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In tribology, a considerable number of computational and experimental approaches to understand the
interfacial characteristics of material surfaces in motion and tribological behaviors of materials have
been considered to date. Despite being useful in providing important insights on the tribological
properties of a system, at different length scales, a vast amount of data generated from these state-of-
the-art techniques remains underutilized due to lack of analysis methods or limitations of existing
analysis techniques. In principle, this data can be used to address intractable tribological problems
including structure—property relationships in tribological systems and efficient lubricant design in a cost
and time effective manner with the aid of machine learning. Specifically, data-driven machine learning
methods have shown potential in unraveling complicated processes through the development of
structure—property/functionality relationships based on the collected data. For example, neural networks
are incredibly effective in modeling non-linear correlations and identifying primary hidden patterns
associated with these phenomena. Here we present several exemplary studies that have demonstrated
the proficiency of machine learning in understanding these critical factors. A successful implementation
of neural networks, supervised, and stochastic learning approaches in identifying structure—property
relationships have shed light on how machine learning may be used in certain tribological applications.
Moreover, ranging from the design of lubricants, composites, and experimental processes to studying
fretting wear and frictional mechanism, machine learning has been embraced either independently or
integrated with optimization algorithms by scientists to study tribology. Accordingly, this review aims
at providing a perspective on the recent advances in the applications of machine learning in tribology.
The review on referenced simulation approaches and subsequent applications of machine learning in
experimental and computational tribology shall motivate researchers to introduce the revolutionary
approach of machine learning in efficiently studying tribology.

motivated researchers to understand the tribological pheno-
menon at different time and length scales."®™® In recent years,

Tribology - the fundamental science of interacting surfaces in
relative motion - has fascinated researchers due to its applica-
tions in different fields including energy,”” biomedicine,
biology,* food,” automobiles,® and aerospace.”® Thus, it is no
surprise that key elements in tribology, such as motion
dynamics and interfacial mechanism as well as attributes of
surfaces in motion, such as friction, wear, adhesion, indenta-
tion, lubrication, and so on, have been extensively studied.’™*?
For example, high energy consumption, failure of industrial
processes, mechanical equipment, and increased transporta-
tion cost caused by unavoidable friction and wear have
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a majority of these studies have developed and employed state-
of-the-art experimental methods with the intention of reducing
friction and wear, which account for one-fifth of all annual
energy consumption.'” Specifically, advanced experimental
techniques such as nanoindentation, atomic force microscopy
and imaging,"® digital image correlation,"® and in situ spectro-
scopy, have been developed with the aim of studying tribo-
logical systems. Significant progress has been made in studying
tribology at nano- and micro-scales through quantum ab initio
simulations, as well as empirical, and mathematical appro-
aches such as continuum mechanics,>*?' multi-scale,??
atomistic,”® and coarse-grained molecular dynamics (CG MD)
simulations,** non-equilibrium molecular dynamics (NEMD)
simulations,” reactive molecular dynamics (RMD) simulations,”®
probabilistic and stochastic modeling,>”° finite element
method,*® and fractal methodology.*"**
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One of the effective ways to overcome and control friction
and wear is through lubrication.?® In recent decades, numerous
studies have been conducted to enhance lubrication in moving
components of machinery by developing novel lubricants.
These include novel varieties of solid-based lubricants includ-
ing ball-bearings, diamond-like carbon (DLC), etc. or liquid-
based lubricants like composites of gels, mineral or vegetable
oils, among others. Moreover, the reinforcement of solid-state
materials like short carbon fibers (SCFs), graphite, titanium
oxide (TiO,) particles, boron carbide (B,C), titanium carbide
(TiC), silicon carbide (SiC), and/or fly ash in oil/polymer-based
liquids have enhanced lubrication.**~*® However, due to limited
knowledge on the individual contributions of functionalities
of each component and uncertainty associated with it, the
development of new hybrid materials remains challenging.
Moreover, the traditional methods to create these hybrid
materials mainly rely on a highly inefficient, trial and error
approach. Modern-day data-driven techniques of ML have
emerged as new approaches for understanding and advancing
complex processes in tribological studies. This is because, with
the aid of ML, higher-dimensional problems and datasets can
be modeled with ease and at a minimal cost, with better
adaptive abilities to changing conditions.?” Several studies have
combined the design of experiments (DOE) and modeling
techniques with ML to accelerate the design of tribological
materials with the desired characteristics/properties.*®?° This,
in turn, has enabled researchers to analyze, predict, optimize,
and accelerate the discovery of tribological materials by suc-
cessfully establishing structure-property or structure-function-
ality relations in the existing available data.’®*"' Thus, it is no
surprise that there has been a surge in the use of ML for
tribological applications recently (2010-today) as compared to
that until 2010.

The field of tribology has been explored in recent years by
reviewing applications of artificial neural networks (ANNs), as
well as other machine learning (ML) techniques.*”**** Most of
these reviews are focused on models developed using experi-
mental data, with relatively low emphasis on computationally
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modeled tribological studies.*®**

This is because, in spite of
the enormous amounts of data generated using computational
approaches, the use of ML to solve tribological problems has
been scarce. To the best of our knowledge, this is the first
comprehensive review article with a focus on applications of
ML with experimental and molecular simulations studies
in tribology. Specifically, we provide details of different ML
methods used to perform tribological studies as well as their
applications in predicting and/or studying properties and per-
formance of tribological systems and designing novel lubri-
cants. Thus, making this review more appealing to all
the relevant scientific communities. We highlight a detailed
procedure used for data-generation, including description on
design of experiments (DOE), as well as the pre-processing
of the experimental and/or computational data for ML
methods.*® Consequently, the importance of having the
appropriate data for pre-processing tools and methods is
demonstrated in improving the predictive accuracy of
models based on the available data. There is a particular
emphasis on integrating machine learning with optimization
algorithms to resolve an important task of tuning hyperpara-
meters during model training and the use of ML models as
surrogates or objective functions during optimization. Thus,
the goal of this comprehensive review is to provide insights
into tribology obtained from the molecular modeling tech-
niques and discuss recent trends of ML in the field of
tribology.

We have divided this review article into six sections as
presented in Fig. 1 as the contents and Table S1 of ESLf
According to different ML algorithms applied, Section 3 is
divided into the 9 subsections in the subsequent order of
the material formulation of (i) lubricants and (ii) com-
posites material formulation, including (a) polymer matrix
composites (PMCs), (b) metal matrix composites (MMCs), and
(c) ceramic matrix composites (CMCs). Following the section on
emerging, new and unexplored tribological materials, the chal-
lenges and our perspective on the applications of ML are also
presented.
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Fig. 1 The visual representation of the table of contents (overall flow) of the review is presented.
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2. Fundamentals of tribology
2.1 Experimental studies of tribology

Experimentally, tribological materials, either pure or compo-
site, are generally assessed through a number of test rigs
including pin-on-disk (POD), four-ball tester, rub shoe, etc. to
determine physical bulk or chemical tribological properties
including interfacial friction, wear, and surface energy. Here,
two of the widely used test rigs to generate training data for ML
models are discussed:

(i) Pin-on-disk. The friction and wear between two materi-
als can be characterized using POD experiments. The experi-
mental setup of materials, pin, and disk, sliding against each
other is shown in Fig. 2(a). During the test, the dynamometric
responses, including applied load (N), linear speed (L), track
radii (R), and the turning speed (), can be varied in addition
to the environmental conditions like external temperature,
pressure, and humidity, as well as the lubricant additives. Here,
the fixed pin holder is allowed to deflect minimally while the
transducer takes care of the forces such as the applied normal
force and the frictional force. The performance of the material
is generally characterized by the coefficient of friction (CoF),
specific wear rate (SWR), and/or wear scar diameter (WSD),
determined by the mass (or volume) loss during the
sliding experiment. The relative simplicity and abundance of
tribological contacts make this a popular experiment for
tribological tests.

(ii) Four-ball tester. The Four-ball tester as shown in
Fig. 2(b) is used for analyzing lubricants for wear, extreme
pressures, and properties. An experimental
setup involves rubbing a rotating ball against three stationary
lubricated balls in order to develop and measure wear scars.
The applied load, rotating speed, the temperature of contact,
and time of experimental run are specified as per the American
Society for Testing and Materials (ASTM) standards. The
volume of wear given by its size, on the rotating ball, is indicative
of the performance of the lubricant. The primary objective
of this test is to evaluate the wear-prevention abilities of a
lubricant.

frictional

(2)

Stationary Pin
Holder

Rotating Disk
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In general, the evaluation metric for a given tribological
material is through their wear characteristics like the CoF,
SWR, WSD, and/or mechanical properties like compressive
and tensile moduli, and strength. Typically, these properties
are used to train the ML models and the following subsection
describes these properties:

(i) Coefficient of friction (CoF). The CoF can be quantified as
the amount of friction occurring between two surfaces. The
expression for CoF can be given by eqn (1):

Frictional force (F)
Normal force (N)

H(COF) = (1)
In the case of a low CoF, the force required for a sliding
action to occur is substantially less than in the case of a
high CoF.
(1) Specific wear rate. Wear is defined as the irreversible
material loss resulting from sliding of the interacting surfaces.
The SWR (W) is calculated by the following eqn (2):

Am

:—’()'v't.}(}\l(mm3 N-'m™ (2)

S
where, Am is the mass loss, p is the density of the material, v is
the sliding speed and ¢ is the duration of the test. Note, here v-¢
can be shown as sliding distance (d). Fy represents the normal
applied force imposed on that substance while sliding. However,
in order to simplify and reduce testing parameters, a time-
dependent depth wear rate (W,) given in eqn (3), where A# is
the height reduction of the substance after the test, is defined to
evaluate wear behavior under pv-conditions.

W= We-p-v=""(mms") ()

2.2 Introduction to machine learning algorithms and their
applications

ML has been demonstrated in numerous studies to develop a
thorough understanding of structure-property relationships in
complex higher dimensional tribological problems.”’° In
addition to quantifying frictional and wear behavior, ML has

(b) @
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Fig. 2 (a) Schematic diagram of POD tribometer. Reproduced from ref. 45 with permission from Elsevier, copyright 2015. (b) Four ball tester schematic
diagram. Reproduced from ref. 46 with permission from Springer Nature, copyright 2019.
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Fig. 3 The visual representation of the hierarchical methods of artificial intelligence. In addition, the classification of machine learning into supervised,

unsupervised, and reinforcement learning is also presented.

proven to be effective in the design of new lubricant materials
for desired tribological applications such as ball-bearing, shaft
seals, piston rings, spacecrafts, etc.'®*7*%435! In light of the
fact that the impact of multiple complex factors on a system
remains uncertain in tribology, the potential of ML also goes
beyond purely academic perspectives into actual industrial
applications.”»> In general, the formulation of ML models is
driven either by the deterministic approach of logic and algo-
rithmic theory or the stochastic way of probability theory. Data
preprocessing followed by an appropriate choice of the algo-
rithm and hyperparameter tuning, constitutes the training
phase of ML models. The constructed and trained ML system
can thereby be used to model, analyze, and predict solutions to
that problem. Given a myriad of formulated algorithms, they
can be broadly classified as either ‘supervised’, ‘unsupervised’
and ‘reinforcement’ learning techniques as shown in Fig. 3.>*
The supervised learning approach is designed to learn through
a feature-property relationship, such that the model learns over
time by evaluating and improving the labeled output for a given
input vector. A supervised learning model can be successfully
constructed by identifying and defining a vector of unique
features that are anticipated to significantly affect the outcome.
Examples of supervised learning techniques include SVM,
DT, RF, the Naive-Bayes model, and so on.””> An unsupervised
learning approach, on the other hand, uses an unlabeled
dataset for analyzing and clustering data based on its common
characteristics.’® K-means clustering algorithm, hierarchical
clustering, density-based spatial clustering of applications with
noise (DBSCAN), etc. constitute the examples for unsupervised
learning method. Another important category of ML models is
‘reinforcement learning’, which may be classified as supervised
learning, employing an approach of a reward-punishment
mechanism.”” These ML models can be multi-layered feedfor-
ward NN, convolutional NN (CNN), RNN, modular NN (MNN),
radial basis function NN (RBFNN), etc.”®

In the field of tribology, the tribological performance of
materials are not only related to their material composition
or physical/chemical properties, but also on the experimental
testing conditions such as external temperature, pressure,
humidity, etc. Thus, it is crucial to understand how the

This journal is © the Owner Societies 2023

performance of a material is influenced by different experi-
mental parameters. A systematic approach of determining the
important factors affecting friction and wear in complex pro-
blems can be challenging as it may require running plenty of
experiments. The design of experiments (DOE) including full
and fractional DOE, as well as Taguchi method can be effective
as they allow a systematic study of the effect of input para-
meters on outcome in addition to a simple, robust, efficient,
and systematic way of designing experiments.’® The ortho-
gonality of this DOE allows the effects of each variable to be
separated from one another. Taguchi’s method of DOE, in
addition to the reduced number of experiments, is one of the
most robust, efficient, and systematic methods to provide a
parameters design for the experiments. Taguchi’s method is
particularly useful when operating on a set of 3 to 50 variables
in which only a few variables have significant contributions
and interactions are relatively minor.®® Several studies have
successfully demonstrated the use of orthogonal arrays gener-
ated by the Taguchi methodology to reduce the number of
experiments.®®* Data obtained from these experiments are
employed to model, analyze, and predict/answer the required
questions, through ML/AI models. This is reviewed and discussed
in-depth in the following sections, which are divided into sub-
sections according to the aforementioned ML algorithms imple-
mented in their studies.

3. Applications of ML algorithms in
tribological experiments
3.1 Artificial neural networks (ANN)

ANNs, due to their adaptive learning, generalization, model
independence, and analytical capabilities have proven vital in
studying, designing, and predicting material formulations with
enhanced properties in various fields of research.®* ® Particu-
larly, ANNs have been broadly used for optimizing minimum
wear rate, high lubrication, and/or the minimum CoF. Initial
successful research on the implementation of ANN includes
fretting wear damage prediction,” tool wear,”" faulty rolling
bearings diagnosis,”> composites’ tribological properties

Phys. Chem. Chem. Phys., 2023, 25, 4408-4443 | 4411
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prediction, surface roughness, and disk brake performance.
In general, the application of ANNs to lubricant design has not
only led to the discovery of novel lubricants with different
additives, but has also provided physical insights into the
formulation and correlation between inputs of new lubricants
and resulting outputs. The recent articles on the applications of
ML in the design and development of triboinformatics,*®
lubricants,®” MMCs,”® and structural materials’* further shed
light on the current advances in the field of tribology using ML
methods. The following sections provide a review of the for-
mulation of lubricants and composites through the utilization
of ANNs.

(i) oOil-based lubricants. Friction and wear can be reduced
by lubrication, which ensures a smooth relative motion
between two surfaces of two bodies, resulting in reduced energy
loss. Lubricants are heavily used in the manufacturing and
transportation sectors.”>’® The current focus of research on
lubricants encompasses petroleum-based, composite-based,
and carbon-based lubricants.”””° However, due to their
enhanced viscosity, volatility variation with temperature, addi-
tive susceptibility, and high thermal stability, petroleum-based
lubricants have gained much attention over the years.”®”°

Jones et al. were the first to endeavor to model an ANN on
finite available data from POD, four-ball, and rub shoe rig
experiments on perfluoropolyether (PFPE) lubricant.®® They
showed that the ANN model accurately predicted the wear rate
while also emphasizing on the influence of 6 input variables
and specifications of material systems like sliding speed, dis-
tance, viscosity, applied load, CoF, and temperature on their
tribological properties. They reported that the input layer
dampened with a feedback loop (RNN architecture) was most
suitable to predict the wear behavior. Because RNNs recirculate
previous outputs along with new inputs from the input layer,
they are able to learn better from past instances.®® Bhaumik
and Kamaraj studied for the first time, a blend of 60% glycerol
and 40% castor oil (NCO), which produced a 37% reduced CoF
compared to NCO and cashew nut shell liquid (CNSL) and 50%
less CoF to commercial mineral oil (CMO). A total of 60 data
points collected from experiments from four-ball tester rigs on
the lubricant developed by varying volumetric levels of men-
tioned three oils were used to train an ANN model. Ignoring the
testing conditions, only the significance of the content of oil
(in vol%) was studied on CoF and WSD.*' Humelnicu et al. used
ANN to predict the low CoF composite of the diesel oil com-
bined with two vegetable oils, namely, sunflower oil and rape-
seed oil. The resulting mixture comprising 4% sunflower oil
and 0% rapeseed oil indicated lower CoF compared to 0%
sunflower oil and 20% rapeseed oil. In addition, ANN success-
fully predicted reduced CoF for 6.5% sunflower oil and 0%
rapeseed oil compared to pure diesel oil, which was in good
agreement with the experimental observation.®>

Durak et al. successfully illustrated the use of feed-forward
back-propagation neural network (BPNN) to explore the fric-
tional behavior of the polytetrafluoroethylene (PTFE)-based
additives in mineral oil under different loads and rotating
speeds of the journal bearings.®* A 3-5-3-1 BPNN architecture

4412 | Phys. Chem. Chem. Phys., 2023, 25, 4408-4443
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was implemented with load, velocity, and additive concen-
tration as input to predict CoF as output with 98% accuracy.
Their study reported the successful experimental validation of
ANN predicted PTFE loadings for different forces in the optimal
hydrodynamic lubrication regime. Particularly, in experiments,
10-15% of PTFE at 153 N load, and 3-5% of PTFE at 253 N
yielded maximum reduction CoF, while the same was observed
in ANN for 15% of PTFE at 153 N, and 10-15% of PTFE at 253 N.
These four articles, as summarized in Table S2 (ESIT), success-
fully operated on determining a perfect blend of different oils
including mineral, vegetable, and commercial oils using ANN.

(i) Composite-based materials design for tribology.
Composites, which consist of multiple heterogeneous compo-
nents with the aim of achieving diverse chemical or physical
characteristics, are promising candidates in engineered mate-
rials. Because of their unique properties, including higher
mechanical strength, lower density and cost, as well as longer
life cycles, composites may be distinguished from their indivi-
dual elements. Composites can be broadly classified into three
major categories: (a) PMC, (b) MMC, and (c¢) CMC.

(a) Polymer matrix composites (PMC). Polymers, when com-
bined with additives/fillers like carbon (CF) or glass fibers (GF)
form PMC, which generally have improved thermal conduc-
tivity, mechanical, and tribological properties compared to the
pure polymer.®*®° PMCs exhibit interesting tribological proper-
ties, including their chemical stability, extreme temperature,
and wear resistance.'"****” Owing to these properties, PMCs
are applied as lubricants in spacecrafts, automobile engines
and under high vacuum conditions.®***> For example, poly
(ether ether ketone) (PEEK) composites have been examined
largely for their low CoFs and high wear resistance.”*™®” It has
also been reported that the wear resistance of higher molecular
weight PEEK was more than that of lower molecular weight
PEEK.”

PTFE, a material possessing a high wear rate but with a low
CoF,”® when blended with PEEK forms a PMC displaying a
blend of both, low CoF and low wear rates.”® Lu and Friedrich,
in their study, reported the value of the lowest CoF for a PEEK
blend with 15% PTFE, as it formed a lubricating transfer film
on the steel interface.”® Furthermore, a reinforcement of CF
with PEEK polymer decreased the wear CoF at high tempera-
tures (>493 K).** At higher temperatures (>493 K), local sur-
face heating of the contact area was observed, which led to a
decrease in the specific shear stress and thus, also the CoF.**
PEEK matrix reinforced with CF matrix exhibited a low CoF
compared to aramid fiber matrix.’® A higher enhancement in
the reduction of abrasive wear was observed when PEEK was
reinforced with CF compared to glass fiber.”” SEM images of CF
reinforced PEEK (CF-PEEK) have shown that the surface of CF-
PEEK was smoother as compared to aramid fiber matrix.>> The
time required to remove a fiber from the surface was shorter in
the case of aramid fiber matrix than CF-PEEK as the fiber had
to be broken into many pieces before final removal could take
place in CF-PEEK.’® Additionally, a higher degree of crystallinity of
PEEK reduced the abrasive and sliding wear of the matrix.”

This journal is © the Owner Societies 2023
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Owing to these advantages, it becomes imperative to determine a
precise blend of PMCs in order to achieve enhanced tribological
performance. However, in light of the large design space for
exploration, the design of an optimal PMC for the desired
applications continues to be a challenge. Therefore, in recent
years, researchers have circumvented this issue through various
data-driven techniques like ANN.'% We list these papers used to
predict the properties of PMCs in Table S3 (ESIt) and discuss
them here.

Friedrich and coworkers were pioneers in successfully
implementing the ANN technique for predicting the mechan-
ical and wear properties of PMCs.®”*°*"*°” The early work of
Jones et al. was followed by the work of Velten et al. as they
modeled ANN for wear volume prediction in short fiber rein-
forced polymeric bearing when in contact with a steel ball. In
Velten et al.’s ANN model, 10 input variables were utilized and
pre-processing through PCA was applied for dimensionality
reduction, and to identify the correlations between input
variables.’®® Subsequently, Zhang, Friedrich, and Velten pre-
dicted the SWR and CoF using multi-layer feed-forward ANN on
composites of polyamide reinforced by short fibers. Particu-
larly, they reported the influence of learning rules including
bayesian regularization, Powell-Beale conjugate gradient algo-
rithm (CGB), BFGS quasi-Newton method, Adaptive learning
rate (GDX), and Levenberg-Marquardt algorithm (LM) on the
coefficient of determination (B). In addition, the influence of
altering ANN architectures i.e., 9-25-1, 9-50-1, 9-20-10-1, 9-15-10-
5-1, and 9-12-8-5-5-1 and varying number of training data
sets on B, which is formulated as shown in eqn (4), was also
investigated.®®

B=1-"1_— (4)

where, O(p"”) represents the ith predicted wear characteristic,
0" represents the ith measured value, and O represents the
mean value of 01,

A survey by Frangu and Ripa''’ revealed the applications of
neural networks (NN) for modeling and predictions in contin-
uous nonlinear approximation and classification data.''® Later,
Zhang et al., who focused on the erosive wear of three polymers,
i.e., polyethylene (PE), polyurethane (PUR), and epoxy modified
by hydrothermally decomposed polyurethane (EP-PUR), intro-
duced the compelling potential of ANNs to study polymer
composites.®”'°! Jiang et al. followed up this work by investi-
gating the wear properties like SWR, CoF, and mechanical
properties such as compressive strength and modulus, tensile
strength (7;) and flexural strength (Fs) in polyamide 4.6 (PA 4.6:
synthesized with diaminobutane (C4 diamine) and adipic acid
(C6 diacid)), and 6.6 (PA 6.6: synthesized with hexamethylene-
diamine (C6 diamine) and adipic acid (C6 diacid)) composites.
They varied material compositions, including PA 4.6 matrix
content with GF, PTFE filler and graphite filler, at different
surrounding conditions like temperature, normal force, and

This journal is © the Owner Societies 2023
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sliding speed to train their ANN model.'*'** In another study,
Jiang et al. shifted their focus to polyphenylene sulfide (PPS)
composites reinforced with SCFs and TiO, particles. An excel-
lent agreement of their ANN model with their experimental
validation confirmed that introducing fillers to PPS improved
the wear resistance (4.0 x 1077 mm® N~" m™") for a specific
composition (PPS with 15 vol% SCF and 5 vol% TiO,). ANN-
based models are also efficient at modeling nonlinear relation-
ships between material compositions and testing conditions
with wear characteristics, so estimating optimal compositions
is simplified.'®® This study by Jiang et al. was further acceler-
ated by Gyurova by incorporating the graphite and PTFE in PPS
composites blended with SCF and TiO, fillers. A set of 90 data
obtained from a POD experiment by varying loads and sliding
velocities was used to train the ANN model. The inputs also
included material composition and thermo-mechanical proper-
ties like tensile and compressive properties of materials to
predict the SWR and CoF as outputs. To minimize the mean
relative error and predict the CoF, ANNs were trained separately
on gradient descent back-propagation algorithm with momen-
tum and adaptive learning rate. Uniquely, the efficiency and
performance of the ANNs were improved by removing irrele-
vant network nodes through a network optimization technique
called the optimal brain surgeon (OBS) algorithm."""** The
predictions on pruned data showed a good agreement with
experimental data while portraying better accuracy than the
ANN model trained on unpruned data.'®® Further, in their
second study, they suggested that the tribological characteris-
tics predicted by ANNs were primarily altered by the material
type, applied pressure, and sliding speed in the POD experi-
ment. The composite data, predicted using their ANN models
and experimental data were in fair agreement, resulting in the
best wear resistance (i.e., lowest SWR) for the composition of
PPS with 15 vol% SCF and 8 vol% submicron TiO,.'°® Effec-
tively enough, the model was able to predict the SWR and CoF
with reduced mean relative errors (0.55 for SWR and 0.1 for
CoF) compared to their previous study.'®*'% Busse and Schlarb
further improved this wear rate prediction efficiency (six times
higher than their previous studies) by using the LM training
algorithm with mean squared error regularization as a perfor-
mance function."** The aforementioned study by Gyurova'®
also evaluated the effect of the size of the data set (of compo-
sites of PPS with TiO, and SCF) used to train the ANN model."**

Zhu et al. showed that an increase in the number of training
data points can further improve the accuracy of ANN predic-
tion. The tribological properties of the composites of PTFE
reinforced by the CF and TiO, particle were predicted by an
ANN model. 12 compositions of PTFE reinforced with CF
(ranging 5-25 wt%), and TiO, particles (ranging from 3-15 wt%)
were utilized. The varying sliding velocities, applied normal loads,
and the material composition along with corresponding mechan-
ical properties, were used as input to predict the wear volume loss
and CoF. Interestingly, the least mean squared errors were shown
in a multi-layered model (with an architecture of 7{15-10-5]5-1) by
the scaled conjugate gradient (SCG) algorithm with tan-sigmoid
transfer functions between input and hidden layers and linear
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transfer functions between hidden and output layers. For the case
of moderate-level testing conditions, they concluded that the
exhibited best wear resistance for PTFE (79 vol%) was due to a
synergistic effect of CF (15 vol%) and TiO, (6 vol%), while the
lowest CoF for PTFE/CF/TiO, content at 69/25/6%.'

A study on the CoF and weight loss of the composites of
PEEK reinforced by using 30 wt% CF (PEEK-CF30) was per-
formed by LiuJie et al''® Using a non-linear ANN model
through BPNN; they determined that pv factor (a mechanical
factor ie. product of applied pressure and sliding speed)
significantly influenced CoF whereas contact temperature
affected the weight loss. Kranthi and Satapathy investigated
epoxy resin (Araldite LY 556) composites reinforced with pine
wood dust (PWD) using POD experiments.""” Employing ANN
on the data obtained from full-factorial DOE experiments
(Lo(3") orthogonal array), they constructed a 3-10-1 topology
with sliding velocity, PWD content, and applied load as inputs.
The experimental validation of ANN predictions was in good
accordance with SWR errors <8%. They also rank PWD con-
tent, sliding velocity, and normal load in the order of most
influential parameters for SWR.''” Following up, Rout and
Satapathy investigated the epoxy composites blended with
(5-20 wt%) rice husk (RH) for their SWR calculation using
POD setup. They utilized an L16 orthogonal array determined
from Taguchi DOE to obtain the experimental parameters. ANN
model with 3-6-1 architecture, including RH content (wt%),
sliding velocity and applied load as inputs for SWR as output
was developed. In the 16 data points that were used, ANN
predictions were in reasonable agreement with experiments
since the errors were <9.64%."'® Additionally, the work by
Padhi and Satapathy illustrated the use of a BPNN on the
experimental data obtained from Taguchi’s experimental
design on epoxy composites with SGF and blast furnaces slag
(BFS). A data set of 16 parameters were run experimentally
using a POD setup, and a SWR was determined. An ANN-
trained model was used to estimate the SWR for composites
with BFS (errors between 0.9% and 5.1%) and without BFS
(errors between 2.5% and 6.9%)."" Dai et al. designed novel
antiwear additives by applying the BPNN-assisted quantitative
structure tribo-ability relationship (QSTR) model.'*° This study
investigated 90 structural descriptors, including octanol-water
partition coefficient, 3D Jurs descriptors, and topological and
quantum indices for 36 additives, to determine their WSD area
under three loads.

Umar Nirmal investigated the frictional performance of
polyester (T-BFRP) composite reinforced by treated betelnut
fiber."”" They trained an ANN model on 492 experimental sets
of a block-on-disk experiment with normal load, sliding dis-
tance, and fiber orientation as inputs, used to predict the CoF.
ANN trained with LM training function, and Logsig transfer
function yielded the lowest errors compared to other training
algorithms.'" The work by Nasir et al. also highlighted the
good accuracy of the LM training function in training ANN to
predict the frictional performance of a polymeric composite
of polyester resin reinforced by multi-layered GF. Here, a large
dataset of 7389 parameters of experimental disk-on-flat
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tribometer setup was utilized with different fiber orientations,
applied normal load, sliding speed, and test duration as the
input. Interestingly, higher accuracy was shown by a single-
layered model with a large number of neurons (90% in predic-
tion) as compared to a multi-layered model with fewer
neurons."?* Parikh and Gohil investigated polyester composites
reinforced with cotton fibers and fly ash to study composites’
wear responses. Experiments were conducted on the POD setup
to evaluate a devised composite. A Box Behnken DOE was
utilized to determine the experimental operating parameters
with sliding velocity, applied load, and sliding distance as three
inputs. An ANN model was trained with a total of 7 inputs
including above three operating parameters and four compo-
sites specifications (polyester, cotton fiber polyester composite,
3 wt% fly ash filled CFPC, and 5 wt% fly ash filled CFPC).
An ANN architecture of 7-10-1 was generated to achieve excel-
lent agreement of predictions with experiments with R> value of
0.90916."** Another prime example of determining an optimum
composition with reduced SWR using ANN on the polyester
(epoxy thermoset) composites generated by utilizing waste
marble dust as the fillers was demonstrated by Nayak and
Satapathy.'** In their study, wear trials using POD tests were
performed on 25 test parameters generated by varying sliding
velocity, sliding distance, normal load, and marble dust con-
tent with the assistance of the Taguchi L,5 orthogonal array.

Zakaulla et al. formulated and designed polycarbonate com-
posites blended with graphene (GR) and B,C particles through
an injection molding process. They demonstrated the profi-
cient use of ANN on the database collected through POD
experiments. Employing material compositions (volume con-
tent of polycarbonate, GR, and B,C) and operating conditions
(applied load and sliding speed) as inputs, and SWR and CoF as
outputs. The effect of the number of hidden layers and the
number of neurons in hidden layers on the training ANN model
was shown. A topology of 5-10-5-2 yielded the best results with
CoD for SWR and CoF were 0.9375 and 0.9853 respectively.
A polycarbonate composite with 10 vol% GR and 5 vol% B,C
produced the lowest CoF (0.13) and SWR (35 um). They attri-
bute their decrease in wear with increasing GR content to the
interlocking with polycarbonate which aids in enhanced load
transfer.'>® Yet another study exemplifies the successful use of
ANN on polypropylene composite reinforced by blast furnace
glass by Padhi and coworkers."*® Both above studies used the
Taguchi method to perform experiments on distinct arrays of
parameters to generate input for the ANN model. Particularly,
this study emphasizes the significant influence of sliding velocity
and BFS filler content on the minimization of SWR."*®

Kurt and Oduncuoglu magnificently illustrated that sliding
speed and normal load significantly affected the wear volume
losses. Their study comprised an ANN model trained on 125
datasets extracted from established literature on ultrahigh
molecular weight polyethylene (UHMWPE) composites rein-
forced with zinc oxide (ZnO), zeolites, carbon nanotubes
(CNT), CF, graphene oxide (GO), and wollastonite. A total of
11 inputs as shown in Fig. 4(a), including the weight% of each
component, in addition to ZnO and zeolite sizes as well as
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Fig. 4 (a) A schematic diagram representing ANN structure with an architecture of 11-12-1is shown. (b) Sensitivity analysis of wear volume loss w.r.t. the
11 input parameters. A plot of formulated value of wear loss plotted against (c) ANN predicted volume loss values and (d) experimental results.

Reproduced from ref. 127 with permission from Hindawi, copyright 2015.

sliding speeds and applied load, were used to train conven-
tional feed-forward BPNN (with LM training function and
logistic sigmoid transfer function) to predict the wear volume
loss. A sensitivity analysis shown in Fig. 4(b) indicates that wear
volume loss is significantly affected by the sliding speed,
followed by the applied load, ZnO wt%, UHMWPE wt% and
zeolite wt%. This study also involved volume loss calculation
through a theoretical formulation, of which the volume loss is
plotted against ANN predicted losses and experimental testing
results as shown in Fig. 4(c) and (d) respectively.'*” Zhang et al.
studied PEEK-based composite with SiC filler materials using
ANN."?® The model was successfully trained using applied load
and sliding velocity as input variables to predict CoF and wear
accurately. They observed that both outputs were significantly
influenced by sliding conditions when the applied load was
larger than 9N. On the other hand, for applied load <9N, they
reported that the relationship between CoF and sliding velocity
was parabolic."®® Overall, Zhang et al. conclude their work by
attributing the effect of testing conditions that affected the
contact temperature in the experiments.

(b) Metal matrix composites. Metals, primarily aluminum,
magnesium, and titanium, reinforced with other materials such
as ceramic, other alloys, and organic compounds can be classified
as MMCs."* MMCs are characterized by high specific strength,
low density, controlled thermal expansion, high fatigue resis-
tance, good corrosion resistance, thermal stability, enhanced
electrical performance, and remarkable tribological behavior."*°
Therefore, they have been utilized in aerospace, automobile,
electronics, petrochemical, and biomedical sectors.”*'** The
tribological performance of MMCs was successfully enhanced
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by the variation of the composition of fillers and reinforcement
with materials such as alumina, SiC, and B,C."***” Moreover,
an increase in their tribological performances was shown by
reinforcement of these MMCs with CNT.**¥714° For example, a
study by Zhou et al. showed a maximum decrease in the CoF at
20 wt% of CNT, which was attributed to increased surface
fraction of CNTs, resulting in the reduced contact area between
Al matrix and steel pin."*® On the other hand, several studies
show that excessive addition of nanoparticles led to their
agglomeration on the surface of MMCs, which adversely
affected the tribological properties of MMC."**'*° Thus,
the ability to a priori design MMCs with desired tribological
performance under different conditions remains an open chal-
lenge. In principle, ANN models, which are capable of modeling
and handling nonlinear, complex relationships can be used to
address this challenge.'*! Indeed, several studies have exem-
plified the utilization of ANN for designing MMCs to minimize
the tribological properties such as SWR, CoF, wear loss, etc.'*>™*°
Table S4 (ESIT) and text below summarizes the studies on MMCs
that apply ANN approach.

A study by Saravanan et al. splendidly demonstrated the
use of ANN on the prediction of wear behavior and CoF of
composites of aluminum alloys reinforced with rice husk ash
(RHA)."*° The POD experiments were performed on the para-
meters generated by an orthogonal array (L,;) based on the
Taguchi technique. Specifically, the input parameters, applied
load, sliding speed, RHA particle size, the weighted content of
RHA and wear rate, and CoF as outputs were used to train a
four-layered feed-forward BPNN. The LM training function
yielded the best prediction results (~95% for both CoF and
SWR). The morpho