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ABSTRACT: Surface textures in journal bearings offer significant CFD-based numerical model
potential for reducing friction and enhancing energy efficiency.
However, the complexity of texture configurations necessitates an g =
accurate and efficient performance prediction model to properly
design textured journal bearings. To address this issue, this study
develops a machine learning (ML)-based surrogate model to predict
friction in textured journal bearings. First, computational fluid
dynamics (CFD) models employing a dynamic mesh algorithm are
developed to generate accurate data sets. Furthermore, three ML : )
methods are trained and compared to select the most suitable Eftiency| /" f;:;g:' i
prediction method: artificial neural network (ANN), support vector o {lyd 2 ‘
regression (SVR), and Gaussian process regression (GPR). Among

these ML methods, ANN shows the best prediction performance. Given the high computational cost of CFD simulations, the
prediction accuracy of the ANN-based surrogate model is further enhanced without the need for additional data sets. This
enhancement is achieved through an architecture design based on cross-validation and further optimization utilizing the genetic
algorithm. Eventually, the average prediction accuracy is improved to 98.81% from 95.89%, with the maximum error reduced to
3.25% from 13.17%. These findings demonstrate the potential of ML in the performance prediction in textured journal bearings and
provide a promising approach for broader applications in developing highly efficient and accurate ML-based surrogate models,
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particularly in cases with limited available training data sets.

KEYWORDS: journal bearings; surface textures; friction; machine learning; computational fluid dynamics (CFD)

1 Introduction

With the increase in energy prices and environmental
requirements, the demand for energy efficiency and sustainability
is growing [1, 2]. Approximately 20% of the world total energy
consumption is used to overcome friction, which is recognized as
the main cause in the energy cost [3, 4]. Therefore, growing
attention has been given on the improvement of tribological
performance by the reduction of friction [5, 6]. In this context,
surface textures have been demonstrated to be a promising way to
reduce friction by numerous theoretical and experimental studies
[7-10]. Several beneficial effects of surface textures in terms of
friction have been identified. Surface textures can act as lubricant
reservoirs and reduce the contact area [11-13]. Moreover, textures
can build up an additional micro-hydrodynamic pressure, which
contributes to an increase in load-carrying capacity [14-16].

The effects of textures on the tribological performance of
journal bearings have been studied over years. The studies
encompass two aspects: their effects under various texture
geometries and distributions, as well as under various operating

conditions [17]. Regarding the texture geometries and
distributions, Tala-Ighil et al. [18] studied the influence of texture
size and distribution on the bearing characteristics. The results
indicated that the effect of texture size on the bearing performance
was influenced by the texture distribution. Dobrica et al. [19]
pointed out that the texture distribution covering the full
circumference of the bearing surface resulted in a worse
lubrication performance compared with the non-textured
bearings. This finding was confirmed later by Tala-Ighil et al. [20]
and Khatri and Sharma [21]. Afterwards, the effects of the texture
depth and texture distribution covering the partial circumference
of the bearing surface were investigated by Liang et al. [22]. They
found that shallow textures were better for the convergent area,
while deep textures were better for the divergent area.

In addition to the interaction between texture geometries and
distributions, textured journal bearings also exhibit considerably
different performance under various operating conditions.
Brizmer and Kligerman [23] reported that the beneficial influence
of partial texturing was quite appreciable at low eccentricity ratios,
which corresponded to the low-load or high-speed operating
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conditions. While with the increasing eccentricity ratios, the
beneficial effect was weakening. According to Cupillard
et al. [24, 25], the optimum texture depth and the relative texture
extension in the circumferential direction were highly influenced
by the eccentricity of journal bearings. Similar conclusions were
made by Lin et al. [26] and Marian et al. [27], showing that the
optimum distribution of textures strongly depended on the
operating conditions of the journal bearing system. Singh and
Awasthi [28] also found that the effect of texture distribution on
the bearing performance was dependent on the bearing
eccentricity. The aforementioned findings reveal that, the design
of surface texture patterns in journal bearings involves numerous
parameters, and the relationships between these parameters and
bearing performance exhibit nonlinear behaviour. At the same
time, the correlations between textures and bearing performance
are affected by the interactions among texture parameters. These
complexities present a significant challenge for accurately
predicting the performance of textured journal bearings, making
traditional parametric studies not effective enough.

Machine learning (ML) algorithms offer the possibility of
predicting complex relationships in a more efficient way, thereby
drawing growing attention in the field of tribology [29, 30]. This
method has been successfully utilized in the performance
prediction of journal bearings. Moschopoulos et al. [31] developed
a ML procedure to predict the loading condition based on the
sound and vibration data. Hess and Shang [32] presented an
artificial neural network (ANN) model to approximate the
pressure distribution of a journal bearing working under the elasto-
hydrodynamic lubrication (EHL) regime. A support vector
regression (SVR) model was developed by Roy and Dey to predict
the steady-state and dynamic characteristics of hydrodynamic
journal bearings [33]. Bas and Karabacak [34] compared three
different ML methods for the friction prediction of radial journal
bearings, including ANN, SVR, and regression trees. In addition
to the applications in journal bearings, ML has also shown its
potentials in textured contacts. Otero et al. [35] developed an
ANN model to predict the friction coefficient of the textured
surface in a ball-on-disc contact. Marian et al. [36] applied
Gaussian process regression (GPR) and linear regression methods
to qualitatively feature the influence of micro-textures in a single
EHL contact, which was a tribological approximation model of
rolling bearings. Li et al. [37] compared five ML algorithms for
predicting the friction coefficient of sliding friction pairs with
textures. However, from the references, the studies in which ML
techniques are applied to the performance prediction of textured
journal bearings are still new.

The accuracy of an ML-based surrogate model is highly
dependent on the accuracy of training data [38, 39]. Therefore, the
accurate training data should be provided for the performance
prediction of textured journal bearings. However, the classical
Reynolds equation neglects the inertia effect and the flow across
the film gap when simplified from the Navier-Stokes (N-S)
equations [40]. Due to this, the texture-induced microflow effects,
including the inertia effect and vortices within textures, cannot be
considered by Reynolds equation [41-43]. Arghir et al. [41]
reported that a positive load-carrying capacity could be generated
by the inertia effect in textures, especially under lubrication
conditions with a high Reynolds number. In addition, the vortices
were found within textures by Sahlin et al. [43], and were
indicated to have a considerable effect on the textured bearing
performance [14, 44-46]. Consequently, a computational fluid
dynamics (CFD) model based the N-S equations is required to
prepare the training data sets, which can consider the texture-
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induced microflow effects and the macro-hydrodynamic
lubricating film formation at the same time [47]. Nevertheless, this
approach compromises computational efficiency, as the dramatic
increase in mesh cell numbers is required to capture the texture-
induced microflow [5]. In addition, the multiple design
parameters of textures mean that a large amount of training data
is required, which further leads to increased time requirements.
Therefore, in order to reduce the high computational cost, and
improve the prediction efficiency, it is crucial to explore methods
that can improve prediction accuracy without the need for
additional data sets.

To summarize, it is critical to develop a highly efficient and
accurate ML-based surrogate model for the friction prediction of
textured journal bearings. For this purpose, CFD models of
textured journal bearings are first built to prepare accurate data
sets for the ML-based surrogate model. Subsequently, using
identical data sets, three different ML methods, including ANN,
SVR, and GPR, are employed and compared to determine the
most suitable algorithm for predicting the friction of textured
journal bearings. Furthermore, the architecture design through
cross-validation and further optimization through the genetic
algorithm are conducted, aiming for a higher prediction accuracy
based on identical data sets. This work demonstrates the potential
of ML algorithms in efficiently predicting the friction performance
of textured journal bearings with varying operating conditions
and texture parameters. In addition, the proposed optimization
strategy highlights the potential to reduce the size of the data sets
required to train an accurate and efficient ML-based surrogate
model.

2 Numerical models

2.1 Textured journal bearing model

The textured journal bearing in the current study is schematically
depicted in Fig. 1. The smooth shaft rotates in an anti-clockwise
direction. The partially textured bearing stays stationary. The
utilized parameters of the textured journal bearing are listed on
the left side of Table 1. The determination of the texture
parameters is based on previous works in Refs. [19, 20, 46, 48].
The oil is pumped into the bearing from the upper inlet hole with
the inlet pressure (p;,) and flows out from both sides with the
ambient pressure (p,, ). The external load (F) is applied vertically
on the shaft. The boundary conditions and lubricant properties
are listed on the right side of Table 1.

2.2 Governing equations

2.2.1 Governing equations of the flow field

When simulating the lubrication performance of textured journal
bearings, the accuracy depends on the ability to accurately capture
the flow behaviour of the lubricant. One important flow behaviour
is the so-called cavitation effect, which happens when the pressure
falls below the saturation pressure (p;,;) [49]. Consequently, in this
work, the cavitatingFoam solver in OpenFOAM is used for the
cavitating flow. This solver is based on the homogeneous
equilibrium model, which assumes the mixture of liquid and
vapor to be in a mechanical and thermodynamic equilibrium [42].
Besides, the compressibility of the mixture flow is considered in
the simulations. Therefore, the cavitation model is based on the
relations of the pressure and density as a closure equation [50, 51].
Combined with the cavitation model, the N-S equations, which
are derived from mass conservation and momentum
conservation, are used to solve the fluid flow [52]. Details about
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Fig.1 Schematic representation of a hydrodynamic textured journal bearing.

Table1 Parameters used in this study, left side: geometry parameters of the textured journal bearing; right side: operating conditions and lubricant properties

Bearing and texture parameter Value Operating and lubricant parameter Value
Bearing radius, r;, (mm) 15 Rotational speed, U (r-min™) 1,000
Bearing width, L (mm) 20 Inlet pressure, p;, (Pa) 300,000

Shaft radius, r, (mm) 14.97 Outlet pressure, p,, (Pa) 101,325
Clearance C = rp, — rg (mm) 0.03 Saturation pressure, p, (Pa) 29,185
Starting angle of texture zone, « (°) 5-180 Density of oil, p; (kg-m™) 822
Coverage of texture zone, cov (°) 0-170 Dynamic viscosity of oil, #; (Pa-s) 0.014
Texture width ratio, w/W 0.2-0.96 Density of vapor, p, (kg:-m™) 1.29
Texture depth ratio, d/C 0-3 Dynamic viscosity of vapor,#, (Pa-s) 5.953 x 10~°

the cavitation model and the N-S equations can be found in the
Appendix.

By solving the N-S equations, the shear stress field within a
journal bearing can be predicted. Then, the dimensionless friction
force f; is calculated by the integration the wall shear stress over
the nominal contact area between the shaft and journal bearing [53]:

C _
=

where C means the clearance; #, is the viscosity of oil; w
represents the angular speed of the shaft; L is the width of the bearing
(Fig. 1); 7 is the shear stress term; A is the nominal contact area
between the shaft and journal bearing.

2.2.2 Load balance equations and dynamic mesh algorithm

Excepting the shear stress, the hydrodynamic pressure distribution
of textured journal bearings can also be predicted by solving the
N-S equations. Then, the hydrodynamic load-carrying capacity
(F},) at time step ¢ can be calculated as

F =1\/(F.) + (R,

F. = rstjhp'sinedez
Lo @
F, = rsfofo p'cosfdOdz

where F and F are the hydrodynamic load-carrying capacities
in x and y directions at time step #, which are integrated from the
hydrodynamic pressure (p*) at time step t.

If F, cannot achieve balance with the external load (F) within
this time step, the shaft will move. As a result, this movement
changes the simulation domain. Consequently, the mesh in the

https://doi.org/10.26599/FRICT.2025.9441051

simulation domain needs to be updated during the simulation. To
determine the equilibrium position under the specified operating
condition, a dynamic mesh algorithm based on the load balance
equations is proposed in the present study. This model can be
employed for both untextured and textured journal bearings. The
steps for updating the mesh are as follows.

Step 1: Calculation of the displacement of the shaft

In this step, the acceleration of the shaft is first calculated by the
load imbalance as Eq. (3):

" 3)

where a, and a, are the accelerations of the shaft in x and y
directions at time step t, respectively; m is the mass of shaft; F, and
F, are the applied loads in x and y directions, respectively. In this
study, since the external load is applied vertically on the shaft, F, is
set to 0, and F, is equivalent to F, as shown in Fig. 1.

After that, the motion speed and the displacement of the shaft
are calculated as Eq. (4):

V= VS A

Vi=Vittal At “@
y y Y

AR =V At

* (5)
Ay =V, At

where V, and V, are the motion speeds of the shaft in x and y
directions, respectively; Ax' and Ay' are the displacements of the
shaft in these two directions, respectively. In this work, V,° and
V,” are set to be zero to start the simulation.
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Step 2: Determination of the mesh updating domain

To increase the simulation efficiency, the mesh updating
domain needs to be determined. In this work, the entire mesh
domain is divided into two sub-domains: oil film gap domain and
texture domain, see Eq. (6).

nj S Niotal 5

nj > Meotal y
where #; is the radial reticulate layer for each mesh node j; 71, is
the total number of radial reticulate layers in the oil film gap
domain (714 = 5 in Fig. 2).

The oil film gap domain refers to the area between the two blue
lines in Fig. 2(a). The shaft is moving with an unbalanced load.
Therefore, the nodes within the oil film gap domain should be
updated. In contrast, the nodes within the texture domain are not
updated, because the textured bearing wall is considered to be
stationary in the present work.

Step 3: Calculation of the updated mesh node position

In this step, the coordinates (¥}, ;) of each node j within the oil

film gap domain at the time step t are calculated based on their
radial reticulate layer »; using Eq. (7):

~ o~ n;
=% A‘-|-<1— . >A32‘
j j n

total

At n;
=5+ (1- 5 ) &7

Niotal

oil film gap domain

(6)

texture domain

(7)

After all the above procedures, the mesh update at time step ¢ is
finished.

To clearly show the capability of this dynamic mesh algorithm,
Fig. 2 illustrates the mesh distribution of a textured journal
bearing with an exaggerated clearance. As shown in Fig. 2(a), the
above-mentioned dynamic mesh algorithm is based on the
structured mesh distribution. It can be observed from Fig. 2(b)
that the updated mesh can keep a structured distribution even at a
large eccentricity ratio. The comparison of mesh parameters is
exemplarily listed in Table 2. After the mesh update, the mesh
cells and points remain the same as in the initial mesh.

Additionally, skewness and aspect ratio are commonly employed
to quantify the mesh quality [54]. High values of skewness or
aspect ratio may impair the accuracy of results and reduce the
convergence speed. The threshold for skewness and aspect ratio in
OpenFOAM is 4 and 1,000, respectively [54]. Consequently, as
indicated in Table 2, the dynamic mesh algorithm in the present
study can keep a satisfied mesh quality during simulation.

Therefore, the whole flowchart of the simulation is presented in
Fig. 3. The pressure-velocity coupling equations are solved by the
GAMG matrix solver with DICGaussSeidel smoother [52]. The
tolerances are set as 107°. A relaxation factor for pressure between
two timesteps is set to increase the model stability, with the value
of 0.1. When F,., = |F,—F|/F <107°, the simulation will be
stopped.

2.3 Validation

Gupta et al. [55] measured the pressure on the middle
circumference of a textured journal bearing. To verify the
accuracy of the present model, validation is carried out with the
same structural parameters and operating conditions as in the
experiments. The validation is conducted under four operating
conditions, with rotational speeds of 1,000 and 2,000 r-min™ at
varying loads of 600 and 800 N. The maximum pressure values
for the four cases are compared with experimental results, as
shown in Fig. 4. A good agreement with the experimental results
can be found and all the absolute errors are below 8.1%.
Considering the potential tolerances in manufacturing,
assembling, and measuring, it can be concluded that the
numerical results are within an acceptable range. Therefore, it is
sufficient to show the feasibility and accuracy of the current CFD
model in providing data sets for the ML-based surrogate model.

2.4 Influence of surface textures on friction—an exemplary
study

Based on the validated model, the influence of textures on the
friction performance of journal bearings is exemplarily shown in
this section. The structural parameters for the textured journal
bearing are as follows: texture width ratio w/W = 04, texture
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(b) Updated mesh based on the dynamic
mesh algorithm

(a) Initial mesh
Fig.2 Mesh distribution of a textured journal bearing with an exaggerated clearance (1, = 5).

Table2 Comparison of mesh parameters for initial and updated meshes

Item Cells Points Average skewness Average aspect ratio
Initial mesh 649,984 787,119 0.015 22.80
Updated mesh 649,984 787,119 0.021 32.00
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Fig.3 Simulation flowchart, including the calculation of flow field and the dynamic mesh algorithm.
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depth ratio d,/C = 0.5, starting angle & = 72°, and texture coverage
cov = 137.5°. The operating conditions for both non-textured and
textured bearings are the same, with a rotational speed of
1,000 r-min™ and an external load of 416 N.

The pressure distributions of non-textured and textured journal
bearings are shown in Fig. 5. A quantitative comparison of the
pressure distribution along the centerline of the bearing is
provided in Fig. 5(c). The presence of textures induces the micro-
hydrodynamic pressure as the lubricant flows through them,
which can lead to an increase in load-carrying capacity. This
finding aligns with the outcomes published in Refs. [19, 27].
However, as shown in Fig. 5(b), when textures are distributed
within the high-pressure region, they can cause a disruption to
this region, which is the primary load-carrying area of the bearing.
This disruption leads to a decrease in the load-carrying capacity,
thereby reducing the minimum oil film thickness. In this case, the
minimum film thickness of the textured bearing is decreased by
2.54% compared with the non-textured bearing, as shown in
Table 3.

The effects of textures on the wall shear stress are shown in Fig. 6.
The variation in wall shear stress is closely related to the film
thickness. On one hand, the reduction in the minimum film
thickness of the textured bearing results in an increase in the

https://doi.org/10.26599/FRICT.2025.9441051

maximum value of the wall shear stress. The increased wall shear
stress in the textured bearing can be observed from the
comparison of the wall shear stress distribution in Fig. 6(c). As the
friction is the integral of the wall shear stress, this increase will lead
to the increase in friction. On the other hand, the local increase in
film thickness at textures leads to a significant reduction in the
wall shear stress. This helps to reduce the friction [10, 14].
Therefore, the impact of textures on the friction force of the
journal bearing depends on the trade-off between these two
aspects. In this case, although the wall shear stress increases
locally, the overall friction is reduced by textures. The friction
force of the textured bearing is 8.76% lower than that of the non-
textured bearing. A detailed comparison of the above performance
parameters for the two types of bearings is presented in Table 3.

3 Machine learning-based surrogate model

From the aforementioned exemplary study, it can be concluded
that textures have a significant impact on the friction performance
of journal bearings. The friction performance of textured journal
bearings is considerably influenced by the texture geometry and
distribution parameters, as well as the operating conditions [20,
56]. Therefore, the friction prediction of textured journal bearings
requires to consider both texture parameters and operating
parameters. To achieve the efficient prediction, the ML-based
surrogate model is developed in this section.

3.1 Input and output parameters

The ML-based surrogate model is trained for a wide range of
texture parameters and operating parameters. The input
parameters include texture geometry parameters (texture width
ratio, w/W; texture depth ratio, d/C), texture distribution
parameters (starting angle of texture zone, o; coverage of texture
zone, cov), as well as external load F. The output parameter is the
dimensionless friction force of textured journal bearings f;. The
design range of each input parameter is shown in Table 4.

The datasets are generated using the Latin hypercube sample
function in MATLAB. Therefore, all the design points are
randomly distributed within the design range for each input

(EZE
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Pressure (Pa)
I 2.3%10°
1.7x10°
1.2x106
' 6.0x10°
2.9%x10%
(a) Pressure contour of (b) Pressure contour of
non-textured bearing textured bearing
2.5 T T T
— Non-textured bearing
—— Textured bearing
20
=
=%
&15t
g
Ziof
2
-
0.5 1
0.0 " I " b /
0 60 120 180 240 300 360
Angle (°)
(c) Pressure profiles along the center plane of
non-textured and textured bearings
Fig.5 Comparison of pressure distributions of non-textured and textured bearings.
Table3 Comparison of performance parameters for non-textured and textured bearings
Minimum film thickness (um)  Maximum pressure (Pa) Maximum wall shear stress (Pa) ~ Dimensionless friction force
Non-textured bearing 7.86 2,296,224 5,001.63 8.45
Textured bearing 7.66 2,371,173 6,712.21 7.71
Difference (%) -2.54 3.26 34.20 -8.76

parameter. 170 design points with different input parameter
combinations are executed with the validated CFD model. The
input design points and the corresponding dimensionless friction
forces are stored as data sets (6 x 170 MATLAB structure array).
Among these 170 sets of data, 150 sets of data are used to train
ML models. The remaining 20 sets of data are used to evaluate the
prediction accuracy of the trained surrogate model.

To ensure stable and efficient training, the normalization is
applied to both input and output parameters using the
standardised min-max normalization function, that reads

2~ Zmin

/Z\ = (qupper - qlower) + qlower (8)

Zmax — Zmin
where Z is the final normalized value; z represents the original
value of the data point; z,;, and z,,, denote the minimum and
maximum values in the original data sets, respectively; giower and
Qupper are the lower and upper normalized unit values, which are 0
and 1 in this study, respectively.

3.2 Machine learning methods

To determine the most appropriate prediction algorithm for
textured journal bearings, three different ML methods are
employed and compared using identical data sets. The three
methods include ANN, SVR, and GPR, which are three
commonly used ML methods for prediction [29].

i1 4 | Sci@pen

3.2.1 Artificial neural network

ANN is an ML model composed of interconnected nodes,
designed to mimic the functioning of biological neurons [57]. The
training data flow from the input layer through the hidden layers
to produce an output. Each connection between nodes is
determined by the weights and biases. By applying activation
functions, the network can capture complex relationships within
the data. There are three popular activation functions for the
hidden layer, including the hyperbolic tangent sigmoid function
(tanh), the logistic sigmoid function (Sigmoid), and the rectified
linear function (ReLU). Usually, the pure linear function (purelin)
is used for the activation function of the output layer [57, 58].

As the initial design, 1 hidden layer with 5 neurons is chosen.
The remaining parameters are set to the default values provided
by MATLAB as initial choices. To avoid the unnecessary
computational overhead or overfitting, the training stops when
any of the following conditions are met: reaching the maximum
number of epochs (1,000), achieving the target minimum error
(10), encountering the maximum number of consecutive failures
(6), or reaching the target gradient descent value (10°). The design
parameters for the initial ANN model are shown in Table 5.

3.2.2 Support vector regression
SVR is a ML algorithm that extends the concept of support vector

Friction, 2025, 13(8): 9441051
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(c) Wall shear stress profiles along the center plane of
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Fig.6 Comparison of wall shear stress distributions of non-textured and textured bearings.

n

Table4 Design range with minimum and maximum values of input f(x) = Z ((xi — tx;‘) K(x, xi) +b 9)

parameters =1
Parameter Minimum value Maximum value where @, and o] are the support vectors; K(x,x;) is the kernel

Textured width ratio, w/W 0.2 0.96 function; b is the bias.
Texture depth ratio, dy/C 0 3 During this process, the kernel function is applied to map the
Starting angle of textured zone, a (%) 5 180 1npu't d.ata to a higher dimensional space, whlch is essential for the
o prediction accuracy [59]. To comprehensively evaluate the
Coverage of texture zone, cov (°) 0 170 L. . .
prediction accuracy, five commonly used kernel functions in SVR
External load, F (N) 100 450

are compared: the linear polynomial kernel, the quadratic
polynomial kernel, the cubic polynomial kernel, the medium
Gaussian kernel (with a kernel size of 2.2), and the coarse

Table5 Design parameters for the initial ANN model Gaussian kernel (with a kernel size of 8.9) [60].

Parameter Specification ) )

Training algorithm Levenberg-Marquardt algorithm 3.2.3 Gaussian process regression
Number of hidden layers 1 The GPR method is one of the non-parametric Bayesian methods.
Number of neurons in hidden layer 5 GPR defines the distribution over functions, which are typically
Activation function for hidden layer tanh assumed to be Gaussian. It is characterized by FWO functions:
Activation function for output layer Purelin mean function m (x) and kernel function C(x,x), as Eq. (10)
Learning rate 10° shows [61]. W.ith th.e p.rior. predictive dist.ribution and the tralmng
Division of data Random set, the posterior distribution over functions can be obtained by

o constraining the prior joint distribution [62]. In this work, four
70%—Training . .
Data division 15%— Validation commonly used kernel functions in the GPR model are
15%—Test considered for comparison, including the squared exponential
kernel, the Matern 5/2 kernel, the exponential kernel, and the
rational quadratic kernel [60]:

machine from classification problem to regression task. The main

conc.ept is to find a l}yperplane that best represents. the ¢(x) ~ GP (m (x),C (x, x)) (10)
relationship between the input features and the target variable.
Therefore, an optimization is conducted to minimize the error where x,x €X, and X denotes the space of input points.

between predicted and target values. The final prediction function
f(x) in SVR is constructed from the support vectors as Eq. (9)
shows To evaluate the prediction performance of the ML models, the

3.2.4 Performance evaluation
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mean square error (MSE) and the correlation coefficient (R) are
calculated. MSE, defined in Eq. (11), is a measure of the average
squared difference between the predicted and target values.

MSE = I\%Zil(y,-—&i)z (11)

where y; represents the target value, and J represents the
predicted value from the ML models. A lower MSE value indicates
a better estimation performance, while a higher MSE value
indicates a poorer estimation performance.

The correlation coefficient (R), defined in Eq. (12), provides
information about the correlation between the predicted and
target values.

O WS A V)
\/Zil o _7f)2ZiN:1 i _i)z

where Yi and J; are the mean target and predicted values,
respectively. A high R value close to 1 indicates a strong
relationship between the predicted and target values. Conversely,
an R value of 0 suggests a random connection or no correlation
between the predicted and target values [63].

(12)

3.3 Comparison of different machine learning methods

To determine the most appropriate prediction method for
textured journal bearings, the above-mentioned three different
ML methods are trained based on identical data sets. The
prediction performance of each ML method is illustrated by
comparing their respective R, and MSE,; values in Fig. 7. The
results of the SVR models indicate that, the cubic polynomial
kernel function shows the best prediction accuracy, with the R
value of 0.91 and the MSE, value of 2.86x10°. For the GPR
models, the exponential kernel function shows the best prediction
accuracy, with the Ry value of 0.92 and the MSE, value of
2.16x107. Despite utilizing the preliminary structure, the ANN
model exhibits the R, value of 0.95, which is higher than the
corresponding values of the SVR and GPR models. Furthermore,
the ANN model achieves a lower MSE, value of 1.99x10°
compared to the SVR and GPR models. Overall, the GPR models
exhibit superior prediction accuracy compared to the SVR
models. In addition, the ANN model achieves higher prediction
accuracy than both the GPR and SVR models under the current
hyperparameters. This conclusion is similar to the findings drawn
in the study by Tosi¢ et al. [64] that the ANN model showed the
best performance in their tribological application.

Therefore, as the most promising method among three ML
methods examined in this work, the ANN method is selected for
the friction prediction of textured journal bearings. More detailed
regression results of the ANN model are shown in Fig. 8. It can be
observed that, the R values for the training, validation, test, and
overall data sets are 0.965, 0.954, 0.946, and 0.957, respectively.

Furthermore, to more straightforwardly evaluate the prediction
accuracy of the trained ANN model, the friction forces of 20
evaluation data sets are predicted. The predicted results are then
compared with the true results from the aforementioned CFD
model. The comparison results, along with the errors between the
predicted and true values, are depicted in Fig. 9. It can be found
that the overall trend of the predicted values by the ANN model is
consistent with the true values. The average prediction accuracy
stands at 95.89%. However, as observed from Fig. 9(b), it is
evident that certain significant errors are identifiable, with a
maximum deviation of 13.17%.

To analyze the reasons behind the high deviation, the operating
conditions and texture parameters of the 10th and 15th data sets
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are analyzed. A possible reason for the significant error in the 10th
data set is that, this data set corresponds to the case where textures
are distributed at the minimum oil film region. In this context,
textures can effectively reduce the friction force of journal bearings
[14]. It may be due to that the neural network with current
architecture is not able to accurately predict this complex
relationship under this specific condition. Therefore, the friction
predicted by the ANN model shows deviation from the true value.
The 15" data set has a similar condition, with textures distributed
at the minimum oil film region. This indicates the necessity for
further optimization of the prediction accuracy of the surrogate
model.

4 Optimization of the surrogate model

With the identical data sets, the accuracy of the ANN model
depends on the network architecture [65], as well as the
appropriate initial weights and biases for each neuron [66]. To
improve the prediction accuracy of the ANN model based on the
current data sets, the ANN model is optimized through the cross-
validation-based hyperparameter optimization and the genetic
algorithm. The cross-validation (CV) method is used to evaluate
various architecture parameter combinations, which helps to
identify an optimal neural network architecture. Subsequently, the
genetic algorithm (GA) is utilized for searching the appropriate
initial weights and biases for each neuron.

4.1 Optimization of the ANN architecture through cross-
validation
The CV method is a robust technique for model evaluation and
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Fig.7 Prediction performance of SVR, GPR, and ANN models.
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hyperparameter optimization in the field of artificial neural
networks. In this work, the architecture hyperparameters of the
ANN model is optimized through the widely-used k-fold cross-
validation, as shown in Fig. 10 [67]. The data sets are split into k
subsets of approximately equal size. The model is trained k
rounds. For each round i (1 to k), k—1 folds are used for training
and the remaining fold is for testing. This process ensures that
every data point is used for both training and testing exactly once.
Therefore, it ensures the high reliability and generalizability. To
evaluate the overall performance of the ANN model with different
architectures, the MSE value on the test fold is calculated across all
iterations. The average performance is obtained by Eq. (13). In the
present study, 5-fold cross-validation is used

1 k
Mﬂw:%ZMﬂi (13)
i=1

where MSE,,, is the average MSE value for all iterations, and
MSE, is the MSE value for each iteration.

In this work, four key architecture parameters of the ANN
model are selected: the number of hidden layers, the number of
neurons in each hidden layer, the learning rate of the ANN model,
and the type of activation function in hidden layers [68]. The
optimization range of each parameter is shown in Table 6. Then,
the optimization process for the architecture parameters is
conducted through the following steps:

https://doi.org/10.26599/FRICT.2025.9441051

Step 1: The optimization range for the four architecture
parameters is defined as Table 6 shows.

Step 2: Based on the optimization range, the four architecture
parameters are fully combined using nested loops. In this work,
4,275 groups of combinations are generated.

Step 3: Each combination undergoes 5-fold cross-validation.
The MSE value of each combination is evaluated on the 5
different test folds, respectively.

Step 4: The average MSE value (MSE,,, ) for each combination
is recorded and compared. The best parameter combination with
the minimum (MSE,,, ) is identified at the end.

Step 5: The optimal parameter combination is outputted, and
therefore the optimal ANN architecture is determined.

After the architecture optimization through the above process,
the selected number of hidden layers is 2. The number of neurons
in each hidden layer is 12 and 4. The learning rate is 10~ and the
activation function in hidden layers is ReLU. The R values for the
ANN model with the determined architecture by CV (shortly CV-
ANN) are depicted in Fig. 11. The prediction performance shows
a notable improvement, with the R value for all data sets
increasing from 0.957 to 0.974. In addition, the R, value increases
from 0.946 to 0.969, and the MSE, value is reduced from
1.99x10" to 1.45x10°, which also indicates the better prediction
performance than the initial ANN model.

Based on 20 evaluation data sets, Fig. 12 depicts a more
straightforward comparison between the true values and predicted
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Table 6 Optimization range of architecture parameters for the ANN model

Parameter Range
Number of hidden layers 1-3
Number of neurons in hidden layer 2-20
Learning rate 10°-10"

Activation function on hidden layers tanh, sigmoid, ReLU

values from the ANN and CV-ANN models. Compared to the
initial ANN model, the CV-ANN model exhibits higher accuracy
in predicting the friction force of textured journal bearings. In
terms of average prediction accuracy, it increases from 95.89% to
97.82%. Notably, the prediction error can be consistently kept
below 6% for each data set. Especially for the 10" data set, the
prediction error is reduced from 13.17% to 5.29%. Meanwhile, the
prediction error for the 15" data set decreases from 8.80% to
2.09%. This suggests that the new architecture of the ANN model
can further capture the complex relationship between the textured
parameters and the bearing friction. The improved prediction
accuracy verifies the importance of the architecture parameters on
the prediction accuracy of the ANN model, which was also
demonstrated in Refs. [58, 69]. However, compared with the
optimal architecture results in previous studies [58, 69], it can be

i1 4 | Sci@pen

seen that the suitable architecture is dependent on the specific
applications and data sets. The CV-based hyperparameter
optimization introduced above offers a comprehensive way to
determine the suitable architecture parameters according to
different applications and data sets.

4.2 Optimization of the prediction performance through
genetic algorithm

In addition to the architecture parameters, the initial weights and
biases also have a considerable impact on the prediction accuracy
of the ANN model [66, 70]. To further improve the prediction
accuracy, the GA is used to determine the optimal initial weights
and biases based on the CV-ANN model. The GA is derived from
the principle of natural selection and population genetics. During
the process of the GA, optimization parameters are incorporated
into a population of encoded individuals, which are selected,
crossed over, and mutated based on a fitness function [71]. The
optimization process of the GA in this work is shown in Fig. 13 [72].

The process starts from initializing the GA parameters,
including the population size (S), the crossover probability (P.),
the mutation probability (P,,), the generation size (G;), and the
maximum stalled generations (S, ). The values of these
parameters are listed in Table 7. In the next step, the fitness value
of each individual in the population is evaluated with the fitness
function presented in Eq. (14). Minimization of the fitness value is
the goal of the optimization. In the current study, the fitness value
refers to the difference between 1 and the R values for training,
validation, test, and overall datasets:

fit(e) =Y |R (x) 1| (14)

where R, (x) represents the R value under the individual x, and
the indices i = 1, 2, 3, 4 refer to training, validation, test, and
overall data sets, respectively; x is the initial weights and biases of
the neural network:

X = Iwin,la Bla w1,27 BZa w2‘outhout] (15)

where Wi, ,, Wy,, and w,,, represent the weight matrices from the
input layer to the first hidden layer, from the first hidden layer to
the second hidden layer, and from the second hidden layer to the
output layer, respectively; B,,B,, and B,, represent the bias
vectors of the first hidden layer, the second hidden layer, and the
output layer, respectively.

The termination criteria for the optimization are either
reaching the maximum generation size or no improvement in the
best fitness value over the maximum number of stalled
generations. If the criteria cannot be met in the current
population, the mating will be initiated to recombine parent
population and create offspring through selection, crossover, and
mutation. Subsequently, a new population is generated and will be
evaluated repeatedly until the termination criteria are achieved.
Eventually, after the optimization through the GA, the optimal
initial weights and biases for each neuron are determined and
utilized in the training process of the ANN model.

Through the joint optimization using the CV and GA methods,
both the neural network architecture as well as the initial weights
and biases are optimized. The prediction performance of the
optimized ANN model (shortly GA-CV-ANN) is shown in Fig. 14.
The R values for training, validation, test, and overall data sets are
improved. Eventually, compared to the initial ANN model, the R
values for the training, validation, test, and overall data sets are
significantly improved from 0.965 to 0.991, from 0.954 to 0.984,
from 0.946 to 0.977, and from 0.957 to 0.988, respectively. The
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Table7 Parameters of the GA model
Parameter Value Parameter Value
Population size, S 150 Selection function Tournament selection
Crossover probability, P. 0.8 Crossover function Two-point crossover
Mutation probability, Py, 0.15 Mutation function Gaussian mutation

Generation size, G 150 — —
Maximum stalled generations, Smax 50 — —
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Fig. 14 R values for the training, validation, test, and overall data sets for GA-CV-ANN model (Y represents the y-axis value, while T represents the target value).

MSE, value is decreased from 1.99x107 to 1.19x107, which also
indicates the improved prediction performance of the ANN
model.

Meanwhile, the prediction accuracy of the GA-CV-ANN
model is also further enhanced compared with the CV-ANN
model. It can be seen from Fig. 15(a) that, after the further
optimization through GA, the predicted values of the ANN model
are overall closer to the true values. From the comparison of the
error values (Fig. 15(b)), the overall prediction accuracy reaches
98.81%. Only one set of data has an error of 3.25%, which is also
the maximum error. All other errors are below 3%. Half of the
evaluation data sets can be predicted with an error of less than 1%.
Compared to the initial ANN model, its capability to capture the
complex relationship between texture parameters and the bearing
friction is now enhanced. This can be observed by the reduced
prediction errors for the 10" and 15" data sets, where textures are
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distributed at the minimum oil film region. The prediction errors
for these two data sets are reduced from 13.17% to 1.46% and
from 8.80% to 3.25%.

After the combined optimization through the CV-based
hyperparameter optimization and the GA, the prediction accuracy
of the ANN model has significantly improved. The proposed
optimization method shows a promising way to improve the
prediction accuracy of the ANN model under identical data sets.
This is interesting for the application with limited data sets,
particularly for the training data of high-fidelity CFD simulations
that are expensive in terms of simulation time.

5 Conclusions

Surface textures have gained notable attention due to its reduction
on the friction of journal bearings. To accurately predict the
fricion performance of textured journal bearings, the
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computational fluid dynamics (CFD) models employing a
dynamic mesh algorithm are built up. Subsequently, data sets
generated from CFD simulations are used to develop ML-based
surrogate models. Three machine learning (ML) methods are
compared in this study to select a suitable prediction algorithm.
Considering the high computational cost of CFD simulations, the
prediction accuracy of the surrogate model is enhanced with
identical data sets. The findings can be summarized as follows:

(1) The proposed CFD model combined with a dynamic mesh
algorithm can describe the flow field and predict the friction
performance for textured journal bearings. The simulation results
are in a good agreement with experimental results.

(2) In this work, the artificial neural network (ANN) model
shows the best prediction performance on the friction prediction
of textured journal bearings, compared with the support vector
regression (SVR) and Gaussian process regression (GPR) models.

(3) Through the hyperparameter optimization based on cross-
validation (CV), the appropriate ANN architecture is determined.
Using the optimized ANN architecture, the overall prediction
accuracy is enhanced from 95.89% to 97.82%. The maximum
prediction error for each data set is decreased from 13.17% to
5.29%.

(4) After the further optimization through genetic algorithm
(GA), the prediction accuracy of the ANN model has been further
improved. The overall prediction accuracy is risen to 98.81%. The
maximum prediction error for each data set is decreased to 3.25%,
with the average error of 1.19%.

The findings in this work can provide a promising approach to
build up a highly efficient and accurate surrogate model based on
machine learning, particularly in cases with limited available data
sets. For future work, the developed surrogate model can be
utilized for the optimization design of surface textures in journal
bearings.

Appendix

In this work, the cavitation effect is considered using the
homogeneous equilibrium model, which assumes the mixture of
liquid and vapor to be in a mechanical and thermodynamic
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equilibrium [50]. To consider the compressibility of the mixture
flow, the cavitation model is based on the relations of the
pressure and density as a closure equation, which is employed by
Eq. (A1) [50]:

Dp, Dp

-y Al
Dt "Dt (A1)

where p,_ is the density of the mixture of oil and vapour; ¥, is the
compressibility coefficient of the mixture; p is the pressure.
Then, the mass fraction of vapor y is calculated by Eq. (A2) [50]:

pm - pl‘sal

y= (A2)
pv,sal - pl,sal

where p and p, are density of the liquid and vapor at
saturation pressure, respectively.

Afterwards, the mixture compressibility ¥,, obtained by the
Wallis linear model [73] and the local mixture viscosity #,_ are
computed by

Y,=y¥.+1-y)¥ (A3)

Mo =y, +1=y)n (A4)

where ¥; and Y, are the compressibilities of liquid and vapor
respectively; #, and #, are the viscosities of liquid and vapor
respectively.

Next, the mixture density p_ can be calculated by considering
the fraction of vapor. The mixture’s equilibrium equation of state
isas Eq. (A5) [50]:

Pm= (1_)’)P?+(Y‘f’v+(1_)’) lIIl)Psat+ le(P_Psat) (A5)

where p? is the density of liquid at reference pressure; Py, is the
saturation pressure.

Combined with this cavitation model, the N-S equations,
which are derived from mass conservation and momentum
conservation, are used to solve the fluid flow [52]:

2 (b (pam) =0 (4A6)

0 _
> (PoVn) + V- (poVuVa) = V- (T) = —Vp+S, (A7)

where v, is the velocity vector of the mixture; S, is the gravity
force.

In this work, the lubricant is assumed as a general Newtonian
fluid, for which viscosity is independent of shear stress [52].
Under this condition, the shear stress term 7 can be expressed in
more detail as Eq. (A8):

_ 2 -
T, [Vt (V) | 5V ow T (A8)

where T is the unit tensor, and the second term on the right-hand
side is the effect of volume dilation.
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