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Abstract

The increasing application of plain bearings in various industries, especially under chal-
lenging conditions like thin lubricating films and high temperatures, necessitates effective
monitoring to prevent failures and ensure reliable performance. While sensor-based moni-
toring incurs significant costs and complex installation due to physical sensors and data
acquisition systems, model-based tracking offers a more cost-effective alternative. Model-
based monitoring relies on mathematical or physics-based models to estimate system
behaviour, reducing the need for extensive sensor data. However, reliable results depend
on real-time capable and precise simulation models. Conventional real-time modelling
techniques, including analytical calculations, empirical formulas, and data-driven methods,
exhibit significant limitations in real-world applications. Analytical methods often have
a restricted range of applicability and do not match the accuracy of numerical methods.
Meanwhile, data-driven approaches rely heavily on the quality and quantity of training
data and are inherently constrained to their training domain. Recently, Physics-Informed
Neural Networks (PINNs) have emerged as a promising solution for model-based moni-
toring to capture complex system behaviour. This approach combines physical modelling
with data-driven learning, allowing for better generalisation beyond the training domain
while reducing reliance on extensive data. Thus, this study presents an approach for load
monitoring in radial plain bearings using PINNSs. It extends the application of PINNs by
relying solely on simple sensor inputs, such as radial load and rotational speed, to predict
the hydrodynamic pressure and oil film thickness distribution under varying stationary
conditions. The real-time model is trained, validated, and evaluated within and beyond the
training domain using elastohydrodynamic simulation results. The developed real-time
model enables load monitoring in plain bearings by identifying critical hydrodynamic
pressure and oil film thickness values using readily available speed and load sensor data
under varying stationary conditions.

Keywords: physics-informed neural networks; elastohydrodynamic lubrication; plain
bearings

1. Introduction

Plain bearings are essential in a wide range of technical applications, such as inter-
nal combustion engines, marine propulsion systems, and wind turbine gearboxes. Their
stiffness and damping properties, high-speed capability, and simple design make them
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a crucial component in such systems [1]. As with all machinery parts and systems, pre-
venting failures is crucial to ensure safe and cost-effective operation [1]. In plain bearings,
maintaining a safe operating condition depends on effective lubrication to ensure that
the minimum oil film height exceeds the critical threshold oil gap [2]. This prevents solid
contact or mixed-friction conditions that could lead to failures. The failure mechanisms
related to insufficient lubrication, including wear, are extensively discussed in the litera-
ture [3-7]. Since lubrication conditions are closely tied to the operating conditions of plain
bearings, monitoring the internal response loads on these bearings is essential for assessing
lubrication states, which can potentially prevent bearing failure [8-10].

In order to monitor lubrication conditions in plain bearings, two primary approaches
can be utilised: sensor-based monitoring and model-based monitoring. While sensor-based
techniques are widely used, they often require substantial hardware investment, significant
installation complexity, and advanced data acquisition systems [11-13]. Techniques like
shaft orbit analysis and thermoelectric voltage measurement offer high sensitivity but
are costly and difficult to execute, while simpler methods such as temperature, particle,
and friction torque monitoring are more affordable but can be impractical due to installa-
tion constraints or shared lubrication systems [11]. Acoustic Emission (AE) and vibration
analysis are easier to perform but are costly and involve high signal complexity, making
data interpretation more challenging [11]. In contrast, model-based monitoring reduces
the reliance on physical sensors by predicting system behaviour through mathematical
models, making it more cost-effective in terms of hardware [12,13]. However, it requires
real-time capable simulation models and precise modelling to produce reliable results [12].
The definition of ‘real-time’ varies by application and purpose, depending on the critical-
ity of components and systems [14]. For instance, decisions for scheduled preventative
maintenance may take hours or days, while optimising operational strategies necessitates
real-time data within seconds to prevent failure [14].

Simulating lubrication conditions in plain bearings, such as hydrodynamic pres-
sure and film thickness distribution, requires extensive and time-consuming Elastohydro-
dynamic (EHD) analysis [4,5]. EHD simulations are often integrated with Multi-Body
Simulations (MBSs) to address the equations of motion and account for overall model
dynamics, where the Reynolds equation is iteratively solved while considering body de-
formation [5,15]. Although EHD simulations offer high accuracy, they require substantial
computational resources and can be time-consuming. The computational cost increases
significantly when coupling MBS-EHD models, particularly when elasticity and mixed fric-
tion are considered [16]. In contrast, simple static (E)HD models can typically be computed
within minutes; however, even this duration remains too long for real-time or near-real-time
applications [16]. The need for real-time simulation of plain bearings is increasing due
to their wide application and the expansion of operating conditions where sensor-based
systems are not feasible [17]. Therefore, this paper focuses on developing real-time mod-
els to monitor lubrication conditions, enabling adaptive operational strategies and early
failure prevention.

Methods for the rapid or real-time determination of lubrication conditions in plain
bearings have been explored in several studies. Traditional methods relied on analytical or
empirical expressions, often supported by reference charts and diagrams, as outlined in
DIN standard 31652 [18] and the calculations by Vogelpohl [19]. Dubois and Ocvirk [20,21]
proposed a simplified calculation based on the short-bearing approach, neglecting the
axial component of the 2D Reynolds equation to derive a solvable 1D equation. Similarly,
Faria [22] examined the long-bearing approach, neglecting the radial component to derive
an analytical 1D solution. Timb¢ et al. proposed a method to couple both approaches for
calculating a complete bearing [23]. While analytical and empirical methods are widely
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used for their simplicity and rapid approximations, they are typically limited to rigid
systems and steady-state loading conditions, often neglecting key factors such as surface
roughness and misalignment, which further restricts their applicability [24,25]. Capturing
these effects would require time-dependent, multi-scale models, which are computationally
demanding and undermine the appeal of analytical approaches [26,27].

The recent integration of Machine Learning (ML) in tribology has enabled effi-
cient exploration and real-time classification of complex processes within tribological
systems [28-30]. Literature reviews by Rosenkranz et al. [30] and Marian et al. [28] explore
the application of ML techniques to tribological challenges. For instance, Unlii et al. [31]
analysed friction and wear behaviour in a radial journal bearing under different lubrication
conditions using an Artificial Neural Network (ANN) with an Error Backpropagation (EBP)
technique. Similarly, Hess et al. [32] utilised a Convolutional Neural Network (CNN) in
conjunction with simulation data to predict the two-dimensional hydrodynamic pressure
distribution within the lubricating film of a journal bearing. However, the quality and
validity range of data-driven models primarily depend on the quality and quantity of the
data used [17]. Nevertheless, relying solely on these data-driven models may yield results
lacking physical meaning, such as predicting negative oil film thickness [24].

Most recently, a novel method called the Physics-Informed Neural Network (PINN)
has emerged, integrating machine learning techniques with fundamental principles and
constraints of physics to enhance model accuracy, interpretability, and generalisability. [29].
PINNS, originally introduced in 2017 by Raissi et al. [33-35], were developed mainly to
solve Partial Differential Equations (PDEs) through neural networks [36,37]. This involves
training the neural network to minimise prediction errors related to known data, such
as initial or boundary conditions (supervised learning), and the PDE residual within the
computational domain at collocation points without explicit training data (unsupervised
learning) [29,36,37]. This method offers the advantage that the quality and quantity of
experimental or simulation data, typically required for data-driven models, are unnecessary
for PINN training [36]. Once trained, a PINN serves as a powerful alternative to traditional
numerical solvers, enabling direct predictions of governing equations at any time and
position without predefined grids [37]. This gridless approach enhances flexibility and
decouples computational costs from grid points, resulting in a highly efficient method for
complex simulations [37].

The potential of using the PINN approach in tribology was initially highlighted
by Almqvist’s pioneering work [38], which introduced PINNSs for solving a simplified
form of the Reynolds equation in a linear slider, assuming a one-dimensional flow of
an incompressible and iso-viscous fluid. In further publications, PINNs were used by
researchers Zhao et al. [39] and Li et al. [40] to solve the two-dimensional Reynolds equation
with the application of linear sliders and gas bearings, respectively. Both approaches utilise
a discretised domain as input for their PINNs, with the variables x and y representing
the axial and circumferential directions, respectively, while the output is the pressure
distribution within the domain. Both models are trained under a single load condition and
a single rotational speed, respectively. The predictions made by these PINN models exhibit
accuracy comparable to the results obtained from traditional numerical methods [39,40].
More recently, Rom [36] and Cheng et al. [41] employed PINNSs to solve the stationary
Reynolds equation, incorporating the JFO Cavitation model by introducing the liquid
fraction function 6(x, y) to modify the Reynolds equation. They use only a discretised
domain as input for their PINNS, targeting pressure and cavitation predictions. Rom also
expanded his PINN framework to consider different relative eccentricities (e,,;) instead
of fixed eccentricity in his initial framework, broadening its capability to accommodate
various geometric configurations. Similar to the models presented by Zhao [39] and Li [40],
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the models by Rom [36] and Cheng [41] are also trained for a single load condition or a
single rotational speed. Furthermore, Xi et al. [42] solved the stationary Reynolds equation
with cavitation, incorporating both soft and hard constraints into the loss function to
improve solution accuracy. The authors demonstrated that employing a combination of
soft and hard constraints within the loss function improved the accuracy of the solution at
the boundaries of the computational domains [42,43]. Zhou [44] also presented a unique
solution for the Reynolds equation. The authors integrated the load balancing constraint
directly into the Reynolds equation to avoid the need for iterative solutions when adjusting
the film thickness field and balancing the external load. However, they trained the model
using only a constant film thickness under a single load condition. Ramos et al. [45]
expanded the application of PINNs to solve the quasi-static Reynolds equation under
both static and rotor dynamic conditions. They incorporated internal physical variables
such as the shaft’s eccentricity ratio (¢), attitude angle (¢), and lateral velocities (éx, éy) as
inputs to produce pressure distribution as the output. Similarly, Shutin et al. [43] utilised
PINNS to simulate time-varying rotor behaviour with a quasi-static Reynolds model. They
employed internal physical variables, specifically journal centre coordinates (X3, X) and
their velocities (V1, V), as inputs while producing only pressure distribution as the output.

While all models proposed share the foundational concept of embedding physical
laws into neural network architectures, their structures vary significantly across studies. As
shown in Table 1, design choices such as the number of layers, neurons, or the structure of
the loss function vary depending on the data, application, and prediction objectives. These
variations highlight the adaptability of PINNs to various problem settings, showing that
a uniform architecture is unsuitable for all cases. Each implementation is uniquely cus-
tomised to balance accuracy, computational efficiency, and physical consistency according
to specific requirements.

Table 1. Overview of the structures of PINNs in the literature.

Activation

Layer/Neuron NN

Authors Functions Numbers Family Inputs Output Load Cases Domains Application
Almgqvist [38] Sigmoid 1/10 FF-NN X P Static/single 1D/rigid Plain bearings
Zhao [39] Sigmoid 3/16 FF-NN Xy P Static/single  2D/rigid Shdgs'toi‘iédlsc
Li [40] Tanh 10/10 FF-NN X, Y, €rel ph Static/Single 2D/rigid Gas bearings
Rom [36] Tanh 6/20 CNN X, Y, €rel p, 0 Static/Single 2D /rigid Plain bearings
ReLU- s .. . .
Cheng [41] square, Tanh 6/20 FF-NN X,y p, 0 Static/single 2D/rigid Plain bearings
Shutin [43] Tanh 10/20 FF-NN voX V;g p,© Dynamic 2D/rigid  Plain bearings
2, X1, X2
Brumand- ReLU 2/6 FE-NN X P b, Static/single  1D/rigid Seals
Poor [46] hy, hs, hy p & &
Ramos [45] Tanh 6/15-60 MLP A p Dynamic 2D/rigid  Plain bearings
X, €Y
Zhou [44] Tanh 3/32 FF-NN X,y p Static/single 2D /rigid Plain bearings

In summary, the conducted research demonstrates the potential of applying PINNs
to solve the time-intensive Reynolds equation, showing promising results compared to
those from numerical simulations. However, current studies have not fully addressed the
challenge of extending PINNs for practical use in real-time monitoring and load evaluation.
Most existing research focuses on solving the quasi-static Reynolds equation to estimate
only hydrodynamic pressure, either at a single operating point or under rotor dynamic
loading, assuming a rigid system. These approaches often rely on physical variables such
as shaft eccentricity and journal centre velocity as input, which are not directly measurable
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without additional sensors or additional analytical estimation and simulation layers based
on fixed or predetermined values. This significantly limits the practical applicability of such
models as real-time load monitoring models, particularly in sensor-limited environments
such as marine propulsion systems, where high misalignment and deformation occur
and physical sensors are often not feasible [3,4,47]. This limitation becomes particularly
challenging for PINNs as the domain size increases, since larger domains lead to more
complex nonlinear solutions that require deeper and wider neural networks to model
accurately [48]. This increased complexity creates a more challenging optimisation problem
for PINNSs, requiring more parameters and training points, which typically results in slower
convergence [48]. Furthermore, the capability of PINNs to deliver accurate predictions
across large domains outside the training region has yet to be thoroughly investigated.

As the objective moves toward load monitoring in plain bearings where physical
sensors are not feasible—such as in marine propulsion systems—this study presents a first
step by testing the application of PINNs on a validated flexible simulation model using
a lab-scale test rig for radial sliding bearings. We introduce a novel methodology that
extends the application of PINNSs by utilising only simple inputs such as radial load and
rotational speed to predict not only the hydrodynamic pressure but also the film thickness
distribution. This framework significantly expands the solution domain of PINNs, enabling
generalisation across a wide range of steady-state operating conditions with varying loads
and rotational speeds. This is achieved by enlarging the neural network structure and
integrating additional physical constraints alongside the Reynolds equation.

The novelty of the proposed framework lies in its ability to serve as a load mon-
itoring tool by estimating both film thickness and hydrodynamic pressure within the
hydrodynamic regime under varying stationary conditions. It relies solely on simple sensor
inputs, such as radial load and rotational speed. This represents a significant advance-
ment over existing methods, which are often limited to single operating points or depend
on physical variables that require complex and impractical sensor setups. Although this
work focuses on the hydrodynamic regime, accurately predicting the minimum oil film
thickness is a critical first step, as it enables the early detection of lubrication risks and
performance degradation.

The detailed overview of this paper is as follows: In Section 2, the methodology of this
work is presented, which includes the numerical simulation and framework structure. This
is followed by Section 3, where the results and discussion of the framework are presented.
Finally, Section 4 concludes the paper.

2. Materials and Methods

This section outlines the methodology used to develop the PINN framework for
training and constructing a real-time model to predict hydrodynamic pressure and oil film
thickness distribution in radial plain bearings. It is divided into two sections. Firstly, in
Section 2.1, the EHD numerical model and simulations for radial plain bearings used in
this work to provide the training and validation data are presented. The second section,
Section 2.2, details the structure of the PINN framework, which serves as the foundation
for a real-time model to predict hydrodynamic pressure and oil film thickness distribution
in radial plain bearings.

2.1. EHD Simulation

One of the advantages of using the PINN framework is that it has the potential
to be based entirely on unsupervised learning, which eliminates the need for training
data [40,43]. However, this approach may significantly increase training time and reduce
overall accuracy [40,43]. Therefore, EHD simulation results providing hydrodynamic pres-
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sure and oil film thickness data for various inputs of rotational speed and radial force are
required to train, validate, and test the real-time model using the PINN framework. For
this purpose, labelled datasets were generated through EHD simulations conducted using
the commercial software AVL Excite Power Unit (R2022.1). This software couples EHD
simulation with MBS analysis, taking into account temperature- and pressure-dependent
fluid properties, structural deformation, and the effects of surface roughness [3,6,16]. In
the modelling approach employed in the AVL Excite Power Unit software, the mechan-
ical system is divided into distinct subsystems. For these subsystems, both nonlinear
dynamic behaviours represented by elastohydrodynamic plain bearing contact and linear
elastic behaviour represented by the drive shaft and surrounding support structure were
modelled [4,16]. Flexible structures based on modal reduction techniques were utilised
to effectively capture the dynamics and deformation of the components connected to the
bearing [49,50]. The Reynolds equation is given as follows:

D (@ D (@) g U
8x<h 8x>+ay(h oy ) = M anax T @

In Equation (1), x and y correspond to the length and width directions, respectively,
while /i denotes the local lubricant film thickness, which is a function of both x and y. The
variable p represents the hydrodynamic pressure, U is the total velocity, and # denotes the
dynamic viscosity.

The Reynolds equation is solved iteratively to adjust the film thickness field, ensuring
balance with the external load [16]. Once the equation is solved in each iteration, the
resulting bearing forces can be calculated. This is achieved by integrating the pressure over
the bearing surface as shown in Equations (2) and (3) [16,51,52], where F represents the
bearing force in the x and y directions and P(6, z) denotes the hydrodynamic pressure in
two dimensions according to cylindrical coordinates. At each iteration step, the interaction
of flexible structures utilising Finite Element (FE) meshes with the EHD oil film is modelled
through a hydrodynamic (HD) mesh [16]. To assess whether the iteration should be
terminated or continued to adjust the film thickness field, the computed bearing force is
compared with the applied force F [16].

27 %

F, = / / L P(6,2)- cosf-df dz ()
0 /-3
27 %

F, = / /  P(6,2)- sinb-df dz 3)
0 J-3

2.1.1. EHD Model for Radial Plain Bearing

For the EHD simulations conducted using AVL Excite, a radially loaded bronze
plain bearing model with a diameter of 30 mm was utilised. This model is similar to
the one presented by Koénig [6,53,54], as both models represent the radially loaded plain
bearing test rig. The AVL Excite model of this test rig was experimentally validated by
Konig in two separate works [6,53], which strengthens the credibility of this numerical
approach and supports its ability to capture real-world effects at the laboratory scale.
Unlike K6nig’s model, the Greenwood and Tripp contact model [55], as well as the flow
factors derived from the Patir-Cheng model [56], are not considered, as the effect of mixed
friction and surface roughness is not the focus of this work. Additionally, squeeze film
effects, as well as pressure—viscosity and pressure—density effects, are not considered,
since the input conditions involve variable stationary loads and the lubricant is assumed
to be Newtonian and incompressible, respectively. In the EHD model, the HD mesh,
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representing the interface between the shaft and the bearing, is discretised into 72 nodes in
the circumferential direction (6-direction) and 27 nodes in the axial direction (z-direction),
resulting in a total of 1944 nodes. The simulation input parameters are divided into fixed
simulation parameters, which include lubricant and geometric properties, and variable
parameters, which encompass load and sliding speed. These parameters are summarised
in Table 2.

Table 2. Summary of simulation input parameters.

FVA2 (additive-free

Lubricant . .
mineral oil)
Kinematic viscosity at 40 °C 32 mm?/s
Diameter 30 mm
Fixed input parameter Width 15 mm
Radial clearance 25 um
Bearing material CuSn12Ni2-C
Young’s modulus 108 GPa
Poisson ratio 0.33
Oil temperature 40°C
. . Radial load 0.45-5.40 kN
Variable input parameter Sliding speed 2-8m/s

2.1.2. Training, Validation, and Testing Simulation Cases

In this work, 41 simulation cases are carried out. These cases represent operating
conditions exclusively within the hydrodynamic regime, as the focus of this work is on
hydrodynamic contact conditions. Scenarios involving mixed friction are not considered
and lie outside the scope of this study. Figure 1 represents the distribution of the load
cases along the speed and load axes. As shown in Figure 1, the cases are divided into
three categories: training cases (red), validation cases (green), and testing cases (blue). The
training process utilises six cases (red) to supervise and guide the learning of the model
parameters. Additionally, ten validation cases (green) are employed during training to
assess the model’s capability and evaluate its overall prediction performance. Both training
and validation cases cover a speed range from 5 to 8 m/s and a radial load from 0.45 to 4.05
kN, which corresponds to a mean specific pressure ranging from 1 to 9 MPa. The remaining
25 cases (blue) are designated as testing cases and are utilised after the training process
is completed.

The testing cases are divided into two categories, as shown in Figure 2. The first
category, called ‘inside testing’, involves assessing the model using cases within the defined
load and speed ranges. Both the validation cases and the inside testing cases fall under
the same category, encompassing a pressure range of 2 to 9 MPa and a speed range of 5
to 8 m/s. The only difference between them lies in their purpose for model evaluation:
validation is used to assess the model during training after each epoch, while testing takes
place after the model has been fully trained. The second category, referred to as ‘outside
testing’, evaluates the model with cases that fall outside these specified ranges. This testing
strategy examines how the model handles input data outside the training range, as well as
its generalisation capability for cases beyond the training range.
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Figure 1. Distribution of the simulation cases along the speed and load axes.
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Figure 2. Distribution of the inside and outside testing cases along the speed and load axes.

2.2. PINN Framework

4
Linear Speed [m/s]

6

The PINN framework used to develop a real-time model for predicting hydrodynamic

pressure and film thickness distribution in radial plain bearings is illustrated in Figure 3.

The framework comprises two main components: a neural network block on the left-hand

side and a physics-informed block on the right-hand side. The purpose of the neural

network is to approximate the solutions p(6, z) and h(6, z). A standard Feedforward Neural
Network (FF-NN) is utilised within this PINN framework for this purpose. The points
used to train this framework comprise two different datasets: the training points (N1) and

the collocation points (N¢), which are defined as specific points where the PINN is trained

to satisfy the governing physical equations, as shown in Figure 3. This is discussed in detail

in Section 2.2.3.
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Figure 3. PINN framework structure for real-time prediction of hydrodynamic pressure (p) and film
thickness (h) distribution in radial plain bearings. The framework incorporates the axial (z) and
circumferential (f) directions, radial load (F), and rotational speed (1), as well as training points (NT)
and collocation points (N¢). Residuals (f) and loss functions (I) are used to guide model training.

The inputs to the network consist of vectors representing the radial load (F) and
rotational speed () of the bearing, from which the sliding speed and specific pressure
are derived. These inputs can also be captured by commonly available sensors in most
applications. The network also receives the bearing HD mesh intervals in the 0- and
z-directions, which correspond to the circumferential and axial directions, respectively.
They are fed into a neural network with four hidden layers, each containing 256 neurons,
utilising the ReLU (Rectified Linear Unit) activation function [46]. To avoid overfitting due
to the high number of neurons, a dropout rate of 0.3 was implemented in the model. The
presented framework adopts a different approach compared to models in the literature
(see Table 1), which typically use fewer neurons and a greater number of layers due to
the challenges associated with dealing with large domains. Therefore, an extensive study
of all these parameters would need to be conducted to make reliable statements about
computational efficiency; however, this is beyond the scope of this work. In contrast to the
models in the literature, our model utilises a deeper architecture with more neurons per
layer, as recommended for large domains by Moseley [48]. This design choice eliminates
the need for a pre-training phase that focuses solely on the unsupervised, data-driven
component aimed at balancing the physics loss, as recommended by Chen et al. [57].

The output layer consists of two neurons: one corresponding to the predicted p(8, z),
which uses the sigmoid activation function, offering advantages such as ensuring output
values are bounded between 0 and 1, making it suitable for probabilities [41], and the
other corresponding to the (6, z), which employs the softplus activation function [58]. The
softplus function provides a smooth approximation to the ReLU function and ensures that
the output remains positive, which is essential for representing physical quantities like
film thickness [58]. Once the predictions p(6, z) and (6, z) are obtained, the loss for both
predictions is calculated using only the training points (NT), as shown in Figure 3. The loss
function employed in this framework is discussed in Section 2.2.1.

The second block of the PINN framework, as shown in Figure 3, is the physics-
informed block. The purpose of this block is to calculate the residuals f, which require the
derivatives of the outputs concerning the inputs. This can be conveniently accomplished
using Automatic Differentiation (AD) [41]. AD capabilities are commonly found in deep
learning frameworks [59]. By employing AD in this study, the need for symbolic deriva-
tions or numerical discretisations to compute the derivatives of the Reynolds equation, as
presented in Equation (1), is eliminated for both spatial and temporal dimensions [41]. The



Lubricants 2025, 13, 360

10 of 27

parameters of the fully connected network are trained using gradient descent methods that
rely on the backpropagation of the loss function [41,59]. The residual f is determined in the
presented framework using both the training points (Nt) and the collocation points (N¢),
similar to the approach presented by Rom in his work [36].

The total loss L consists of two components: the data loss Lj,,, which accounts for the
training points on the boundaries of the domains, and the residual loss f, which captures
the PDE residual and the load balancing constraints, as presented in Equations (2) and (3).
In this work, the Mean Squared Error (MSE) is utilised to define the loss function. The
specific loss functions employed are detailed in Section 2.2.1, while the training strategy,
including data scaling and loss balancing, is described in Section 2.2.2. The training points
used in this framework are explained in Section 2.2.3.

2.2.1. Loss Functions

For this framework, four custom loss functions for specific outputs are defined and
utilised, all of which are based on the MSE. The first two loss functions represent the
data loss, reflecting the supervised learning component of this framework, as shown in
Equations (4) and (5). £, and ¢}, represent the training errors for the hydrodynamic pressure
and oil film thickness, respectively, associated with the data loss. C; and C; are the weight
values assigned to these training errors. Here, Nt denotes the number of training points in
the 6- and z-directions for the training domains used, while pr and pp represent the true
values of pressure and the predicted pressure, respectively, in the 6- and z-directions.

1 N
by = ClVTZiil(PT(Girzi) — pp(0;,2))° (4)

1
by = Czﬁzgl (hr(0;,21) — hp (87, 21))° (5)

The residual loss f is represented by two loss functions. The first captures the PDE
residual £,y 0145, which represents the Reynolds equation in a simplified form, as presented
in Equation (6). The simplifications made include steady-state flow with no squeeze film
action and the assumption that only one surface is in motion. These assumptions were
considered when conducting the EHD simulations. In Equation (6), C3 represents the
weight value assigned to the PDE residual, while N¢ denotes the collocation points, which
are specific points where the PINN is trained to satisfy the governing physical equations.
The definition and discussion of the collocation points can be found in Section 2.2.3.

eReynolds =GC3 NT}‘NC ZfiTrNC (0
—(3n (-9 + B 9) + 12 (S + 5F) 6)

_6’7”1(%'%))1')2

The last loss function represents the load balancing between the applied load and

the predicted load. Unlike the framework by Zhou [44], the load balance constraint is not
integrated into the Reynolds equation but instead used as a separate load function. These
functions are crucial for managing the physical constraints of film thickness and the surface
elastic deformation due to the hydrodynamic pressure. Here, fr and fp denote the values of
the applied force and the predicted force, respectively. The applied force is a known global
input related to the external load, while the predicted force is obtained by integrating the
predicted pressure field over all 1944 domain points in each case, resulting in a single global
force value per case. This is associated with C4 as the weight value assigned to this loss
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function. Additionally, Np represents the number of domain points in this framework,
which amounts to 1944 data points, corresponding to the discretisation of the HD mesh.

ND (NTN+NC) 5
Zloud balancing — C4m2i:l P (fT(xi/ yl) - fP (xiryi)) (7)

2.2.2. Training Strategy

The training objective is to minimise the training error associated with the neural
network, along with the error related to the PDE residuals and the constraints implemented
in this framework. For initialising the parameters of the neural network, specifically their
weights and biases, Kaiming uniform initialisation (also known as He initialisation) [60] is
employed, which is suitable for the ReLU activation function. The optimisation of these
parameters is subsequently carried out using the Adaptive Moment Estimation (Adam)
algorithm with a dynamic learning rate starting from 7 = 1073. Based on the state of
the art, Adam is a widely adopted optimiser used in PINNSs [41,42,46]. Its efficiency in
managing large-scale problems and low memory overhead make it particularly well-suited
for these applications [46]. As recommended by the state of the art, input data should
be normalised to improve the convergence speed of the training process and enhance
the overall performance of the neural network [61]. In this framework, the input data
is normalised to a range of 0 to 1 using simple scaling based on the maximum values.
This scaling is applied only during the neural network block; therefore, when calculating
the Reynolds equation residual or the load balancing constraints, the data are not scaled
or normalised.

A significant challenge in the development of the PINN framework is effectively
balancing the four different loss terms it encompasses. In this framework, rather than
manually estimating the importance of each loss term, the self-adaptive loss balancing
method presented by Xiang is employed [62]. This method defines weights (C;, Cp, Cs,
C4) that automatically adjust during training to ensure a proper balance among all losses,
with a Gaussian function used to link each loss to its corresponding weight, facilitating the
adjustment process [62].

2.2.3. Training Points

To train a model using the PINN framework, two different datasets are used during the
training phase: the six training cases presented in Section 2.1.2 and the collocation points.
The training points (N7) represent the supervised component of this framework, with each
training case consisting of 1944 training points corresponding to the hydrodynamic mesh
nodes (see Section 2.1.1), as shown in Figure 4. This means the total number of training
points used for supervised learning is 11,664, calculated as 1944 domain points per case
across 6 training cases.

Distribution of Training Cases

® ® Training cases

Domain of Training cases (HD mesh)

°

Mean Specific Pressure [MPa]
°
Circumferential Angle 6 [*]

8

°

g1 e

3 5 )
Axial Position z [mm]

6.0 6.5 7.0
Linear Speed [m/s]

Figure 4. Distribution of the training cases and their corresponding training point (Nt) distribution.
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In this work, collocation points (N¢) are utilised to enforce the governing physical
equations within the domains, representing the unsupervised component of the PINN
framework. These are specific points in the training domain where the model is trained
to satisfy the governing equations, including the Reynolds equation and the load balance
constraint. A total of 50 collocation domains are generated within the boundaries defined
by the training data, which range from 5 to 8 m/s for speed and from 0.45 to 4.05 kN
for radial load, corresponding to a mean specific pressure ranging from 1 to 9 MPa. To
ensure a uniform and representative distribution across this multi-dimensional space for
collocation domains, Latin Hypercube Sampling (LHS) is employed. LHS is a stratified
sampling technique that ensures that the entire range of each variable is well covered
without clustering, which enhances training stability and physical accuracy [63]. Each
domain contains 1944 collocation points generated using uniformly distributed sampling,
similar to the training point distribution, to ensure better stability. This means the total
number of collocation points used for unsupervised learning is 97,200, calculated as 1944
domain points per case across 50 collocation domains. Figure 5 shows the distribution of
the collocation domains and their corresponding collocation point distributions.

Distribution of Collocation Domains

o © Collocation Domains
* L]

Domain of collocation Points

300
7 ° *
.

Mean Specific Pressure [MPa]
«
L]
Circumferential Angle 6 [°]

. hd Axial Position z [mm]

5.0 5.5 6.0 7.0 7.5 8.0

6.5
Linear Speed [m/s]

Figure 5. Distribution of the collocation domains and their corresponding collocation points (N¢)
distributions.

3. Results and Discussion

This chapter discusses the validation and testing of the developed model using the
PINN framework for real-time prediction of hydrodynamic pressure and film thickness
distribution in radial plain bearings. The validation and testing are based on the data
from the numerical simulations described in Section 2.1. This section begins in Section 3.1
by presenting the model behaviour during the training process, including the validation
accuracy. Section 3.2 follows with an examination of the model’s behaviour using a testing
strategy that evaluates performance both within and outside the training domain, as
illustrated in Figure 2 and discussed in Section 2.1.2.

3.1. Model Behaviour and Validation Throughout Training

The model behaviour during the training process can be described using the training
loss history, which demonstrates how the model adapted to the training and collection
points, as well as the outcomes from the validation points. The training loss history for
the training duration is shown in Figure 6. Figure 6 demonstrates that the model learns
consistently, with the supervised loss (blue line) initially very high and quickly dropping
within the first few hundred epochs. The physics loss (red line) starts relatively low
compared to the supervised loss due to gradient magnitude differences and decreases
slowly, exhibiting very little fluctuation. This behaviour indicates that the model satisfies
the physical laws implemented. The total loss (black line) represents both the supervised
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loss and physics loss; it starts high and decreases over the training period. The occurrence
of negative values in the total loss, resulting from overcompensation or adjustments aimed
at minimising specific errors, is normal when employing a self-adaptive loss balancing
method [62]. This is acceptable as long as the other losses remain positive, which is indeed
the case with the model results [62]. The model takes between 40,000 and 60,000 epochs to
be effectively trained. Although the loss values are already very low after approximately
30,000 epochs, continued training can still significantly improve the model’s predictive
accuracy and stability. This helps reduce spectral bias, which is the tendency of neural
networks to learn smooth, low-frequency features more quickly than sharp, high-frequency
details [48]. This issue can be further amplified by rescaling the input before it enters
the physics-informed part of the framework, as rescaling can cause even low-frequency
features to appear as high-frequency ones over larger domains, making them more difficult
for the network to learn.

=
&

Data loss []
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—

(=]

L] 0.5 1 1.5 2 25 3 i5 4 4.5 5
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=
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==

Physics loss [-]
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=

-
[=]
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Total loss [-]
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Figure 6. Training loss history.

To assess the accuracy of its predictions compared to the true values, the model was
validated using both the coefficient of determination (R? score) and the Root Mean Square
Error (RMSE). In the case of validation during the training process, the overall validation
accuracy for pressure and film thickness distribution after 50,000 epochs achieves an R?
scores of 0.9985 and 0.9994, respectively. These values represent the overall accuracy of all
10 validation data points. The deviation between the true values and the model predictions,
although very small and potentially negligible, may be influenced by the distribution as
well as the number of collocation domains. The individual R? scores, RMSE values, and
true and predicted values, along with percentage errors for peak hydrodynamic pressure
and minimum oil film thickness, are presented in Table 3.

For hydrodynamic pressure, the R? values range from 0.9683 to 0.9970, and the RMSE
values range from 0.104 to 0.399 MPa, indicating a high level of correlation between the
predicted and true values. The overall peak pressure percentage error across all cases is
2.32%, with a maximum error of 11% in case 8. Although this error appears significant, it is
primarily due to the small magnitude of the true peak pressure (2.37 MPa) compared to the
predicted value of 2.64 MPa. In terms of oil film thickness, the R? values are consistently
high, ranging from 0.9972 to 0.9999, and the RMSE values are very small, ranging from
0.127 to 0.543 um, suggesting excellent predictive accuracy. The overall percentage error in
the prediction of minimum oil film thickness across all cases is 3%, with a maximum error
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of 10% observed in Case 5. Although the error may seem significant, it is primarily due to
the small magnitude of the true film thickness, with the absolute deviation reaching only
0.553 um.

Table 3. Results of the model validation.

Hydrodynamic Pressure Oil Film Thickness

Specific Liner Peak Peak Abs. Min. Min. Abs.

Cases P{;;;g;e S[E,e/zii ﬁ I[{I\IX[PSE True Predicted Error E; l}l:::}i True Predicted Error
[MPal] [MPa] [%] [um] [m] [%]

1 4 6 0.9946 0.182 10.02 9.98 0.47 0.9997 0.245 7.048 6.919 1.82
2 6 6 0.9965 0.215 14.42 14.45 0.18 0.9998 0.243 5.603 5.638 0.62
3 3 7 0.9898 0.184 7.44 741 0.43 0.9989 0.424 8.845 8.739 1.20
4 5 7 0.9961 0.189 12.06 12.12 0.48 0.9999 0.179 6.731 6.644 1.30
5 7 8 0.9960 0.263 16.16 15.93 148 0.9991 0.543 5.519 6.072 10.0
6 3 5 0.9892 0.194 7.79 7.62 2.15 0.9981 0.605 7.497 7.519 0.29
7 9 5 0.9945 0.399 20.49 20.03 2.26 0.9998 0.263 3.9 4.21 797
8 1 6 0.9683 0.104 2.37 2.64 11.4 0.9997 0.127 13.95 13.619 2.37
9 9 7 0.9970 0.289 20.03 19.32 3.51 0.9998 0.247 4.693 4.884 4.06
10 2 8 0.9847 0.148 4.78 4,92 297 0.9972 0.529 11.523 11.788 2.29

Circumferential Angle 8 [°]

3.2. Post-Training Evaluation of Real-Time Model Behaviour

As mentioned in Section 2.1.2, the testing strategy for the real-time model consists
of two categories: ‘inside testing’, which assesses the model using cases within defined
load and speed ranges, and ‘outside testing’, which evaluates cases beyond these ranges.
As mentioned in Section 3.1, both the R? score and the RMSE are used to test the model
and assess the accuracy of its predictions compared to the true values. Although these
two evaluation methods are state-of-the-art techniques for assessing a machine learning
model, they can sometimes lead to misleading conclusions. For instance, a high R? does
not guarantee that the model’s predictions are unbiased, as it can be influenced by the
distribution of the data. Similarly, RMSE is scale-dependent and can be skewed by whether
the true values are generally high or low, which may misrepresent the model’s actual
performance. Thus, in this work, a graphical approach is introduced alongside the use
of the true error of peak hydrodynamic pressure and minimum oil film thickness. The
graphical approach visually evaluates the deviation between the true values and the
model predictions for every point in the data domain by flattening the classic 2D domain
into 1D. Figure 7 explains the process of flattening the classic 2D data domain into a 1D
data domain.

Pressure/
Film thickness
Values

Data Points [-]

Axial Position z [mm]

Figure 7. Flattening the classic 2D data domain into 1D data domain.
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3.2.1. Inside Testing

As stated in Section 2.1.2, the predictions of the real-time model are evaluated using
10 test cases within its training domain. The training domain encompasses a pressure range
of 2 to 9 MPa and a speed range of 5 to 8 m/s. The individual R? scores, RMSE values, and
true and predicted values, along with percentage errors for peak hydrodynamic pressure
and minimum oil film thickness, are listed in Table 4. The table summarises the prediction
results of the evaluation metrics for hydrodynamic pressure and oil film thickness of the
real-time model. The predictions require less than one second for each testing case, while
the model demonstrates strong predictive performance for both hydrodynamic pressure
and oil film thickness.

Table 4. Evaluation of predictions of the real-time model within its training domain.

Specific Liner Hydrodynamic Pressure Oil Film "l."hickness :

Coes  Tiowwe P R RMSE N i G B RMSE Ml pGled e
[MPa] [MPa] [%] [um] [um] [%]

1 3 6 0.9890 0.195 7.6 7.44 2.01 0.9986 0.503 8.222 8.077 1.77
2 5 6 0.9962 0.187 12.25 12.33 0.68 0.9999 0.148 6.225 6.181 0.71
3 7 6 0.9966 0.243 16.39 16.43 0.26 0.9998 0.272 5.097 5.192 1.87
4 2 7 0.9815 0.165 4.88 4.85 0.53 0.9973 0.552 10.85 10.918 0.63
5 4 7 0.9945 0.182 9.82 9.87 0.51 0.9998 0.190 7.61 7.454 2.05
6 6 7 0.9967 0.207 14.2 14.16 0.27 0.9998 0.260 6.059 6.059 0.00
7 2 5 0.9768 0.190 5.17 495 4.33 0.9964 0.718 9.26 9.376 1.25
8 9 8 0.9959 0.339 19.85 19.03 413 0.9997 0.363 5.051 5.314 5.20
9 7 5 0.9946 0.311 16.67 16.79 0.72 0.9998 0.281 4.611 4.835 4.86
10 2 8 0.9960 0.226 14.01 14.04 0.21 0.9997 0.270 6.48 6.563 1.29

The model achieves R? scores between 0.9768 and 0.9967 for hydrodynamic pressure
and between 0.9964 and 0.9999 for oil film thickness, as shown in Table 4. Corresponding
RMSE values range from 0.165 to 0.339 MPa for pressure and from 0.148 to 0.718 pum for film
thickness. The overall percentage errors for peak pressure and film thickness across all cases
are 1.37% and 1.96%, respectively. The maximum errors recorded are 4.33% for pressure
in Case 7 and 5.2% for oil film thickness in Case 8. In absolute terms, these maximum
percentage errors correspond to only 0.22 MPa for pressure and 0.263 um for film thickness.
According to Table 4, there is no clear correlation between the deviation and either the
load or the RPM. Additionally, since the validation cases can also be considered inside
testing cases, there is no clear correlation between the deviation and either the load or the
RPM. However, when the true values are very small, the percentage error tends to increase
noticeably. The highest deviation occurs in Cases 7 and 8, which have the lowest R? scores
and some of the highest RMSE values, along with significantly higher absolute error values
for peak hydrodynamic pressure and oil film thickness. These results are presented in
Figures 8 and 9 for Case 7 and Figures 10 and 11 for Case 8. These figures show the 2D
distributions of both predicted and true values, along with the 2D deviation between them.
They also include a comparison of these values in a 1D flattened format for hydrodynamic
pressure and oil film thickness, respectively. The figures demonstrate a strong qualitative
agreement between the predicted and true distributions of hydrodynamic pressure and oil
film thickness, despite limitations in capturing peak pressure and challenges in predicting
the exact minimum oil film thickness. The lowest deviation occurs in Case 6, which has the
highest R? score and one of the lowest RMSE values, along with significantly lower absolute
error values for peak hydrodynamic pressure and oil film thickness. This case is presented
in Figures 12 and 13, which show a very good agreement between the predicted and true
distributions of hydrodynamic pressure and oil film thickness. Notably, hydrodynamic
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pressure and oil film thickness show similar distributions of deviation despite having
different physical units, as shown, for example, in Figures 8c and 9c for Case 7 and in
Figures 10c and 11c for Case 8. This indicates their physical interdependence and shared
sensitivities within the model, which could allow us in future work to focus on minimising
the error of just one of these outputs to further improve overall prediction accuracy. While
the 2D distributions of deviation vary from case to case, reflecting differences in operating
conditions and model response, they consistently show that the most significant deviations
do not occur in the loading zone of the bearing, around 200 degrees. This strengthens the
model’s predictive reliability.
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Figure 8. Evaluation of the hydrodynamic pressure prediction for case 7 (inside testing): (a) the
predicted values, (b) the true values, (c) 2D deviation between true and predicted values, (d) 1D
comparison between true and predicted values.
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Figure 9. Evaluation of the oil film thickness prediction for Case 7 (inside testing): (a) predicted
values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison

between true and predicted values.
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Figure 11. Evaluation of the oil film thickness prediction for case 8 (inside testing): (a) the predicted
values, (b) the true values, (c) 2D deviation between true and predicted values, (d) 1D comparison

between true and predicted values.
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Figure 12. Evaluation of the hydrodynamic pressure prediction for Case 6 (inside testing): (a) pre-
dicted values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison
between true and predicted values.
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Figure 13. Evaluation of the oil film thickness prediction for Case 6 (inside testing): (a) predicted
values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison
between true and predicted values.

3.2.2. Outside Testing

The goal of outside testing is to evaluate the model’s predictions beyond its training
domain to assess the model’s generalisation capability and validity range. In this work, the
model was tested using 15 test cases outside its training domain, which defines a pressure
range of 2 to 9 MPa and a speed range of 5 to 8 m/s, as shown in Figure 2. Since mixed
friction was not the focus of this paper, only cases of operation in a fully hydrodynamic
regime were used. The individual R? scores, RMSE values, and true and predicted values,
along with percentage errors for peak hydrodynamic pressure and minimum oil film
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thickness, are presented in Table 5. The model achieves R? scores between 0.9724 and
0.9953 for hydrodynamic pressure and between 0.9819 and 0.9997 for oil film thickness,
as shown in Table 5. Corresponding RMSE values range from 0.100 to 0.951 MPa for
pressure and from 0.302 to 2.016 pm for film thickness. The overall absolute percentage
errors for peak pressure and minimum film thickness across all cases are 4.88% and 12.31%,
respectively. The maximum absolute errors recorded are 10.82% for pressure in Case 3 and
33.9% for oil film thickness in Case 2. In absolute terms, these deviations correspond to only
2.72 MPa for pressure and 1.349 um for film thickness. As shown in Table 5, the deviation
increases when the operating conditions deviate significantly from the training range. This
is evident in Cases 1 and 2, which are the furthest from the training data and exhibit the
highest prediction errors. The highest deviation occurs in Case 2, which has the lowest
R? score and one of the highest RMSE values, along with significantly higher absolute
error values for peak hydrodynamic pressure and oil film thickness. Case 2 is presented
in Figures 14 and 15, which show the 2D distributions of both predicted and true values,
along with the 2D deviation between them. They also include a comparison of these values
in a 1D flattened format for hydrodynamic pressure and oil film thickness, respectively.
The figures demonstrate a close qualitative agreement between the predicted and true
distributions of hydrodynamic pressure and oil film thickness. The lowest deviation occurs
in Case 7, which has two of the highest R? scores of 0.9939 for hydrodynamic pressure
and 0.9990 for oil film thickness, along with some of the lowest RMSE values of 0.197 MPa
for hydrodynamic pressure and 0.497 um for oil film thickness. Additionally, it shows
significantly lower absolute error values of 0.58% for peak hydrodynamic pressure and
4.80% for oil film thickness. This case is presented in Figures 16 and 17.

Table 5. Evaluation of predictions of the real-time model outside its training domain.

Hydrodynamic Pressure Oil Film Thickness

Cases sr;;esgluﬁrce SL iz:; 2 Peak Peak Abs. 2 Min. Min. Abs.
[MPa] [I};/S] E] {{I\IXIPS:]E True Predicted Error {{_] IP:II:}E True Predicted Error

[MPa] [MPa] [%] [pnm] [um] [%]
1 2 2 0.9731 0.219 6.02 5.63 6.34 0.9819 2.016 5.796 7.597 31.07
2 4 2 0.9724 0.435 11.39 11.57 1.61 0.9931 1.531 3.975 5.324 33.94
3 1 3 0.9736 0.100 2.68 2.79 4.19 0.9950 0.757 10.215 10.884 6.55
4 3 3 0.9882 0.209 8.40 8.20 2.40 0.9946 1.155 5.779 6.562 13.55
5 5 3 0.985 0.386 13.14 13.59 3.47 0.9987 0.680 4.321 5.063 17.17
6 2 4 0.9779 0.187 5.38 5.08 5.58 0.9949 0.911 8.294 8.713 5.05
7 4 4 0.9939 0.197 10.51 10.57 0.58 0.9990 0.497 5.739 6.015 4.80
8 6 4 0.9911 0.348 14.88 15.37 3.29 0.9997 0.302 4.514 4.908 8.74
9 8 4 0.9888 0.510 18.75 18.96 1.13 0.9996 0.399 3.722 4.181 12.34
10 10 5 0.9935 0.479 22.20 21.18 4.60 0.9996 0.430 3.603 3.981 10.52
11 11 6 0.9923 0.565 23.58 21.84 7.36 0.9986 0.817 3.726 4.065 9.11
12 10 7 0.9953 0.405 21.71 20.56 5.30 0.9993 0.561 4.366 4.613 5.66
13 12 7 0.9847 0.865 25.15 22.43 10.82 0.9958 1.439 3.827 4.192 9.52
14 10 8 0.9934 0.475 21.58 20.33 5.76 0.9987 0.741 4.712 5.025 6.63
15 12 8 0.9815 0.951 25.00 22.30 10.78 0.9938 1.704 4.150 4.564 9.99

Remarkably, based on the results in Table 5, the model maintained reasonable pre-
dictive performance beyond the training domain, highlighting its robustness and gener-
alisation capability. However, the accuracy was not as high as that observed within the
training domain, particularly for peak pressure and minimum oil film thickness. This
deviation is likely due to the scaling method and data processing used during training. As
mentioned before (see Section 2.2.2), the inputs fed into the neural network component
were normalised based on their maximum values. This scaling was applied only during the
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neural network block; therefore, when calculating the Reynolds equation residual or the
load balancing constraints, the data were denormalised and relied on the same maximum
values. After prediction, and before passing the results to the physics-based component,
the outputs were rescaled. The model again relied on the same maximum values for this
reverse normalisation. While this approach is straightforward, it can lead to deviations
when the model encounters values outside the original scaling range.
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Figure 14. Evaluation of the hydrodynamic pressure prediction for Case 2 (outside testing): (a) pre-
dicted values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison
between true and predicted values.

In summary, these results confirm the effectiveness of the proposed PINN framework
and its real-time model in predicting hydrodynamic pressure and oil film thickness, both
inside and outside the trained domain. The results from both domains demonstrate the
potential of this modelling method, showing that even with a limited number of cases, the
model effectively captures a wide range of loads and speeds. This capability suggests that
the model can generalise well across different operating conditions, providing valuable in-
sights into hydrodynamic pressure and oil film thickness predictions. Nevertheless, several
limitations should be addressed in future work to enhance the model’s realism and practical
applicability. This includes refining the scaling method and data processing techniques.
Additional limitations involve incorporating surface roughness effects, accounting for
dynamic and transient loading conditions, and considering mixed lubrication regimes. This
limitations of the proposed framework, along with the case study, allow for comparison
with the analytical short-bearing approach under similar assumptions [20,21]. However,
the proposed framework captures shaft and bearing flexibility through a 2D formulation
that includes axial effects, overcoming the geometric simplifications of short-bearing theory.
Even when evaluated outside its training or validity range, the PINN framework maintains
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errors within a reasonable margin, providing more robust and generalisable predictions
compared to the short-bearing model when applied beyond its domain of validity. More-
over, the current PINN framework focuses on steady-state radial loading and does not yet
account for mixed-friction effects. However, these limitations can be addressed in future
work without compromising its real-time capabilities. This flexibility stands in contrast to
traditional short-bearing models, which lack the adaptability for such extensions.
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Figure 15. Evaluation of the oil film thickness prediction for Case 2 (outside testing): (a) predicted
values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison
between true and predicted values.
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Figure 16. Evaluation of the hydrodynamic pressure prediction for Case 7 (outside testing): (a) pre-
dicted values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison
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Figure 17. Evaluation of the oil film thickness prediction for Case 7 (outside testing): (a) predicted
values, (b) true values, (c) 2D deviation between true and predicted values, (d) 1D comparison
between true and predicted values.

Furthermore, the enhanced efficiency of the PINN framework, combined with its
flexibility, provides a solid foundation for real-time load monitoring in plain bearings.
It allows for the direct incorporation of additional physical effects such as dynamic and
transient loading conditions or mixed lubrication regimes. Future work can build on this to
address both hydrodynamic and mixed-friction behaviour under transient loads.

4. Conclusions

This study presents an approach for load monitoring in radial plain bearings using
PINN:S. It extends the application of PINNs by relying solely on simple sensor inputs, such
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as radial load and rotational speed, to predict both the hydrodynamic pressure and oil
film thickness distribution. This framework significantly expands the solution domain of
PINNSs, enabling generalisation across a wide range of steady-state operating conditions
with varying loads and rotational speeds. This is achieved by enlarging the neural network
structure and integrating additional physical constraints, such as load balancing, alongside
the Reynolds equation.

The developed real-time model, based on the proposed framework, was evaluated
within and beyond its training domain using results from 35 EHD simulation load cases.
The reported percentage errors, approximately 1% and 2% within the training domain
and around 5% and 12% outside, refer to the predicted peak hydrodynamic pressure
and minimum oil film thickness, respectively. While these percentage errors may seem
significant, the corresponding absolute errors are relatively small due to the narrow range
of true values. The minimum oil film thickness, which has the highest error percentage
and is critical for identifying unsafe operating conditions, is taken as an example here.
Within the training domain, the minimum oil film thickness ranges from 4 to 10 pm, so a
2% error corresponds to an absolute deviation of about 0.1 to 0.2 pm. Outside the training
domain, where values typically range from 3.7 to 10 pm, a 12% error results in a deviation of
approximately 0.4 to 1.8 pm. On average across all cases, the absolute error remains below
0.5 pm, which can be considered low, while still leaving room for future improvements to
further reduce deviation. The deviations occurring outside the training domain are likely
due to the scaling method and data processing used during training, where the maximum
and minimum values are known. However, these deviations are minimal, especially in
the bearing’s loading zone, which highlights the model’s ability to generalise effectively
across a wide range of loads and speeds. The developed model demonstrates efficiency by
generating predictions in under one second for each test case, making it a practical tool for
real-time load monitoring in plain bearings. While the model does not directly simulate
failure mechanismes, its ability to predict key indicators such as minimum film thickness
under various operating conditions makes it highly relevant for the early detection of
lubrication risks and performance degradation.

Future work should consider the mixed-friction regime, including the incorporation
of the lambda ratio. Additionally, accounting for dynamic loads would further improve the
model’s applicability and extend its validity range. These enhancements would better re-
flect real-world applications such as marine propulsion systems, where reliable lubrication
monitoring is essential to prevent costly failures.
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