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An Adaptive Artificial Neural Network Model for Predicting
Friction and Wear in Polymer Matrix Composites:
Integrating Kragelsky and Archard Laws

Ravisrini Jayasinghe, Maximiano Ramos, Ashveen Nand, and Maziar Ramezani*

This study presents a hybrid modeling approach that integrates Kragelsky’s
friction law and Archard’s wear law with an artificial neural network (ANN) to
predict the coefficient of friction (COF) and specific wear rate (SWR) in
epoxy-based self-lubricating composites reinforced with graphite and MoS2.
Given the complex, nonlinear interactions among tribological parameters
such as contact pressure, sliding speed, hardness, and filler composition,
traditional empirical models often fail to capture wear behavior accurately.
The proposed ANN architecture comprises an input layer, three hidden layers
employing sigmoid, ReLU, and power activation functions, and an output
layer predicting COF and SWR. The network is trained using a feed-forward
method with backpropagation to minimize prediction error. SEM analysis
reveals that graphite imparts superior wear resistance compared to MoS2.
The ANN achieved significantly higher prediction accuracy for
graphite-reinforced composites. For COF, graphite yielded an MSE of 0.00073
and R2 of 0.9047, while MoS2 showed an MSE of 0.00318 and R2 of 0.5567.
For SWR, graphite attained an MSE of 1.3351 and R2 of 0.9809, compared to
MoS2 with an MSE of 1.6993 and R2 of 0.8271. The reduced performance in
MoS2 predictions is attributed to its oxidative degradation forming MoO3. The
model also offers 3D surface simulations, aiding in composite design
optimization and reducing experimental costs.

1. Introduction

Tribology, the science of friction, wear, and lubrication, has gar-
nered significant attention due to the increasing demand for
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advanced materials in mechanical systems.
Understanding friction and wear under
diverse operating conditions, along with
their dependencies, is critical for enhanc-
ing system performance and reducing en-
ergy losses throughout the lifecycle of me-
chanical components.[1–5] In literature, var-
ious methods are typically mentioned, but
ANNs remain the most prominent and ef-
fective over other methods due to their abil-
ity to predict the behavior of wear and fric-
tion in complex systems.[2,6 7]

Other soft computing approaches, such
as genetic algorithms,[8] particle swarm
optimization,[8–10] and response surface
methodology,[8,9,11,12] have also been widely
utilized in various optimization and predic-
tive modeling tasks. Genetic algorithms are
particularly effective for solving complex,
non-linear optimization problems by mim-
icking the process of natural selection to
find optimal or near-optimal solutions. Par-
ticle swarm optimization, inspired by the
social behavior of birds and fish, is a ro-
bust technique for exploring large search
spaces efficiently, while response surface

methodology is commonly employed for modeling and ana-
lyzing the influence of multiple variables to optimize desired
outcomes.[13] ANNs offer a clear advantage by capturing relation-
ships between variables such as material, test conditions, and
environmental factors without requiring explicit mathematical
models for nonlinear interactions. Recent studies further demon-
strate that ANNs significantly enhance the accuracy of conven-
tional predictivemodels, offering a powerful approach to improv-
ing predictive capabilities.[14]

Traditional theoretical models frequently fail to capture non-
linear correlations between these variables. The ability of ANNs
to simulate complex systems without the requirement for explicit
mathematical formulations is one of their main advantages.[15]

Early-stage research has shown that artificial neural networks
have the capability to forecast wear rate in mechanical systems
across different load and sliding speed conditions.[7] Similarly,
studies have demonstrated that ANNmodels can accurately fore-
cast friction coefficients in sliding contact situations, surpassing
traditional regression models.[14,16] ANNs have been utilized
in a range of tribological scenarios, such as predicting wear
in polymers,[17] studying friction in lubricated contacts,[18] and
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simulating the wear rate of polymers during dry sliding.[19,20]

ANN models have also been employed to predict wear in metal
cutting operations, considering tool geometry, material, and
operational factors[20,21] More recent studies have focused on
improving the accuracy and robustness of ANN models in
tribology, developing ANN-based models that integrate various
environmental factors, including temperature and humidity,
to predict the wear of steel components.[22] Further advances
have incorporated hybrid ANN models, combining traditional
empirical models with neural networks for enhanced predictive
power.[23,24] ANNs have also been utilized in lubricated systems
to enhance lubrication strategies and reduce energy waste,[24] as
well as to optimize lubrication parameters in journal bearings.
Additionally, ANNs have been employed to predict wear in au-
tomotive parts under mixed lubrication scenarios.[25] Employing
ANNs in tribological applications has proven successful in en-
hancing the precision of forecasts concerning friction and wear,
showing substantial promise for improving the functionality
and design of mechanical systems.[20,21]

Epoxy polymers have good mechanical strength, strong adhe-
sion, and chemical resistance, which make them suitable for a
wide range of engineering applications.However, pure epoxyma-
terials exhibit poor tribological qualities, including high friction,
low wear resistance, and non-recyclable waste at the end of the
life cycle, despite these benefits. Innovative recyclable materials
are still under development, mainly to replace lightweight,[26,27]

high-strength epoxy. Literature studies show that surface tex-
turing significantly influences the tribomechanical properties of
epoxy composites reinforced with chemically activated carbon
derived from palm kernel shells (PKSAC) and coconut shells
(CSAC). Research utilizing Box-Behnken design to analyze the ef-
fects of varying compositions, particle sizes, and reinforcement
amounts has demonstrated that surface texturing generally re-
duces mechanical strength, but effectively decreases wear rate
and increases the coefficient of friction.[27] Another study shows
that incorporating natural fillers derived from agricultural waste,
such as Bagasse Ash (BA) and Pistachio Shell Ash (PA), into
epoxy composites can enhance mechanical properties while pro-
moting environmental sustainability.[28] Also, palm kernel shell-
derived CaCO3 fillers can enhance the tensile and wear proper-
ties of epoxy composites due to strong filler-matrix bonding.[29]

Natural fibers and particulates are increasingly favored over syn-
thetic fibers in polymer composites due to their eco-friendliness,
abundance, and cost-effectiveness. Further research examining
the erosive wear behavior of epoxy composites reinforced with
bio-waste (orange peel) indicates that impact velocity and im-
pingement angles significantly affect erosion rates, with tests
conducted using silica sand as the erodent.[30] These findings
suggest that surface texturing can be a viable strategy to enhance
the performance of recyclable polymer composites for automo-
tive applications, despite the reduction in mechanical strength.
In tribological applications, epoxy often undergoes rapid sur-

face degradation upon sliding or rotating motion, which can re-
sult in material failure.[31] This limitation restricts epoxy’s suit-
ability in applications where wear and friction are major con-
cerns, particularly in moving mechanical parts. To overcome
these limitations, researchers have focused on enhancing epoxy’s
tribological performance by adding solid lubricants such as
graphite and MoS2.

[31,32] Graphite and MoS2 are both widely rec-

ognized for their exceptional lubricating properties, which re-
duce friction and wear. The resulting self-lubricating composite
produced by dispersing these materials into the epoxy matrix sig-
nificantly improves the durability and reliability of epoxy-based
components. Even in harsh working conditions, these solid lu-
bricants reduce friction by forming a sliding interface that mini-
mizes wear and enhancesmaterial longevity.[33] Friction andwear
properties in polymers are challenging to predict due to the com-
plex nature of tribological interactions, material viscoelasticity,
temperature sensitivity, and surface film formation. Additional
complexities arise due to material heterogeneity from reinforce-
ments, nonlinear behavior, and environmental factors. These dy-
namic and interdependent variables necessitate advanced tech-
niques, such as ANN, for accurately predicting the tribological
performance of polymer composites.[34,35]

The novelty of this research lies in its dual-output predictive
approach using an ANN integrated with Kragelsky’s friction law
and Archard’s wear law. Although previous studies have used
Kragelsky’s friction model in conjunction with ANNs to predict
wear rates, the current research uniquely extends this approach
to simultaneously predict both COF and specific wear rate while
keeping the contact pressure, sliding speed, hardness, and ma-
terial composition as input parameters. While traditionally ap-
plied to wear rate analysis, Kragelsky’s friction law provides a
comprehensive basis for understanding frictional interactions in
polymer-based composites. In this study, Kragelsky’s friction law
is applied to epoxy composites reinforcedwith graphite andMoS2
to demonstrate its adaptability and relevance to polymer systems,
where frictional behavior may be influenced by complex tribolog-
ical interactions. The ANN with multiple hidden layers captures
the nonlinear relationships among tribological inputs, including
material properties, pressure, and velocity. This integratedmodel
is expected to improve not only predictive accuracy but also to
streamline the optimization of composite formulations, reduc-
ing both experimental efforts and associated costs. This study
thus represents a significant advancement in tribological mod-
eling, providing a robust framework for predicting friction and
wear parameters in epoxy-based composites.

2. Experimental Section

2.1. Materials and Sample Preparation

For this study, bisphenol A/epichlorohydrin epoxy resin
(50-70 wt%) and isophoronediamine (3-aminomethyl-3,5,5-
trimethylcyclohexylamine) curing agent (50–60 wt%) were
sourced from Norski (Plimmerton, New Zealand. The mold
release agent was also obtained from the same supplier. Molyb-
denum(IV) sulfide (MoS2), with a grain size <2 μm and purity
>98%, was acquired from AK Scientific (San Francisco, Cal-
ifornia). Graphite powder, with a particle size of d ≈ 2.5 μm
and impurities <0.003%, was obtained from Final Advanced
Materials (Didenheim, France) and used as a solid lubricant.

2.2. Sample Preparation

The MoS2/epoxy and graphite/epoxy composites were manufac-
tured using an open-mold technique, with epoxy serving as the
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Table 1. Test matrix.

Load [N] Frequency [Hz] Composition [wt%] (graphite and
MoS2)

Replicates

10 2, 5, 8 0.1, 0.2, 0.3, 0.4, 0.5 3

5, 10, 15 5 0.1, 0.2, 0.3, 0.4, 0.5 3

matrix and MoS2 and graphite as self-lubricating fillers. To en-
sure consistency and uniformity, rigorous precautions were fol-
lowed during themixing process. Ultralow amounts ofMoS2 and
graphite were used following the literature as it was observed that
ultra-low concentrations improved exfoliation and optimizedme-
chanical and thermal properties of epoxy matrix.[36–38] The syner-
gistic effect of MoS2 and graphite was not considered; instead,
their individual lubricating effects were examined by incorporat-
ingMoS2 and graphite powders into the epoxy resin at mass frac-
tions of 0.1, 0.2, 0.3, 0.4, and 0.5 wt% (appendix 1 experimental
design give the further details).
The composite mixtures were initially stirred for 1 h to achieve

homogeneity, followed by high-intensity ultrasonication (nomi-
nal power: 550 W, frequency: 20 kHz) for 20 min to ensure thor-
ough dispersion. Ultrasonication was performed with the beaker
submerged in an ice-water bath to prevent heat accumulation.
The curing agent (isophoronediamine) was added at a 4:1 ra-
tio (epoxy: hardener) by weight at room temperature. After mix-
ing thoroughly, the composites were degassed under -1 bar pres-
sure for 10 min to remove trapped air. The degassed mixtures
were poured into prepared aluminum molds, which were pre-
smoothened with a Scotch-Brite pad and treated with mold re-
lease agent.
Curing conditions followed supplier guidelines, initially cured

overnight at 10 °C, followed by post-curing at 60 °C to ensure
maximum composite strength. A reference sample (pure epoxy
without fillers) was also prepared to serve as a baseline for assess-
ing the impact of the MoS2 and graphite additives on tribological
properties.

2.3. Tribological Characterization

The epoxy composite samples were tested on a linear reciprocat-
ing tribometer to train the ANN. Tribometer parameters, derived
from literature on polymer bearing applications, were optimized
to include loads from 5 to 15 N (maximum contact pressures:
80–130 MPa) and sliding frequencies of 2–8 Hz.[3,39,40] These pa-
rameters were chosen to simulate typical operational conditions
of polymer composites.
The test variables consisted of three applied loads: 5, 10, and

15 N; five filler compositions: 0.1, 0.2, 0.3, 0.4, and 0.5 wt%; and
three sliding frequencies: 2, 5, and 8 Hz. These sliding frequen-
cies corresponded to sliding speeds of 0.02, 0.07, and 0.2 m s−1,
respectively. The test plan was divided into two main configura-
tions, as shown in Table 1, to examine the impact of sliding speed
on the tribological properties at a constant load of 10N, and the
effect of varying load (5, 10, and 15 N) at a constant sliding fre-
quency of 5Hz. Each test run recorded the COF and specific wear
rate (mm3/Nm) as the primary outputs.

For the friction tests, a chromium steel ball (counterpart) with
a radius of 5 mm, hardness of RHC 50–55, and surface rough-
ness of Ra ≈ 2.5 μm was used. An Rtec tribometer MFT-5000
(Rtec Instruments, USA) was employed to perform the sliding
wear tests. Dry sliding was conducted under a constant tempera-
ture of 22 °C and a relative humidity of 60%. To ensure accuracy
and repeatability, each experimental conditionwas repeated three
times. During the testing process, a dwell time of 0.2 s was used
to collect COF data, and the curve was smoothed to improve accu-
racy. The steady-state COF was identified by monitoring the COF
curve until it reached a stable, consistent pattern, which typically
occurred after approximately 10min of testing. Once theCOF val-
ues stabilized, the average COF was calculated over this steady-
state interval. To obtain the representative COF for each test run,
the total mean value from the steady-state period was used. The
wear values reported in this study are the total wear values mea-
sured at the end of each test. This approach ensures consistent
and accurate evaluation of the wear performance for all tested
samples under the specified test conditions. Each test condition
was repeated three times to ensure reliable average COF values,
with standard errors included to enhance the precision and con-
sistency of the results.
The specific wear rate was calculated using the previously re-

ported equation.[41–43] The wear volume of the samples was mea-
sured using a surface profilometer (Taylor Hobson Form Talysurf
50) equipped with a diamond stylus (4 μm diameter). The total
sliding distance was fixed at 400 m, with the wear track width
maintained at 7 mm. Profilometer readings were processed in
MATLAB to extract the surface track depth, width, and radius,
which were used to calculate the worn surface volume. To deter-
mine hardness, a durometer type D was used in accordance with
ASTM D2240. The average values were calculated for each set
of five samples by performing two repeated measurements per
experiment condition, as referenced in.[44]

The maximum contact pressure was calculated using the
Hertz ball on flat contact theory according to the previously re-
ported method[45] for each test. Tribology extensively uses this
theory to simulate the contact mechanics between two elastic
bodies under load. Hertz theory presupposes that the materials
are homogeneous and isotropic. The maximum contact pressure
for two in-contact spherical surfaces was determined by taking
the contact radius and the applied normal load and the Young’s
modulus of the ball (chromium steel) and the composite (epoxy)
and their Poisson’s ratios . High Young’s modulus (200 GPa)
and low Poisson’s ratio (around 0.3) are typical characteristics of
chromium steel.[46] The Young’s modulus of Epoxy Composite is
substantially lower (usually between 2 and 5 GPa) and its Pois-
son’s ratio is greater (0.35).[47] The resultant Maximum contact
pressure values are mentioned in Appendix 1.

3. Predictive Model

3.1. Kragelsky and Archard Laws

Wear behavior is characterized by wear volume (w), representing
material loss due to wear. Wear is an inherently irreversible pro-
cess involving material removal, and wear values are strictly non-
negative. Wear volume loss is related to the applied normal load
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F via the formula P = F/A, where A denotes the apparent contact
area. The average wear depth, or linear wear, is calculated as w/A.
The Archard-Kragelsky wear law—a hybridmodel—integrates

fundamental tribology theories to describe wear between contact
surfaces. Archard’s wear equation, shown below in Equation (1),
states that the wear volume w is directly proportional to the nor-
mal load F, sliding distance L, and inversely proportional to ma-
terial hardness H[48,49]:

W = KFL
H

(1)

To account for the nonlinear relationship of wear rate with in-
fluencing factors like normal pressure p and sliding velocity v,
Equation (1) can be generalized into a nonlinear form in Equa-
tion (2)[50]:

W = Kw

(
P
Pc

)𝛼(
V
Vc

)𝛽

(2)

where Pc and Vc are characteristic values of contact pressure and
sliding velocity correspondingly, and Kw is the dimensional wear
coefficient. The exponents 𝛼 and 𝛽 are empirical constants deter-
mined through experimental data via nonlinear regression.[51–53]

This equation can be extended to include other physical and ma-
terial parameters such as hardness (H) and composition (C),[54]

as in Equation (3):

W = Kwf
(

P
PC

, V
VC

, H
HC

, C
CC

,… .

)
(3)

whereHc and Cc are characteristic values for hardness and com-
position, respectively, yielding a more complete model by includ-
ing variables critical to wear, enhancing predictive accuracy. To
model Kw with ANN, Equation (4) is written:

W = KwANN

(
P
PC

)
,
(

V
VC

)
,
(

H
HC

)
,
(

C
CC

)
(4)

where Kw is expressed as a function of pressure P, velocity V, and
the physical properties of the materials in contact, composition,
C and hardness H. This complex interaction is modeled using a
four-layer feed-forward back-propagation ANN.

3.2. Artificial Nural Network Architecture

The proposed ANN architecture has an input layer for the vari-
ables P (pressure), V (velocity), C (composition of MoS2 and
graphite), andH (hardness), forming an input vector:

X = [P, V, C,H]T (5)

The developed ANN has a four-layer structure; the first hidden
layer consists of 30 neurons having a sigmoid activation function.
The second hidden layer consists of 20 neurons with a linear ac-
tivation function. The third hidden layer is composed of 15 neu-
rons with a power activation function to capture the nonlinearity
of wear behavior. The output layer provides the predicted values
for KwANN (P, V, C, H), specific wear rate, and coefficient of fric-
tion.

The input vector X is processed through the network with
weights w and biases b. For each neuron in the first hidden
layer, sigmoid activation is used, with the input multiplied by the
weights and added to the bias. The activation function receives
input from each neuron (𝑖):

z1 = wT
1 X + b1 (6)

The output of each neuron is calculated using the sigmoid ac-
tivation function.

a1 = 𝜎 z1 =
1

1 + e−z1
(7)

Second, the hidden layer uses a linear activation function.

z2 = wT
2 a1 + b2 (8)

This layer directly passes the weighted sum of inputs to the
next layer without nonlinearity.

a2 = z2 (9)

The third hidden layer applies a power activation function to
introduce nonlinearity:

z3 = wT
3 A2 + b3 (10)

A power activation function will transform the output:

a3 = zn3 (11)

The exponent n is determined empirically to optimize the
model’s performance. This nonlinearity allows the network to
capture complex relationships between inputs and outputs bet-
ter.
The output layer of the ANN provides predictions for the wear

factor (KwANN), specific wear rate (SWR), and COF. Specific
wear rate (SWR) is predicted using the function (KwANN), which
depends on parameters including pressure (P), velocity (V), hard-
ness (H), and composition (C):

SWR = KwANN (P, V,H, C) (12)

COF is determined using the output of the third hidden layer
(A3):

COF = [wT
4 A3 + b4] (13)

Here, w4 represents the weights connecting the third hidden
layer to the output layer, and b4 is the bias term for the output
layer.
Training the ANN requires a loss function and validation of the

prediction accuracy.[24,34]

Macromol. Mater. Eng. 2025, e70004 e70004 (4 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH

 14392054, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

am
e.70004 by A

uckland U
niversity O

f, W
iley O

nline L
ibrary on [11/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.advancedsciencenews.com
http://www.mame-journal.de


www.advancedsciencenews.com www.mame-journal.de

Figure 1. Graphite composition (wt%) versus a) COF and; b) specific wear rate at a constant frequency of 5 Hz under different loads (5, 10, and 15 N),
graphite composition (wt%) versus c) COF and; d) specific wear rate at a constant load (10 N) under different frequencies (2, 5, and 8 Hz).

3.2.1. Loss and Optimization

The ANN is trained by minimizing the mean squared error be-
tween predicted and actual values for both the SWR and COF:

Loss = 1
N

N∑
i=1
(
(
SWRpred,i − SWRtrue,i

)
2 +

(
COFpred,i − COFtrue,i

)
2

(14)

where N represents the number of training samples, which was
50, SWRpred and COFpred are the ANN predicted values, and
SWRtrue and COFtrue are the actual experimental values.
The backpropagation technique is used to minimize the loss

function. It improves and adjusts the weight and biases using
gradients computed with the assistance of the chain rule.
The updated rules for weights wl

ij and biases b
l
i at layer l can be

expressed as;

wl
ij ← wl

ij − 𝜂
𝜕Loss
𝜕wl

ij

and bli ← bli − 𝜂
𝜕Loss
𝜕blj

(15)

where 𝜂 is the learning rate, this technique could hybrid classi-
cal tribological formulae with machine learning techniques in a
way that predicted specific wear rate as well as COF variation un-
der different conditions, hence being of considerable importance
in optimizing material performance during tribological applica-
tions.

4. Results and Discussions

4.1. Tribological Properties

Figure 1 illustrates the tribological performance of Graphite-
reinforced epoxy composites under varying loads and sliding fre-
quencies, demonstrating a significant improvement in both the
coefficient of friction (COF) and specific wear rate with increas-
ing graphite composition up to 0.3 wt%. At a constant frequency
of 5 Hz, the COF shows a decreasing trend as the load increases
from 5 to 15 N, indicating enhanced lubrication effectiveness at
higher loads, particularly at 0.3 wt%. However, further increas-
ing the graphite content to 0.5 wt% leads to an increase in COF,
likely due to graphite particle agglomeration, which disrupts uni-
form tribofilm formation and hinders its lubricating ability. The
addition of graphite within the range of 0.1 wt% to 0.3 wt% signif-
icantly reduces the COF due to the formation of a continuous and
uniform tribofilm on the contact surface, facilitating easy shear
between the sliding surfaces. However, when the graphite con-
centration exceeds 0.3 wt%, particle agglomeration becomes a
critical issue, leading to the formation of clusters rather than a
well-distributed lubricating layer. These clusters can act as abra-
sive particles, diminishing the lubrication efficiency and result-
ing in increased COF and wear rate.
The specific wear rate shows a drastic reduction from 0 to

0.1 wt%, followed by a near-constant value for higher compo-
sitions, suggesting that even a small amount of graphite pro-
vides substantial wear protection. Compared to the neat epoxy,
the wear resistance after 0.1 wt% graphite addition is very im-
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Figure 2. MoS2 composition (wt%) versus a) COF and; b) specific wear rate at a constant frequency of 5 Hz under different loads (5, 10, and 15 N),
MoS2 composition (wt%) versus c) COF and; d) specific wear rate at a constant load (10 N) of under different frequencies (2, 5, and 8 Hz).

pressive, with a drastic decrease in specific wear rate, as clearly
shown in Figure 1b,d. Additional graphite beyond 0.1 wt% con-
tinues to maintain superior wear resistance, indicating that the
incorporation of graphite effectively contributes to the formation
of a protective tribofilm, preventing direct contact between the
epoxy matrix and the steel counterpart.
When evaluated at a constant load of 10 N under varying fre-

quencies (2, 5, and 8 Hz), the COF decreases notably with in-
creasing frequency, with the lowest COF observed at 0.3 wt%
graphite composition under 8 Hz. This trend is attributed to en-
hanced exfoliation and better dispersion of graphite particles at
higher frequencies, which promote the formation of a lubricating
tribofilm. Correspondingly, the specific wear rate also decreases
with increasing frequency, with noticeable improvement at 0.1
wt%. These findings confirm that the optimal graphite composi-
tion for superior tribological performance is 0.3 wt%, where the
COF reaches its minimum, and the specific wear rate stabilizes
effectively. Additionally, the results emphasize the critical role of
frequency in enhancing lubrication by assisting in the dispersion
and incorporation of graphite into the protective tribofilm.
Figure 2 demonstrates the tribological performance of MoS2-

reinforced epoxy composites under varying loads and sliding fre-
quencies, following a pattern similar to graphite due to its lay-
ered crystal structure and ability to form a lubricating tribofilm.
The coefficient of friction (COF) decreases with increasing MoS2
composition up to 0.3 wt% for all applied loads and frequencies.
This reduction is attributed to the lamellar structure of MoS2,
where weak van der Waals forces between layers allow easy shear

during sliding, promoting effective lubrication. Notably, the low-
est COF is observed at 0.3 wt% across all loads and frequen-
cies, with the most significant reduction achieved at 15 N load
and 8 Hz frequency, respectively. However, beyond 0.3 wt%, the
COF increases due to agglomeration ofMoS2 particles, which dis-
rupts uniform dispersion and tribofilm formation, resulting in
uneven sliding and increased friction. The specific wear rate ex-
hibits a drastic reduction from 0 to 0.1 wt%, followed by a near-
constant value for higher compositions, indicating that even a
small amount of MoS2 effectively enhances wear resistance. This
improvement is due to the formation of a protective MoS2 tri-
bofilm that prevents direct contact between the epoxy matrix and
the steel counterpart. However, at higher MoS2 concentrations
(0.4 wt% and 0.5 wt%), particle agglomeration leads to local-
ized abrasive wear, slightly increasing the wear rate. Additionally,
higher frequencies (8 Hz) promote better exfoliation and disper-
sion ofMoS2 particles, resulting in enhanced tribofilm formation
and lower COF and wear rates. These findings confirm that the
optimal MoS2 composition for superior tribological performance
is 0.3 wt%, where the COF reaches its minimum, and the wear
rate stabilizes effectively. The similarities in the tribological be-
havior of MoS2 and Graphite are evident, as both materials ex-
hibit layered structures that promote lubrication and a tendency
for agglomeration at higher compositions, reducing their effec-
tiveness.
Figure 3 illustrates the variation of the COF against time for

neat epoxy, 0.3 wt% graphite/epoxy, and 0.3 wt% MoS2/epoxy
composites. The neat epoxy shows the highest COF, starting

Macromol. Mater. Eng. 2025, e70004 e70004 (6 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH
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Figure 3. COF versus time graph for the neat epoxy, 0.3 wt%
graphite/epoxy and 0.3 wt%MoS2/ epoxy after 400 m sliding length under
8 Hz frequency and 10 N load.

from a sharp rise and stabilizing around 0.6. The variation in the
CF of neat epoxy is significantly high due to abrasive wear condi-
tions, resulting from poor lubrication and higher frictional forces
during sliding. The 0.3 wt% graphite/epoxy composite displays a
moderate reduction in COF, stabilizing around 0.3 to 0.35, indi-
cating the lubricating effect of graphite. The 0.3 wt%MoS2/epoxy
composite follows the same pattern of COF variation and stabi-
lizing around 0.3, suggesting better lubrication and lower fric-
tion compared to both neat epoxy and Graphite/epoxy. The stabi-
lized regions for all samples indicate the achievement of a steady-
state condition after the initial running-in phase. This compari-
son confirms the effectiveness of MoS2 and graphite as solid lu-
bricants in reducing friction compared to neat epoxy.
Figure 4 provides SEM images of the wear track on a 0.3

wt% graphite/epoxy composite after 400 m of sliding under var-
ious loading and frequency conditions, shown at two magnifica-
tions (Figure 4a,b), taken at 10 N and 2 Hz, exhibit significant
wear features, including wear debris, delamination, and promi-
nent cracks. Higher magnification reveals smaller cracks, indi-
cating early crack propagation. Figure 4c,d, taken at 5 N and
5 Hz, show fatigue cracks and wear debris, highlighting surface
damage and subsurface fatigue as dominant wear mechanisms.
Figure 4e,f, under 10N and 5 Hz, show delamination and abra-
sive wear grooves, with small cracks observed at higher magni-
fication, suggesting the onset of abrasive wear due to increased
load. Figure 4g,h, at 10 N and 8 Hz, display fatigue cracks and
abrasive grooves, with visible wear debris, indicating intensified
abrasive wear at higher frequencies. Figure 4i,j, at 15 N and 5Hz,
reveal severe delamination and abrasive wear, with cracks filled
with wear debris, suggesting crack propagation and particle em-
bedment as primary wear mechanisms under high load condi-
tions.
Figure 5 presents SEM images of the wear track on a 0.3 wt%

MoS2/epoxy composite after 400 meters of sliding under differ-
ent loads and frequencies, with close-ups at higher magnifica-
tion. Figure 5a,b, at 10 N and 2 Hz, show extensive wear features
such as delamination and wide cracks. The significant cracking

suggests severe wear at low frequency, which limits effective re-
moval of MoS2 from the surface. Figure 5c,d, at 5 N and 5 Hz,
shows moderate delamination and fewer cracks, indicating re-
duced wear severity under these milder conditions. Figure 5e,f,
at 10 N and 8 Hz, reveals relatively low wear compared to other
conditions, with increased frequency aiding in the removal of the
MoS2 layer, thus reducing friction and wear. Crack initiation is
observed, but the wear track is smoother with minimal delami-
nation. Figure 5g,h, at 10 N and 5 Hz, exhibits significant mate-
rial removal and wide cracks. Figure 5i,j, at 15 N and 5 Hz, reveal
severe material removal with cracks filled with wear debris, indi-
cating high wear intensity at increased load. The accumulation of
wear debris within cracks suggests that under high load, MoS2 is
less effective in protecting the surface, leading to extensive wear
and crack propagation.
SEM observations indicate that graphite provides superior

wear resistance compared to MoS2 in epoxy composites. Al-
though differences in wear performance between graphite and
MoS2 may not be evident in COF and specific wear rate mea-
surements alone, SEM images show visibly less surface dam-
age in graphite-reinforced composites in their microscale. This
suggests that graphite offers better protection against wear un-
der sliding conditions. In contrast, MoS2 may undergo oxida-
tive degradation in atmospheric conditions, formingMoO3 upon
exposure to oxygen and elevated temperatures. This oxide layer
diminishes MoS2’s lubrication properties, reducing its wear
resistance.[55] Consequently, graphite proves to be a more sta-
ble and effective additive under the testing conditions, sustaining
lower wear rates and improved wear performance.

4.2. Results of Artificial Neural Network

The wear behavior is inherently influenced by several factors,
including contact pressure, sliding velocity, material properties
such as hardness and composition, and environmental factors
like temperature[56] The ANN is particularly well-suited for mod-
eling this complexity, as it learns nonlinear relationships between
inputs and outputs by processing them through multiple layers
and activation functions[57] In this study, we discuss the architec-
ture, functionality, and advantages of an ANN designed to pre-
dict the wear coefficient KwANN(p,v, c, H). A four-layer neural net-
workmodel was developed to estimate the COF and specific wear
rate. The ANN’s five input parameters are contact pressure P,
sliding velocity V, and material properties, including hardness
and composition (MoS2 and graphite). The synergetic effect of
graphite andMoS2 was not considered, as these composites were
treated independently. Appendix 1 presents the numerical details
of ANN Input, Experimental Output, and Predicted Output data.
Each input serves as a neuron or node in the input layer (refer
to Appendix 1), and the data flows through hidden layers, where
non-linear transformations are applied using weights w, biases b,
and activation functions. The ANN architecture for wear predic-
tion involves three hidden layers, each with a distinct activation
function to capture specific aspects of wear behavior.
Figure 6 provides an overview of the ANN architecture. The

first hidden layer uses a sigmoid activation function, which is
commonly applied in neural networks for its smooth, non-linear
characteristics that map inputs within a 0–1 range, allowing the
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Figure 4. SEM images of 0.3 wt% graphite/epoxy composite wear track after 400 m sliding distance under different magnification. a,b)10 N/2 Hz, c,d)
5 N/5 Hz, e,f) 10 N/5 Hz, g,h) 10 N/8 Hz, i,j) 15 N/5 Hz.

Macromol. Mater. Eng. 2025, e70004 e70004 (8 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH
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Figure 5. SEM images of 0.3 wt% MoS2/epoxy composite wear track after 400 m sliding distance under different magnification. a,b) 10 N/2 Hz; c,d) 5
N/5 Hz; e,f) 10 N/8 Hz; g,h) 10 N/5 Hz, I,j) 15 N/5 Hz.

Macromol. Mater. Eng. 2025, e70004 e70004 (9 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH
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Figure 6. The general overview of the ANN architecture.

network to learn complex relationships between sliding velocity,
contact pressure, and material behavior. This is crucial in tribol-
ogy, where wear mechanisms often display non-linear relation-
ships.
The second hidden layer employs a linear activation function

that simply passes the weighted sum of inputs to the next layer,
supporting the final prediction by combining complex patterns
learned in previous layers. This linear layer aggregates the infor-
mation into a continuous value representing the COF or specific
wear rate.
To model power-law relationships frequently observed in tri-

bology, such as wear rate dependence on pressure and velocity,
a third hidden layer with a power activation function was im-
plemented. Power-law relationships, like those in the Archard-
Kragelsky wear law, exhibit a specific dependency on contact
pressure and sliding velocity. The power activation function, ex-
pressed as power (X) = Xn with n as a trainable exponent, en-
ables the network to mimic these non-linear interactions, cap-
turing the influence of pressure and velocity on wear rate. The
output layer then provides the final prediction of wear behavior.
The ANN’s degrees of freedom, or the total number of train-

able parameters (weights and biases), were calculated based on
the connections between the input, hidden, and output layers.
Each neuron, excluding the input layer, has a bias, and each con-
nection between neurons has an associated weight. For an ANN
with four input neurons (representing pressure, velocity, hard-
ness, and composition), hidden layers with ten, eight, and six
neurons, and an output layer with three neurons (predicting COF
and wear rate), the total degrees of freedom were determined by
summing the weights and biases.
Figure 7 shows the neural network training regression. The

data is divided into training (70%), validation (15%), and test
(15%) sets, and the ANN is trained using backpropagation.
The ANN model achieved a satisfactory fit to the experimental
data. Balancing model complexity and available data is essential;
adding neurons increases flexibility but can lead to overfitting if
the training set is limited. Conversely, fewer neurons can reduce
flexibility, leading to higher approximation errors. Consequently,
the accuracy of the ANN model heavily relies on the quality and
quantity of experimental data used in training. The coefficient of
determination R2 and MSE were used to evaluate model predic-
tions for specific wear rate and COF.
Figure 8 presents regression plots evaluating the accuracy of

specific wear rates and COF predictions for graphite/epoxy and
MoS2/epoxy composites. These plots encompass total model-
predicted details outlined in Appendix 1. The network for pre-
dicting the wear rate has been performed using the entire data
set of 50 experiments. Subfigures (a) and (b) depict the regres-
sion plots for the graphite/epoxy composite’s SWR and COF,
while (c) and (d) display those for theMoS2/epoxy composite. The
data in Table 2 and Figure 8 give the comparative performance
of the ANN models for tribological predictions of graphite and
MoS2 reinforced epoxy composites. The error validation results
give a considerable difference in the predictive accuracy of the
ANN model for graphite and MoS2, based on the MSE and the
R2 metrics. For the COF, graphite predictions show a low MSE
of 0.00073, indicating a minimal average error, and a high R2

of 0.9047, meaning that over 90% of the variability in COF for
graphite is accurately captured. This reflects a strong model fit

Macromol. Mater. Eng. 2025, e70004 e70004 (10 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH
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Figure 7. The neural network training regression a) training set, b) validation set, c) test, and d) network prediction set.

and high predictive accuracy for graphite. On the other hand, the
model struggles with MoS2, producing a MSE of 0.00318 and a
lower R2 of 0.5567. The lower R2 value indicates that only a low
percentage of the variability in COF is explained, revealing the
model’s limitations in accurately capturing the COF for MoS2.
For specific wear rate predictions, graphite again outperforms

MoS2 in terms of model accuracy. The model achieves an MSE
of 1.3351 and an R2 of 0.9809 for graphite, showing very precise
predictions with minimal error and almost all variability in wear
rate captured by the model. Conversely, the MSE for MoS2 rises
to 1.6993, and the R2 drops to 0.8271, indicating reduced accu-
racy compared to graphite, with higher prediction errors and a

smaller portion of variability explained. These results collectively
indicate that the ANNmodel is more effective for graphite, as the
lower MSE and higher R2 values demonstrate. The higher errors
and reduced R2 for MoS2 suggest that the model has difficulty
accurately capturing MoS2’s tribological behavior.
SEM observations provide insight into the discrepancies.

Graphite-reinforced composites show less surface damage com-
pared to MoS2-reinforced composites, suggesting better wear re-
sistance. This disparity, not fully captured in COF and SWR
figures, indicates that graphite provides more stable protective
properties under sliding conditions. MoS2 lower prediction ac-
curacy may stem from its susceptibility to oxidative degradation

Table 2. Summary of the ANN model prediction.

Model prediction Prediction for graphite Prediction for MoS2

MSE for COF 0.00195 0.00073 0.00318

R2 for COF 0.7360 0.9047 0.5567

MSE for specific wear rate (SWR) 1.5172 1.3351 1.6993

R2 for SWR 0.9726 0.9809 0.8271

Macromol. Mater. Eng. 2025, e70004 e70004 (11 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH
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Figure 8. The regression plot of a) specific wear rate and b) COF of graphite/epoxy composite and the regression plot of c) specific wear rate and d)
COF of MoS2/epoxy composite.
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in atmospheric conditions.When exposed to atmospheric oxygen
and frictional heat, MoS2 can form MoO3, reducing its lubricat-
ing properties andwear resistance[55] However, the frictional heat
generated during the sliding contact was not measured, which
presents a limitation of this study. This omission may impact
the understanding of the oxidative degradation behavior of MoS2
under frictional conditions. This transformation complicates the
material’s tribological behavior, adding variability that the ANN
struggles to predict accurately.
To further strengthen this idea, we perform XRD analysis on

MoS2 wear debris. Figure 9a is the SEM image of MoS2 pow-
der sample. This image provides a detailed surface morphology
of the MoS2 powder. The SEM visualization highlights the lay-
ered structure of MoS2 particles, which is characteristic of its 2D
lamellar morphology. Such a structure is crucial for its role as a
solid lubricant. The XRD pattern of this MoS2 powder sample is
shown in Figure 9c. This pattern serves as a reference for compar-
ison with the wear debris. It highlights the crystalline structure
of pure MoS2 before being incorporated into the composite or
subjected to wear. Comparing this pattern with the wear debris
can reveal if any degradation, oxidation, or phase transformation
occurred during the sliding contact. Figure 9b is the XRD pattern
that the crystalline phases present in the wear debris collected af-
ter subjecting the 0.3 wt% MoS2 epoxy composite to a 15 N load,
5 Hz frequency, and 400m sliding distance against a chromium
steel counterpart. During friction, MoS2 is reduced to a few lay-
ers, resulting in sharper and more distinct peaks in the XRD pat-
tern. In addition to peaks corresponding to MoS2, some peaks
indicative of MoO3

[58,59] can also be identified, suggesting possi-
ble oxidation of MoS2 during the frictional contact. These obser-
vations provide valuable insights into the structural changes and
tribological instability of MoS2 within the composite matrix.
Graphite performs best in ambient and humid conditions with

epoxy due to its enhanced interlayer slip from moisture adsorp-
tion, providing stable lubrication and thermal conductivity.[60–65]

In contrast, MoS2 excels under dry and vacuum environments
and high load conditions, forming a robust tribofilm for ef-
fective lubrication but is susceptible to oxidation in ambient
conditions.[55–58]

MoS2 environmental sensitivity highlights the importance of
including external conditions in ANNmodels for tribological ap-
plications. Variables like temperature, oxygen exposure, and hu-
midity significantly affect wear mechanisms, particularly for ma-
terials prone to oxidative changes[55,66] Accounting for these envi-
ronmental parameters could enhance ANN prediction accuracy
by capturing the dynamic behavior of lubricating additives under
varying conditions. Thus, while ANNs are effective for tribolog-
ical predictions, considering environmental factors is crucial for
robust predictions across composite systems.
We further explored the ANN’s capability for tribological char-

acterization by mapping surface plots. Using a trained ANN, the
relationship between specific wear rate, contact pressure (P), and
velocity (V) was examined. Figure 10 depicts the impact of sliding
velocity and pressure on the specific wear rate of a graphite–epoxy
composite, showing a 3D surface plot and its bottom view of SWR
variation with V and P. Similarly, Figure 11 illustrates the same
relationship forMoS2 epoxy composites, indicating that wear rate

may increase with higher pressures or velocities. Additionally,
plots (c) and (d) in Figures 10 and 11 show COF variations un-
der these conditions. These visualizations facilitate understand-
ing of the combined effects of pressure and velocity on wear and
friction, supporting the interpretation of tribological behavior.
The ANN model in this study, predicting COF and SWR

for graphite- and MoS2-reinforced epoxy composites, demon-
strates varying accuracy compared to existing literature. For
graphite/epoxy, the ANN achieves high precision (COF: MSE
0.00073, R2 0.9047; SWR: MSE 1.3351, R2 0.9809), surpass-
ing the gradient boosting regression (GBR) model in a 2025
study on sericite/epoxy coatings, which reported COF and wear
rate accuracies of 93.7% and 85.7%, respectively.[67] However,
the ANN struggles with MoS2/epoxy (COF: MSE 0.00318, R2

0.5567; SWR: MSE 1.6993, R2 0.8271), likely due to unmod-
eled oxidative degradation (MoS2 to MoO3). Literature reported
that the MoS2/SiC/epoxy composites, where a COF of 0.447
and wear rate of 14.39 × 10−5 mm3 N−1 m−1 were achieved
with 4 wt% MoS2

[68] that can be considered for future appli-
cations in the ANN. The ANN’s predictive accuracy for MoS2
is limited by environmental factors like humidity, unaccounted
for in the model. A study on hemp fiber/epoxy composites us-
ing the Taguchi method identified time and speed as key wear
influencers,[67] suggesting the ANN could improve by incorpo-
rating temporal dynamics. Lastly, a study on glass fiber/epoxy
composites reported orientation-dependent wear rates (high-
est for AP-O fibers) under 30 N load,[69] indicating that fiber
orientation, absent in the ANN inputs, could enhance pre-
diction robustness. These comparisons highlight the ANN’s
strength for stable fillers like graphite but underscore the need
to integrate environmental and structural variables for broader
applicability.
Our study presents a significant advancement in predictive

modeling for epoxy composites by simultaneously predicting
both the COF and specific wear rate using an ANN. This dual-
output approach contrasts with prior studies that primarily fo-
cused on single-output predictions limited to wear rate. Previ-
ous studies include models such as rice husk ash-reinforced alu-
minum alloy composites,[14] where parameters like sliding ve-
locity, load, and reinforcement particle size were used to predict
wear rate alone. Another approach applied the Archard-Kragelsky
wear equation with a time-delayed neural network (TDNN)[52] for
predicting wear rate during the running-in wear process for alu-
minum, achieving accuracy within 5%.
The superior predictive accuracy for graphite-reinforced com-

posites was attributed to its stable tribological behavior and
wear resistance, as confirmed by SEM observations. In contrast,
MoS2’s tribological variability under ambient conditions con-
tributed to reduced model accuracy. This novel dual-output pre-
dictive approach offers comprehensive insights into tribological
performance and serves as a significant improvement over exist-
ing models limited to wear rate predictions.

5. Conclusions

This study used an ANN model combined with Kragelsky’s fric-
tion law and Archard’s wear law to predict the specific wear
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Figure 9. a) SEM image of MoS2 powder sample, b) XRD pattern of wear debris collected from the 0.3 wt% MoS2 epoxy composite after testing under
15 N load, 5 Hz frequency, and 400 m sliding distance against a chromium steel counterpart, and c) XRD pattern of MoS2 powder.
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Figure 10. Graphite epoxy composite, variation of (V) with (P) with the specific wear rate a) 3D surface plot b) the bottom view of 3d plot and with the
COF rate c) 3D surface plot d) the bottom view of 3d plot.

rate and COF in epoxy composites reinforced with graphite and
MoS2. The ANN’s multi-layer architecture effectively captured
the non-linear relationships among tribological parameters, in-
cluding material properties, pressure, and velocity. Model perfor-
mance was validated using experimental data, regression analy-
sis, and MSE. The ANN achieved significantly higher prediction
accuracy for graphite-reinforced composites compared to MoS2.
For the COF, graphite predictions yielded anMSE of 0.00073 and
anR2 of 0.9047, whileMoS2 predictions resulted in a higherMSE
of 0.00318 and a lower R2 of 0.5567. Similarly, for specific wear
rate, graphite achieved an MSE of 1.3351 and an R2 of 0.9809,
whereas MoS2 predictions showed a higher MSE of 1.6993 and a
lower R2 of 0.8271. SEM observations indicate that graphite pro-
vides greater wear resistance in epoxy composites compared to
MoS2.

This study presents a comprehensive response to develop-
ing a unified predictive model for epoxy composites contain-
ing graphite and MoS2 as distinct lubricants. Graphite is a lay-
ered carbon structure with strong in-plane bonding and weak in-
terlayer forces, making it an excellent solid lubricant even un-
der ambient and humid conditions. MoS2 is a layered transition
metal dichalcogenide with a strong sulfur–metal–sulfur sand-
wich structure. Superior lubrication is available in dry and vac-
uum environments, but it is less effective on moisture compared
to graphite. The challenge in developing a unified model lies in
the different tribological behaviors of these lubricants, their tri-
bofilm formationmechanisms, and their response to stress (load,
speed) and environmental factors. To address these complexities,
extensive experimental data were collected under varying pres-
sure conditions, using multi-output models to predict wear and

Macromol. Mater. Eng. 2025, e70004 e70004 (15 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH

 14392054, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

am
e.70004 by A

uckland U
niversity O

f, W
iley O

nline L
ibrary on [11/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.advancedsciencenews.com
http://www.mame-journal.de


www.advancedsciencenews.com www.mame-journal.de

Figure 11. MoS2 epoxy composite, variation of (V) with (P) with the specific wear rate a) 3D surface plot b) the bottom view of the 3D plot and with the
COF rate c) 3D surface plot d) the bottom view of the 3D plot.

friction simultaneously. Activation functions were carefully se-
lected to capture the specific contributions of each lubricant, and
validation was conducted using experimental data for both single
and mixed lubricant systems.
This study did not account for critical environmental factors

such as atmospheric humidity, oxygen levels, and frictional heat
generated during sliding contact, which could influence tribo-
logical performance and could be the reason for the low level of
model accuracy for MoS2.
MoS2 is highly effective in vacuum conditions due to its sta-

ble layered structure and excellent lubricating properties. How-
ever, under ambient conditions, it becomes susceptible to oxida-

tion, leading to the formation of MoO3. This oxide layer has in-
ferior lubrication properties, resulting in increased friction and
wear, which introduces variability and compromises the accu-
racy of friction predictions. Maintaining controlled environmen-
tal conditions such as a vacuum throughout the experiment is
cost-prohibitive and poses a limitation in this study. Additionally,
we suggest that future work should explore compensatory mod-
eling techniques to account for environmental variability.

Appendix 1: Experimental design and the ANN
summary of data
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M. Kozioł, A. Gawron, M. Godzierz,Materials 2024, 17, 1308.

[63] R. M. Baptista, A. F. Rodrigues, C. Figueiredo-Pina, M. Guedes, R.
Marat-Mendes, Theor. Appl. Fract. Mech. 2016, 85, 113.

[64] G. G. Pan, Q. Guo, J. Ding, W. Zhang, X. Wang, Tribol. Int. 2010, 43,
1318.

[65] N. Kumar, B. P. A. George, H. Abrahamse, V. Parashar, J. C. Ngila,
Appl. Surf. Sci. 2017, 396, 8.

[66] B. C. Windom, W. G. Sawyer, D. W. Hahn, Tribol. Lett. 2011, 42,
301.

[67] H. Yan, J. Tan, H. Chen, T. He, D. Zeng, L. Zhang, Polymers 2025, 17,
282.

[68] C. Zhang, Y. He, S. Zhang, C. Li, R. Gou, J. Zhang, D. Sun, Colloids
Surf., A 2024, 700, 134785.

[69] M. Huzaifa, S. Zahoor, N. Akhtar, M. H. Abdullah, S. Haider, S. U.
Khan, K. Alam, J. Mater. Res. Technol. 2024, 33, 2785.

Macromol. Mater. Eng. 2025, e70004 e70004 (19 of 19) © 2025 The Author(s). Macromolecular Materials and Engineering published by Wiley-VCH GmbH

 14392054, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

am
e.70004 by A

uckland U
niversity O

f, W
iley O

nline L
ibrary on [11/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.advancedsciencenews.com
http://www.mame-journal.de

	An Adaptive Artificial Neural Network Model for Predicting Friction and Wear in Polymer Matrix Composites: Integrating Kragelsky and Archard Laws
	1. Introduction
	2. Experimental Section
	2.1. Materials and Sample Preparation
	2.2. Sample Preparation
	2.3. Tribological Characterization

	3. Predictive Model
	3.1. Kragelsky and Archard Laws
	3.2. Artificial Nural Network Architecture
	3.2.1. Loss and Optimization


	4. Results and Discussions
	4.1. Tribological Properties
	4.2. Results of Artificial Neural Network

	5. Conclusions&#x00A0;
	Appendix 1: Experimental design and the ANN summary of data
	Acknowledgements
	Conflict of Interest
	Data Availability Statement

	Keywords


