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Abstract

This paper concerns the optimization of the tribological properties of carbonitrided steel,
a matter of particular significance in the design of highly stressed, hardened mechanical
components. The study aims to explore the simultaneous treatment of microhardness,
normal load and number of passes as jointly optimized design variables for the multi-
pass scratch friction response of carbonitrided AISI 4130 steel. It employs a full-factorial
response-surface (RSM) approach, in conjunction with a desirability-function optimization
and an artificial neural network (ANN) model, with the objective of both explaining and
predicting this response. The microstructural and mechanical properties of carbonitrided
AISI 4130 steel were first examined by looking at how the steel wears in tribological
applications. The microstructure of the carbonitrided steel was analyzed using optical
microscopy and X-ray diffraction (XRD), with varying carbon-potential and tempering
parameters. As the tempering temperature increased, the carbonitrided steel demonstrated
a decrease in microhardness, consistent with progressive relief of quenching-induced
stresses and decomposition of retained austenite. The surface microhardness ranged from
630 HV0.1 (C12, tempered at 550 ◦C) to 980 HV0.1 (C2), against 270 HV0.1 for untreated
steel. To investigate the friction coefficient, a multi-pass scratching approach was employed,
utilizing a full-factorial design of experiments (4 × 4 × 4 combinations of hardness, normal
load and number of passes). The experimental data were analyzed by response surface
methodology (RSM) with a desirability-function approach, and by an artificial neural
network (ANN) trained with the standard back-propagation algorithm. The correlation
coefficient (R2) of 0.993 demonstrates a strong agreement between the model predictions
and the experimental results. The findings establish a validated, transferable quantitative
relationship between carbonitriding-induced hardness gradients and adhesive-wear friction
behavior, providing a predictive framework that can be extended to other case-hardened
low-alloy steels subjected to multi-pass sliding degradation.

Keywords: carbonitriding; scratch tests; friction coefficient; response surface; ANN

1. Introduction
The enhancement of mechanical strength in components manufactured using micro-

alloyed steels is predominantly attributable to the application of hardening treatments,
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which produce a resilient exterior layer situated on a malleable core [1–3]. Thermochem-
ical surface treatments are utilized extensively to mitigate surface degradation, with the
process involving the enrichment of the surface layer of components with elements such
as nitrogen or carbon, thereby enhancing their mechanical and tribological properties.
Among these processes, carbonitriding is distinguished by its ability to simultaneously
improve hardness, wear resistance, fatigue life and corrosion resistance while maintaining
the dimensional stability of components [2,4]. This explains why it has become one of
the most prevalent hardening treatments for small and medium components made of
low-alloy steel with low-to-modest mechanical characteristics [5]. The presence of retained
austenite and martensite in carbonitrided steel has been demonstrated to be contingent
on the carbonitriding conditions and the type of steel under investigation [6], and this
microstructural composition consequently enhances the fatigue and corrosion resistance of
the treated components [7].

The tribological performance of case-hardened steels is conventionally assessed using
pin-on-disc or reciprocating sliding tests. These tests provide reliable steady-state friction
and wear data, but generally require longer test durations, larger specimen volumes, and
do not readily capture the progressive evolution of friction with repeated, localized contact.
Single-pass scratch testing addresses some of these limitations but does not reproduce
the cumulative damage built-up experienced by components such as gear flanks or shaft-
bearing interfaces under repeated contact cycles. The multi-pass scratch test has therefore
recently been introduced as a cost-effective and rapid alternative, in which the friction
response is tracked as a function of cumulative sliding distance on a single, small specimen
under precisely controlled and repeatable normal load [8]. Multi-pass scratch testing has
previously been utilized to examine the friction behavior of deep-drawing-quality steel
sheets under repeated sliding contact. In this context, load and surface roughness have been
identified as the predominant factors governing the evolution of the friction coefficient with
the number of passes [8,9]. Furthermore, related single- or multi-pass friction studies on
tool steels and coated/textured surfaces have demonstrated a similar sensitivity of friction
evolution to surface hardness, contact pressure and surface finish [10–12]. However, to the
best of our knowledge, no study has directly evaluated and jointly optimized the influence
of the three parameters most relevant to carbonitrided components in service—hardness
(HV), normal load (FN) and number of passes (Np)—under adhesive wear conditions.

The steel AISI 4130 (25CrMo4) was selected as the material of interest for this study. It
is frequently utilized in the fabrication of gears and transmission shafts, and it is one of the
most used steels in combination with carbonitriding. It has been extensively documented
for its excellent hardening ability and favorable tribological behavior in the manufacture of
highly stressed mechanical components, such as gears, shafts and crankshafts. A significant
number of studies have investigated the enhancement of its properties through thermo-
chemical treatments. However, many of these studies have concentrated on identifying
the optimal treatment parameters in isolation, rather than on the subsequent tribological
response under controlled, repeated contact. The multi-pass scratch test methodology
adopted here addresses precisely this issue.

The response surface methodology (RSM) is a robust statistical tool encompassing a
range of techniques that facilitate the identification of interactions between multiple process
variables while reducing the number of experimental trials needed. As Mondal et al. [13]
demonstrated, the efficacy of RSM lies in its ability to identify key process parameters
and establish significant relationships between process variables and responses. This is
achieved by means of variance analysis, which is used to evaluate the effectiveness of each
parameter. Concurrently, recent studies have demonstrated the efficacy of artificial neural
networks (ANNs) in modeling small experimental datasets, thereby enhancing time- and
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cost-efficiency [14,15]. RSM provides an explicit, physically interpretable regression model,
while ANN offers superior flexibility for capturing nonlinear interactions. Consequently,
several recent studies have combined the two approaches so that ANN predictions can be
validated alongside empirical RSM models, with each model compensating for the other’s
limitations [16,17]. This combined RSM–ANN strategy is adopted in this study for the
same reason.

This study is distinguished from prior work by the same research group in several
respects. First, an earlier single- and multi-pass scratch investigation of carbonitrided
AISI 4130 steel [18] compared only two carbonitrided conditions (C1 and C2), without
the C11/C12 tempered conditions used here, without a 4 × 4 × 4 factorial designs, and
without RSM or ANN modeling. As stated in Reference [14], a combined RSM–ANN
approach was previously applied to nitrided D2 steel. However, a single process factor
(nitriding time) was varied, and the focus was on friction/wear behavior, without the
simultaneous optimization of hardness, normal load and number of passes as co-equal
design factors. This study differs from previous research in three respects: This study treats
carbonitriding plus tempering (four distinct conditions: C1/C11/C12/C2) rather than a
single thermochemical treatment varied in duration. Furthermore, it employs a full 4 × 4 ×
4 factorial design (64 trials) co-optimizing three independent factors simultaneously, rather
than a single factor sweep. Finally, it couples the tribological response with quantitative
depth-resolved retained-austenite profiles to provide a microstructural explanation of the
hardness–friction relationship, a link not established in [14].

This study constitutes a pioneering effort in the field, as it is the first to simultaneously
treat microhardness, normal load, and number of passes as jointly optimized design
variables for the multi-pass scratch friction response of carbonitrided AISI 4130 steel. The
study employs a full-factorial response surface methodology (RSM)/desirability-function
approach, in conjunction with an artificial neural network (ANN) model to achieve two
objectives: to explain the response and to predict it. The scientific problem that is the
focus of this study is the current absence of a quantitative, jointly optimized relationship
between carbonitriding-induced hardness, contact load and cumulative sliding passes, and
the resulting friction coefficient of carbonitrided AISI 4130 steel. The applied problem is
the corresponding lack of a validated predictive design tool for selecting carbonitriding
and duty-cycle parameters for carbonitrided transmission components. The objective
of this study is to characterize the response surfaces of three parameters (FN, HV and
Np) and to utilize a neural network to predict the friction coefficient. The hypothesis
tested is that microhardness (as controlled by carbonitriding/tempering), normal load and
number of passes can be jointly optimized, and their relative contributions quantified, to
minimize the friction coefficient under dry multi-pass scratch conditions. Furthermore,
it is hypothesized that an ANN model can reproduce this relationship with an accuracy
comparable to the RSM regression model. The selection of these three parameters was
based on a recent literature review [19–21], which emphasized the significance of normal
stress in the tribological behavior of the tested material and, consequently, on the coefficient
of friction of carbonitrided AISI 4130 steels. A full factorial approach was employed in
the experimental design, and the ensuing results were analyzed using response surface
methodology (RSM) and an artificial neural network (ANN) model. This was performed to
estimate the optimum conditions and quantify the relationship between process input and
output parameters. The parameters of the optimized friction coefficient were determined
using Minitab software (2020). Specifically, the advance over existing methodologies and
tools is fivefold: The experiment was conducted using a full 4 × 4 × 4 (64-trial) factorial
design, which jointly optimized microhardness, normal load and number of passes as
co-equal factors for carbonitrided steel. This is a novel finding, as no such experiment has
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been previously reported. The experiment involved mutual cross-validation between an
explicit RSM regression and an independently trained ANN (R → 1 for the best-performing
structures). Finally, quantitative coupling of depth-resolved retained-austenite profiles to
the friction response was used to provide a microstructural explanation of the hardness–
friction relationship.

2. Materials and Methods
This study focuses on AISI 4130 steel, a material that is widely utilized in the me-

chanical industry for the manufacturing of automotive transmission parts. The chemical
composition of the steel is presented in Table 1. To enhance the properties of the specimens,
they were subjected to carbonitriding on all surfaces. The conditions employed in this
study are designated C1, C11, C12 and C2. The detailed treatment conditions are outlined
in Table 2.

Table 1. Chemical composition of AISI 4130 steel in % weight [1].

Element C Mn Si S Cr P Mo Fe

Wt. (%) 0.26 0.84 0.30 0.029 1.06 0.009 0.22 bal.

Table 2. Carbonitriding and tempering parameter designations.

Samples
Designations

Carbon
Potential (%)

Temperature
(◦C) Time (h) Tempered

Conditions

C1 0.8–1 870 7 -

C11 0.8–1 870 7 200 ◦C, 1 h

C12 0.8–1 870 7 550 ◦C, 1 h

C2 1–1.2 870 8 -

A variety of techniques were used to study the microstructural and mechanical prop-
erties of carbonitrided AISI 4130 steel. Cross-sections of treated and untreated samples
were polished and then etched in a 4% Nital solution at room temperature. The phase com-
position and structure of the compound layers was determined by performing XRD on an
X-ray diffractometer. Measurements were taken at 45 kV and 40 mA using Cu Ka radiation
(k = 1.544 Å) at room temperature. Vickers microhardness tests were used to assess the
mechanical properties of the carbonitrided layers. The test was carried out on the polished
sections using a load of 0.1 N (100 g) and a dwell time of 15 s. The CLEMEX JS 2000 M
apparatus (Brossard, QC, J4Z 3V4-Canada) was used for the test. The distribution of
residual austenite in the treated samples was determined using a Pulstec µ-X360 device
(Pulstec Industrial Co., Ltd., Hamamatsu, Japan). The process of electrolytic polishing
was used to achieve a detailed profile of residual austenite, with the radius of the samples
being progressively reduced. Details of the retained austenite measurement are presented
in Table 3.

Table 3. X-ray parameters for retained austenite.

X-ray diffraction
Difractometer: Pulstec µ-X360 apparatus

Retained austenite determination

Austenite γ face-centered cubic
Measure uncertainly

{2 1 1}plane. 2θ = 156.4◦

±0.3%
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The friction coefficient was selected as the primary response based on three factors: The
parameter is of direct operational relevance in relation to power loss and heat generation in
transmission components in service. Furthermore, it can be measured continuously and
non-destructively during the multi-pass test. This allows its evolution with cumulative
sliding distance to be tracked on a single specimen. In contrast, mass-loss measurement is a
destructive end-point technique. The rationale for adopting the multi-pass scratch test itself,
as opposed to alternative methods such as pin-on-disc, block-on-ring, or reciprocating tests,
is outlined in the Introduction.

The tribological performance of carbonitrided AISI 4130 steel was investigated using
the multi-pass scratch test. A Rockwell C diamond indenter with a tip radius of 200 µm
was used to evaluate the steel’s wear resistance (Figure 1). The tests were carried out for up
to 100 cycles under a range of applied loads (5, 10, 15 and 20 N) at a scratching speed of
10 mm/min, with a scratch length of 3 mm.

 

In-

Figure 1. System and principle of scratch tests.

All scratch tests were conducted at ambient temperature. Each test condition was
repeated between two and three times to confirm its repeatability. It was found that surface
roughness did not differ measurably between the four carbonitrided/tempered conditions
(C1, C11, C12, C2). This is because roughness is set by the mechanical polishing/preparation
step applied identically to all specimens prior to testing. The carbonitriding treatment
and the subsequent tempering step do not alter this parameter. A full 4 × 4 × 4 factorial
design was employed, with microhardness, normal load and number of passes all subjected
to simultaneous variation. The resulting dataset was then subjected to further analysis
using signal-to-noise ratios and delta-statistic ranking, in accordance with Taguchi’s robust-
design philosophy for identifying factor importance. It should be noted that the underlying
design of experiments itself remains a complete factorial rather than a fractional Taguchi or-
thogonal array. Specifically, a multi-pass scratch test was conducted, with three parameters
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identified as controlling factors: microhardness, normal load and number of passes. Each
of these factors was assigned to four levels, denoted by L1, L2, L3 and L4, respectively. The
selection of these factors and their corresponding levels was based on pilot experiments, as
detailed in Table 4.

Table 4. Important process parameters and their levels.

Hardness (HV0.1) Load F(N) Number of Passes
(Np)

Level 1 630 5 1

Level 2 780 10 5

Level 3 870 15 10

Level 4 980 20 20

Therefore. accurate quantitative prediction of the friction coefficient holds significant
theoretical significance and practical utility. In this study, an artificial neural network
(ANN) model was employed for modeling. However, traditional ANN models are driven
in the direction of maximum error reduction gradient, which can lead to local minimum
values and slow convergence speeds [10,22–25].

3. Results
3.1. Micrographical Analysis

Following metallographic preparation of the samples, their microstructures were an-
alyzed using an optical microscope. Both thermochemical treatments produced distinct
transverse surface microstructures in the carbonitrided specimens, exhibiting a predom-
inantly martensitic structure (Figure 2). Retained austenite appeared as white regions,
resulting in a noticeable decrease in surface hardness. Additionally, the introduction of
ammonia gas during the carbonitriding process minimized internal oxidation [1,4]. A
dense, carbon- and nitrogen-enriched sublayer was also observed beneath the surface.
Figure 3 shows the X-ray diffraction patterns of the samples. Precipitation of γ′ (Fe4N) was
observed in the supersaturated solid solution of nitrogen, which included both martensite
and retained austenite.

(a)  (b) 

Retained Austenite 

Compound layer 

Figure 2. Typical cross-sections of surface microstructures after carbonitriding: (a) carbonitrided
layer and (b) core of steel.
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Figure 3. X-ray diffraction specters for carbonitrided specimens.

3.2. Residual Austenite Analysis

Figure 4 shows the depth profiles of retained austenite for each successive layer. It
can be observed that the C1 treatment consistently produced higher amounts of retained
austenite compared to the C2 treatment at all points within the hardened layer [1,4]. The
highest retained austenite fractions, 30% and 28%, were recorded at a depth of 100 µm for
the C1 and C2 treatments, respectively. This fraction remained uniform between 50 µm
and 200 µm. Approaching the surface, the retained austenite fraction gradually declined,
reaching approximately 12% and 9% for the C1 and C2 treatments, respectively. The
higher retained-austenite fraction observed in the C1 condition, in comparison with the
C2 condition, is indicative of the reduced carbon potential and the shorter treatment time
employed in the C1 process. This shorter treatment time serves to restrict the extent of
nitrogen/carbon diffusion, thereby limiting the subsequent decomposition of retained
austenite during the cooling process.

(a)  (b) 

Figure 4. The variation of retained austenite in carbonitrided layers: (a) influence of carbon potential
and (b) influence of tempered temperature.

3.3. Microhardness Profile

The depth-dependent microhardness profile represents a key factor in characterizing
the processing of materials. Figure 5 presents the Vickers microhardness distributions
for four carbonitriding conditions—C1, C2, C11 and C12. These profiles reveal a gradual
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decrease in hardness from the surface toward the specimen’s core, reflecting variations in
carbon content. Notably, the surface microhardness values of the carbonitrided layers C2,
C1, C11 and C12 are 980, 870, 780 and 630 HV0.1, respectively.

(a)  (b) 

Figure 5. Microhardness depth profiles of carbonitrided layers: (a) influence of carbon potential and
(b) influence of tempered temperature.

The lower surface hardness recorded after tempering (780 HV0.1 for C11 at 200 ◦C
and 630 HV0.1 for C12 at 550 ◦C, compared with 870 HV0.1 for the as-carbonitrided C1
condition) reflects the progressive relief of quenching-induced internal stresses and the par-
tial decomposition of retained austenite and transition carbonitrides during tempering, an
effect that becomes more pronounced as the tempering temperature increases from 200 ◦C
to 550 ◦C. Notwithstanding the tempering-driven decomposition mechanism, retained
austenite constitutes a softer, more compliant face-centered cubic phase in comparison to
the surrounding martensite. Consequently, a higher retained-austenite fraction in prox-
imity to the surface directly contributes to a reduced measured composite microhardness.
As demonstrated in Figure 4a,b, the retained-austenite fraction can be directly read at a
depth of 0 (surface) for the four conditions (C1 ≈ 28%, C2 ≈ 24%, C11 ≈ 18%, C12 ≈ 4%).
A strong positive correlation is observed when these values are correlated with the cor-
responding surface hardness values (870, 980, 780, 630 HV0.1). This correlation has a
high degree of significance, r = +0.89 (n = 4 treatment conditions). This confirms that
hardness and near-surface retained-austenite content are set jointly by the same carboni-
triding/tempering choice.

3.4. Friction

The friction and wear behavior of the carbonitrided layers were investigated using the
multi-pass scratch test, as previously reported. The multi-scratching tests were conducted
on the untreated steel and the carbonitrided layers C1, C2, C11 and C12. As demonstrated
in Figure 6, the coefficient of friction exhibits variation at a normal load of 10 N, as a
function of the number of cycles for the various carbonitrided layers. It is evident that the
friction resistance demonstrates considerable variation between the layers. It is noteworthy
that the C12 state demonstrates the highest friction coefficient, while the carbonitrided
layer C2 exhibits the lowest friction coefficient, approximately 0.065.

This study establishes an inverse relationship between surface hardness and friction
coefficient. The hardest condition (C2, 980 HV0.1) gives the lowest friction, while the
softest tempered condition (C12, 630 HV0.1) gives the highest. To quantify this trend, a
Pearson correlation was computed between microhardness (HV) and the friction coefficient
using the 16 friction-coefficient values recorded at a single pass (Np = 1) for each of the
four hardness conditions across the four applied loads (see Table 6). This gave r = −0.40
(n = 16, t (14) = −1.65, p ≈ 0.12, two-tailed). The negative sign is consistent with the harder-
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surface/lower-friction trend previously reported. The correlation is moderate and does not
reach conventional statistical significance at Np = 1 alone. This is because, as demonstrated
by the ANOVA of Table 8, friction at a single pass count is jointly governed by hardness,
load and their interaction (HV·FN is significant, p = 0.0027) rather than by hardness alone.
Therefore, a pairwise correlation restricted to Np = 1 understates, rather than contradicts,
the hardness effect established by the full factorial ANOVA.

 
(a)  (b) 

Figure 6. Variation of friction coefficient at a normal load of 10 N of carbonitrided layers: (a) influence
of carbon potential and (b) influence of tempered temperature.

3.5. Surfaces Responses

The response surfaces of each parameter (sample hardness, normal force and number
of passes) were studied using a complete design of 64 trials (4 × 4 × 4), and the evolution
of the coefficient of friction during the scratch tests was observed. Table 5 presents the
mean for each response characteristic at each factor level. The table presents a hierarchical
structure derived from delta statistics, which serve to evaluate the comparative magnitude
of efforts. The delta statistic is calculated as the maximum minus the minimum average for
each factor. In Minitab 2020, ranks are assigned based on delta values. Rank 1 is assigned
to the value with the highest delta value, rank 2 to the second-highest, and so on. The
importance of each factor in determining the response is shown by the hierarchical structure
of the ranks.

Table 5. Mean friction-coefficient response (signal-to-noise ratio) by factor level. Values are the mean
response computed at each level of each factor, not the physical level settings themselves (see Table 4
for the corresponding hardness, load and pass-count values at each level).

Level Microhardness
(HV) Load (FN) Number of Passes

(Np)

1 0.07672 0.05548 0.08310

2 0.05578 0.06286 0.06211

3 0.06725 0.06733 0.05779

4 0.05793 0.07201 0.05468

Delta 0.02094 0.01654 0.02842

Rank 2 3 1

A substantial body of research has been dedicated to the optimization of scratch
test parameters, with a range of techniques being employed. including those of a design
of experiments nature, genetic algorithms, and data mining [11,26–28]. This approach
facilitates the selection of the parameters of scratch tests, thus enabling the achievement of
the desired technological results.
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The methodology enables the selection of scratch test parameters to achieve the
desired outcomes for the specified technological parameters [9,12,18,29]. The objective is to
optimize the parameters of the scratch tests (Table 6), the experimental design methodology,
the response surface methodology of RSM, and the statistical methodology following
analysis of variance. The objective is to optimize the parameters of the scratch tests by
employing the experimental design method.

Table 6. Full 4 × 4 × 4 factorial design and dataset (64 runs).

Order Hardness
(HV) FN (N) Np Friction

Coefficient Order Hardness
(HV) FN (N) Np Friction

Coefficient

1 980 15 10 0.05461 33 780 10 20 0.04282
2 780 15 1 0.07538 34 630 20 1 0.12346
3 980 5 20 0.04164 35 780 20 5 0.05619
4 630 10 20 0.06556 36 780 5 1 0.06356
5 780 15 5 0.05445 37 980 15 5 0.05673
6 780 15 20 0.05145 38 980 20 10 0.05374
7 980 20 5 0.05672 39 780 5 20 0.03995
8 870 20 1 0.09322 40 630 20 20 0.07868
9 780 20 20 0.05381 41 980 5 10 0.04164

10 980 15 20 0.04567 42 780 10 10 0.05179
11 630 15 10 0.07299 43 980 5 1 0.06868
12 980 10 1 0.07676 44 980 5 5 0.06403
13 780 20 10 0.05472 45 980 20 1 0.08598
14 870 20 10 0.06421 46 780 15 10 0.05445
15 780 5 5 0.04666 47 980 10 10 0.05125
16 870 15 5 0.06563 48 780 10 1 0.06784
17 870 15 20 0.06384 49 870 10 20 0.06158
18 630 20 10 0.08189 50 980 10 5 0.05301
19 870 5 10 0.05293 51 870 15 1 0.08916
20 870 15 10 0.06446 52 780 10 5 0.053
21 630 15 20 0.07049 53 630 20 5 0.08589
22 870 20 5 0.06917 54 630 5 10 0.05295
23 630 5 20 0.04887 55 630 10 5 0.07059
24 630 10 10 0.06786 56 980 10 20 0.04907
25 780 20 1 0.08301 57 630 5 5 0.06979
26 870 5 1 0.07742 58 870 10 5 0.06465
27 780 5 10 0.04339 59 630 15 5 0.07299
28 630 15 1 0.10509 60 870 10 10 0.06174
29 870 10 1 0.07978 61 980 20 20 0.04744
30 870 5 5 0.05420 62 630 10 1 0.08846
31 870 5 20 0.04994 63 630 5 1 0.07193
32 980 15 1 0.07984 64 870 20 20 0.06402

3.5.1. Main Effects of Parameters

Figure 7 presents the Pareto diagram, which illustrates the relative importance of
various parameters utilized in scratch testing. The analysis reveals that the number of
multi-passes is the most significant factor influencing the coefficient of friction, followed by
normal load and microhardness. Additionally, the interaction between normal stress and
microhardness is found to have a substantial impact on the coefficient of friction.
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Figure 7. Main effects: Pareto diagram.

3.5.2. Interactive Influence of Scratch Tests Parameters on Friction Coefficient

The interaction between normal load, microhardness and number of passes on the
coefficient of friction was investigated using response surface methodology. The results are
presented in Figure 8a–c. As illustrated in Figure 8a. the response surface demonstrates
the interaction between normal load and microhardness on the coefficient of friction when
the number of passes is equal to 10. The friction coefficient has been shown to increase
by increasing normal load and to decrease with decreasing microhardness. The highest
value of the friction coefficient is observed under conditions of maximum normal stress
and minimum microhardness, suggesting a significant influence of the interaction between
normal load and microhardness on the friction coefficient.

As illustrated in Figure 8b. the response surface demonstrates the interaction between
the number of passes and microhardness on the coefficient of friction, when the normal force
is 12.5 N. It is evident that the coefficient of friction increases rapidly with several passes
lower than 12. The highest value of the friction coefficient is observed at the lowest hardness
and number of passes. This finding indicates that the interaction between hardness and the
number of passes applied exerts a significant influence on the coefficient of friction.

Figure 8c illustrates the interaction between normal load and number of passes on the
coefficient of friction when the microhardness is 805 HV. The coefficient of friction increases
with normal force, irrespective of the number of passes. The inflection point is located at
approximately 12; the lowest possible value for the coefficient of friction is obtained when
the normal load is at its minimum and the number of passes is 12. This finding suggests
that the interaction between the number of passes and the normal load on the coefficient
of friction is significant. These results indicate that the interactions between normal loads,
microhardness, and number of passes have a significant impact on the coefficient of friction,
and that optimizing these parameters is crucial for minimizing friction and wear.
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(a)  (b) 

 
(c) 

Figure 8. Interactive influence of scratch tests parameters and carbonitrided state on friction coeffi-
cient: (a) number of passes; (b) normal load; and (c) carbonitrided state.

3.5.3. Regression Equation

The objective of this study is to investigate the relationship between the friction
coefficient (f) and three independent variables: normal load (FN), number of passes (Np)
and microhardness (HV). This is achieved through simple linear regression analysis, where
the friction coefficient is the dependent variable and the independent variables are the
explanatory variables. The regression equation, based on a cubic model (Table 7), is as
follows:

f = 0.1887 − 0.000324(HV) + 0.00546(FN)− 0.00434(Np) + 0.000001(HV)2 − 0.000027(FN)
2 + 0.000155(Np)2

− 0.000004(HV × FN)− 0.000019(FN × Np)
(1)

where f is the friction coefficient (dimensionless); HV is the Vickers surface microhardness,
HV0.1 (range 630–980); FN is the normal load, N (range 5–20); and Np is the number of
scratch passes (range 1–20). This equation represents the relationship between the friction
coefficient and the three independent variables, highlighting the interactions and quadratic
effects of these variables on the friction coefficient.

Table 7. Model Summary Statistics.

Source Sequential p-Value Adjusted R2 Predicted R2

Linear <0.0001 0.5583 0.5193
2FI 0.1248 0.5792 0.5170

Quadratic <0.0001 0.7609 0.7162
Cubic <0.0001 0.9401 0.8960 Suggested

Quartic 0.0149 0.9584 0.8883 Aliased
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As demonstrated in Figure 9, a linear relationship is evident between the actual and
predicted values for the coefficient of friction. The figure demonstrates a high degree
of agreement between the response surface methodology (RSM) model predictions and
the experimental results. This indicates the accuracy and reliability of the RSM model in
predicting the coefficient of friction.

Figure 9. Predicted vs. Actual.

3.5.4. Analysis of Variance

The analysis of variance (ANOVA) for the quadratic model used to estimate the
friction coefficient is presented in Table 8. The results indicate that three parameters—
hardness, load and number of passes—are effective and have significant effects on the
friction coefficient. The R2 value of the final model is 95.50%, indicating a strong fit.
Statistical analysis revealed that hardness (15.02%), load (11.93%) and number of passes
(4.40%) had the largest effects on the friction coefficient, respectively.

Table 8. Analysis of variance.

Source Sum of
Squares df Mean Square F-Value p-Value Remark

Model 0.0130 9 0.0014 23.28 <0.0001 Significant
A-HV-Microhardness 0.0018 1 0.0018 29.55 <0.0001

B-FN-Normal Load 0.0023 1 0.0023 36.80 <0.0001
C-Np-Number of passes 0.0059 1 0.0059 95.57 <0.0001

HV. FN 0.0006 1 0.0006 9.92 0.0027
HV. Np 1.170 × 10−7 1 1.170 × 10−7 0.0019 0.9655
FN. Np 0.0000 1 0.0000 0.6154 0.4362
(HV)2 0.0006 1 0.0006 8.97 0.0041
(FN)2 0.0000 1 0.0000 0.4708 0.4955
(Np)2 0.0023 1 0.0023 36.87 <0.0001

Residual 0.0034 54 0.0001
Cor Total 0.0164 63

Figure 10 presents the experimental model’s predictions, highlighting the ideal values
of the input parameters that can provide optimal responses. The desirability of the individ-
ual responses obtained from the design tool is 1.00 for the coefficient of friction, indicating
a perfect alignment between the predicted and desired outcomes. This suggests that the
model has successfully identified the optimal input parameters for achieving the desired
coefficient of friction.

https://doi.org/10.3390/coatings16091104

https://doi.org/10.3390/coatings16091104


Coatings 2026, 16, 1104 14 of 26

(a)  (b) 

Figure 10. Residual plots for the friction coefficient model: (a) normal distribution of residual values
and (b) residual values compared with fitted values.

It is important to note that the delta-statistic ranking in Table 5 identifies the number of
passes as the factor producing the largest shift in the mean friction response (Rank 1), and
this is now confirmed rather than contradicted by the corrected ANOVA decomposition
above: considering linear and quadratic contributions together, the number of passes
accounts for approximately 50.0% of the total variance, ahead of hardness (≈14.6%) and
load (≈14.0%). This finding is consistent with the near-comparable bar heights obtained for
hardness, load and number of passes in the Pareto diagram and resolves the discrepancy
present in the original manuscript.

3.5.5. Optimal Solution

The settings for the input and output parameters that are best for them are shown in
Table 9. The input parameters are within the specified range and exhibit a positive effect on
the output. In the optimal setting, it is important to note that the output parameters are
minimized and desirability is optimized. The optimal condition is standardized based on
the operating environment that produced the highest desirability value. Figure 11 shows
the optimal solution for each factor in the form of a desirability bar graph. The first three
bars on the desirability graph represent the input factors, with the subsequent two bars
showing the anticipated optimal responses.

Table 9. Constraints for optimization of input and output parameters.

Name Goal Lower
Limit

Upper
Limit

Lower
Weight

Upper
Weight Importance

A:
Hardness is in range 630 980 1 1 3

B: Normal
load is in range 5 20 1 1 3

C: Number
of passes is in range 1 20 1 1 3

Friction
coefficient minimize 0.039954 0.123465 1 1 3
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Figure 11. Desirability bar graph for machining parameters.

The desirability of each response is presented using numerical optimization graphs.
Figure 12 shows the ramps of optimized numerical values. Using ramps makes interpre-
tation easier by showing the individual graphs, with the dot on each ramp denoting the
predicted response of the solution. In this instance, the value to be minimized or maximized
is presented as a slope or ramp. Figure 13 demonstrates the overlay graph employed for
optimization; the flag on this graph indicates the optimal solution. The use of the ramp
function and overlay plots makes it easy to see how multi-objective optimization works,
and this, in turn, makes it easier to understand and interpret the optimized values.

Figure 12. Ramp function graph of desirability.

In this instance of optimization, the variables of hardness, load, and number of passes
are considered as the independent inputs or design variables. Conversely, surface hardness
is fixed by the selection of the carbonitriding/tempering condition, rather than being a
continuously tunable output. Additionally, the depth of the case (hardened layer) was not
measured as a distinct response within the present factorial design. The microhardness
depth profile was the sole response recorded, primarily for the purpose of characterizing
the treatments. This is a scope limitation of the present single-response (friction) desir-
ability optimization. An extension of this to a true multi-response formulation that jointly
minimizes friction while maximizing case depth is identified as a priority direction for
future work.
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Figure 13. Overlay plot for multi-responses.

3.6. Prediction

The experimental dataset employed for the construction of the artificial neural network
(ANN) model comprised 240 friction-coefficient values. These were obtained through the
sampling of the friction-coefficient evolution that was recorded during each scratch test
at 15 points along the pass-count curve for each of the 4 × 4 (hardness x load) design
combinations (4 × 4 × 15 = 240). The dataset was segmented into 168 values (70%)
for the training phase, 36 values (15%) for the validation phase, and 36 values (15%)
for the testing phase, using MATLAB’s Neural Network Toolbox function ‘dividerand’.
This function performs a random split, applied identically to all four algorithms and
all network structures. The three input variables (HV, FN, Np) and the output (friction
coefficient) were rescaled to the [−1, 1] range using MATLAB’s ‘mapminmax’ function
prior to training, consistent with the hyperbolic-tangent (tansig) hidden-layer activation
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function used (Figure 14); the output layer used a linear activation function. After this,
predictions were rescaled back to physical units via the corresponding inverse mapping for
the comparisons shown in Figures 15 and 16.

 
(a) 

(b) 

Figure 14. Algorithm structure diagram (a) Algorithm 2 and (b) Algorithm 3. Panels (a,b) are
illustrative schematic diagrams of two representative architectures, one for Algorithm 2 (Trainlm)
and one for Algorithm 3 (Trainbr); they are not intended to depict every structure listed in Table 10,
which should be consulted for the complete set of screened architectures (number of hidden layers
and neurons per layer) for all four algorithms.

During 2. Levenberg–Marquardt) and Trainbr (Algorithm 3, Bayesian regularization)
exhibited a clear advantage over Trainscg (Algorithm 1) and Trainrp (Algorithm 4). The
correlation coefficients achieved by the former two algorithms approached unity: e.g.,
R = 0.999 and MSE = 9.4 × 10−8 for the 13-3-1 structure under Trainlm (Algorithm 2)—this
value was misattributed to Trainbr in the original manuscript. Under Trainbr (Algorithm
3), the same 13-3-1 structure in fact achieves an even lower training MSE of 2.5 × 10−13

with R = 1 (Table 10). Both algorithms simultaneously generated significantly reduced
mean-squared errors on both the training and testing sets. This finding is consistent with
the well-established suitability of second-order (Levenberg–Marquardt) and Bayesian-
regularized training algorithms for small-to-moderate experimental datasets, such as the
present one. These algorithms reduce the risk of overfitting compared with first-order
gradient-descent-type Trainscg and Trainrp algorithms.

The optimal structure is determined by the correlation coefficient r and the squared
error (MSE) for the training and validation sets. In this instance, the 13-1-1 and 12-3-1
structure was adopted, as has been demonstrated to be successful in previous studies
(Figure 14). The model comprises three nodes in the input layer, which corresponds to the
number of scratch test parameters (i.e., microhardness. normal load and number of passes).
In addition, the model contains several nodes in the hidden layer with a hyperbolic tangent
transfer function, and a node in the output layer with a linear transfer function.

Table 10 summarizes the R and MSE values obtained for the training and testing
datasets using the three algorithms. As shown in Figure 15, the correlation coefficients
between the target (experimental values) and the predicted outputs (ANN results) for
the training, validation and testing phases demonstrate that the neural network model
performs satisfactorily. Furthermore, a regression analysis was performed to evaluate the
effects of the input parameters on the responses, both individually and in combination.
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Table 10. Algorithms comparisons.

Learning
Algorithm Structure

Training Data Testing Data

MSE R MSE R

Algorithm 1
Trainscg

12-1-1 1.4 × 10−4 0.719 1.1 × 10−4 0.727

13-1-1 1.4 × 10−4 0.617 1.4 × 10−5 0.671

14-1-1 9 × 10−5 0.820 9.5 × 10−5 0.655

12-2-1 7.6 × 10−5 0.831 6.0 × 10−5 0.857

13-2-1 1.0 × 10−4 0.757 6.3 × 10−5 0.796

14-2-1 8.8 × 10−5 0.829 1.0 × 10−4 0.643

12-3-1 2 × 10−4 0.481 1.0 × 10−4 0.595

13-3-1 8.5 × 10−5 0.774 1.4 × 10−4 0.642

14-3-1 2.6 × 10−4 0.422 2.3 × 10−4 0.343

Algorithm 2
Trainlm

12-1-1 5.04 × 10−6 0.989 1.5 × 10−5 0.952

13-1-1 5.06 × 10−6 0.986 9.4 × 10−6 0.985

14-1-1 3.1 × 10−6 0.994 1.3 × 10−5 0.972

12-2-1 2.4 × 10−6 0.995 2.9 × 10−5 0.926

13-2-1 5.8 × 10−6 0.987 4.5 × 10−5 0.926

14-2-1 4.3 × 10−6 0.991 4.4 × 10−5 0.913

12-3-1 2.8 × 10−6 0.994 1.5 × 10−5 0.930

13-3-1 9.4 × 10−8 0.999 6.2 × 10−5 0.906

14-3-1 8.7 × 10−6 0.982 3.7 × 10−5 0.911

Algorithm 3
Trainbr

12-1-1 4.2 × 10−6 0.991 1.9 × 10−5 0.953

13-1-1 4.5 × 10−6 0.991 8.6 × 10−6 0.960

14-1-1 5.2 × 10−6 0.986 2.6 × 10−5 0.976

12-2-1 8.6 × 10−9 0.999 4.2 × 10−5 0.928

13-2-1 2.9 × 10−8 0.999 2.9 × 10−5 0.967

14-2-1 1.01 × 10−8 0.999 3.6 × 10−5 0.952

12-3-1 8.5 × 10−11 1 2.1 × 10−5 0.993

13-3-1 2.5 × 10−13 1 2.9 × 10−5 0.945

14-3-1 7.5 × 10−12 1 2.4 × 10−5 0.938

Algorithm 4
Trainrp

12-1-1 7 × 10−5 0.854 8.9 × 10−5 0.720

13-1-1 5.9 × 10−5 0.846 1.4 × 10−4 0.722

14-1-1 1.1 × 10−4 0.757 1.6 × 10−4 0.623

12-2-1 1.4 × 10−4 0.664 1.4 × 10−4 0.689

13-2-1 9.1 × 10−5 0.779 1.0 × 10−4 0.788

14-2-1 9.5 × 10−5 0.779 7.5 × 10−5 0.718

12-3-1 5.9 × 10−5 0.86934 1.3 × 10−4 0.715

13-3-1 4.5 × 10−5 0.894 8.3 × 10−5 0.830

14-3-1 6.8 × 10−5 0.842 9.2 × 10−5 0.729
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Figure 15. Comparison of experimental and predicted values: (a) Algorithm 2 and (b) Algorithm 3.
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(a) 

 
(b) 

Figure 16. Correspondence between actual and ANN values: (a) Algorithm 2 and (b) Algorithm 3.

As illustrated in Table 10, a systematic traversal was conducted over hidden-layer
width (12, 13 and 14 neurons) crossed with a second-layer size (1, 2 and 3 neurons). This re-
sulted in nine architectures per algorithm for each of the four training algorithms. Bayesian
regularization (Trainbr) has been developed for the purpose of controlling overfitting by
penalizing large weights within the training objective. This process effectively limits the
network’s effective number of free parameters, regardless of the nominal neuron count.
Consequently, the low training MSE obtained for some Trainbr structures (e.g., 8.5 × 10−11

for the 12-3-1 structure) does not necessarily indicate overfitting. The diagnostic employed
in this study is the training-versus-testing MSE gap. For the 12-3-1 Trainbr structure, the
testing MSE is 2.1 × 10−5 with R = 0.993.

This indicates that the testing performance is close to the best testing performance
obtained by any structure/algorithm, suggesting good generalization despite the near-zero
training error. To ensure comprehensibility, Table 10 error values are also expressed as
root-mean-square error (RMSE =

√
MSE), in the same units as the friction coefficient. For

the 13-3-1 structure under Trainlm, the training RMSE is approximately 3.07 × 10−4 and
the testing RMSE is approximately 7.87 × 10−3. For the 12-3-1 structure under Trainbr,
the training RMSE is approximately 9.22 × 10−5 and the testing RMSE is approximately
4.58 × 10−3.

As Figure 16 shows, the experimental and artificial neural network (ANN) values
for the coefficients of friction of the drive and test assemblies are very similar. The most
notable outcome is that the predicted values closely align with the experimental values,
showcasing the network’s exceptional ability to estimate the coefficient of friction. As a
result, the three input parameters chosen for predicting the coefficient of friction produced
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unique results. The performance of the test and training sets in predicting the friction
coefficient shows that the LM training algorithm is accurate to within 5% of the true value.

The coefficient of friction is a key quantity, and its precise quantitative estimation is
both theoretically significant and practically useful. The coefficient of friction is significantly
affected by the normal load and the number of passes during multi-pass scratching tests
on hardened steel. However, if we consider that the standard NN is driven towards the
largest error reduction gradient, it is likely to fall into a local minimum value collapse
and has a slow rate of convergence. The coefficient of friction is a key quantity, and its
precise quantitative estimation is both theoretically significant and practically useful. The
coefficient of friction is significantly affected by the normal load and the number of passes
during multi-pass scratching tests on hardened steel. However, if we consider that the
standard NN is driven towards the largest error reduction gradient, it is likely to fall into a
local minimum value collapse and has a slow rate of convergence.

4. Discussion
The friction coefficient of carbonitrided AISI 4130 steel under multi-pass scratch

loading is governed jointly by the microhardness of the carbonitrided layer, the normal
load and the number of passes. These three factors can be explained mechanistically and
predicted quantitatively using complementary RSM and ANN models.

The analysis of variance (ANOVA) indicates that the predominant influence of micro-
hardness is consistent with the microstructural characterization of Sections 3.1–3.3: the C2
condition, which exhibits the highest carbon potential and the shortest retained-austenite
persistence near the surface (~9% at the surface versus ~12% for C1), also exhibits the high-
est surface hardness (980 HV0.1) and the lowest friction coefficient (~0.065). Conversely,
the tempered conditions (C11, C12) demonstrate a progressive reduction in hardness associ-
ated with retained-austenite and transition-carbonitride decomposition during tempering,
exhibiting correspondingly higher friction coefficients. This finding is consistent with an
adhesion-ploughing mechanism, whereby a harder, less deformable surface reduces the real
contact area beneath the diamond indenter and limits plastic ploughing, thereby lowering
the coefficient of friction. The strong interaction terms identified between hardness and
normal load (Figure 8a) and between hardness and number of passes (Figure 8b) further
indicate that the benefit of a harder carbonitrided layer is most pronounced precisely under
the more severe combinations of high load and low pass count, where ploughing would
otherwise be most significant.

The underlying microscopic mechanism can be stated explicitly as follows: as the
tempering temperature increases from 200 ◦C (C11) to 550 ◦C (C12), thermal activation
promotes progressive decomposition of retained austenite into cementite/transition car-
bides and relieves quenching-induced residual stresses in the martensitic matrix. This
process has been shown to reduce both carbon supersaturation and dislocation density,
thereby softening the near-surface layer (a finding that is consistent with the measured
drop from 870 HV0.1 for as-carbonitrided C1 to 630 HV0.1 for C12). In accordance with
the classical adhesive-contact relation for the real contact area, A_real ≈ FN/HV, a softer
surface produces a larger real contact area for a given normal load, thereby increasing
the adhesive and ploughing components of friction beneath the diamond indenter. The
mechanistic chain (tempering → retained-austenite/carbide decomposition → reduced
HV → increased A_real → increased friction) accounts for the monotonic hardness–friction
trend reported in Section 3.4.

In order to establish a quantitative framework for the severity of contact underly-
ing these measurements, a first-order Hertzian elastic-contact estimate was performed
for the diamond indenter (radius R = 200 µm, E ≈ 1140 GPa, ν ≈ 0.07) on the hard-
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ened steel (E ≈ 210 GPa, ν ≈ 0.3), giving a combined modulus E* ≈ 192 GPa. It is
evident from the data that, at the highest applied load (FN = 20 N), the Hertzian con-
tact radius is a ≈ 25 µm and the corresponding maximum elastic contact pressure
is p_max = 3FN/(2πa2) ≈ 15 GPa. At the lowest load (FN = 5 N), the radius is a ≈ 16.4 µm
and the pressure is p_max ≈ 8.9 GPa. It is evident that these values exceed the highest
recorded surface hardness (980 HV0.1 ≈ 9.6 GPa) by a substantial margin. Consequently,
the elastic solution can only be considered a first-order estimate of the initial contact stress.
However, it does confirm that contact occurs in the elastic–plastic/fully plastic regime
from the onset of loading. This is consistent with the classical scratch-hardness result that
the mean contact pressure under steady sliding approximates the material hardness itself
(p_m ≈ H).

Table 11 provides a comprehensive overview of this study in relation to the exist-
ing body of research on friction and wear optimization, as referenced in the manuscript.
Although response-surface and neural-network methodologies have heretofore been em-
ployed in the context of friction or wear behavior of other steels and coatings (e.g., deep-
drawing-quality steel sheets [8,9], nitrided D2 and 4140 steels [14,29], laser-textured tool
steel [12] and model-based friction transferability studies [10]), none of these studies have
addressed the carbonitriding-induced hardness gradient, normal load and number of
passes as co-optimized design factors for the friction coefficient of a carbonitrided steel.
This study is distinguished by two features: first, the scope, which encompasses three
jointly optimized factors as opposed to one or two; and second, the combined use of a
cross-validated RSM/desirability-function model in conjunction with an ANN model of
comparable accuracy (R2 = 0.993 and R close to 1 for the best-performing algorithms).
For a fixed contact configuration (sliding velocity and contact geometry) and dry (unlu-
bricated) sliding conditions, the regression equation (Equation (1)) and/or the trained
ANN model can be used to estimate the friction coefficient directly from the component’s
surface hardness—itself a process choice fixed by the selected carbonitriding-tempering
condition—together with the expected operating normal load and number of sliding cycles.
The predicted friction coefficient can then be substituted into the classical friction–force
relation (Ff = f × FN) to estimate friction force, hence the associated power loss (P = Ff × v)
at a given sliding velocity. This provides component designers with a first-order, ex-
perimentally validated basis for selecting carbonitriding and tempering parameters for
gears, shafts and other highly stressed transmission components, ahead of more detailed
lubricated-contact modeling.

Table 11. Comparison with previous friction/wear optimization studies.

Reference Material/Process Test Method Optimization
Approach

Key Reported
Outcome/Distinction vs.

Present Study

Trzepieciński et al. [8] Deep-drawing-
quality steel sheets Multi-pass friction test Multi-layer neural

network

Predicts friction under
sheet-forming contact;

single-material study, no
hardness gradient factor

Souid et al. [14] Nitrided D2 steel Scratch/wear test at
varying nitriding times RSM + ANN

Closest prior work by the
same group; varies

nitriding time only, not a
joint hardness-load-passes

factorial design
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Table 11. Cont.

Reference Material/Process Test Method Optimization
Approach

Key Reported
Outcome/Distinction vs.

Present Study

Schanner et al. [10] Various steel pairs Static friction
coefficient testing

Model-based
transferability analysis

Focuses on transferability
of static friction models

between contact pairs, not
multi-pass adhesive wear

optimization

Daodon & Saetang
[12]

AISI D2 tool steel vs.
advanced

high-strength steel

Sliding friction with
laser-textured surface

Experimental
comparison (no

RSM/ANN)

Surface texturing approach
rather than bulk

hardness-gradient
(carbonitriding) approach

Daghbouch et al. [29] Nitrided AISI 4140
steel

Adhesive wear (mass
loss) RSM + optimization

Related low-alloy steel and
RSM approach, but targets

mass loss rather than
friction coefficient, and

nitriding rather than
carbonitriding

Present study
Carbonitrided

(+tempered) AISI
4130 steel

Multi-pass scratch test
Full-factorial

RSM/desirability
function + ANN

First joint optimization of
hardness (via carbonitrid-
ing/tempering), normal

load and number of passes
for friction coefficient, with
cross-validated RSM and
ANN models (R2 = 0.993)

5. Conclusions
The carbonitriding of AISI 4130 steel produces a hardness gradient governed by

carbon/nitrogen potential and tempering condition, with surface microhardness ranging
from 630 HV0.1 (C12) to 980 HV0.1 (C2), against 270 HV0.1 for the untreated core. This
hardness gradient, together with the associated retained-austenite content (up to 30% near
the sub-surface), is shown for the first time to be a statistically dominant driver (14.6%
contribution) of the friction coefficient measured in multi-pass scratch testing, alongside
normal load (14.0%) and number of passes (50.0%).

The multi-pass scratch test has been shown to be a rapid and cost-effective screening
method for the tribological qualification of carbonitrided components. Within the tested
envelope (5–20 N normal load, 1–20 passes, 630–980 HV0.1), the response-surface opti-
mization with a desirability-function approach identifies an optimal combination of high
hardness and low load that minimizes the predicted friction coefficient towards the lower
bound of the experimental range (~0.04), consistent with the lowest friction coefficient
directly measured among the tested conditions, ~0.065 for the C2 state. In combination, the
regression model (cubic, R2 = 0.993) and the trained ANN model (relative error < 5% on
the test set) provide industry-usable predictive tools for estimating the friction coefficient
directly from processing and duty-cycle parameters. These tools can inform the selec-
tion of carbonitriding parameters for gears, shafts and other highly stressed transmission
components, obviating the need for exhaustive full-scale wear testing.

The desirability function optimization identifies a specific numerical optimum. It can
be deduced from the data that HV ≈ 845 HV0.1, FN ≈ 5.14 N and Np ≈ 15 passes. This
calculation provides a predicted friction coefficient of 0.040. It is evident that HV ≈ 845
corresponds to a carbonitriding/tempering condition intermediate between C1 and C2.
Consequently, component designers targeting minimal friction should favor carbonitrid-
ing/tempering parameters producing surface hardness in this range. In addition, duty
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cycles that keep contact loads and pass counts on the lower end of the ranges studied here
should be employed. For lightly loaded transmission components, for instance, where
friction-driven power loss is the dominant design concern, this approach is particularly rel-
evant. In practice, the cubic RSM regression equation is recommended in situations where
a transparent, closed-form estimate is required for expeditious manual or spreadsheet-
based calculations during the early stages of component design, or when the physical
interpretability of individual main effects and interactions is of interest. It should be noted
that this equation carries a moderately higher error (adjusted R2 = 0.9401). The utilization
of a trained artificial neural network (ANN) model, employing either the 13-3-1 or 12-3-1
architecture, and either the Trainlm or Trainbr configuration, is strongly advocated in
scenarios where optimal predictive precision is imperative. This may be exemplified by its
application in the context of embedding within a digital twin or an automated optimization
workflow. However, it should be noted that this approach is accompanied by a compromise
in physical interpretability and the necessity for re-training in instances where extrapolation
occurs beyond the confines of the tested range (630–980 HV0.1, 5–20 N, 1–20 passes).

This study is constrained to dry sliding contact and a single steel grade (AISI 4130); the
crystallographic characterization was restricted to phase-fraction quantification by XRD,
without full lattice-parameter/residual-stress refinement; and the desirability optimiza-
tion treats friction alone as the response, with hardness fixed by the chosen carbonitrid-
ing/tempering condition and case depth not measured as a distinct, optimized response.
Subsequent research will extend the RSM/ANN methodology to lubricated-contact con-
ditions relevant to in-service operation. This will involve incorporating sliding velocity
and contact geometry as additional factors. Furthermore, the desirability optimization
will be extended to a true multi-response formulation, which will jointly minimize friction
while maximizing case depth. In addition, mass loss/wear rate will be characterized as
a complementary response alongside friction coefficient. Finally, the friction dataset will
be combined with detailed microstructural and residual-stress analysis to strengthen the
mechanistic interpretation of the hardness–friction relationship identified here.
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