ML) models were developed, optimized, 
and benchmarked. ME and ML models were validated using both the experimental dataset and ten synthetic cases gener-
ated by Gaussian mixture models (GMM) within the experimental features’ latent space. For TS modeling, ME-optimized 
regressions showed the mean percentage deviations in 15.6% ~ 27.7% range while the ML formulations in the 12.4% ~ 17.9% 
range. For WR, a similar reduction in error range and variance was also confirmed, highlighting a higher modeling reliability 
than the TS counterpart. Results demonstrate that while both ME and ML approaches can be employed for FSP process 
modeling within the latent space, data-driven approaches, and especially neural networks architecture, have a clear advantage 
in prediction accuracy and robustness under data-limited conditions. Although modeling with only 20 cases is challenging 
for both ML and ME methods, such data scarcity is typical in industrial settings; thus, this study reflects a realistic scenario 
where reliable predictions must be achieved from limited data. Overall, this work provides a practical modeling benchmark 
between ME-optimized and ML modeling for the FSP and may help in identifying the best modeling approach also for other 
manufacturing engineering processes.

Keywords  Friction stir processing (FSP) · Al/Al2O3 composite · Metaheuristic model · Supervised machine learning · 
Process setting and optimization

1  Introduction

Aluminum-based metal matrix composite (MMC) materials 
are a growing phenomenon in the automotive and aerospace 
industries thanks to their high corrosion and wear resistance, 
specific moduli, and high strength-to-weight ratio [1–3]. 
Among various manufacturing processes, a relatively new 
and viable option to realize MMC is represented by fric-
tion stir processing (FSP) [4], a solid-state welding process 
in which a non-consumable rotating tool is applied to the 
workpiece surface, generating localized plastic deformation 
and stirring the material as the tool moves linearly. Apart 
from being a welding technique, the FSP is also employed 
to promote the joining of reinforcement particles to a metal 

Vahid Modanloo and Luca Quagliato contributed equally to this 
work.

 *	 Vahid Modanloo 
	 v.modanloo@sirjantech.ac.ir

 *	 Luca Quagliato 
	 lucaq@ewha.ac.kr

1	 Mechanical Engineering Department, Sirjan University 
of Technology, Sirjan, Iran

2	 Faculty of Mechanical Engineering, Babol Noshirvani 
University of Technology, Babol, Iran

3	 Department of Mechanical and Biomedical Engineering, 
Ewha Womans University, Seoul, South Korea

http://crossmark.crossref.org/dialog/?doi=10.1007/s00170-025-16070-0&domain=pdf
http://orcid.org/0000-0003-3780-9359
http://orcid.org/0000-0002-1958-6422
http://orcid.org/0000-0002-0176-0525
http://orcid.org/0000-0002-5379-8306


	 The International Journal of Advanced Manufacturing Technology

substrate to manufacture MMC [5, 6]. Considering the 
widespread application of aluminum products, most of the 
research effort is concentrated on aluminum-based matri-
ces, combined with various oxides and carbide particles, 
to improve key properties by creating MMC, as hereafter 
summarized.

In Sahraeinejad et al. [5], Al2O3 (aluminum oxide), SiC 
(silicium carbide), and B4C (boron carbon) particles were 
added to an aluminum 5059 (AA5059) matrix by FSP result-
ing in a 32% increase in the yield strength for the case of 
4.2 μm particle size. In their research, the smaller particle 
size allowed for a higher filling ratio, also associated with 
the highest improvement in mechanical properties. Similarly, 
the investigation of the effect of SiC particles on the micro-
structure and mechanical properties of AA6061-based MMC 
using a multi-pass FSP showed strength improvements from 
16.1 to 72.3 MPa for the first and sixth pass, respectively, 
for a baseline of 275.7 MPa, demonstrating the progressive 
strengthening [7]. Similar improvements were also con-
firmed for the tensile and compression properties for the case 
of AA7075 matrix reinforced by hexagonal boron nitride 
(HBN), with improvements equal to 26.5% and 40%, respec-
tively [8]. In addition to the reinforcement effect, the FSP 
is highly influenced by the process parameters employed 
and mainly by rotational speed, feed rate, applied pressure, 
and tool angle [9]. On top of that, both reinforcement mate-
rial and FSP parameters’ optimization are linked to one 
another, and both influence the mechanical performance of 
the FSPed component [10]. In this regard, if a non-optimized 
combination of FSP parameters and reinforcement material 
is employed, the risk for intermetallic and complex phase 
generation arises, leading to general embrittlement and 
weakening rather than reinforcement [11].

When material and processing aspects are considered 
together in the optimization, in addition to promoting a 
strong bond between matrix and reinforcement, the FSP 
process also showed to mitigate Tungsten inert gas (TIG) 
welding defects such as coarse grain structure, porosity, 
microvoids, and solidification cracking while also refin-
ing the microstructure of both dendrites and intermetallic 
phases [12]. In a similar way, the effect of the reinforce-
ment weight percentage (wt%) on microstructure, mechan-
ical properties, and wear resistance was investigated by 
Thangarasu et al. [13] for the case of a TiC-reinforced 
AA6082 matrix and a fixed travel speed of 60 mm/min. 
From their results, the increase in TiC wt% was linked to 
higher strength, a decrease in ductility, and a reduction 
in the area subjected to plastic deformation in the matrix 
thanks to a reduction in the stir zone. In terms of a compre-
hensive study, Devaraju et al. [14] synthesized aluminum 
surface composites reinforced with SiC and Al2O3 parti-
cles using the FSP. By varying the rotational speed and 
reinforcement wt%, they investigated the effect on tensile 

strength, hardness, and wear rate showing improvements 
in all categories as well as a reduction in the particle size 
from the original one.

In addition to the literature state of the art summarized so 
far, other contributions dealing with FSP-based MMC are 
relevant to post-production reinforcement distribution and 
wear properties [15], grain size refinement [16], mechanical 
properties and corrosion resistance [17], and tribological 
properties [18]. It is worth noting that, thanks to its wide-
spread use, most of the work is carried out by employing 
aluminum as the matrix material, although the typology of 
the reinforcement varies according to the application field 
and targeted improvement [19]. Nevertheless, MMC manu-
facturing by FSP does not refer only to aluminum-based 
matrices, but also to other metallic materials; among them 
are copper [20, 21], steel [22], and titanium alloys [23].

In addition to the large variety of works relevant to the 
FSP process, in recent years, the friction stir vibration pro-
cessing (FSVP) has emerged as a promising modification 
to standard FSP, incorporating mechanical vibration to 
further enhance microstructure and mechanical properties 
in comparison to the standard FSP. In this regard, Bagheri 
et al. [24] performed a direct comparison between FSP and 
FSVP for the development of magnesium surface nanocom-
posites, reporting notable improvements in grain refinement, 
ultimate tensile strength (UTS), and formability with the 
addition of vibration to the FSP. In a similar way, Abbasi 
et al. [25] demonstrated that applying vibration during FSP 
on Al5052 alloy led to a 33% reduction in grain size, a 7% 
increase in UTS, and an increase in dislocation’s density 
thanks to an enhanced dynamic recrystallization. Same 
concerning aluminum-based MMC, Barati et al. [26] found 
that thanks to the achievement of finer grains and a more 
uniform particle distribution, FSVP significantly improved 
strength, ductility, wear resistance, and corrosion proper-
ties in Al6061/SiO2 MMC in comparison to the standard 
FSP. Similar results were also obtained by Abbasi et al. 
[27] in relation to Al5052/SiC nanocomposites and linked 
to the increased strain granted by applying vibrations in 
the FSP process, a fact promoting dynamic recovery and 
recrystallization. More recently, Abdollahzadeh et al. [28] 
and Bagheri et al. [29] systematically investigated AZ91/
SiC composites, showing that FSVP enhances strength, 
wear resistance, hardness, and ductility. In addition to that, 
it ought to be pointed out that, while FSVP yields better 
performance than FSP, the improvement in microstructure 
intensifies as vibration frequency or the number of passes 
increased [29]. On top of that, a more recent contribution by 
Men et al. [30] investigated the microstructural, mechanical, 
and tribological properties of AZ31/AlFeCrMoNb surface 
composite manufactured by FSVP and found that employing 
vibrations increases hardness by 20% and shear strength by 
33%, respectively.
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Despite these substantial advances in FSP and FSVP 
processing technologies, as summarized so far, controlling 
and optimizing the mechanical and tribological perfor-
mance of the fabricated MMCs remains highly dependent 
on the precise selection and tuning of process parameters. In 
this regard, considering the rapid development of machine 
learning (ML) techniques in the field of material science 
and engineering [31], including additive manufacturing [32] 
and metal forming [33], recent contributions demonstrated 
and summarized the large use of ML models in friction stir 
welding [34–36], although no contributions seem to deal 
with an in-depth analysis of the possibility and performance 
of data-driven modeling approaches for the FSP and FSVP.

However, two recent contributions, summarized hereafter, 
show the possibility of employing numerical or intelligent 
modeling approaches to analyze the complex interaction 
between process and material parameters and the resulting 
mechanical performance of FSPed components. The former 
contribution refers to the alloying of a base AA1050 with Cu 
powder through FSP experiments, followed by training of 
a genetic programming algorithm, subsequently employed 
to predict and optimize the material properties of the MMC 
[37]. The latter instead considered a universal differen-
tial equation (UDE) frame and constructed a data-driven 
model to reduce dynamics to lumped parameters, reducing 
complexity while allowing for the link between tool power 
input and temperature measurement for process control [38]. 
Though the former contribution is based on a machine learn-
ing model, the latter combines machine learning, in terms 
of neural-based ordinary differential equations (ODEs), with 
lumped parameter methods, making it closer to an approxi-
mation of a metaheuristic method, since it infers the system 
dynamics using data-driven modeling.

As summarized so far, despite various research works 
focused on investigating the FSP and FSVP in terms of 
reinforcement materials’ influence, mechanical properties, 
microstructure, and tribology [39], and the recent effort to 
propose data-driven modeling techniques [37, 38], a com-
prehensive study on the best modeling methodology for 
correlating the FSP, or FSVP, process parameters with the 
key output variables, such as strength and wear resistance 
improvements, seems to be missing in the literature. As 
demonstrated in the recent literature [37, 38], both machine 
learning and metaheuristic approaches seem to be promis-
ing in modeling the features to target variables relationship 
in the FSP process, but no studies have highlighted whether 
one approach is superior to the other and whether this supe-
riority is subordinated to the boundaries of the considered 
problem.

To address this gap, this research is subdivided into three 
main areas, which also represent its key novelty points. First, 
the present work systematically benchmarks two regres-
sion models, optimized by the Differential Evolution [40, 

41] and Covariance Matrix Adaptation Evolution Strategy 
(CMA-ES) [42, 43] metaheuristic (ME) algorithms, and two 
supervised machine learning (ML) models, Extreme Gradi-
ent Boosting (XGB) [44] and Deep Neural Network (DNN) 
[45]. To this end, this research employs an experimen-
tally derived dataset of 20 FSP-fabricated AA1100-Al2O3 
MMCs to explore the influence of rotation speed, feed rate, 
and reinforcement weight on the tensile strength and wear 
rate. TS was measured by tensile tests on specimens hav-
ing the FSPed zone located in their center, whereas WR by 
linear wear experiments on the FSPed zone by measuring 
the amount of material loss. Second, this research demon-
strates the implementation procedure, advantages, and limi-
tations of ME-optimized regression (by DE and CMA-ES) 
and supervised ML (XGB and DNN) models with a special 
focus on the challenges posed by employing a small dataset, 
a common case for industrial manufacturing scenarios. In 
this regard, both approaches are trained and validated using 
the same 20 experimental cases, and their interpolation 
accuracy and robustness were further assessed on synthetic 
data generated by tuning a Gaussian mixture model (GMM) 
model [46, 47], for a total of 10 test cases belonging to the 
same distribution of the experimental feature space. Third, 
the experimental results are presented and commented upon 
considering the established knowledge of the FSP process 
and provide a critical analysis of the suitability, reliability, 
and practical limitations of each modeling approach under 
limited data conditions. By doing so, the performance of 
ME and ML models on both experimental and synthetic 
data provides practical and useful insights for model selec-
tion, design, tuning, and optimization for the FSP process. 
The overall research implementation is depicted in Fig. 1, 
which also serves as the backbone for navigating the con-
tent reported in the “Materials and methods” and “Results” 
sections.

In summary, this work provides a direct and systematic 
analysis of ME-optimized regression and supervised ML 
models for predicting tensile strength (TS) and wear resist-
ance (WR) in friction stir processed AA1100-Al2O3 MMCs 
under limited data conditions. The prediction accuracy, robust-
ness, and practical applicability of each approach are critically 
evaluated by employing both experimental and GMM-gener-
ated data, providing a clear and fair analysis of their interpola-
tion performance. In this regard, and from the results of this 
research, ME-optimized regressions showed the mean percent-
age deviations ranging from 15.6% to 27.7%, while the ML 
formulations went from 12.4% to 17.9%, respectively. Similar 
trends, although with lower magnitudes, were also found for 
WR. These findings demonstrate that, while both ME and ML 
approaches are viable modeling options for the FSP process, 
data-driven ML models, and especially the DNN formulation, 
consistently deliver higher accuracy and reliability under lim-
ited data conditions. This comprehensive analysis reveals the 
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strengths and limitations of ME and ML strategies in mod-
eling the FSP process on a small-scale dataset. Moreover, the 
analysis, results, and considerations provided throughout the 
manuscript offer guidance for engineers and researchers seek-
ing robust predictive modeling solutions in similar manufac-
turing scenarios. Ultimately, this study advances the state of 
the art by establishing a transparent, reproducible framework 
for process-property modeling in FSP/MMCs, supporting the 
model selection phase and the concurrent process-property 
optimization.

2 � Materials and methods

2.1 � Material characterization

The base material employed in this research is an AA1100 
sheet with a 2-mm thickness and chemical composition 
reported in Table 1. To assess the mechanical properties, ten-
sile tests based on the ASTM-E8 standard were carried out 
by wire-cutting the specimens from the aluminum sheet and 
testing them on a SANTAM tensile testing machine with a 
30-ton capacity. The base AA1100 properties are reported in 
Section 2.2.

2.2 � FSP process and characterization

To perform the FSP experiments, commercially available 
2-mm thickness AA1100 sheets were initially wire-cut into 
dimensions of 100 × 150 mm. A schematic representation of 
the FSP process is reported in Fig. 2a. In the FSP experiments, 

a clamping system was employed to fix the part into posi-
tion and avoid unwanted movement and excessive vibrations, 
as shown in Fig. 2b. A single-pass FSP was carried out by 
employing a tool with a shoulder diameter of 20 mm end-
ing with a cube-shaped pin with a 6 mm side and a 1.8 mm 
height, as shown in the detail of Fig. 2b, until the full length 
of 150 mm was completely friction stir processed (Fig. 2c).

For each experiment involving Al2O3 reinforcement, the 
FSP area was filled with a uniform layer of Al2O3 powder 
with an average diameter of 30 μm and 3.6 g/cm3 density. The 
total weight of the particles was measured beforehand, but 
the particles’ distribution on the top of the AA1100 sheet in 
the FSP area was not included in the experimental setup. The 
FSP experiments were carried out considering three levels for 
the rotational speed of the tool (N), three feed rates (f), and 
three Al2O3 powder weights (W), as summarized in Table 2, 
for a total of 20 experimental combinations, as reported in 
Table 3, each one representing the average of three repeti-
tion tests with the same combination of parameters. The 20 
combinations of Table 3 were determined through the central 
composite design (CCD) statistical technique, considering 3 
parameters and 3 levels of configuration. The three selected 
levels for each parameter are based on the feasible settings 
of the experimental setup, preliminary investigations by the 
authors, and the established parameter ranges summarized in 
recent literature reviews [6].

After the completion of each FSP experiment, two char-
acterization tests were carried out to investigate the result-
ing performance of the manufactured MMC. To this end, 
tensile test specimens according to the ASTM-E8 standard 

Fig. 1   Overview of the research content with interactions among the phases, as summarized within the “Materials and Methods” and “Results” 
sections

Table 1   Chemical composition 
of the used AA1100 sheet

Element Al Mn Mg Cu Fe Si Mg

Percentage (%) Bal 0.004 0.004 0.061 0.508 0.15 0.9
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were cut by placing the FSPed region right in the mid-
dle of the calibrated zone, as shown in Fig. 2d. In light 
of the close-to-one aspect ratio of the Al2O3 powder, no 
anisotropic behavior was observed, and for the specimens 
perpendicular to the FSP direction, the grip part was lim-
ited to 5 mm on each side of the base material, due to the 
width of the FSP region. The true stress–strain curves for 

base AA1100 material, FSP without, and with Al2O3 pow-
der (maximum improvement case), are reported in Fig. 3, 
whereas the summary of the tensile strength (TS) recorded 
from the tensile tests is reported in Table 3.

In addition to that, wear tests were carried out on the FSP 
region (Fig. 2d) by employing a Ф25 mm flat pin head, a 10 
N normal load, 3.0 m/s linear speed, and a sliding distance 
of 100 m. The weight of Ф25 circular specimens, cut from 
the wear test region, was measured after the tests with a 
digital weighing balance with 0.0001 g accuracy. After each 
wear test, the wear rate (WR) was determined as the weight 
loss from the specimen in comparison to a non-FSPed speci-
men of the same size. The recorded WR for each one of 
the experiments is reported in Table 3 together with the 
experimental settings and the TS results.

Fig. 2   a Schematic representation of the FSP process. b FSP process 
on AA1100 sheet including details of the processing tool geometry 
and Al2O3 powder reinforcement and c AA1100 sheet after the FSP 

process. d Extraction of tensile specimens from the FSPed plate to 
assess the tensile strength (TS) and circular specimen cut from the 
FSPed plate after the wear test to assess the wear rate (WR)

Table 2   FSP process parameters and relevant levels

Parameter Symbol Unit Levels

Tool rotary speed N rpm 800 1200 1600

Feed rate f mm/min 40 60 80
Al2O3 powder W g 0 0.3 0.6

Table 3   FSP experiments set-up 
with TS and WR results

# N
(rpm)

f (mm/min) W
(g)

TS (MPa) WR·10−3 
(mm3/m)

# N
(rpm)

f (mm/min) W
(g)

TS (MPa) WR·10−3 
(mm3/m)

1 800 40 0 256 8.2 11 1200 40 0.3 396 7.3
2 1600 40 0 294 6.8 12 1200 80 0.3 222 7.8
3 800 80 0 196 9.7 13 1200 60 0 220 8.1
4 1600 80 0 213 7.8 14 1200 60 0.6 371 7
5 800 40 0.6 337 7.7 15 1200 60 0.3 324 8
6 1600 40 0.6 371 7.8 16 1200 60 0.3 320 7.8
7 800 80 0.6 311 7.4 17 1200 60 0.3 318 7.9
8 1600 80 0.6 341 7 18 1200 60 0.3 328 8.1
9 800 60 0.3 196 9.1 19 1200 60 0.3 329 8
10 1600 60 0.3 341 8.2 20 1200 60 0.3 324 7.3
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2.3 � Polynomial regression and metaheuristic (ME) 
models

Meta-heuristic (ME) methods are employed to address com-
plex problems where identifying the optimal solution is chal-
lenging or impractical by providing an optimal solution in local 
boundaries rather than global optimization. Considering the 
scope of this research to predict TS and WR based on three fea-
tures, the Differential Evolution (DE) algorithm [40, 41] and 
the Covariance Matrix Adaptation Evolution Strategy (CMA-
ES) [42, 43] have been considered and combined with tuning 

of their hyperparameters based on the GridSearch method. 
Both ME algorithms have been applied for the optimization 
of the constants of the regression functions for TS and WR to 
minimize the deviations between predicted and true values.

First, considering that all features and target variables 
have different scales of magnitude, the Min–Max scaling 
was applied to the dataset of Table 3. In addition to that, 
the coefficients’ optimization discussed in this section and 
carried out via the two ME models, refers to [θ1,…,θ9] as 
in Eq. (1) resulting from a standard regression based on the 
analysis of variance (ANOVA) analysis.

(1)y = �0 ⋅ 1 + �1X1 + �2X2 + �3X3 + �4X1
2 + �5X2

2 + �6X3
2 + �7X1X2 + �8X1X3 + �9X2X3

Xpoly =
[
1,X1,X2,X3,X1

2,X2
2,X3

2,X1X2,X1X3,X2X3

]

where ∶ X1 = N,X2 = f ,X3 = W

In Eq. (1), y represents the generalized regression func-
tion, with the relevant θ coefficients, whereas Xpoly is the 
normalized features’ vector. Considering the size of the 
experimental database, composed of the 20 cases of Table 3, 
the choice of employing a second-order polynomial regres-
sion structured as (1), and not including higher-order terms, 
is motivated by three reasons. First, a third-order polyno-
mial function, with its 20 coefficients, would result in the 
exact passing of the interpolation function through all the 
data points, leaving few to no space for optimization by the 
ME models. In a similar way, the utilization of a second-
order function allows for a lower constraint in the predic-
tions in between data points; in other words, employing a 
lower-order function suits better the aims of this research of 
describing the whole features’ space and not only the 20 data 
points themselves. Finally, employing up to second-order 
terms allows for a better interpretation of the physical role 
of each one of them, as presented in Sect. 3.1 of the paper. 
For all these reasons, in this research, a second-order poly-
nomial function was employed for the definition of the base 
regression models for TS and WR.

For the optimization of the coefficients, the mean absolute 
percentage error (MAPE), Eq. (2), with respect to the whole 

dataset was employed. As a remark, TS and WR were mod-
eled separately but considering the same regression function 
form of (1) and the deviations estimated by the same MAPE 
error formulation of (2).

In Eq. (2), yi represents the true values for TS and WR, 
whereas f(Xpoly;θ) represents the predicted value using poly-
nomial regression for a given set of θ coefficients. To this 
end, the aforementioned coefficient optimization is repre-
sented by the identification of the best set of θ coefficients 
that minimizes the MAPE.

The first of the two ME approaches employed to opti-
mize the θ coefficients is the DE model, which consists of 
3 phases: mutation, crossover, and selection. The DE equa-
tions frame summarized here are based on the one presented 
in Lu et al. [40] and Salgotra and Gandomi [41]. The initiali-
zation for the population, which refers to the θ coefficients, 
is based on a random (rand) value within the user-defined 
boundaries, as in Eq. (3). Hence, the population size (pop-
size) is a hyperparameter defined in terms of a multiplication 

(2)MAPE =
1

n

n∑

i=1

|||||

yi − f
(
Xpoly;�

)

yi

|||||
[%]

Fig. 3   Engineering stress–strain 
curves for base AA1100, FSP 
without, and with Al2O3 powder 
reinforcement
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factor for the coefficients’ vector and is optimized during 
GridSearch.

As concerns the mutation phase, each population member 
generates a mutation vector v(g)

i
 , as in Eq. (4), defined for 

the i-individual and the g-generation. In Eq. (4), based on 
the best/1/bin strategy [44], x(g)

rand_1
 , x(g)

rand_2
 , and x(g)

rand_3
 are 

three not equal and randomly selected individuals from the 
population, whereas F is the mutation factor, also considered 
as a hyperparameter in the GridSearch. This mutation phase 
aims to introduce diversity and explore different combina-
tions of the original population in the search for a better 
global minima of the function.

After each individual in the population is generated, a 
uniform crossover is applied to combine mutant vectors 
( v(g)

i,j
 ) with current population vectors ( x(g)

i,j
 ) to create trial 

vectors ( u(g)
i,j

 ), as defined in Eq. (5), where jrand is introduced 
to have at least one mutation to be considered as a trial 
vector.

Trial vectors are, for all means and purposes, new candi-
dates for the θ coefficients, evaluated by the crossover proba-
bility (CR), also defined as a hyperparameter. Considering that 
CR ∈ [0,1], a value < 0.5 is defined as low and leads to a con-
servative choice where few mutations are introduced. On the 
other hand, a value of CR ≈ 1 results in more exploration, thus 
prioritizing mutations over original populations’ individuals.

The final step of each iteration in the DE optimization is 
represented by the selection phase, where the newly created 
trial vector ( u(g)

i,j
 ), defined during the crossover, is evaluated 

and selected or rejected for the next generation, as summa-
rized in Eq. (6), and is based on the MAPE evaluation crite-
ria of Eq. (2).

As a final remark, the best mutation factor (F), crosso-
ver probability (CR), population size (N), and maximum 
number of iterations (max_iter) were all considered hyper-
parameters and are further discussed in Section 2.5.

The second employed ME model is the Covariance 
Matrix Adaptation Evolution Strategy (CMA-ES), a 

(3)�i
(0) = �min + rand

(
�max − �min

)
0 ≤ rand ≤ 1 ∈ ℝ

(4)v
(g)

i
= x

(g)

rand_1
+ F ⋅

(
x
(g)

rand_2
− x

(g)

rand_3

)

(5)
u
(g)

i,j
=

{
v
(g)

i,j
if randj ≤ CR ∪ j = jrand

x
(g)

i,j
otherwise

0 ≤ randj ≤ 1 ∈ R and jrand ∈ N

(6)x
(g+1)

i,j
=

{
u
(g)

i,j
if MAPE

(
u
(g)

i,j

) ≤ MAPE
(
x
(g)

i,j

)

x
(g)

i,j
otherwise

derivative-free approach particularly effective in solving 
non-linear, non-convex, and high-dimensional optimi-
zation functions [48]. CMA-ES optimizes the objective 
function, previously defined as in Eq. (1), by iteratively 
updating a multivariate normal distribution, from which 
candidate solutions are sampled [49], by adapting the 
mean vector and the covariance matrix. As with the 
DE algorithm, the CMA-ES is also divided into phases, 
namely, sampling, evaluation, selection, and adaptation. 
The equations framework for the CMA-ES model pre-
sented hereafter is based on recent literature contributions 
as implemented in Hansen [49].

In the sampling phase, at each t-iteration, a set of λ 
candidates is generated from a multivariate distribution, 
as in Eq. (7), where x(t)

k
 is the sampled solution, m(t) is 

the mean vector of the current distribution, �(t) controls 
the step size of the global variance, C(t) is the covariance 
matrix, and N

(
0,C(t)

)
 represents a multivariate distribution 

with a mean value equal to zero and covariance C(t).

Afterwards, in the evaluation phase, each solution candi-
date ( x(t)

k
 ) is evaluated on the objective function (1), allowing 

for the calculation of the corresponding fitness score, as in 
Eq. (8), where fk is the fitness value of the k-th solution.

The best solutions (μ) from the evaluation of (8) are 
identified in the selection phase by following a ranking-
based approach where solutions with lower objective func-
tion values are preferred, as in Eq. (9).

After selecting the top performing solutions ( x(t)
i∶�

 ), the 
mean vector is updated from the t-step to the t + 1 step as 
the weighted sum of these solutions, as in Eq. (10) where 
wi are the selected weights.

The final step of each iteration in the CMA-ES pipeline 
is represented by the update of the covariance matrix by 
the cumulative natural gradient adaptation principle, as 
in Eq. (11), where cc is the learning rate controlling the 
covariance adaptation.

(7)x
(t)

k
= m(t) + �(t)

⋅ N
(
0,C(t)

)
, k = 1, ..., �

(8)fk = f
(
x
(t)

k

)
, k = 1, ..., �

(9)x
(t)

i∶�
= argsort i

(
f
(
x
(t)

k

))
, k = 1, ..., �

(10)m(t+1) =

�∑

i=1

wix
(t)

i∶�

(11)

C(t+1) =
(
1 − cc

)
C(t) + cc

�∑

i=1

wi

(
x
(t)

i∶�
− m(t)

)(
x
(t)

i∶�
− m(t)

)T
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For the CMA-ES model, the evaluation metric is based 
on the MAPE, Eq. (2), and was employed to identify the best 
set of θ coefficients that minimize the objective function.

2.4 � Machine learning (ML) modeling

To propose a modeling alternative and benchmark the per-
formance of the ME model presented in the previous section, 
two highly regarded machine learning (ML) models were 
considered, namely the Extreme Gradient Boosting (XGB) 
[44] and Deep Neural Network (DNN) [45].

In the XGB model, based on the structure presented in 
Lee et al. [44], the objective function combines the loss 
function and the regularization term to optimize the model, 
Eq.  (12), where the first term measures the difference 
between the predicted and true values, whereas the second 
part (regularization term) penalizes the model complexity.

In Eq. (12), yi are the true values, ŷi the predictions, T is 
the number of leaves in a tree, γ controls the complexity of 
the model, λ regularizes the leaf weights, and ω are the leaf 
weights. The XGB model builds the model iteratively by 
adding one tree at a time to minimize the objective function, 
as in Eq. (13), where ft

(
xi
)
 is the new tree at the t-iteration. 

To determine the structure of the tree at each iteration, the 
objective function is approximated using a second-order 
Taylor expansion, as in Eq. (14) where gi and hi are the first- 
and second-order gradients.

To maximize the prediction accuracy, TS and WR have 
been predicted by separate XGB models, each one optimized 
with its specific hyperparameters through a k = 5-fold cross-
validation procedure.

The DNN model was implemented according to the pipeline 
described in Modanloo et al. [45], and its architecture is shown 
in Eq. (15), where the ReLU (rectified linear unit) activation 
function was employed and x represents the input features’ vec-
tor. ReLU introduces non-linearity into the network, enabling it 
to learn complex patterns, and mitigates the vanishing gradient 
problem observed with Sigmoid and Tanh activations.

For each epoch, the loss function is estimated accord-
ing to the mean squared error (MSE), as in Eq. (16), and 

(12)

L(�) =

n�

i=1

�
�
yi, ŷi

�
+

T�

k=1

Ω
�
fk
�
whereΩ

�
fk
�
= �T +

1

2
�‖�‖2

(13)ŷi
(t) = ŷi

(t−1) + ft
(
xi
)

(14)L(t) ≈

n∑

i=1

[
gift(xi) +

1

2
hift(xi)

2
]
+ Ω

(
ft
)

(15)hi = ReLU
(
Wix + bi

)
wherex =

[
x1, x2, ..., xn

]
∈ ℜ

n

employed in the backpropagation to update weights ( Wi ) and 
biases ( bi ), summarized in Eq. (17) as ε, through an adaptive 
moment estimation (Adam) optimizer with a learning rate η.

In this research, the MSE was chosen as the loss func-
tion as it penalizes more severely large residuals, ensuring 
the model minimizes significant errors effectively in a short 
number of epochs. In addition to that, the MSE is a differen-
tiable function, making it easy to apply in the backpropaga-
tion of a DNN. On the other hand, for the estimation of the 
prediction accuracy, for both XGB and DNN models, the 
MAPE formulation of Eq. (2) was employed, allowing for a 
fair comparison with the residuals associated with the ME-
optimized regressions.

2.5 � Database pre‑evaluations and models’ training

First, the results of tensile and wear tests, in terms of TS and 
WR, were considered as inputs for an analysis of variance 
(ANOVA) to determine the adjusted sum of squares (Adj 
SS), F-value, and P-value. The Adj SS represents the por-
tion of the total variability in the data that is explained by 
each factor after accounting for other factors in the model. 
The Adj MS, defined as the adjusted sum of squares (Adj 
SS) divided by the degrees of freedom (DoF), was not con-
sidered since all the variables have DoF = 1, making Adj 
SS = Adj MS. The F-value is used to assess whether the vari-
ation due to a factor is significantly higher than the residual 
error, whereas the P-value determines whether the factor is 
statistically significant. In this regard, a high F-value and a 
low (< 0.05) P-value are indicators of a strong and statis-
tically significant influence on the response variable. The 
ANOVA analysis was carried out in the Python/Spyder 3.11 
environment by employing pandas, numpy, matplotlib, and 
statsmodels libraries.

As concerns the ME models, the information relevant to 
the pre-processing and implementation steps is reported as 
follows. For the DE model, a GridSearchCV was employed 
with the following ranges to identify the best combination 
allowing for the minimizing of the MAPE: mutation_fac-
tors: [0.5, 0.7, 0.9], recombination_rates: [0.7, 0.9], popu-
lation_sizes: [20, 50, 100], and max_iterations: [500, 1000, 
2000]. In addition to that, the search space for the best set of 
θ coefficients is defined in a [− 500, 500] radius from their 
original point coming from the initial regression. In a similar 
way, the parameters for the CMA-ES model were optimized 

(16)L
(
y, ŷ

)
=

1

N

N∑

i=1

(
yi − ŷi

)2

(17)
�L

��
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using a GridSearchCV over sigma: [10, 20, 50, 100, 250] 
and popsize: [100, 250, 500]. For both ME models, the best 
θ coefficients were identified by minimizing the average 
MAPE over the whole of 20 cases (Table 3) and separately 
for TS and WR. The DE and CMA-ES codes were imple-
mented in a Python/Spyder 3.11 environment considering 
pandas, numpy, sklearn, scipy.optimize, and cma libraries 
on the same workstation.

Concerning the ML models, and specifically the XGB 
algorithm, to determine the optimal hyperparameters, a Grid-
SearchCV was employed with a 5-fold cross-validation strat-
egy associated with the following parameters’ ranges: n_esti-
mators: [50, 100, 200], max_depth: [3, 5, 7], learning_rate: 
[0.01, 0.1, 0.2], subsample: [0.7, 0.8, 1.0], colsample_bytree: 
[0.7, 0.8, 1.0], gamma: [0, 0.1, 0.2], alpha: [0, 0.1, 0.5, 1], 
lambda': [0, 0.1, 0.5, 1], resulting in 58,320 combinations sub-
divided into five cross-validation folds. It should be noted that 
alpha and lambda are the regularization terms, where alpha 
represents the L1 regularization term and lambda represents 
the L2 regularization term. In this regard, L1 regularization 
(Lasso) adds a proportional penalty to the absolute value of the 
coefficients, promoting sparsity in the model. L2 regularization 
(Ridge) adds a penalty proportional to the square of the coef-
ficients, ensuring that all coefficients are small and preventing 
overfitting by avoiding extreme values. To prevent the features’ 
magnitude from playing a role in the training process, the input 
features (N, f, W) were normalized using Min–Max Scaling 
to ensure that all features lie within the range [0,1]. Moreo-
ver, after the identification of the best hyperparameters for the 
XGB regressor, the model was further evaluated using 5-fold 
cross-validation, ensuring that the selected model generalizes 
well to unseen data and by using the MAPE as the evaluation 
metric. The XGB code was implemented in a Python/Spyder 
3.11 environment considering pandas, numpy, sklearn, and 
xgboost libraries on the same workstation.

As concerns the DNN model, a feedforward architecture 
was employed. The network consists of an input layer with 
dimension 3, the same as the number of features (N, f, W), 
four hidden layers, and an output layer. Each hidden layer 
is based on the rectified linear unit (ReLU) in a 128, 64, 
32, and 16 neurons configuration and with a dropout asso-
ciated with a rate of 0.2. The output layer is defined as a 
single neuron with a linear activation function to generate 
continuous-valued predictions. The DNN model was trained 
with a learning rate of 0.0001, by employing the adaptive 
moment estimation (Adam) optimizer, and with a loss func-
tion based on the MAPE. A batch size of 32 was chosen 
to balance computational efficiency and training stability, 
and the network was trained for 30,000 epochs to ensure 
convergence. To validate the model’s robustness, a 5-fold 
cross-validation strategy was adopted. As also carried out 
for the XGB model, features and target variables were 

normalized using Min–Max scaling, ensuring that all val-
ues ranged between [0,1], thereby preventing scale-related 
biases during training. Similarly, the MAPE was computed 
at each epoch, and for both training and validation sets for 
the k = 5 cross-validation process, allowing for the reliable 
and robust training of the DNN model. The DNN code was 
implemented in a Python/Spyder 3.11 environment consid-
ering pandas, numpy, sklearn, and keras libraries on the 
same workstation.

Summarizing, the ME and ML models’ parameter opti-
mization times are equal to XGB: 4781 s, DNN: 659 s, DE: 
4462 s, and CMA-ES: 1515 s, respectively, when run on a 
workstation with a 13th Gen Intel(R) i5-13500 (2.50 GHz) 
CPU and 64 GB of RAM. No parallel CPU-GPU computing 
was employed.

2.6 � GMM test data generation

Considering the small size of the database employed in this 
research (Table 3), no experimental cases were removed 
beforehand and employed as test data. However, to provide 
an additional layer of validation while employing all the 
experimental results for the training of ME and ML models, 
synthetic data points were generated through the Gaussian 
mixture model (GMM) [45–47]. GMM synthetic data are 
distinct points generated within the experimental feature 
domain considering the Gaussian distributions of the exper-
imental dataset (Table 3) and are used only for interpola-
tion test purposes, not for extrapolation. Being independent 
points but belonging to the same features distribution, the 
GMM-generated data allow investigating the interpolation 
performance of ME-optimized regression functions and 
ML models within the feature latent space and without 
the need to create a separate test dataset. The GMM is a 
powerful technique that has been successfully employed in 
previous research by the authors for the generation of addi-
tional data points for intermediate validation in sheet metal 
forming [45] and database balancing in the presence of few 
independent cases and large number of features and target 
variables in biomechanical analysis scenarios [47]. Unlike 
bootstrapping or random resampling, the GMM approach 
preserves the multivariate correlations between features, 
ensuring that synthetic points realistically reflect the joint 
distribution of the process parameters within their original 
latent space [50, 51].

When employing GMM, the implicit assumption is that 
the original dataset, namely the independent cases within 
it, can be modeled by a combination, or mixture, of Gauss-
ian distributions, each one characterized by a mean � and a 
covariance Θ , as in Eq. (18).

(18)p(x) = G(x|�,Θ)
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When all the z-distributions are considered together, the 
probability of x given z is assigned by the coefficient πz and 
defined as in Eq. (19), based on marginal and conditional 
distributions as in Eq. (20).

In this research, the total number of Gaussian distribu-
tions (Z) was fixed to Z = 5, and the GMM model was trained 
considering the log-likelihood function through the expecta-
tion–maximization algorithm of Eq. (21).

The ten GMM-generated points are displayed in Fig. 4, 
together with the raw data of Table 3, and summarized in 
Table 4. Considering the three features employed in this 
research, two plots are relevant to the experimental and syn-
thetic data for TS and the other two for WR, respectively.

(19)

p(x, z) =
∑

z

p(z)p(x|z) =
Z∑

z=1

�zG
(
x|�z,Θ

)
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Z∑

z=1

�z = 1

(20)

Marginal → p(z) = ∫ p(z, x)dx;Conditional → p(x|z) =
p(x, z)

p(z)
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3 � Results

3.1 � FSP experimental results interpretation, 
statistical analysis, and modeling

3.1.1 � FSP experimental results interpretation

Considering the complexity of the interaction between 
the N, f, and W features and TS and WR target variables, 
as reported in Table 3, average features dependency plots 
were generated for TS and WR, as shown in Fig. 5. In 
all six subplots, the independent variable is taken directly 
from the experimental values, while the dependent vari-
able represents the mean response of the output (either 
TS or WR) at each level of the corresponding factor, aver-
aged across all combinations of the remaining variables. 
In other words, taking for instance in Fig. 5a, the plotted 
point for N = 1200 rpm corresponds to the mean TS meas-
ured in all experiments where N = 1200 rpm considering 
all combinations of f and W at that level of N.

The interpretation of the results presented in Fig. 5 is 
grounded on the established process-structure–property 
relationships in the FSP process and the strong influence of 
process parameters and reinforcement on microstructure, 

Fig. 4   Two-dimensional (2D) distributions for experimental data (Table 3) and GMM-generated synthetic data, the latter employed to test the 
prediction performance of the trained ML and ME models
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which in turn govern the observed mechanical (TS) and 
tribological (WR) properties [3, 19].

In Fig. 5a, the tensile strength (TS) follows a nonlin-
ear trend with tool rotation speed (N), the latter governing 
the heat generation due to the friction interaction between 
the tool, the reinforcement particles, and the base material 
workpiece [19, 52]. Specifically, TS increases from 800 to 
1200 rpm but begins to decrease at 1600 rpm, forming a 
quadratic behavior. This behavior is a classic example of 

process–structure–property relationship in the FSP of MMC 
where moderate N (1200 rpm) allows achieving sufficient 
plastic flow and dynamic recrystallization, resulting in finer 
grain size and uniform particles dispersion. On the other 
hand, at higher N (1600 rpm), excessive heat leads to coarser 
grain and Al₂O₃ particles’ clustering or ejection from the 
stirring area, degrading both the reinforcement and its effec-
tiveness, thus ultimately leading to a reduction of TS.

These results suggest that moderate rotation speeds opti-
mize heat generation and plastic flow, while excessively high 
speeds lead to thermal softening and structural degradation 
[52]. Up to 1200 rpm, friction and plastic deformation are 
the main contributing factors, promoting uniform particle 
adhesion with the base material, thereby improving strength 
[53]. However, when the tool’s rotational speed increases 
beyond 1200 rpm and reaches 1600 rpm, the centrifugal 
forces become predominant, leading to a decrease in the 
effectiveness of the reinforcement and in terms of the result-
ing tensile strength [14].

On the other hand, TS also shows a strong reduction 
for increase (f) (Fig. 5b), a fact caused by the reduction in 
the contact time between the tool and the workpiece, lead-
ing to insufficient plastic deformation and poorer Al2O3 
dispersion, both negatively influencing factors for TS. In 
the FSP process, f controls the heat generation due to the 
friction interaction between the tool and the workpiece, 

Table 4   GMM-generated data points for the interpolation perfor-
mance evaluation of ME-optimized regression functions and ML 
models

# N
(rpm)

f (mm/min) W
(g)

TS (MPa) WR·10−3 
(mm3/m)

1 1504 44 0.0 374 7.9
2 867 48 0.3 395 7.1
3 1547 48 0.1 362 7.7
4 1480 59 0.2 315 8.0
5 1215 82 0.1 195 9.8
6 876 40 0.2 232 8.3
7 1334 68 0.5 313 7.1
8 1519 51 0.3 338 7.4
9 1223 83 0.6 309 7.4
10 1226 39 0.6 337 7.7

Fig. 5   Effect of the FSP process 
parameters, in terms of tool’s 
rotational speed, feeding speed, 
and Al2O3 reinforcement weight 
on the tensile strength (TS) (a), 
(b), (c) and wear rate (WR), (d), 
(e) (f)
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the reinforcement adhesion with the base material, and the 
process time [11]. A high feed rate reduces heat genera-
tion, with a consequent reduction in the plastic deformation 
and thus limiting the ability of the Al₂O₃ to adhere with the 
base material. Besides, from the microstructural point of 
view, a high f results in larger grain size with less uniformity 
throughout the whole workpiece, with the secondary effect 
of weak matrix-particles interface strength, thus in lower TS 
[18]. In such conditions, the dominant effect resembles more 
ploughing through the reinforcement rather than stirring, a 
fact that leads to the poor dispersal of Al2O3 particles in the 
stirred zone, reducing TS, as shown in Fig. 5b.

In contrast, TS increases almost linearly with the Al₂O₃ 
weight fraction (W) (Fig. 5c). A higher number of particles 
helps mitigate the negative effect of a high f on TS, allowing 
for more particles to adhere to the base material. In addition 
to that, a higher W also results in a finer and more uniform 
dispersion, creating more sites for the nucleation of dynamic 
recrystallization, helping in the refinement of the matrix 
grain size and providing more obstacles in the movement 
of dislocations [7, 39]. All these effects collectively help in 
improving the effectiveness of the Al₂O₃, ultimately improv-
ing TS, as shown in Fig. 5c.

Similarly to the consideration drawn for TS, the wear rate 
(WR) decreases with tool rotation speed (N) up to 1600 rpm 
(Fig. 5d), indicating that although a higher rotational speed 
for the tool increases the amount of ejected particles outside 
of the stirring zone, this issue does not affect the outer layers 
of the MMC, thus the decrease in WR, but mostly affects 
the depth of the particles penetration within the base mate-
rial, hence the reduction in TS shown in Fig. 5a. Although 
excessive W may cause agglomeration or the clustering of 
particles, leading to degradation [8, 19], in the W range 
employed in the current study, the TS(W) correlation shows 
a monotonically growing trend, highlighting no issues of 
excessive particles agglomerations.

Considering now the results presented in Fig. 5b and 
e, higher feed rates result in a reduction of TS and an 
increase and plateau for WR. For higher f, lower heat 
generation, higher cooling, and the dominance of plough-
ing through the reinforcement rather than stirring result 
in a generalized reduction of the particles’ effectiveness 
for both TS and WR [9, 16]. From the microstructural 
standpoint, higher f leads to larger and elongated grains 
and particles clustering, leaving exposed parts of the base 
materials, with a resulting lower wear resistance. In this 
regard, the negative effect of higher f is more pronounced 
on TS with a clear quadratic behavior from 40 to 80 mm/
min (Fig. 5b), than on WR, the latter showing an asymp-
totic behavior from 60 mm/min.

Interestingly, WR exhibits a strong parabolic rela-
tionship with Al₂O₃ weight (W) (Fig. 5f) rather than a 
continuous decrease. The wear rate is almost unaffected 

by the addition of 0.3 g of Al₂O₃ particles, but doubling 
this amount results in a drop from approximately 8 to 7.4 
mm3/m, showing the positive effect of adding more rein-
forcement. In other words, the identification of the mini-
mum reinforcement amount is critical to achieve a uniform 
protective layer on the top of the base material. In this 
regard, it ought to be pointed out that the drop in WR is 
higher for the case of higher values of N rather than higher 
W (Fig. 5d vs. f), meaning that the FSP process parameters 
have a higher influence in controlling the WR than W, as 
also shown in similar literature studies [4, 14]. On the 
other hand, for TS, the effect of W is higher than that of N 
(Fig. 5c vs. a), meaning that the amount of reinforcement 
has a stronger influence on the mechanical response [5].

Among the experimental conditions considered in this 
work, as reported in Table 3, the highest TS of 396 MPa 
and the lowest WR of 7.3 × 10−3 mm3/m were achieved 
with N = 1200 rpm, f = 40 mm/min, and W = 0.3 g (sample 
#11). Both these results supersede the TS values for the 
AA1100 base material, TS = 197 MPa, as well as the unre-
inforced FSP, TS = 294 MPa. Moreover, these results are 
consistent with other literature studies where the optimal 
process conditions for the FSP are obtained at moderate 
tool rotation speeds and lower feed rates, conditions that 
maximize plastic flow and promote homogeneous parti-
cle distribution [14, 26]. Conversely, the worst combina-
tion of process parameters, leading to the lowest TS of 
196 MPa and a WR of 9.7 × 10−3 mm3/m, was observed for 
N = 800 rpm, f = 80 mm/min, and W = 0 g. In this scenario, 
the lack of reinforcement and the relatively high feed rate 
led to mechanical properties that are indistinguishable 
from the unprocessed base material, as similarly reported 
in the studies of Thangarasu et al. [13] and Devaraju et al. 
[14].

Overall, although scanning electron microscopy (SEM) 
analysis was not carried out in this research, the trends 
observed in Fig. 5 are fully consistent with the current 
knowledge related to the FSP. Tool rotation and feed rate 
mainly influence the thermal profile and the stirring effi-
ciency, which in turn are related to grain size, particle dis-
tribution, and the matrix-reinforcement interface quality 
[4, 11]. In addition to that, although the amount of rein-
forcement plays an important role, minimum and maximum 
thresholds should not be exceeded to avoid either poor par-
ticle distribution or agglomeration, both resulting in poor 
MMC performance [3].

3.1.2 � ANOVA analysis and TS‑WR modeling

The ANOVA analysis was carried out in the Python/Spyder 
3.11 environment on the experimental database of Table 3 
together with the regression function form of Eq. (1) and 
by considering separately TS and WR and target variables. 
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The results are reported in Table 5 and hereafter commented 
upon.

For TS, the percentage contributions of tool rotation 
speed (N), feed rate (f), and Al₂O₃ weight (W) were found to 
be 19.07%, 1.29%, and 0.71%, respectively. This suggests 
that tool rotation speed (N) has the highest effect on TS, 
whereas the feed rate (f) and Al2O3 weight (W) contribute 
minimally. Additionally, the quadratic term of tool rotation 
speed (N2) accounts for 16.51% of the variance, further con-
firming its strong nonlinear influence on TS.

This indicates that the relationship between TS and tool 
rotation speed (N) is more than linear with complex effects 
on TS. In addition, a high residual is associated with TS, 
suggesting that a significant portion of the variability is not 
captured by the selected regression model, summarized 
in Eq. (22), based on the polynomial form of Eq. (1). The 

second-order polynomial regression of Eq. (22) is associated 
with a root mean square (RMS) percentage error of 8.72% 
and an interpolation accuracy (R2) of 74.7%.

Both high residual and relatively low interpolation perfor-
mance, in terms of RMS and R2, can be caused by a combi-
nation of factors, among which measurement uncertainties 
and the presence of more than quadratic effects, not included 
in (1). These considerations are aligned with other litera-
ture observations highlighting the need for more complex 
or higher-order models to grasp the complex features-target 
variable interactions [14]. Though the inclusion of higher-
order terms might have a positive, yet fictitious, effect on 
regression accuracy, the optimization of the regression equa-
tion form, rather than its coefficients, is out of the scope of 
this research since the objective is to optimize the equation 
coefficients through ME modeling.

(22)TS[MPa] = 268.23 + 229.449N − 136.568f + 13.829W − 172.649N2+

+29.318f 2 + 47.775W2 − 12.5N ⋅ f + 4.5N ⋅W + 70.606f ⋅W

As concerns the ANOVA results for WR (Table 5), the 
percentage contributions of tool rotation speed (N), feed 
rate (f), and Al2O3 weight (W) were found to be 18.55%, 
5.82%, and 0.93%, respectively. This suggests that tool rota-
tion speed (N) remains the dominant factor influencing WR, 
whereas feed rate (f) has a moderate effect, and Al2O3 weight 
(W) plays a minimal role. In addition, the influence of the 
quadratic terms is strong, especially for N·W and f·W, cal-
culated at 16.8% and 22.5%, respectively. In particular, the 
interaction between feed rate and Al2O3 weight (f·W) sug-
gests that the combined effect of feed rate and reinforcement 
content has a more significant influence than either factor 
individually. The empirical model for the prediction of WR 
is reported in Eq. (23) and is associated with an RMS per-
centage error equal to 1.65% and an interpolation accuracy 
(R2) of 92.7%.

The combined considerations of the ANOVA analysis for 
TS and WR indicate that N is the dominant factor in control-
ling the behavior of both target variables, and especially TS, 
as also suggested in previous studies [14, 26]. In a similar 
way, the effect of the Al2O3 weight (W) on TS is also con-
sistent with the established literature of the FSP, where the 
effect of increasing W showed less influence than changes 
in the process parameters [13]. For WR, the significance of 
the interaction term (f·W) suggests that maximizing wear 
resistance requires a combined optimization of both process 
parameters and reinforcement content to obtain a uniform 
distribution of hard particles capable of minimizing the sur-
face wear through an effective protective layer [26].

(23)

WR[
mm3

m
10−3] = 8.36 − 3.812N + 2.5749f + 0.802W + 2.413N2+

−1.185f 2 − 1.502W2 − 0.5N ⋅ f + 1.5N ⋅W − 1.678f ⋅W

Table 5   ANOVA results for TS 
and WR target variables

ANOVA results for TS ANOVA results for WR

Feature Adj
SS

% Contr F-value P-value Adj
SS

% Contr F-value P-value

N 6479.9 19.1 3.5980 0.0871 1.2 18.6 19.3067 0.0013
f 439.4 1.3 0.2440 0.6320 0.4 5.8 6.0599 0.0336
W 243.0 0.7 0.1349 0.7211 0.1 0.9 0.9671 0.3486
N2 5610.0 16.5 3.1150 0.1000 1.1 16.3 16.9966 0.0021
F2 109.9 0.3 0.0610 0.8098 0.2 2.7 22.7912 0.1257
W2 335.0 1.0 0.1860 0.6754 0.3 4.9 5.1380 0.0468
N·f 78.1 0.2 0.0434 0.8392 0.1 1.9 1.9398 0.1939
N·W 10.1 0.0 0.0056 0.9417 1.1 16.8 17.4578 0.0019
f·W 2667.8 7.9 1.4813 0.2515 1.5 22.5 23.3994 0.0007
Residual 18009.8 53.0 - - 0.6 9.6 - -
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As a final remark, the results of the preliminary investi-
gations relevant to the AIC (Akaike information criterion) 
and BIC (Bayesian information criterion) analyses from the 
first- to fourth-order polynomial regressions for both TS and 
WR, as well as the percentage errors for second- and third-
order polynomial regressions for the 20 points in Table 3, 
are reported in the Appendix of the paper.

3.2 � Regression coefficients optimization by ME 
models and TS‑WR modeling

Considering the regression function presented in Section 3.1, 
this section aims to provide the results of the application of 
the ME models in the optimization of the θ coefficients for 
Eqs. (22) and (23) and the relevant deviations with respect 
to the true values reported in Table 3. The results, sum-
marized in Fig. 6, offer a clear and exhaustive overview of 
pro et contra related to the ME-based optimization, as well 
as strengths and weaknesses of the ANOVA-based second-
order regression functions of (22) and (23).

First, in Fig. 6, the error spikes for three instances were 
left out of the plot, and the relevant percentage errors are 
reported separately to provide a more focused view of the 
majority of the results. In addition, the average percentage 
errors are reported at the top of the relevant bars on the far 
right of both charts to provide a more direct comparison 
of the three models’ performance. Considering both charts 
together, the difference in magnitude for the percentage 
errors related to TS, to WR, is related to the difference in 
residuals as shown from the ANOVA analysis of Section 3.1, 
specifically in Table 5. In this regard, WR is well represented 

by Eq. (1) with a residual lower than 10%, while TS has 
a residual higher than 50%, meaning that part of the rela-
tionship between this target variable and the three selected 
features is most likely of an order higher than the second. In 
addition to that, concerning TS, both the base regression and 
the ME-optimized models show high deviations for a lim-
ited number of cases, while generally the latter have lower 
deviations overall.

Considering the results in Fig. 6a, for the DE-optimized 
model, apart from two error spikes with errors greater than 
30%, and one at approximately 22%, the remaining devia-
tions are well below 10%, with an average of 5.6%. In con-
trast, the average deviations for the CMA-ES model are 
28.5% higher, with an average error of 7.2%, while those 
for the basic regression function are 55.3% higher and asso-
ciated with an average percentage error of 8.7%. In Fig. 6a, 
the high deviations are clustered between cases #9 and #13, 
which include the minimum and maximum values for TS, 
namely #9 at 196 MPa and #11 at 396 MPa, respectively. 
In this regard, the DE-optimized regression function pre-
dicts remarkably better than the base regression and CMA-
ES-optimized model for both cases #9 and #11 alike, a fact 
which is also confirmed for the case of WR (Fig. 6b).

As concerns the average percentage errors for WR, a 
similar trend as that highlighted for TS is identified, with 
the regression function based on the DE-optimized θ coef-
ficients having the best performance. It is worth noting that 
for WR all three sets of coefficients lead to one case with a 
high percentage error of around 8%, but the lower deviations 
granted by the DE-optimized coefficients allow for the aver-
age error to be limited to 1.1%, similar to the 1.2% for the 

Fig. 6   Comparison among base 
regression, DE-optimized, and 
CMA-ES-optimized coefficients 
for a TS and b WR
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CMA-ES, but 54.5% lower than that of the base regression 
coefficients, and equal to 1.7%.

From a global perspective, as concerns the ME-optimized 
coefficients for the second-order regression function of Eqs. 
(22) and (23), the DE-optimized regression function showed 
to be consistent for both TS and WR, with the lowest aver-
age percentage errors as well as mostly stable and lower 
deviations across all 20 cases. Besides, the performance of 
the CMA-ES-optimized coefficients shows a strong improve-
ment to the coefficients resulting from the ANOVA analysis 
as well, confirming the effectiveness of the applied method-
ology, regardless of the considered formulation.

The results presented in this section align well with recent 
literature on data-driven process optimization where ME 
approaches, though not yet extensively employed for FSP 
modeling, are increasingly recognized for their capacity to 
improve parameter selection and surrogate model fidelity, 
especially when dealing with nonlinear and complex struc-
ture–property relationships. As reviewed by Rajwar et al. 
[54], DE and CMA-ES algorithms have been successfully 
applied in a wide range of engineering optimization prob-
lems due to their ability to avoid local minima and identify 
global solutions, as well as enhance the performance of sur-
rogate models and supervised learning frameworks [55, 56]. 
While direct applications of DE or CMA-ES to FSP param-
eter optimization remain an open research area, the positive 
effect shown in optimizing the coefficients of Eqs. (22) and 
(23) is consistent with literature findings showing the capa-
bility of both formulations in avoiding local minima and 
providing robust solutions also for small dataset scenarios.

3.3 � TS‑WR modeling by XGB and DNN ML models

The application of the supervised XGB and DNN ML 
models, as presented in this section, provides an alterna-
tive approach to the ME-optimized regressions discussed in 
Section 3.2. The optimized hyperparameters for the XGB, 
as resulting from the GridSearch analysis presented in Sec-
tion 2.5, are reported in this section, and having considered a 
single-variable regression model, different hyperparameters 
are obtained for TS and WR models. For TS, the best hyper-
parameters are n_estimators: 100, max_depth: 3, learning_
rate: 0.2, subsample: 1.0, colsample_bytree: 0.7, gamma: 
0, alpha: 1.0, and lambda': 0.1, while for WR: n_estima-
tors: 50, max_depth: 3, learning_rate: 0.2, subsample: 1.0, 
colsample_bytree: 1.0, gamma: 0, alpha: 0, and lambda': 
0, respectively. The detailed MAPE results relevant to the 
training and k = 5 cross-validation are reported in Fig. 7a–d.

From a general perspective, both XGB (Fig. 7a, b) and 
DNN (Fig. 7c, d) models show good training and fairly good 
validation performance, with the former exhibiting particu-
larly low training error but higher variance across cross-val-
idation folds, close to 15%. In this regard, high variability in 

the validation deviations and consistently higher magnitude 
in comparison to the training score highlight an overfitting 
risk scenario, a well-known challenge in tree-based ensem-
ble methods when applied to small datasets [32, 36, 44]. 
Although the XGB model has a better tradeoff between vari-
ance and bias than other ensemble algorithms [44], it is still 
susceptible to overfitting in the case of small-scale databases, 
as the one employed in this research. In contrast, the DNN 
model produced more balanced and consistent errors across 
folds, particularly for WR, reflecting the robustness of deep 
learning architectures [33]. This behavior is consistent with 
literature results showing the better adaptability of the DNN 
to ensemble methods, such as XGB, when it comes to com-
plex and nonlinear relationships between input features and 
target variables, especially for the case of small datasets [33, 
45]. Nevertheless, DNN accuracy is still subordinate to proper 
regularization and prevention of divergent behaviors during 
the training, a fact which must be either prevented by early 
stop or verified by MAPE of MAE vs. epoch trends analysis. 
In summary, considering the training and validation MAPE 
across all five folds (Fig. 7a to d), the XGB model shows bet-
ter performance for TS, though the different deviations across 
the validation folds suggest overfitting, whereas the DNN is 
more balanced for both TS and WR, with better performance 
than the XGB model for the latter target variable.

Considering the results presented in Fig. 7a–d, and in light 
of the small size of the database employed in this research, the 
good agreement among train and validation MAPE, for both 
TS and WR modeling, allowed concluding that no outliers are 
present among the 20 experimental cases reported in Table 3. 
This is consistent with similar literature scenarios where the 
careful designing of the experimental cases allowed minimiz-
ing, or avoiding completely, the presence of outliers in the 
training dataset [57]. Moreover, concerning the DNN model, 
the MAPE at the end of the training process, concluding at 
30,000 epochs, sees fairly uniform values for both TS and 
WR, although the latter is more precise (Fig. 7e and f). This 
fact is well correlated with the training and validation MAPE 
reported in Fig. 7c and d, which shows that the DNN model 
for WR is consistently more accurate than that of TS, though 
both stably converge to similar error magnitudes at the end of 
the learning process.

In addition, a similar comparison to that carried out for 
the ME models is proposed in this section. To this end, 
the results presented in Fig. 8 are related to the best out 
of the 5 models resulting from the k-fold cross-validation 
process, applied for the prediction of all 20 cases, and 
relevant to both XGB and DNN. This approach ensures 
a fair benchmark with the ME models, which were both 
trained and validated on the full experimental set. Such 
a comparison is critical to isolate the effect of modeling 
strategy under the same data constraints, a known chal-
lenge in small-scale manufacturing datasets [45].
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First, it is evident that the magnitudes of the deviations 
for the ML models are globally lower than those of the 
ME-optimized regression functions counterparts, as vis-
ible by comparing Fig. 6 with Fig. 8. Besides, also for the 
ML models, the maximum MAPE for TS modeling is still 
localized between cases #7 and #11, similarly to Fig. 6a, but 
is approximately half the magnitude, ~ 20.9% for the DNN 
model in case #11, which also represents the maximum per-
centage error for TS. This fact indicates that the DNN model 
can interpolate more robustly even in regions of high output 
variability, as demonstrated in the literature where neural 
models have shown enhanced performance for nonlinear and 
multivariate process-property relationships [33, 45].

The deviations for the XGB model are similar to those of 
the DNN, but with an average value of approximately half 
the magnitude, 6.2% for DNN and 2.9% for XGB. Although 
counterintuitive, the slight overfitting issue mentioned before 

for the XGB model, visible from the difference between train 
and validation test scores in Fig. 7a and b, plays a pivotal 
role in reducing the deviations on the training dataset points, 
thus resulting in a lower average MAPE than DNN, but at 
the expense of generalization [44, 57], as it will be proven in 
Sect. 3.4. In addition to the overfitting issue, the XGB model 
still generates error spikes (nearly 29%) for WR in case #7, 
revealing a degree of instability for poorly represented and 
under-constrained regions of the latent space [31, 33].

From the analysis of the performance on the training 
dataset points between ME-optimized regression functions 
reported in Section 3.2 and ML models, the latter presented 
in this section, a few considerations can be drawn. First, 
from a general overview, the ML formulations seem to have 
lower average MAPE and also less tendency to sudden error 
spikes, which are more common for ME-optimized regres-
sion functions.

Fig. 7   Training and validation for the 5-fold cross-validation for a XGB (TS), b XGB (WR), c DNN (TS), and d DNN (WR) machine learning 
models. MAPE vs. epoch for e TS prediction and f WR prediction for the 5-fold cross-validation process of the DNN model
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In this regard, and concerning the TS modeling (Fig. 6a vs. 
Figure 8a), this superiority is most likely caused by the high 
residual of the base regression function for TS (Table 5), which 
inherently limits the potential improvement achievable by ME 
methods through coefficient optimization alone. Although the 
consideration of a third-order base regression model would 
have resulted in better performance, it would have also resulted 
in overfitting on the training data point and almost negligible 
effect of the ME optimization, hindering even more generali-
zation and the interpolation performance within the features 
space. Conversely, the differences between ME-optimized 
regressions and ML models are less pronounced for the WR 
modeling (Fig. 6b vs. Figure 8b), and both approaches show 
error spikes in particular cases, reflecting the intrinsic difficul-
ties of modeling tribological outcomes in the presence of multi-
factorial effects [26, 33] and at the fringes of the features space.

Overall, the results presented in Sections 3.2 and 3.3 are 
aligned with the consensus that ML solutions show better 
adaptability in case of small-scale databases or complex 
manufacturing engineering datasets [33] and higher sensi-
tivity of ME models to problem dimensionality [54]. Never-
theless, both classes of models are still susceptible to local 
error spikes due to data sparsity resulting in insufficient con-
straints during the training process.

3.4 � ME‑optimized and ML performance 
on GMM‑generated cases

As summarized so far, both ME and ML models showed 
points of strength as well as limitations when tested on the 
20 experimental cases employed for their training. However, 

the issue of prediction capabilities on new data is crucial in 
every engineering environment where the trained model is 
employed on an unseen combination of features to predict 
the relevant target variables. To this end, a GMM-generated 
synthetic dataset was defined, as described in Section 2.6, 
and employed to test both ME-optimized regression func-
tions and ML models on unseen data, though belonging to 
the same distribution of probability of the experimental data.

To this end, the 20 experimental cases and the 10 GMM 
synthetic test data points are reported in Fig. 9 and Fig. 10, 
together with the contour plot of the MAPE error, with 
all minimum values set to zero and the maximum values 
according to each case. The results for the ME-optimized 
regressions and ML models for TS are reported in Fig. 9, 
whereas those for WR are in Fig. 10, respectively, and refer 
only to f and N features, both applicable in the presence or 
absence of reinforcement.

First, in light of the results of Fig. 9, and comparing 
the maximum MAPE as set in the four scales on the right 
of the contour plots, the DNN model allows for the lowest 
MAPE, followed by the CMA-ES-optimized regression 
function. The DE-optimized results (Fig. 9c) show almost 
a two times higher maximum MAPE for high feeding 
speed values and in the proximity of both experimental 
and synthetic data. Although both DNN and CMA-ES-
optimized formulations showed higher errors when com-
pared to the other modeling alternatives in their respective 
categories, as shown in Sections 3.2 and 3.3, when applied 
to new data, they show better prediction performance, 
meaning that their training is less overfitted on the data 
themselves and more capable of representing the features’ 

Fig. 8   Comparison between 
XGB and DNN models for the 
prediction of a TS and b WR
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distribution and interpolating effectively within the latent 
space. These results are in good agreement with the con-
sensus reported in recent literature showing that evolution-
ary strategies, such as CMA-ES, and neural networks, such 
as DNN, generalize better within the interpolative domain 
when trained on small or imbalanced datasets [33, 54]. 
Specifically, for DNN, regularizations help in modeling 
non-linear features interactions, typical of FSP and man-
ufacturing engineering in general [33, 45]. As concerns 
CMA-ES, its population-based search is less likely to get 
trapped in narrow, local optima defined by the available 
points, thus promoting more robust solutions over unseen, 
yet plausible, input combinations [54, 55].

In addition to that, by comparing Fig. 9a with b, as well as 
Fig. 9c with d, the areas of the latent space where the MAPE 
distributions are remarkably similar, although with different 
magnitudes. This fact suggests that although the modeling 
approach differs, machine learning models tend to have limi-
tations in similar sub-regions of the latent space, and the 

same applies also to the ME-optimization of a base regres-
sion function. In this regard, both XGB and DNN models 
have a fairly low MAPE on both experimental and synthetic 
data for high values of the feeding speed (f) and across the 
whole rotational speed (N) range, while they struggle for low 
values of f combined with high values of N. These limita-
tions are inherent to the problem at hand, and specifically to 
the size of the employed database, rather than being related 
to specific features of the ME or ML models and have been 
observed also in other manufacturing process modeling deal-
ing with scarce datasets [45, 56].

In terms of ME-optimized regression functions, the 
CMA-ES-optimized solution (Fig. 9d) shows good pre-
dictions within the features’ boundary but struggles on its 
boundaries, a fact which is shared by almost all modeling 
techniques, ME and ML included. It is interesting to point 
out that the DE-optimized regression function (Fig. 9c) 
shows similar issues on the top boundary of the features 
space, though the magnitude is more than two times that of 

Fig. 9   Contour plots for the MAPE errors for experimental and GMM synthetic data for a XGB (TS), b DNN (TS), c DE (TS), and d CMA-ES 
(TS)
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Fig. 9d, suggesting lower adaptability towards the fringes 
of the dataset, thus also implying limitations in extrapola-
tion tasks. As concerns WR modeling (Fig. 10), the differ-
ences in MAPE magnitude are more subtle but still show 
the DNN model to have the lowest maximum deviation. In 
this regard, the high deviations for both TS and WR for the 
DNN model are located in similar sub-regions of the fea-
tures space, specifically for low f and at the extremes of the 
N range, meaning that regardless of the target variable, the 
model is stable and robust across different target variables 
for the same features’ distribution.

Globally speaking, when the ME-optimized solutions 
and the ML models are compared with one another only on 
experimental data, for the former, the DE solution regression 
function showed better performance than the CMA-ES ones. 
Similarly, the XGB model also resulted in lower deviations 
than the DNN, especially for the TS target variable. However, 
when new data are considered, though belonging to the same 

features’ distribution of probability, the instability of those 
two solutions is evident from localized error spikes, especially 
at the domain boundary. On the other hand, the DNN model 
allows for better interpolation performance on unseen data 
within the features’ domain, though unavoidable limitations 
persist at its boundary, with an expected further increase in the 
MAPE if extrapolation tasks were to be attempted.

In summary, the results presented in this section, together 
with those in Sections 3.2 and 3.3, suggest that, while ME-
optimized regressions and tree-based ML (XGB) models 
may show high performance on training data, they have a 
limited generalizability within the FSP features space, espe-
cially in low data points regions [55, 56]. Conversely, DNNs, 
and to some extent CMA-ES, are more capable of better 
mapping the interpolation space between experimental data 
points, although none of the tested approaches is immune 
to error spikes at or beyond the convex hull of the training 
set [33, 54, 57].

Fig. 10   Contour plots for the MAPE errors for experimental and GMM synthetic data for a XGB (WR), b DNN (WR), c DE (WR), and d CMA-
ES (WR)
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4 � Discussion

The results presented in the previous chapter offered an over-
view of the differences, and similarities, between ME-opti-
mized polynomial regressions and ML model solutions’ on 
both the experimental FSP database points as well as on the 
GMM-generated synthetic data. To provide a better insight 
into the relevant implications, this section aims to discuss fur-
ther the results, focusing on the modeling techniques them-
selves and their integration with the FSP process. In addition 
to that, the limitations of the current study and possible future 
improvements are presented as well to provide a comprehen-
sive summary and expected outlooks for this research.

The first critical aspect, also mentioned in Section 3, is rep-
resented by the need for an equation discovery phase for ME-
formulations. Indeed, as shown in Fig. 6, the optimization of 
the θ coefficients resulted in an improvement in the MAPE, but 
error spikes beyond 30% are present across all formulations for 
TS. This fact highlights the most critical downside of polyno-
mial equations, regardless of whether they are directly derived 
from the ANOVA or further optimized. Though the form of 
Eq. (1) is well-suited to model WR, for the case of TS, the high 
residual (Table 5) demonstrates that a second-order polynomial 
function is not enough to model the relationship between fea-
tures and the TS target variable. A higher polynomial function 
might be helpful in limiting the residual, but, at the same time, 
the inclusion of a higher number of terms will inevitably affect 
the ME-optimization, as well as increase the risk of including 
low-importance terms. A high number of terms in a regression 
function, though relatable with a fictitious high correlation and 
low MAPE, might also be indicative of overfitting on the train-
ing points, with a consequent low interpolation capability, and 
even lower extrapolation capabilities [58]. This phenomenon 
has been widely reported in literature contributions analyzing 
regression modeling for manufacturing processes, where over-
parameterization can lead to deceptively high accuracy (low 
MAPE, high R2) on the data points with poor interpolation 
performance within the features space [33, 54, 58].

As concerns the choice of the base polynomial regres-
sion function of Eq. (1), it should be noted that the pri-
mary objective of this study was not to achieve a perfect 
fit on the 20 experimental points, but to provide a con-
sistent baseline for benchmarking ME and ML models in 
interpolation tasks. Allowing the polynomial model to fit 
perfectly would undermine this goal and introduce bias 
into the model comparison. Id est, comparing third-order 
polynomial functions for TS and WR with the results of 
XGB and DNN models, would create an unfair advantage 
toward the former, also considering the need for cross-
validation of the latter. For all these reasons, a second-
order polynomial function was employed for the definition 
of the base regression models for TS and WR. Although 

not strictly related to the research question and results 
presented in this manuscript, the second- and third-order 
polynomial fitting for TS and WR, together with the rel-
evant R2 values, are reported in the Appendix.

The issue related to the choice between second- and 
third-order polynomial fitting discussed above is remark-
ably similar in its effect, though different in nature, to the 
overfitting issue relevant to the XGB model, as grasped 
from the training and cross-validation results presented 
in Fig. 7. As demonstrated in previous research [44], the 
XGB is a powerful supervised ML model, which can be 
adapted to single and multivariate regression tasks but 
is also highly sensitive to the size of the dataset and its 
information density. In the FSP database employed in this 
research, the low number of independent cases and the 
spacing between them make it complicated for an ensem-
ble (tree-based) formulation, such as the XGB model, to 
predict on points at the fringes of the latent space as well as 
to interpolate within it. This is shown in Fig. 9a, where the 
prediction on the GMM synthetic points, for low f values, 
represents the regions of the bi-dimensional (2D) features’ 
space where the XGB model has the highest deviations. 
On the other hand, although the DNN model shows similar 
weaknesses in similar regions of the features’ space, the 
transition of the MAPE is smoother, showing better predic-
tion capabilities in between experimental points and toward 
test points. This observation aligns with recent studies in 
advanced manufacturing, which report that tree-based 
ensemble methods, while powerful for high-dimensional 
problems, often struggle to generalize well in regions with 
sparse data [33, 44]. In a similar way, but for a completely 
different modeling technique, the DE-optimized regression 
function of Fig. 9c has abrupt changes in the MAPE error, 
which appear smoother for the CMA-ES-optimized func-
tion, as in Fig. 9d.

Concerning the ME optimization models, both DE and 
CMA-ES ME models were selected among a total of six for-
mulations including the Big Bang-Big Crunch (BBBC), Crow 
Search Algorithm (CSA), Ray Optimization Algorithm (ROA), 
and Particle Swarm Optimization (PSO) models. Though some 
improvements in comparison to the baseline regression func-
tions were observed, their performances were between one and 
two orders of magnitude lower than those granted by DE and 
CMA-ES formulations and, for this reason, were not included 
in this research. The superior performances of DE and CMA-
ES observed here are consistent with recent literature in pro-
cess optimization and surrogate modeling, which highlights 
the capability of these algorithms to effectively search complex 
solution spaces and avoid local minima even when experimen-
tal data are scarce or noisy [54, 55].

As concerns the ML formulations, though advanced 
and highly customizable, they still represent data-driven 
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modeling techniques, with no direct inclusion of any 
physics or prior knowledge related to the FSP process. 
Nevertheless, the DNN formulation showed to be capa-
ble of having reasonably low computational time asso-
ciated with robust training and cross-validation scores, 
as testified by the MAPE across the five folds (Fig. 7) 
and on both experimental and synthetic data (Fig. 9 and 
Fig. 10). In addition to that, the DNN formulation showed 
relatively low MAPE and a smoother transition between 
experimental and synthetic data points. These facts, com-
bined with the lowest training time of 659 s, suggest that 
if a purely data-driven approach is selected for the mod-
eling of the FSP process, the DNN algorithm offers the 
best compromise, especially in interpolation tasks within 
the training features’ domain on unseen data. This finding 
agrees with the recent literature showing that properly 
regularized and cross-validated DNNs can achieve high 
predictive accuracy in the modeling of complex manufac-
turing processes and under data-limited conditions [33, 
45]. As a final remark, also for the case of the ML mod-
els, other formulations, other than the one presented here, 
were tested but deemed not accurate enough for the mod-
eling scenario at hand and the small dataset considered. 
In this regard, the tested models included Random Forest, 
Gradient Boosting, Support Vector Machine regressor, 
and Multi-Layer Perceptron.

In addition to the consideration related to ME and ML 
models, as presented so far, the limited number of experi-
mental data points (20 cases) employed in this research may 
represent a limitation in the generalizability of the results 
presented in this work. On the other hand, since both ME 
and ML modeling approaches were tested under the same 
data scarcity conditions, their performance in such an 
extreme scenario could be compared fairly and effectively. 
On top of that, incomplete and scarce data scenarios reflect a 
typical constraint in manufacturing engineering, where cost, 
time, and resource constraints often limit dataset sizes, as 
discussed in [31, 33].

In this research, and regarding the size of the employed 
database, the issue of data scarcity was addressed by gen-
erating GMM synthetic data belonging to the same combi-
nation of Gaussian distributions as the experimental data 
(Table 3). Although GMM-generated samples have proven 
to be reliable and effective in representing the overall fea-
tures’ distribution within the latent space, they are not real 
independent cases; thus, they cannot be employed to enhance 
the information density of the training dataset, but only for 
test purposes. This intrinsic characteristic of synthetic data 
is widely recognized in the literature and shows that such 
data are effective for benchmarking and stress-testing model 
generalizability but cannot fully substitute for independent 
experimental validation [50, 51]. Indeed, the considera-
tion of more experimental points for training, validation, 

and especially test purposes would ultimately reduce even 
further the deviations of both ME-optimized regressions 
and ML models, although the general trend of the results 
would remain almost unaltered. On the other hand, such an 
approach is often impractical within the context of manu-
facturing engineering due to resource constraints and might 
be even inefficient if the training dataset must be prepared 
ad hoc [31].

In light of the results and considerations summarized 
so far, and considering the inferred complexity of the 
relationship between TS and the considered features, it 
is expected that the inclusion of physics-based govern-
ing equations or user-defined knowledge into the training 
scheme, in terms of Physics-Informed Neural Network 
(PINN) [33] or Gradient Enhanced-Expert Informed 
Neural Network (GE-EINN) [45], would have a positive 
effect on the prediction performance of the ML formula-
tions. Although the utilization of more complex formula-
tions, such as PINN and GE-EINN models, requires an 
equation discovery phase, the improvements in terms of 
interpolation and extrapolation performance have been 
already demonstrated for other manufacturing processes 
[33, 45], and it is expected to be advantageous also for 
FSP and FSVP modeling as well. On top of that, PINN 
or GE-EINN approaches can be combined with mitiga-
tion strategies such as bootstrapping, cross-validation, and 
synthetic data augmentation, as also partially carried out 
in this research, with the aim of identifying the best mod-
eling technique for the investigated manufacturing process 
and considering the available training dataset.

Summarizing, although further research is indeed neces-
sary to provide better guidance in the presence of limited 
raw data scenarios and complex interactions between fea-
tures and target variables, the modeling techniques, results, 
and considerations presented in this work, and relevant for 
the FSP process of AA1100 base material reinforced with 
Al2O3 particles, provide a framework to develop reasonably 
accurate yet affordable models adaptable to a large variety 
of manufacturing engineering scenarios.

5 � Conclusions

This study systematically benchmarked ME-optimized poly-
nomial regressions and supervised ML models for predicting 
tensile strength (TS) and wear resistance (WR) in friction 
stir processed AA1100-Al2O3 MMCs, using a small-scale 
experimental dataset and synthetic GMM-generated data 
points for test purposes. The key findings are as follows:

•	 Optimal FSP parameter combinations (N = 1200 rpm, 
f = 40 mm/min, W = 0.3 g) can achieve TS increases of 
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20.7% and minimize WR to 7.3 × 10−3 mm3/m, confirm-
ing previous literature trends.

•	 On experimental data, TS predictions see the ME-opti-
mized regression functions show an average MAPE of 
5.6% and 7.2% for DE- and CMA-ES-optimized regres-
sion functions, also associated with error spikes at 37.4% 
and 34.0%, respectively.

•	 Same concerning experimental datapoints, the ML for-
mulation grants a reduction in both average MAPE, to 
2.9% for the XGB and 6.2% for the DNN, also associ-
ated with lower error spikes, equal to 19.4% and 20.9%, 
respectively.

•	 Similar trends are also observed between the ME-opti-
mized regression functions and ML models for the WR 
target variable. In this regard, average MAPE for DE- 
and CMA-ES-optimized regressions is equal to 1.1% and 
1.2%, while for XGB and DNN, they are equal to 2.5% 
and 1.3%, respectively.

•	 However, on GMM-generated data, the DE-optimized 
regression and the XGB model show limited general-
izability within the features domain due to a combina-
tion of overfitting issues and high residuals for the base 
regression model, based on a second-order polynomial 
function.

•	 On the other hand, CMA-ES-optimized regression and 
DNN ML model show higher flexibility in interpolating 
within the experimental points, thus the lower MAPE on 
GMM test points.

•	 The limitations of this study include the small scale of the 
training dataset, based only on 20 experimental points, 
partially addressed by the consideration of synthetic sam-
ples for the benchmark of the interpolation performance 
within the latent space.

In conclusion, and with respect to the FSP process con-
sidered in this research, in the presence of small datasets, the 
DNN formulation showed to be the most effective and robust 
modeling technique to model TS and WR. In this regard, it is 
expected that similar considerations may arise when carrying 
out similar benchmarks and analyses in different manufactur-
ing processes, although the results trend and features to target 
variable relationships may change. To this end, as also high-
lighted previously, future work should explore hybrid strat-
egies, such as physics-informed neural networks or expert-
informed models, to further boost interpolation and especially 
extrapolation performance, enabling a better modeling of the 
FSP as well as other key manufacturing processes.

In summary, this work establishes a transparent and 
reproducible workflow for selecting and tuning predictive 
models in FSP/MMC applications under realistic, data-
limited conditions and provides clear quantitative bench-
marks to guide engineers and academicians in the choice 
of the best modeling strategy.

Appendix

Table 6 shows the results of the AIC (Akaike information 
criterion) and BIC (Bayesian information criterion) analy-
ses from first to fourth polynomial regressions. Table 7 
shows the percentage errors for the 20 cases of Table 3 for 
the case of employing second- and third-order regression 
functions for TS and WR.

Table 6   ANOVA results for TS and WR target variables

Metrics for TS (MPa)

Polynomial order R2 AIC BIC # coefficients

1 0.6056 152.97 156.96 4
2 0.7474 156.06 166.02 10
3 0.9987 70.70 90.62 20
4 0.9987 100.70 135.55 35
Metrics for WR (mm3/m)
Polynomial order R2 AIC BIC # coefficients
1 0.3884  − 18.28  − 14.29 4
2 0.9267  − 48.70  − 38.75 10
3 0.9528  − 37.50  − 17.59 20
4 0.9528  − 7.50 27.35 35

Table 7   ANOVA results for TS and WR target variables

Percentage error for TS (%) Percentage error for WR 
(%)

Case# Second order Third order Second order Third order

1 4.78 0.00E + 00 1.96 2.17E − 14
2 10.55 5.80E − 14 2.36 1.31E − 14
3 17.87 8.70E − 14 0.51 3.66E − 14
4 3.63 1.07E − 13 0.63 0.00E + 00
5 2.13 1.18E − 13 0.51 3.46E − 14
6 5.43 9.19E − 14 0.50 6.83E − 14
7 5.73 3.66E − 14 0.38 0.00E + 00
8 0.29 0.00E + 00 0.41 5.08E − 14
9 24.38 4.35E − 14 1.57 1.95E − 14
10 13.03 1.67E − 14 1.74 0.00E + 00
11 14.19 5.74E − 14 3.33 2.43E − 14
12 26.84 1.28E − 13 0.54 1.14E − 14
13 25.32 2.58E − 14 2.18 0.00E + 00
14 1.04 3.06E − 14 1.92 5.08E − 14
15 3.29 5.14E − 02 1.19 1.88E + 00
16 2.08 1.19E + 00 1.34 6.41E − 01
17 1.46 1.83E + 00 0.06 6.33E − 01
18 4.47 1.27E + 00 2.41 3.09E + 00
19 4.76 1.57E + 00 1.19 1.88E + 00
20 3.29 5.14E − 02 8.28 7.53E + 00
Avg 8.72 2.99E − 01 1.65 7.82E − 01
Std. dev 8.39 5.96E − 01 1.74 1.76E + 00
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