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Abstract: Enhancing the durability and tribological performance of babbitt alloys is critical
for high-stress applications in automotive, marine, and industrial machinery. The present
study explores the electrodeposition of chromium coatings on SnSb11Cu6 alloys to improve
their microstructural, mechanical, and tribological properties. The coatings were applied
through an electrolytic process and systematically characterized using scanning electron
microscopy and energy-dispersive X-ray spectroscopy to evaluate their morphology, com-
position, and wear performance. The chromium coating exhibited a uniform thickness of
20.2 µm and significantly improved the surface hardness to 715.2 HV, far surpassing the
matrix and intermetallic phases of the uncoated alloy. Tribological testing under dry sliding
conditions demonstrated a 44% reduction in the coefficient of friction (COF) and a 54%
decrease in mass wear for the coated alloy, highlighting the protective role of the chromium
layer against abrasive and adhesive wear. To further analyze the frictional behavior, a deep
learning model based on a one-dimensional convolutional neural network was employed
to predict COF trends over time, achieving excellent accuracy with R2 values of 0.9971 for
validation and 0.9968 for testing. Feature importance analysis identified coating hardness as
the most critical factor influencing COF and wear resistance, followed by matrix hardness
near the coating. These findings underscore the effectiveness of chromium coatings in
mitigating wear damage and improving the operational lifespan of SnSb11Cu6 alloys in
high-stress applications. This study not only advances the understanding of chromium
coatings for babbitt materials but also demonstrates the potential of machine learning in
optimizing tribological performance.

Keywords: SnSb11Cu6; chromium coatings; wear behavior; coefficient of friction;
convolutional neural network; deep learning; feature importance analysis

1. Introduction
Babbitt materials, traditionally composed of tin, antimony, and copper, have long

been the preferred choice for bearing applications in automotive, marine, and indus-
trial machinery. These materials are valued for their excellent conformability, embed-
dability, and anti-friction properties, making them ideal for reducing wear and ensur-
ing smooth operation in high-load, high-speed environments. The unique microstruc-
ture of babbitt alloys, consisting of a soft matrix embedded with hard phases, allows
for effective load distribution and self-lubrication, extending the service life of bearing
components [1–4]. Among these, tin-based babbitt alloys exhibit superior mechanical
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and tribological performance compared to lead-based alternatives, particularly in applica-
tions requiring high thermal and load resistance. A widely used tin-based babbitt alloy is
SnSb11Cu6, which consists of 11 wt.% antimony and 6 wt.% copper in a tin-rich matrix [5–
7]. This alloy is known for its excellent balance of strength, wear resistance, and thermal
stability, making it particularly well suited for heavy-duty bearing applications. The mi-
crostructure of babbitt materials typically consists of a soft tin-rich matrix with dispersed
hard intermetallic phases, such as Cu6Sn5 and SbSn. These intermetallics enhance wear
resistance by forming a robust load-bearing framework, while the soft matrix facilitates
lubrication [8,9].

Despite these advantages, conventional babbitt materials exhibit limitations, par-
ticularly in terms of wear resistance and mechanical strength. Under high-stress and
high-temperature conditions, babbitt bearings are susceptible to fatigue, deformation, and
accelerated wear, which can lead to premature failure [10–12]. For instance, Sn-Sb-Cu
bearings may fail prematurely when subjected to insufficient load-carrying capacity un-
der rising temperatures. Dong et al. [13] demonstrated that the hardness and strength of
SnSb11Cu6 alloys decrease significantly as operating temperatures increase, limiting their
overall service life. These challenges underscore the need to develop novel strategies to
enhance the durability and performance of babbitt materials, particularly in demanding
applications where extended service life and reliability are essential. Over the years, var-
ious strategies have been explored to enhance the mechanical strength, wear resistance,
and tribological performance of tin-based babbitt alloys, particularly in high-speed and
heavy-load applications. Reinforcing the matrix with ceramic particles such as SiC has
yielded improvements of up to 80% in hardness, compressive strength, and wear resistance
over unmodified Sn-Sb-Cu alloys [14]. Similarly, the addition of rare-earth elements, such
as yttrium, has been demonstrated to refine the microstructure, enhance the tensile strength,
and improve the wear properties of Sn-based babbitt alloys, particularly SnSb11Cu6 [11].
Micro-alloying with elements like Ag and Co has also proven effective in strengthening the
matrix, modifying intermetallic phases, and enhancing bonding strength with steel sub-
strates, further optimizing the load-bearing capabilities of SnSb11Cu6-based alloys [6,13,15].
Beyond bulk modifications, surface engineering techniques such as ultrasonic nanocrys-
talline surface modification, laser remelting, and high-velocity oxygen fuel spraying have
been employed to refine grain structure, reduce porosity, and extend service life in bearing
applications [16,17]. Additionally, electrodeposited SnSbCu coatings on bronze and copper
substrates have demonstrated better tribological performance by reducing wear rates [18].

In addition to experimental approaches, computational modeling has played a crucial
role in understanding and predicting the behavior of Sn-based alloys, including babbitt
materials, under various operating conditions. Finite element analysis (FEA) and molecular
dynamics (MD) simulations have been widely employed to investigate the stress distribu-
tion, deformation mechanisms, and wear characteristics of Sn-Sb-Cu alloys in tribological
applications. For instance, Sous et al. [19] conducted FE simulations alongside nano-
indentation experiments to characterize the elastic–plastic properties of key microstructural
phases in tin-based bearing alloys, revealing the impact of Cu6Sn5 and SbSn intermetallics
on load-bearing capacity. Similarly, Etesami et al. [20] developed a MD-based thermody-
namic model to accurately predict phase behavior and mechanical properties of Sn-based
alloys, allowing for better control over their solidification and stability. Recent advances in
dislocation density-based modeling have also enabled researchers to simulate microstruc-
tural evolution during deformation, providing insights into strengthening mechanisms
such as twinning and dislocation pile-up, as demonstrated by Vafaeenezhad et al. [21]. Fur-
thermore, high-throughput thermodynamic modeling techniques, such as those employed
by Yang et al. [22], have been used to design optimized Sn-based alloys with enhanced
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mechanical properties by systematically screening thousands of compositions. Beyond
these classical computational methods, recent years have witnessed the rapid adoption of
machine learning (ML) techniques to enhance predictive accuracy and efficiently analyze
complex tribological phenomena. Various algorithms such as Random Forest (RF), K-
Nearest Neighbors (KNN), Extreme Gradient Boosting (XGB), and Support Vector Machine
(SVM) have demonstrated high predictive accuracy for wear phenomena. For instance, in
ball-on-disk wear experiments, XGB has consistently provided superior predictions for
wear depth, highlighting the significance of input parameters like sliding speed, load, and
lubrication conditions [23]. Similarly, the comparative performance of ML models has
been extensively analyzed for magnesium matrix composites, demonstrating the impact of
meticulous hyperparameter tuning on prediction outcomes even with limited datasets [24].
A comprehensive review by Khan et al. further consolidates these findings, illustrating how
algorithms such as artificial neural networks, Bayesian modeling, logistic regression, and
transfer learning have consistently achieved accuracy scores exceeding 93% in predicting
lubrication film thickness, friction, and wear under varying operational conditions [25].
Recent studies have increasingly employed deep learning techniques that combine con-
volutional neural networks (CNNs) and sequential models like Informer encoders and
Bidirectional Long Short-Term Memory (BiLSTM) networks to monitor tool wear, achieving
accuracy levels up to 99% by effectively capturing complex temporal dependencies [26].
Additionally, sophisticated multi-sensor fusion techniques employing ResNet-LSTM archi-
tectures have been shown to significantly enhance tool wear prediction accuracy, yielding
minimal average errors (0.0085 mm) and robust noise reduction capabilities [27]. Further-
more, hyperparameter optimization techniques such as grid-search have been leveraged
to further enhance the predictive performance of classical ML models (RF, SVM, KNN,
Gaussian Process Regression, and Linear Regression), reinforcing their reliability and ac-
curacy in wear-rate estimation [28]. Recent hybrid deep learning approaches, such as
the PSD-CVT model, combining power spectral density analysis with CNN and Vision
Transformer (ViT), have also set new benchmarks by outperforming conventional CNN or
ViT approaches individually in predicting progressive tool wear [29]. By complementing
experimental studies with advanced computational modeling, researchers can accelerate
the development of next-generation babbitt materials with improved mechanical strength,
wear resistance, and service life.

In addition to bulk alloy modifications and predictive modeling, surface engineering
techniques such as coatings offer another viable strategy for enhancing material perfor-
mance, particularly in tribological applications. Among various surface coatings, chromium
(Cr) coatings have emerged as a highly effective solution for enhancing the hardness, wear
resistance, and corrosion protection of bearing materials [30,31]. Chromium coatings are
widely used in tribological applications due to their exceptional surface hardness, which
significantly reduces material loss under high-contact stress conditions [32,33]. Their low
friction coefficient and superior adhesion properties contribute to improved lubrication
and reduced surface fatigue, extending the operational lifespan of coated components [34].
Furthermore, Cr coatings exhibit excellent corrosion resistance, preventing oxidation and
degradation in harsh environments, making them a preferred choice for demanding appli-
cations in automotive, marine, and industrial machinery [35].

However, while chromium coatings have been extensively applied to improve the
performance of various alloys, their effect on SnSb11Cu6 babbitt alloys remains largely
unexplored. In particular, there is a lack of research on the microstructural characterization,
hardness, and tribological performance of Cr-coated SnSb11Cu6 alloys. Furthermore, pre-
dictive modeling techniques, such as machine learning and time-series forecasting, have not
been widely explored to assess the tribological behavior of these coatings under dynamic
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loading conditions. Moreover, despite significant advancements in applying ML methods to
tribology, as demonstrated by numerous recent studies employing algorithms like Random
Forest, Extreme Gradient Boosting, and convolutional neural networks, such approaches
have yet to be applied extensively to coated babbitt materials. In particular, the capability of
deep learning architectures such as convolutional neural networks [36], which have proven
effective in capturing complex temporal dependencies and accurately predicting wear
and friction behaviors, has not been evaluated for chromium-coated SnSb11Cu6 alloys.
Addressing this specific knowledge gap by employing one-dimensional convolutional
neural networks (Conv1D), predictive models could lead to a deeper understanding of
frictional and wear dynamics, enabling more effective optimization of surface engineering
strategies aimed at enhancing bearing performance and longevity.

To address this knowledge gap, the present study investigates the electrodeposition of
chromium coatings directly on SnSb11Cu6 and evaluates their microstructural, mechanical,
and tribological properties. The coatings were systematically characterized using scanning
electron microscopy (SEM) and energy-dispersive X-ray spectroscopy (EDS) to analyze
their morphology and composition. Microhardness tests and wear evaluations were then
conducted to quantify improvements in mechanical strength and durability improvements.
Additionally, an advanced deep learning model, specifically a Conv1D architecture, was
employed to predict COF trends over time. This approach enables a deeper understanding
of frictional behavior and wear progression, facilitating more precise optimization of coat-
ing parameters. Furthermore, feature importance plots for the COF and mass wear were
generated to determine which parameters most significantly influence these tribological
outcomes. Chromium coatings were selected due to their well-established industrial use in
bearing applications, offering superior hardness, excellent wear resistance, and the ability
to form dense, protective layers. Building on previous research on chromium coatings
applied to aluminum alloys [37], this work further explores the potential of chromium
coatings to enhance wear resistance and extend the operational lifespan of babbitt
bearing materials.

2. Materials and Methods
2.1. Fabrication

The substrate material used was SnSb11Cu6 alloy, commonly utilized in bearing
applications due to its excellent wear resistance and load-bearing capacity. The samples
were cylindrical in shape, with dimensions of 10 mm in diameter, 20 mm in height, and
a spherical tip of radius R5. The initial preparation involved degreasing the samples suc-
cessively in 1,2-dichloroethane (C2H4Cl2) and ethanol (C2H5OH), followed by weighing
and measuring to ensure dimensional accuracy. Before electrodeposition, the samples
underwent an etching process using acidic mixtures containing sulfuric acid (H2SO4).
A systematic cleaning process was developed to achieve reproducibility and ensure clean
and uniform surfaces. The fabrication and analysis process is summarized in Figure 1,
which outlines the steps from material preparation to chromium electrodeposition and
characterization. Chromium deposition on the surface of the SnSb11Cu6 samples was
carried out through an electrolytic process using a traditional acidic electrolyte contain-
ing CrO3 at a concentration of 220 g/L and sulfuric acid (H2SO4) at 2.2 g/L. The elec-
trolytic process was conducted under controlled parameters, including a current density of
45 A/dm2, a process duration of 45 min, and an electrolyte temperature of 50 ◦C. A semi-
circular lead electrode as an anode (12 × 6 cm) was used during the electrodeposition
process. The electrolyte solution was agitated using an electromagnetic stirrer to ensure uni-
form deposition, and the pH was maintained between 5.3 and 5.5 throughout the process.
The resulting coatings were uniform, continuous, and dense, conforming to the surface of
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the sample. However, due to the spherical tip of the substrate material, slight variations
in coating thickness were observed. The chromium yield was 11.03 mg/cm2, with a mass
difference of 0.104 g before and after the chroming process of the babbitt alloy sample.
The selection of these deposition parameters was based on our previous work [37] on
chromium coatings.
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Figure 1. Fabrication and analysis scheme for chromium-coated SnSb11Cu6 alloy.

2.2. Characterization

SEM and EDS analyses were carried out using a HIROX SH-5500P SEM (Hirox Japan
Co., Ltd., Tokyo, Japan) equipped with a ‘QUANTAX 100 Advanced’ EDS system (Bruker,
Billerica, MA, USA) to examine the surface morphology and elemental composition of the
materials. The tribological performance was evaluated using a pin-on-disk dry sliding wear
test, conducted at room temperature on a TR-20 model Ducom Rotary tribometer (Ducom
Instruments, Bangalore, India). The test parameters included a load of 10 N, a sliding veloc-
ity of 0.85 m/s, and a total sliding distance of 418 m. Chromium-coated SnSb11Cu6 alloy
and uncoated SnSb11Cu6 alloy were tested against an EN-31 steel counter-disk to assess
wear resistance and frictional behavior. The tribological tests were conducted on multiple
samples following consistent experimental procedures to ensure the reliability and repro-
ducibility of the results. Representative tests were selected based on stable and repeatable
friction behavior under the specified conditions. The specimens used for the tribological
tests were cylindrical with a length of 25 mm, a diameter of 10 mm, and a spherical tip
with a radius of 5 mm. The tests were carried out under a normal load of 10 N, at room
temperature, and ambient humidity. The wear mass loss was determined by measuring
the initial and final mass of each sample using a Boeco BAS 32 Plus (Hamburg, Germany)
analytical balance with a precision of 0.1 mg (d = 0.1 mg). Samples were thoroughly
cleaned and dried before each measurement to ensure accuracy. Prior to microhardness
measurements, the samples were prepared following a standard metallographic procedure.
Cross-sections were embedded in acrylic resin, ground with silicon carbide papers up to
grit #1200, and mechanically polished using diamond suspensions. The samples were then
etched by immersion in a solution of 2 mL HCl, 5 mL HNO3, and 93 mL methanol to reveal
the microstructure. The microhardness of the coated material was analyzed using a Polyvar
Met light microscope (Reichert Jung, Vienna, Austria) equipped with a semi-automated
micro-Vickers hardness measurement system (Micro-Duromat 5000 computer control, Re-
ichert Jung, Vienna, Austria). The microhardness measurements were performed using
a standardized Vickers indenter with a diamond pyramid tip at a 136◦ angle at the vertex.
A load of 0.05 kgf was applied for a duration of 10 s, with the pressure maintained for
an additional 10 s to ensure accurate measurements. Microhardness measurements were
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performed on multiple indentations under consistent experimental conditions to ensure
the reliability and reproducibility of the results. To capture the hardness distribution across
the coating and substrate, indentations were systematically performed in four distinct
regions: (i) within the matrix of the SnSb11Cu6 alloy, (ii) in the matrix close to the coating,
(iii) within the SnSb intermetallic phase, and (iv) within the chromium coating layer. Multi-
ple measurements were taken at each region to ensure repeatability and assess the hardness
gradient. Data are presented as the mean with the standard deviation to represent both
the average values and the variability observed across measurements. These methods
provided comprehensive insights into the microstructural, tribological, and mechanical
properties of the materials under investigation.

2.3. Deep Learning-Based Predictive Modeling and Feature Importance Analysis

To predict the COF trends over time for chromium-coated and uncoated SnSb11Cu6
alloys, a deep learning model based on a one-dimensional Conv1D was implemented
using TensorFlow and Keras. The Conv1D architecture was chosen for its ability to extract
local temporal dependencies from time-series data, making it well-suited for tribological
analysis [38,39]. The model was designed with an initial Conv1D layer containing 32 filters
and a kernel size of 2, activated using the ReLU function to introduce non-linearity. This
was followed by a Flatten layer, which transformed the feature maps into a one-dimensional
vector. The fully connected layers included 16 neurons with ReLU activation, followed
by a single output neuron with linear activation to predict COF values. The model was
compiled using the Adam optimizer and trained with a mean squared error (MSE) loss
function for regression. Training was conducted over 200 epochs with a batch size of 16, and
validation was performed at each epoch to monitor performance and prevent overfitting.
To prepare the data, experimental COF measurements were collected from separate datasets
for chromium-coated and uncoated alloys. The data were preprocessed by scaling the COF
values to a [0, 1] range using the MinMaxScaler function to improve training efficiency.
A look-back window of three time steps was applied to construct time-series sequences,
ensuring that the model captured past COF values to predict future trends. The dataset
was then split into 70% training, 15% validation, and 15% testing, maintaining a balanced
representation across different COF ranges. The model’s performance was assessed using
key evaluation metrics, including mean squared error (MSE), root mean squared error
(RMSE), mean absolute error (MAE), and the R2 score (coefficient of determination). These
metrics quantified the model’s predictive accuracy, and results were stored in a text file
for documentation.

In addition to deep learning-based COF prediction, a feature importance analysis was
conducted using a Random Forest Regressor to evaluate the influence of different material
properties on COF and mass wear. This robust ensemble learning method is known for
its ability to handle non-linearity, feature interactions, and high-dimensional datasets,
making it well suited for identifying key factors affecting tribological performance [40]. The
model considered several key predictors, including coating presence (binary: 1 = coated;
0 = uncoated), matrix hardness, matrix hardness near the coating, SnSb hardness, and
coating hardness. Two separate regression models were trained: one for COF prediction
and another for mass wear estimation. The importance of each feature was extracted from
the trained models and visualized using Seaborn bar plots, ranking the most influential
parameters for each target variable.
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3. Results and Discussion
3.1. Microstructural Analysis

The microstructural analysis of the chromium-coated SnSb11Cu6 alloy and uncoated
SnSb11Cu6 alloy was conducted to evaluate their surface morphology and chemical compo-
sition before and after the wear test. The thickness of the chromium coating was measured
to assess its uniformity and its contribution to wear resistance. SEM micrographs and EDS
analysis results (Figure 2, Table 1) were used to examine the structural integrity and wear
behavior of these materials under different conditions. Table 1 presents the elemental com-
position of the SnSb11Cu6 alloy for (i) the uncoated alloy before the wear test (Figure 2b),
(ii) the uncoated alloy after the wear test (Figure 2c), and (iii) the chromium-coated alloy
after the wear test (Figure 2d). Key elements analyzed include Sn, Sb, Cu, Cr, O, and Fe,
highlighting wear-induced changes and the protective effects of the chromium coating.
The chromium coating on the SnSb11Cu6 alloy, as shown in Figure 2a, was measured to
have a mean thickness of 20.2 µm, with a clearly defined interfacial region separating the
coating from the alloy matrix. The SnSb11Cu6 substrate material features a spherical tip on
the contact surface side, where the wear test is conducted. Due to this geometry, a slight
variation in coating thickness was observed, with the thickest part measuring 21.1 µm
and the thinner regions measuring 19.4 µm. This consistent yet slightly variable coating
thickness indicates a well-applied protective layer, which is crucial for enhancing wear
resistance. The surface morphology of the uncoated SnSb11Cu6 alloy before the wear test
(Figure 2b) shows a relatively homogeneous distribution of elements. EDS results indicate
that Zone 1 primarily represents the matrix of the alloy, with a high concentration of Sn
(92.11%) and Sb (7.89%), characteristic of the Sn-rich base material. In contrast, Zones
3 and 2 correspond to intermetallic phases, with compositions of Sn (65.21%, 64.63%)
and Cu (34.79%, 35.37%), suggesting the presence of intermetallic compounds. These
intermetallic phases provide structural reinforcement, improving the wear resistance and
load-bearing capacity of the alloy. After the wear test, the surface morphology of the
uncoated alloy (Figure 2c) demonstrates significant changes, with wear-induced alterations
visible in the EDS analysis. Zone 1 exhibits a notable presence of Fe (26.72%), alongside
reduced amounts of Sn (62.22%), Sb (8.62%), and Cu (2.45%). The introduction of Fe
suggests material transfer from the counterbody during the wear process, indicative of
adhesive wear. Zone 2, in contrast, remains dominated by Sn (88.97%) and Sb (11.03%),
indicating areas less affected by wear. Zone 3 shows a mixture of Sn (75.34%), Sb (10.16%),
Cu (5.21%), and Fe (9.28%), highlighting a combination of the original matrix material and
tribolayer formation from wear debris, characteristic of third-body wear. The grooved and
plowed surface morphology observed in the SEM image further supports the presence of
abrasive wear. In comparison, the chromium-coated SnSb11Cu6 alloy after the wear test
(Figure 2d) demonstrates a more intact and stable surface morphology. EDS analysis reveals
that the chromium coating effectively preserved the surface integrity of the SnSb11Cu6
alloy, by minimizing material loss and mitigating wear-induced compositional changes. In
Zones 1, 2, and 3, the EDS results show a dominant presence of chromium (95.20–95.80%),
along with minor oxygen content (4.20–4.80%), originating from the chromium coating
itself. The absence of Sn, Sb, Cu, and Fe in these zones indicates that the chromium layer
successfully shielded the underlying alloy from direct contact and wear, acting as an ef-
fective barrier against both mechanical abrasion and chemical interaction. However, Zone
4 presents a deviation from this protective pattern. Here, the Cr content drops to 79.85%,
accompanied by the appearance of Sn (15.75%) and oxygen (4.40%). Detailed SEM image
analysis shows that this exposed area measures approximately 11 µm in width and 39 µm
in length. This confirms that the coating degradation is highly localized and limited in size,
without compromising the overall protective function of the chromium layer. Such confined
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exposure did not trigger crack propagation or delamination. This is validated by SEM
observations showing that microcracks remained shallow and non-propagating, and EDS
analysis confirmed stable chromium content with no substrate exposure or material transfer.
Additionally, the significant reduction in COF and wear mass supports that the overall
protective function of the chromium layer remained intact under the test conditions. The
SEM image reveals five microcracks radiating from the wear track, all of which are confined
primarily to the surface layer. Detailed measurements show that the largest microcrack
width is approximately 4 µm, further confirming that these cracks remain shallow and
do not penetrate deeply enough to compromise the coating’s integrity. Importantly, no
material transfer or significant degradation was detected, underscoring the stability of the
chromium layer. Overall, the limited size of the exposed area and the stable microstructure
indicate that the coating effectively withstood the wear process, maintaining excellent
resistance to wear with minimal vulnerability under standard operating conditions.
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Figure 2. SEM micrographs illustrating the structural features of the coated and uncoated materials:
(a) Cross-sectional view of the chromium-coated SnSb11Cu6 alloy; (b) Surface morphology of the
SnSb11Cu6 alloy before the wear test, with red square zones indicating the locations (1–3) where
EDS analysis was performed; (c) Surface morphology of the SnSb11Cu6 alloy after the wear test,
with red square zones indicating the locations (1–3) where EDS analysis was performed; (d) Surface
morphology of the chromium-coated SnSb11Cu6 alloy after the wear test, with red square zones
indicating the locations (1–4) where EDS analysis was performed.

The wear behavior observed in the chromium-coated sample differs markedly from
that of the uncoated alloy. While the uncoated SnSb11Cu6 alloy (Figure 2c) exhibited
significant Fe transfer from the counterbody and clear signs of abrasive and adhesive
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wear, the chromium-coated surface maintained an intact structure with no evidence of
material transfer. The coating effectively minimized adhesive wear and limited wear
debris formation. Overall, the chromium layer exhibited resilience across most zones,
with abrasive wear significantly mitigated and adhesive wear occurring only in the mi-
nor localized breach at Zone 4. These results demonstrate the superior wear resistance
of the chromium-coated SnSb11Cu6 alloy, highlighting its effectiveness in protecting
the substrate.

Table 1. EDS analysis results (in mass norm. %) for the zones highlighted in SEM micrographs (Figure 2).

Specimen Analysis
№ Sn Sb Cu Cr O Fe

Surface morphology of
the SnSb11Cu6 alloy
before the wear test
(Figure 2b)

1 92.11 7.89 - - - -

2 64.63 - 35.37 - - -

3 65.21 - 34.79 - - -

Surface morphology of
the SnSb11Cu6 alloy
after the wear test
(Figure 2c)

1 62.22 8.62 2.45 - - 26.72

2 88.97 11.03 - - - -

3 75.34 10.16 5.21 - - 9.28

Surface morphology of
the chromium-coated
SnSb11Cu6 alloy after
the wear test (Figure 2d)

1 - - - 95.80 4.20 -

2 - - - 95.55 4.45 -

3 - - - 95.20 4.80 -

4 15.75 - - 79.85 4.40 -

3.2. Microhardness and Wear Behavior

The microhardness distribution of the Chromium-coated SnSb11Cu6 alloy exhibits
significant variation across the analyzed regions, as illustrated in Figure 3. The matrix
region displays the lowest microhardness value, measuring 26.6 HV, indicative of the soft
and ductile nature of the SnSb11Cu6 alloy’s base material. However, a moderate increase
in microhardness is observed in the matrix region close to the coating, where the value
rises to 34.0 HV, likely due to the influence of the coating process. The SnSb phase, known
to provide structural reinforcement, demonstrates a microhardness of 61.7 HV, reflecting
the presence of intermetallic phases that contribute to higher hardness compared to the
unreinforced matrix. This intermediate hardness value highlights the strengthening effect
of the SnSb phase on the alloy, albeit still significantly lower than the surface-coating
hardness. The chromium coating region exhibits an exceptionally high microhardness
of 715.2 HV, far surpassing all other regions. This significant increase is attributed to
the inherent hardness of the chromium layer, which forms a wear-resistant surface with
enhanced mechanical properties. The difference in hardness between the coating and
the other regions underscores the efficiency of the coating in imparting superior surface
strength and durability to the alloy.
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The materials tested included the chromium-coated SnSb11Cu6 alloy and the un-
coated SnSb11Cu6 alloy. COF (Figure 4) and mass wear (Figure 5) were analyzed to assess
the effectiveness of the coating in improving the tribological properties. The uncoated
SnSb11Cu6 alloy exhibited a higher COF of 0.27 and a mass loss of 1.30 mg, indicating
significant material removal and higher resistance during sliding. These results align
with the microstructural observations, where abrasive and adhesive wear mechanisms
dominated the wear process. The EDS analysis of the worn surface (Figure 2c) revealed
notable Fe transfer from the counterbody, a hallmark of adhesive wear, alongside clear
signs of abrasive wear characterized by grooves and plowed regions. The relatively soft
Sn-rich matrix in the uncoated alloy, though reinforced by intermetallic phases, lacks suf-
ficient surface hardness to withstand high sliding stresses, leading to increased material
detachment and wear debris formation. In contrast, the chromium-coated SnSb11Cu6
alloy demonstrated superior tribological performance, as evidenced by the reduced COF of
0.15—a 44% decrease—and a significantly lower mass loss of 0.60 mg, representing a 54%
improvement in wear resistance. This enhancement directly reflects the microstructural
integrity of the chromium coating observed in Figure 2d. The hard chromium layer effec-
tively served as a barrier, minimizing direct contact between the softer SnSb11Cu6 substrate
and the counterbody, thereby reducing both friction and wear. Similar to Zeng et al. [41],
our results confirm that the hardness of the chromium layer significantly dictates the wear
behavior under dry sliding conditions. The findings align with previous research [37],
where uniform chromium coatings doped with nanodiamond particles significantly en-
hanced microhardness and wear performance on aluminum alloys. Notably, even without
nanodiamond reinforcement, our electrodeposited pure chromium coating demonstrated
a similarly protective role, effectively improving wear resistance and reducing friction. The
uniform chromium distribution across the worn surface, as shown in Table 1 for Figure 2d
(Zones 1–3), contributed to consistent wear resistance as well as enhanced hardness and
chemical stability. The presence of microcracks in the chromium-coated alloy, though
observed in the SEM analysis, did not compromise the protective function of the coating.
These microcracks were shallow, with no visible phases detected within them, indicating
that they did not facilitate material transfer or significant degradation. Even in Zone 4,
where a minor 39 µm exposed phase was identified, the disruption was localized and had
minimal impact on the overall wear performance. This highlights the coating’s robustness,
ensuring that adhesive wear mechanisms were effectively suppressed, and abrasive wear
was significantly minimized.
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3.3. Modeling and Feature Importance Analysis

To predict the COF trends over time for chromium-coated (Figure 6a) and uncoated
SnSb11Cu6 alloys (Figure 6b), a deep learning approach based on
a one-dimensional Conv1D model was implemented using TensorFlow (https://www.
tensorflow.org) and Keras (https://keras.io/). The Conv1D architecture was selected for
its ability to capture local temporal dependencies in time-series data, making it suitable
for tribological analysis. The model featured a Conv1D layer with 32 filters (kernel size:
2), ReLU activation, and a fully connected layer for regression, optimized using the Adam
optimizer and MSE loss function. Experimental COF data were scaled to [0, 1] with Min-
MaxScaler and prepared using a three-step look-back window. The dataset was split into
70% training, 15% validation, and 15% testing, and performance was evaluated using MSE,
RMSE, MAE, and R2 (Table 2). A key finding of this computational analysis is the high
predictive accuracy achieved by the Conv1D model, particularly for the coated alloy. This
result is significant as it demonstrates the potential of advanced computational approaches
to reliably predict wear behavior, thereby supporting more efficient material optimiza-
tion and component lifespan prediction. Specifically, the model for the chromium-coated
SnSb11Cu6 alloy attained a validation R2 of 0.9971 and a test R2 of 0.9968, confirming its
superior predictive capability under the tested conditions. In comparison, the model for the

https://www.tensorflow.org
https://www.tensorflow.org
https://keras.io/
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uncoated SnSb11Cu6 alloy yielded a slightly lower validation R2 of 0.9742 and test R2 of
0.9887, reflecting marginally reduced prediction accuracy. The lower MSE and RMSE values
for the chromium-coated alloy model further confirm its superior predictive capability. The
results presented in Table 2 highlight the performance of the Conv1D model in predicting
the COF for chromium-coated and uncoated SnSb11Cu6 alloys. The validation R2 for the
chromium-coated alloy is 0.9971, higher than the 0.9742 observed for the uncoated alloy,
demonstrating a stronger ability to explain the variance in the coated alloy’s COF. Similarly,
the test R2 is slightly higher for the coated alloy (0.9968) compared to the uncoated alloy
(0.9887), further reinforcing the superior model performance for the coated material. The
error metrics, including MSE, RMSE, and MAE, are consistently lower for the coated alloy,
indicating more accurate predictions. For example, the test RMSE for the coated alloy is
0.0018, compared to 0.0021 for the uncoated alloy. The deviation in COF measurements
was inherently addressed during model training by applying the MSE loss function, which
penalizes larger prediction errors more strongly and enables the model to generalize across
local fluctuations in the experimental data. Although the uncoated alloy exhibited a visually
more stable COF trend, the coated sample provided better prediction accuracy because
the chromium layer induced a more consistent wear mechanism dominated by abrasion.
In contrast, the uncoated alloy involved random micro-adhesive events that, while sub-
tle in amplitude, introduced irregularities that were difficult for the model to generalize.
This suggests that the wear process for the coated alloy, while dynamic, is fundamentally
more predictable than the complex adhesive and abrasive interactions occurring on the
uncoated surface.

Table 2. Evaluation metrics for COF prediction models.

Metric Chromium-Coated
SnSb11Cu6 Alloy SnSb11Cu6 Alloy

Validation MSE
Validation RMSE

2.58 × 10−6 1.02 × 10−5

0.0016 0.0032
Validation MAE

Validation R2
0.0013 0.0018
0.9971 0.9742

Test MSE 3.15 × 10−6 4.31 × 10−6

Test RMSE 0.0018 0.0021
Test MAE 0.0014 0.0017

Test R2 0.9968 0.9887

To further understand the factors driving the observed tribological behavior and to
quantitatively validate the experimental findings, a Random Forest Regressor was em-
ployed to assess the feature importance of material properties like coating presence, coating
hardness, and matrix hardness on COF and mass wear. The feature importance results
were visualized using bar plots to identify key predictors influencing tribological perfor-
mance. The importance of various features in predicting COF and mass wear is depicted
in Figure 7a,b. For COF, the most influential predictor is coating hardness, contributing
43% to the model’s accuracy. This is followed by matrix hardness (close to coating) at
26%, and coating presence at 15%, highlighting the critical role of the chromium coating in
reducing friction. The base matrix and SnSb phase hardness contribute less significantly,
with 14% and 2%, respectively. Similarly, for mass wear, coating hardness is the dominant
predictor, accounting for 47% of the importance. The matrix hardness (close to coating)
contributes 29%, while coating presence adds 16%. The minimal contributions from matrix
hardness (7%) and SnSb hardness (1%) underscore the decisive impact of the chromium
coating in enhancing wear resistance. These findings align with the experimental results,
reinforcing the superior performance of the chromium-coated SnSb11Cu6 alloy in both
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friction and wear resistance. Crucially, these feature importance results provide strong,
data-driven confirmation of the experimental observations discussed in Section 3.2. The
analysis highlights the primary role of coating hardness and the proximity of the matrix to
the coating in determining the alloy’s overall tribological behavior. The high importance
attributed to coating hardness directly reflects its physical role in providing a robust barrier
against the abrasive and adhesive wear mechanisms that were prevalent in the uncoated
alloy. While this study demonstrates the effectiveness of the coating under specific dry
sliding conditions and the utility of the modeling approach, further investigation could
explore performance under lubricated conditions or varying loads and speeds, potentially
leveraging similar predictive models to optimize for different operational scenarios.

The results presented herein confirm and extend recent findings in ML applications
within tribology. Consistent with previously published works, our Conv1D model achieved
excellent predictive performance, comparable to advanced deep learning frameworks re-
cently proposed in the literature. For instance, previous studies using convolutional neural
networks combined with recurrent or attention-based architectures (Informer, BiLSTM, and
ResNet-LSTM) reported high predictive accuracies (up to 99%) in tool-wear monitoring
scenarios by effectively capturing temporal dependencies from sensor data [26,27]. Our
Conv1D model aligns with these results, obtaining high R2 values (validation R2 = 0.9971;
testing R2 = 0.9968) for predicting COF in chromium-coated SnSb11Cu6 alloys, reinforcing
the suitability of CNN-based deep learning methods for tribological data.

However, this study introduces notable novelty and superior aspects. Unlike previous
studies, which predominantly focused on tool wear prediction or lubrication regimes in
steels and composites, our work uniquely explores tribological predictions specifically
for chromium-coated SnSb11Cu6 alloys—materials of critical importance in high-stress
bearing applications. To our knowledge, this represents the first application of a deep
learning Conv1D model for the prediction of COF in electrodeposited chromium-coated
SnSb11Cu6 babbitt alloys. Furthermore, the incorporation of feature importance analysis
using a Random Forest Regressor further distinguishes our approach, quantitatively vali-
dating experimental insights and clearly identifying coating hardness as the paramount
feature influencing frictional and wear outcomes. This combined predictive and interpre-
tive methodology offers deeper mechanistic insights by specifically applying predictive
and feature importance models to chromium-coated SnSb11Cu6 alloys, whose frictional
and wear properties have not previously been predicted using ML techniques [23,24,28].
Consequently, our integrated experimental ML framework not only achieves predictive
accuracy comparable to the most sophisticated models in the recent literature but also
demonstrates a uniquely comprehensive understanding of the factors driving tribological
performance in coated babbitt alloys. This methodological advancement paves the way
for more targeted optimization of coating processes, facilitating improved reliability and
longevity in industrial applications.
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4. Conclusions
This study aimed to investigate the electrodeposition of chromium coatings on

SnSb11Cu6 alloys and evaluate their microstructural, mechanical, and tribological proper-
ties, complemented by advanced predictive modeling of frictional behavior. The chromium
coatings were found to form a uniform and robust layer with a mean thickness of 20.2 µm,
significantly enhancing the surface hardness of the alloy to 715.2 HV. This improvement
in mechanical properties contributed to the superior wear resistance observed during dry
sliding tests. The coated alloy exhibited a 44% reduction in the COF and a 54% improve-
ment in wear resistance compared to the uncoated alloy. These tribological benefits were
attributed to the formation of a stable chromium layer, which acted as an effective barrier
against abrasive and adhesive wear. The uncoated alloy, by contrast, showed substantial
wear-induced damage, including material transfer from the counterbody and composi-
tional redistribution, which were absent in the coated samples. SEM and EDS analyses
revealed that the chromium coating effectively protected the substrate from wear damage,
with only minimal localized penetration of the coating layer.

The predictive modeling approach, utilizing a Conv1D architecture, accurately cap-
tured COF trends over time, achieving R2 values of 0.9971 for validation and 0.9968 for
testing in the coated alloy. The feature importance analysis identified coating hardness
as the most significant parameter influencing COF and wear resistance, followed by ma-
trix hardness near the coating, underscoring the decisive role of the chromium layer in
enhancing the alloy’s tribological performance.



Lubricants 2025, 13, 200 16 of 18

This investigation demonstrates that chromium coatings significantly enhance the me-
chanical strength, wear resistance, and durability of SnSb11Cu6 alloys, thereby increasing
their suitability for high-stress applications. By integrating an advanced deep learning
model specifically designed to predict wear properties, this work provides a comprehensive
framework for optimizing coating parameters and gaining deeper insights into the complex
tribological behavior of coated babbitt materials. It is important to note that this study was
limited to dry sliding conditions. The coating’s performance under varying unit pressures
or extended test durations will be considered in future research to further evaluate its
long-term durability and performance.
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