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Integration of machine learning prediction
and optimization for determination of

the coefficient of friction of textured
UHMWPE surfaces

Huihui Feng"?(, Jing Liu', Ron van Ostayen? (2, Cuicui Ji'

and Haoran Xu'

Abstract

The frictional performance of water-lubricated UHMWPE is influenced by the combination of structural parameters and
operating conditions. To improve the efficiency of optimal design of surface texture aimed at improving frictional per-
formance, a novel integration of the Orthogonal Array method (OAM), machine learning (ML) prediction, and Particle
Swarm Optimization (PSO) is proposed for predicting and optimizing the coefficient of friction (COF) of copper ball-
textured UHMWPE surfaces using a small dataset. In order to reduce manufacturing and testing cost, decrease required
training samples for ML algorithm, OAM which could efficiently acquire data set with comprehensive feature information
is used to determine the parameters of test samples to generate a small but effective dataset. 25 textured samples based
on L16 (4* and L9 (3*) are fabricated, with the parameter set determined using OAM. COFs of the samples are tested
using RTEC tribo-tester. Trend analysis is conducted to investigate the influence of force, frequency, depth and ellipse axis
ratio on COF. Multi-linear Regression (MLR) and Gaussian Process Regression are employed. MLR exhibits better pre-
diction accuracy and is integrated with PSO to minimize COF. The error between the experimental and the theoretical
results obtained by the integration method of MLR and PSO is only 1.04%, demonstrating the feasibility of predicting COF
and optimizing surface texture using the integrated method with a limited dataset determined by OAM.
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relationship between the frictional performances and struc-
tural as well as operating parameters, and thus could not
obtain the frictional performance instantly when parameters
change; and in contrast, since fabricating surface textures is
time-consuming and expensive, testing too many samples
will also be time-consuming and costly, which consequently
leads to a long design cycle and makes it difficult to obtain
the optimal parameters.

Although much research has been done to theoretically
predict friction, tribology is still widely recognized as a
field largely driven by empirical evidence and data.®

Introduction

Water-lubricated Ultra-High Molecular Weight Polyethylene
(UHMWPE) bearings have gained increasing attention in
various applications due to their advantages, including
excellent wearability, self-lubrication, and anti-corrosion
properties.' Recently, a few studies have tried to utilize
micro-textures to improve the frictional performance.*™®
However, research indicates that the performance of these
bearings is improved only with appropriate design under
specific conditions. Consequently, the optimal design of
surface textures fabricated on UHMWPE surfaces for
specific operating conditions is crucial for improvement of
frictional performance.

'College of Mechanical and Electrical Engineering, Hohai University,

A few publications have focused on experimental studies
of friction and wear of smooth and textured UHMWPE
water-lubricated bearings using pin-on-disk test or recipro-
cating test.*” However, there are two problems when the
researcher depends only on experiments: when there are
not enough test samples, it is difficult to using traditional
methods to comprehensively and accurately analyze the
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Since the frictional performance of water-lubricated
UHMWPE is influenced by the combination of structural
parameters and operating conditions, it is not easy to
establish a mathematical expression to predict the friction
coefficients with varying structural or operating para-
meters. When the structural parameters of the texture or
operating conditions change, it is necessary to prepare
new samples and re-test. Therefore, it is necessary to
find a method to predict the coefficient of friction at low
cost when parameters change.

The recent development of machine learning to perform
data analysis introduces the possibility to use these techni-
ques for the prediction of friction performance. In the past
few years, researchers have adopted Artificial Neural
Networks (ANN), Support Vector Machines (SVM),
Random Forest Algorithm (RF) and other ML algorithms
to predict the frictional and wear performance of materials
based on a dataset obtained from literature or experi-
ments.* ! Wang, Zhao, et al."*> adopted Gradient Boosting
Regression Tree (GBRT) to predict COF. Results show
that GBRT model produced the excellent predicting accur-
acy for COF. Bas and Karabacak®'® utilized Artificial
Neural Network, Support Vector Machine (SVM), and
Regression Trees to predict the COF of journal bearings.
Performance evaluation showed that ML models can effect-
ively predict COF. Prajapati and Katiyar, etal.'”~"? also used
different machine learning algorithms such as ANN, SVM,
Classification and Regression Trees (CART), RF and
multi-layer perceptron (MLP) model to predict COF and
mixed lubrication parameters based on tests and numerical
simulations, respectively. Zhao and Wong®® established a
novel method to combine the physics-informed neural
network (PINN) and data-driven strategies to predict tribo-
logical performance of hydrodynamic lubrication scenario.
Prakash Kumar and Binay Kumar?' employed ANN and
multiple linear regression analysis to predict wear rate
and COF based on linear reciprocating wear test. Results
showed that the model could predict wear behavior
effectively.

Due to the high cost of sample manufacturing and
friction testing, how to reduce sample size and efficiently
get dataset with comprehensive characteristic informa-
tion for ML is one of the key issues for predicting the
friction performance. To solve this problem, a few scho-
lars began to use orthogonal array method (OAM) to
determine the combination of sample parameters.'*?
OAM is an efficient and economical experimental
design method considering multi-factors and multi-
levels. It is adopted in this study to construct a dataset
that ensures covering comprehensive test results using
limited sample size and test repetitions. Through care-
fully designed matrices, OAM systematically covers all
combinations of different levels. Compared to full fac-
torial experiments, it significantly reduces the number
of tests, saving time and resources. Kim and Yoon'?
designed frictional tests based on OAM (L9).
Four-factors and three-levels orthogonal experiment
with 9 samples were designed for friction test. The test
results were used as a dataset for Gaussian process

regression (GPR). The constructed hybrid model could
predict fiction performance effectively.

So far, the available research on how surface texture
influences the friction performance of UHMWPE water-
lubricated bearings is still quite limited. When it comes
to textured bearings, the influence of various texturing
parameters affect friction under different loads and
speeds is very complex. Traditionally, in optimizing
designs, multiple combinations of parameters were
tested and the one that performs best was selected. This
method cannot assure whether the selected combination
is the global optimal or not. Moreover, if prediction
model of frictional performance is established only
using machine learning method, it would require prepar-
ing a large number of textured samples and performing
friction tests to obtain a sizable dataset. This process is
time-consuming and expensive, making it difficult to
carry out efficient and reliable optimization designs.

Therefore, it’s necessary to optimize texture designs
integrated machine learning while using a small but
information-rich experimental dataset, skillfully using a
limited set of experimental data to attain amplified out-
comes with minimized inputs. This approach not only
reduces time and costs but also allows for more efficient
optimizations.

This research aims to propose a novel integrated process
of the OAM, ML algorithm and optimization method for
prediction and optimization of COF of water-lubricated
copper ball-textured UHMWPE pads. Firstly, 25 cases of
test samples are designed using OAM to reduce test
numbers and avoid partially, inefficiently test. Based on
the small dataset, Multi-linear Regression (MLR) and
GPR are adopted to train and predict the COF and com-
pared by Leave-One-Out cross-validation (LOO-CV).
The model with higher accuracy is then integrated with
particle swam optimization (PSO) method to get the
optimal structural and operating parameters. Finally, an
experiment is conducted to validate the correctness of the
integrated model. The overall flowrate is as follows:

Experimental details

Fabrication of textured UHMWPE samples

Uniform UHMWPE bases with diameter of 25 mm and
height of 25 mm were fabricated using precision CNC
machine tool. The molecular weight of UHMWPE is
1.5% 10° Copper balls with diameter of 6 mm which
were manufactured by Yueli hardware products
company were used as the counterpart. Elliptical and cir-
cular textures were fabricated on the UHMWPE surfaces
using a femtosecond laser (Femto YL-IR-40 W) operating
at a wavelength of 1035 nm and a laser spot size of 32um.
As shown in Figure 2, all patterned areas were 10X
10 mm in dimensions. The major axis of the elliptical tex-
tures is set at 200pm, the minor axis ranges from 80um to
200pm with an interval of 40pm. The depth of the dimples
is set to 10 pm, 15 pm, 20 um, 25 pm. And the distance
between dimple centers is 0.36 mm.
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Figure |. Overall flowrate.

Test facility

All tests were conducted on the RTEC MFT-5000 tribo-
tester, which is showed in Figure 3. The UHMWPE
samples were installed in a water-containment clamp
which was fixed on the platform, and a copper ball is fixed
in an axis above the platform. The UHMWPE samples
were fully immersed in distilled water. There is a slot at
the bottom of the clamp to fix the samples. The platform
drives the UHMWPE samples to perform reciprocating
motion, which is shown in Figure 3(b). During the tests,
the upper copper ball remained stationary once the load
applied was settled. The sliding direction is along the
major axis of the elliptical textures. The reciprocating
stroke of the friction experiment is 4 mm, and the duration
for each test is 30 min. The test was repeated 2 times for
each condition.

Parameter combinations based on orthogonal array

The applied force, reciprocating frequency which deter-
mines the sliding velocity, ratio of minor axis to major
axis, and depth of dimple are set as four parameters in the
orthogonal array.”>** The values for each parameter were

determined based on literatures,”’**?> the manufacturing

precision and cost. The ratio of minor axis to major axis
(1) are selected as 0.4, 0.6, 0.8 and 1; the levels of the
depth are 10pm, 15pm, 20pm, and 25pm. The levels of
the reciprocating frequency are determined by the limits
of the test equipment. When it reaches a frequency larger
than 15 Hz, water will easily be shaken out from the
clamp. So, the sliding frequency ranges from 2.5 Hz to
10 Hz with an interval of 2.5 Hz. As for the force that is
applied a range of 0~10N, based on the results of previous
research.

To study the influence of sample size on machine
learning results, a four-factor four-level orthogonal test
table (L16 (4*)) and a four-factor three-level orthogonal
test table (L9 (3%)) are designed respectively. The details
are listed in Tables 1 and 2.

Friction test results and range analysis

Friction test results

As shown in Figure 4, to show the effect of surface texture
on COF of the samples, comparisons between the copper
ball-smooth and the copper ball-textured UHMWPE pairs
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Figure 2. Schematic diagram of the surface textures.

were carried out. The average COFs measured during the
period between 20 to 30 min are discussed here to avoid
significant fluctuations. Since the test was repeated 2
times for each condition, and the frequency varied, the
exact cycles used to calculate the average COFs can be
obtained by period*frequency*repeated times. The results
of average COFs of each sample can are listed in Tables
3 and 4.

Range analysis of orthogonal results

The range analysis is used to further analyze the orthog-
onal array results.’® The average value and influence
degree are calculated as follows:

Ki=— (M

R = max{ 1_(1_ [_<2_ [_<3_ [_{4_}
— 1’1’111’1{ K1 K2 K3 K4 } (2)
Where, K is the sum of all the corresponding test friction
coefficients when the level number on any column is 7, n

is the number of levels. R is the influence degree which
represents the influence of each factor on COF. The

calculated average value K; of the four factors are
used as the vertical coordinate and four factors are
used as the horizontal coordinate respectively to show
the trend of the friction coefficient in respect to the
factors. The trend analysis results are shown in
Figure 5 and Figure 6.

As shown in Figure 5(a), with the frequency ranging
from 2.5 Hz to 10 Hz, the average value K| increase
first and then decrease, which is same with that clarified
in the reference.”’” When the material of part of the friction
pairs is rubber, plastic, et al., the viscoelastic property will
exist. The relationship between velocity and friction can
be shown as follows”’:

f=@+bV)e=" +d (3)

Where, f'is COF and V is the velocity; a, b, ¢ and d are
constants corresponding to different sliding materials
and different positive pressures. As indicated in the refer-
ence,”’ with the increase of the velocity, the COF is com-
bined influenced by the terms (a + b)) and the exponent
of a power e=°"). At first the former part plays a dominant
role with increases the friction coefficient and then the
latter part plays a dominant role which decreases the
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(c) clamp (d) Copper ball
Figure 3. The test facility and illustration of the friction test.
Table 1. The LI6 (4%) orthogonal array design matrix. Table 2. The L9 (3*) orthogonal array design matrix.
Condition Frequency [Hz] Force [N] Depth [um] Ratio Condition Frequency [Hz] Force [N] Depth [um] Ratio
| 25 | 10 04 17 75 5 10 04
2 25 25 15 0.6 18 10 10 15 04
3 25 5 20 0.8 19 5 | 20 0.4
4 25 10 25 | 20 10 | 10 0.6
5 5 | 15 0.8 21 5 5 15 0.6
6 5 2.5 10 | 22 75 10 20 0.6
7 5 5 25 04 23 5 10 10 0.8
8 5 10 20 0.6 24 75 | 15 0.8
9 75 | 20 | 25 10 5 20 0.8
10 75 25 25 0.8
Il 75 5 10 0.6
:§ 705 :0 ;i 82 As shown in figures, the COF decreases substantially
14 10 25 20 0. 4 when the external force increases from IN to 5N;
15 10 5 15 | however, with the external force is further increased, the
16 10 10 10 0.8 COF decreases slowly. This is due to that increased

friction coefficient. As a result, the COF increases and

then decreases with the velocity.

load results in a softening of the UHMWPE surface,

reduce shear resistance strength of the surface, thus

decreasing COF.?® However, with further increased exter-

nal load, the UHMWPE surface softens gradually, and
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Figure 4. Test results of smooth and textured pairs.

further pressure therefore can’t flatten more asperities. As
a result, the contact area is nearly unchangeable at higher
pressure.

According to the result, with increasing depth, the
COF increases and then decreases. For a shallow
dimple, the water film in the dimple will generate extra
hydrodynamic force through reciprocating motion;
water in the dimples will generate a lift force to the
copper ball when it is under squeezed. The shallower
the dimple is, the more significant the additional hydro-
dynamic lift effect is. However, with increased dimple
depth, as illustrated in Figure 7, water generates backflow
in the deep dimple, reducing the flow into the convergent
gap. This weakens the hydrodynamic lubrication effect,
resulting in an increase in the COF. However, when the
depth of the texture increases to 25um, the COF
decreases. The reason for this is that the bottom vortex
in the dimple has little effect on the flow when the
dimple is deep enough. Under the combined effect of
hydrodynamic force and vortex, the friction decreases
again.

Figure 5(d) illustrates how COF varies with the ratio
A. According to the result, elliptical dimples

(continued)

outperform circular dimples in reducing friction.
When the ratio 4 is 1, indicating a circular dimple,
the COF is about 0.89; while the COF of the elliptical
dimples with ratios smaller than 1 are below 0.80, dem-
onstrating their superior friction-reduction capabilities.
For the elliptical dimples, the COF increases first and
then decrease.

Friction coefficient prediction based on
machine learning methods

MLR and GPR are employed in this study for training the
dataset.

Multi-Linear regression

MLR is a statistical method used to deal with more than
one independent variable. The relationship between the
independent input variables and dependent variable is
assumed to be linear and a MLR equation is defined
by the following expression®’:

Y=p+pX1i+5X+...+BX, +¢ 4)
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Figure 4. Continued.

where, Y is the dependent variable which will be pre-
dicted based on the formula, .X,, denotes the independent
input variables, S, is the coefficient reflecting the influ-
ence of each independent variable on the dependent
variable which can be estimated through least square
method, and e is the regression stochastic error.

From the range analysis, it can be seen that the rela-
tionship between the COF and each variable is not
restrict linear relationship. Therefore, in order to deal
with the partially nonlinear relationships, variable
transformation is introduced to transform the nonlinear
relationship into linear relationship. As analyzed and
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Figure 4. Continued.

discussed in the above section, the COF is the non-
linear function of frequency in the form of (e”, Ve")
as listed in equations (3). According to the range ana-
lysis results, the COF is a linear or partially linear,

quadratic or power function of force, depth and ratio
of minor to major axis. The expression of COF in
terms of single variable can be fitted according to the
above results at first.
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Figure 4. Continued.

As a result, the expression of COF can be fitted in the
form of exponential function, quadratic polynomial,
power function and other functions:

Y = fo+ Af (), vef) + of (27, F7)
+ Bof (b 1) + Puf () + & )

Where, v F, h and A represent the velocity (frequency),
force, depth and ratio of minor to major axis. The fitted
functions are packaged as a preprocessor, which are
used to transform the nonlinear relationship into linear
relationship. The whole of the encapsulated function in
respect to a single factor is used as a new variable
through preprocessor to establish the MLR model. The
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Table 3. Results of L16 (4%) test.

Ratio of

minor

to

major Friction
Cases speed force depth axis Cycles coefficient
| 25 | 10 0.4 300 0.068
2 25 25 15 0.6 300 0.0744
3 25 5 20 0.8 300 0.0674
4 25 10 25 | 300 0.0669
5 5 | 15 0.8 600  0.0812
6 5 25 10 | 600  0.084
7 5 5 25 0.4 600  0.0706
8 5 10 20 0.6 600  0.0692
9 7.5 | 20 | 900 0.1198
10 7.5 25 25 0.8 900  0.0838
I 7.5 5 10 0.6 900  0.0785
12 7.5 10 15 0.4 900  0.0849
13 10 | 25 0.6 1200  0.0978
14 10 25 20 0.4 1200  0.0840
15 10 5 15 | 1200  0.0872
16 10 10 10 0.8 1200  0.081

Table 4. Results of L9 (3“) test.

Ratio of

minor

to

major Friction
Cases speed force depth axis Cycles coefficient
17 7.5 5 10 04 900 0.0744
18 10 10 15 04 1200  0.0817
19 5 I 20 0.4 600  0.0808
20 10 | 10 0.6 1200  0.0975
21 5 5 15 0.6 600 0.0794
22 7.5 10 20 0.6 900 0.0773
23 5 10 10 0.8 600 0.0723
24 7.5 | 15 0.8 900  0.0894
25 10 5 20 0.8 1200  0.0904

encapsulated preprocessor is integrated with the MLR
model to form a complete predictive model.

Gaussian process regression

GPR is a non-parametric model and developed based on
Bayesian and statistical learning theory. It is often used
for regression problems with small samples due to its
high flexibility.

The distribution of training points and test points is

assumed to follow Gaussian distribution’:

WXn+1) Ke(Xy+1, Xn)

YN+1

Where u is the mean function, which is usually assumed
to be zero, Ke is the covariance function or kernel func-
tion. The most used kernel function radial basis function
is adopted:

—( =)
212

Where o, and / denote hyper-parameters.

k(x, x') = ofr exp[ ] (7N

Leave-One-Out cross-validation

LOO-CV?' is usually used in ML to prevent bias due to a
particular validation dataset and to reduce the risk of over-
fitting when there is insufficient data to adopt more effi-
cient techniques like the 3-way split (train, validation
and test), especially when the number of the examples
in the dataset is less than 50.

The schematic diagram is shown in Figure 8. The COF
database is split into a training set and a test set. Then one
data is adopted for testing and the remains are used to train
the model in each iteration. The procedure is repeated
until each data is used once for testing. For each iteration,
an evaluation criteria value can be obtained; after all the
evaluations, the average evaluation criteria value can be
used to evaluate the prediction model.

Performance evaluation for prediction accuracy

In this study, Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE) and Mean Absolute Percentage
Error (MAPE) are used to compute the error between
the real and predicted data®®:

1N A
MAE = - . 10
n;;u i (10)
RMSE = lzn:(A ) (11)
=\ w2 Ui
18 D—y
MAPE = - |22 (12)
ni:l Yi

When the value equals to zero, the algorithm has the
highest accuracy. Negative or positive values indicate
underestimated or overestimated models, respectively.

In order to compare the influence of different sample
sizes on machine learning results, predictions based on
two datasets are compared. Experimental results No. 1-
16 are taken as dataset 1, and experimental results No.
1-25 are taken as dataset 2. Table 5 shows the evaluation
performance of the models trained with two different

[ y }NN([M@W)}[Kd%wa+6” KKMWthT]) ©)
’ Ke(Xy+1, Xn+1)
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Figure 5. Trend chart of L16 (4*) experiment.

datasets. According to the result, the prediction model
based on dataset 2 is slightly better than that based on
dataset 1. The slightly more accurate of predictions
based on dataset 2 can be ascribed to the increasing data
set. But the overall prediction performance differs a
little, which indicates the reliability of the prediction
model based on small samples. According to the result,
MLR prediction model has a better prediction perform-
ance for both of the two data sets. As a result, MLR
model will be used for the following optimization.

Test validation of the prediction model

The MLR model trained by the dataset with 25 samples is
adopted for the next step. In order to test the generalization
performance of MLR and GPR, extra four samples were
fabricated and tested. The parameter combinations were
shown in Table 6. The result of COF is shown in Figure 9.

The corresponding predicted values and the errors
between the predicted and experimental results were
listed in Tables 7 and 8. The generalization performance

obtained from MLR and GPR algorithms are compared
through the difference between the predicted results and
the actual experimental values of coefficient of friction.
For results of validation test 2, the prediction error
obtained by GPR is much smaller than that by MLR,
but for the rest of the validation test, the prediction from
MLR was more accurate. It could be seen from
Figure 9, for test 2, at the last 10minutes, COF hasn’t
reached a total steady state, while for other tests, COF
has already kept to be a relatively steady state. This
could be one of the reasons for the inaccuracy in the
MLR algorithm for test 2. Furthermore, for MLR, the
maximum difference between the prediction and the test
results is 4.29%, and the average difference is about
2.56%; while for GPR, the maximum difference reaches
as high as 11.29%, and the average difference is about
4.36%, showing the generalization performance of MLR
algorithm is much better than that of GPR. Considering
the manufacturing error and test error, the prediction
results match well with the test results. As a result, the
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Table 5. Evaluation indicators. predicted by the former established MLR prediction
model, find out the best position of the particles. 6)
Model MAE RMSE MAPE Update velocity and position of particles. 7) Update the
MLR dataset | 0.007728984 0011273154 0.088136138 global best position. The COFs obtained from the new
GPR dataset | 0010236449  0.013455036  0.116402142 position and velocity are compared with the current parti-
MLR dataset 2 0.005661196 0.008333175 0.065477643 cles” best values. 8) Repeat steps 5-7 until the conver-
GPR dataset 2 0.008894124 0.013109119 0.099464996 gence criteria is satisfied. In this study, the iteration is

Table 6. Parameter combinations of samples.

Number speed force depth Ratio of minor to major axis

| 4 3 15 04
2 6 5 15 0.6
3 8 7 20 0.6
4 10 9 20 0.8

presented MLR prediction model based on the small
dataset could be used to predict the friction coefficient.

Integration with particle swarm
optimization algorithm

Based on the results obtained in the previous section, the
MLR model is now used in combination with PSO to find
out the optimal parameters. The implementation of the
PSO algorithm follows the steps below%: 1) Define the
objective function. The minimization of COF is set as
the objective function. 2) Determine the constrictions.
The range of frequency, force, depth and ratio is
2.5~10 Hz, 1~10N, 10~25pm and 0.4~1, respectively.
3) Specify parameters of PSO algorithm. The number of
particles in each generation is 100 and the maximum iter-
ation number is 1000. 4) Initialization. 5) Evaluate COF
of each generation. Based on the COF of each particle

converged when the difference between the updated
global minimum COF and the current minimum COF is
smaller than 107%.

The obtained optimal parameter combination is: the
frequency of 2.5 Hz, applied force of 10N, depth of
texture of 10pm and the ratio 4 of 0.4. The optimal
result of the minimum COF is 0.0577156.

Test validation

To validate the whole process proposed in this study, a
sample is fabricated with the optimized structural para-
meters and is tested under the force of 10N and frequency
of 2.5 Hz. The tested COF in respect to time is shown in
Figure 10. After 20 min running, the average COF is
about 0.05712. The error between the test result and the
optimization result is only 1.04%, showing the accuracy
of the proposed friction prediction process.

Concluding remarks and future prospects

This study proposed a novel integration method of orthog-
onal array method, ML prediction and particle swarm
optimization method to efficiently optimize structural
parameters of surface texture under the most appropriate
operating condition with minimum coefficient of friction.
Firstly, combinations of structural and operating para-
meters determined using OAM were tested on a RTEC
tribo-test. Then, MLR and GPR were used and compared
to predict the COF. Finally, a combined approach of the
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Figure 9. Test verification.
Table 7. Prediction results.
Validation number | 2 3 4
Experimental value 0.0703 0.0809 0.0843 0.0868
Predicted value MLR 0.07137301 0.07742742 0.08109981 0.087322
GPR 0.07823358 0.08037665 0.07966733 0.079068

Table 8. The prediction error.

Validation Average error
number | 2 3 4 (%)

Error  MLR 153 429 3.80 060 256
(%)  GPR 1129 064 550 871 436

PSO method and MLR prediction model is proposed to
minimize the COF, and the optimization result is vali-
dated by comparison with test result. The main conclu-
sions can be summarized as follows.

. The COF decreases with applied force, while it
increases first and then decreases with reciprocating
frequency and depth of dimple; elliptical dimples
perform better than circular dimples and the COF
also increases first and then decreases with an increas-
ing ratio of minor axis to major axis for elliptical
dimples.

. OAM can be effectively used to reduce sample size
and efficiently get dataset for machine learning.

. The MLR method considering the variation of non-
linear relationship shows promising in accurately pre-
dicting the COF of copper spheres - UHMWPE pairs
based on small dataset obtained by OAM.
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Figure 10. Friction test result of the optimal sample.

4. The error between the experimental and the optimized
results obtained by the integration method of MLR and
PSO is only 1.04%, showing the effectiveness of the
proposed integrated method to minimize the COF.

In future, the process presented here can be extended to
predict friction performance of different materials under dif-
ferent conditions and using more advanced algorithms such
as Physics-informed Neural Networks. It should be noticed
that the integration method offers an alternative approach to
design. This method does not mean to replace the explor-
ation of fundamental theoretical mechanisms but serves as
a supplementary tool in instances where a comprehensive
understanding is yet to be achieved.
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Nomenclature

b Scalar

c1, ¢o  Learning factors

f Reciprocating frequency

r1, »  Random vectors between 0~1

vﬁkﬂ) The velocity to be applied to the ith particle in the next

step

® Inertia weight

W J dimension vector

X Values for each parameter

Xmax Maximum value

Xmin Minimum value

xgkﬂ) The position to be applied to the ith particle in the next

step

)9,- The prediction result

Vi Real data

C Penalty of error

K; Calculated average value

Ke Covariance function or kernel function

N Number of the training data

R Influence degree of each factor on the friction

coefficient

X, Independent input variables

Y Dependent variable

€ Regression stochastic error

/. Coefficient reflecting the influence of each independent

variable on the dependent variable

u Mean function

& Distance between the margin and the data points

Hyper-parameters
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