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Abstract


This study proposes a model-based method for real-time monitoring of the lubrication regimes in dynamically loaded radial sliding bearings using Physics-Informed Neural Networks (PINN). The proposed method replaces computationally intensive elastohydrodynamic lubrication (EHD) simulations with a PINN-based surrogate model. The model predicts hydrodynamic pressure and lubricant film-thickness distributions with comparable accuracy under dynamically varying operating conditions, enabling reliable assessment of lubrication regimes. The proposed model advances the state of the art in physics-informed modelling of mixed lubrication by extending existing approaches to simultaneously account for mixed-friction regimes through the Greenwood–Tripp contact model, transient operating conditions, and bearing surface deformation. Using only the bearing load and shaft rotational speed as inputs, the resulting hydrodynamic pressure field and corresponding lubricant film thickness can be monitored, enabling the direct assessment of the lubrication regime and potential wear risk. The proposed method is applied to a validated EHD model of a 30 mm sliding bearing test rig, where EHD simulation results are used to train, validate, and evaluate the model. The proposed framework achieved an average lubricant film-thickness prediction error of 2.34% and lubrication-regime classification errors of 7.8% and 8.2% for the static and dynamic validation cases, respectively. Furthermore, the computation time for the complete 18-time-step load case was reduced from approximately 35 h to 61.2 ms.
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1. Introduction


Radial sliding bearings are widely employed in a variety of technical applications that face challenging operating and environmental conditions, such as wind turbine gearboxes, internal combustion engines and marine propulsion systems [1,2,3]. Despite their widespread use, sliding bearings are often identified as a critical source of failure, with wear-related damage accounting for approximately 80% of failures [4]. These wear mechanisms are strongly influenced not only by operating conditions but also by the combination of lubricant properties and bearing material properties. Lubricant viscosity governs the formation of the lubricant film, while the bearing material affects both the wear rate and the dominant wear mechanisms [5]. For example, an increased incidence of wear-related failures in marine stern tube bearings has been reported after replacing mineral oils with environmentally acceptable lubricants (EALs) [6,7]. Furthermore, white metal bearings are generally more susceptible to wiping under high loads and temperatures, whereas bronze bearings are more prone to adhesive wear [5,7]. Consequently, wear-related damage can significantly undermine system reliability, increase maintenance costs, and lead to economic losses. Therefore, preventing such failures requires satisfying the film-thickness criterion, which states that the minimum lubricant film thickness must exceed a critical threshold defined by the combined surface roughness of the shaft and bearing [8,9]. The criterion specifies a minimum film height to prevent mixed lubrication, which would otherwise cause wear and potential failure. Since the film thickness of sliding bearings is highly dependent on operating conditions, which vary dynamically in most applications, continuous monitoring of the film thickness is essential [10,11]. Monitoring oil film thickness enables the identification of early changes in the contact or lubrication regime that could lead to wear risk [11]. Based on this identification, the operating strategy can be proactively adapted to ensure reliable and safe bearing operation while preventing escalation to severe failures, such as adhesive wear [5,12,13].



Two primary approaches to monitoring exist: physical sensing and model-based approaches [11]. Physical sensors, such as temperature, vibration, and acoustic emission (AE) sensors, are often associated with high hardware costs, complex installation requirements, and demanding signal-processing techniques [14,15]. In certain applications, such as marine propulsion systems and internal combustion engines, physical sensor installations may be restricted or impractical [2]. As an alternative, model-based approaches employ mathematical models to predict system behaviour, reducing dependence on physical sensors while improving system reliability and reducing hardware costs [14]. However, for model-based approaches, applicability depends on the accuracy of the mathematical modelling and calculation time, since the calculations must be performed in real time.



The definition of ‘real-time’ varies across applications, influenced by the specific purpose of the monitoring [12,13]. When optimising operational strategies directly, real-time data on the scale of seconds are required [12,14]. Such rapid feedback enables immediate corrective actions, enhances reliability, and effectively prevents failures [12,14]. Similar to the requirements for real-time-capable simulation models, the required fidelity varies by application, depending on the loading complexity. High-fidelity approaches are required to capture the complex interactions among load, structural deformation, and lubrication, especially in heavy-duty systems such as marine propulsion systems, wind turbine gearboxes, and internal combustion engines [1,3,16]. In such cases, EHD simulations are commonly employed [6,16,17]. These numerical EHD simulations capture lubrication and contact conditions, such as oil film thickness and hydrodynamic pressure, under the influence of load and deformation, thereby providing a reliable and accurate basis for bearing performance assessment [6,16,17]. Although EHD-based approaches accurately capture lubrication behavior, their numerical solution is computationally demanding [18]. The required computational effort grows considerably when these models are embedded within multibody system (MBS) simulations that incorporate elastic deformation and mixed lubrication effects [11]. This makes EHD simulations unsuitable for the real-time monitoring applications [19]. Therefore, high-fidelity models capable of operating in real time are needed.



Existing model-based approaches for real-time monitoring can be broadly categorized as physics-based, data-driven, or hybrid [20,21,22,23]. Physics-based approaches, also called white box approaches, encompass analytical and empirical models whose simplified formulations enable efficient implementation with relatively low computational effort. However, they typically offer limited fidelity, are restricted to rigid systems and steady-state radial loading, and neglect effects such as surface roughness and misalignment [19]. Addressing these effects requires computationally expensive time-dependent and multiscale models, reducing the practicality of this approach [24,25]. As an alternative, correction factors are often introduced to account for neglected effects; however, they are usually derived for specific conditions and valid only within limited ranges [19,26]. Thus, the simplifications and assumptions used in their development limit the predictive accuracy of white-box approaches [26].



Data-driven approaches, often based on machine learning (ML) and commonly referred to as black-box models, use experimental or simulation data to provide real-time predictions without explicit knowledge of the underlying physical system [27]. The rapid adoption of machine learning in tribology has been comprehensively reviewed by Argatov et al. [28], Rosenkranz et al. [29], Marian et al. [30], Sose et al. [31] and Paturi et al. [32]. For instance, Marian et al. [33] employed machine learning approaches to predict film-thickness parameters. To estimate wear volume in journal bearings subjected to start–stop operation, König et al. [34] evaluated different neural network architectures for time-series forecasting, including LSTM, GRU, and NARX. Despite their rapid development in recent years, purely data-driven approaches remain highly dependent on the quality and quantity of the available training data [28,29,30,31,32,35]. Moreover, they often exhibit limited generalisation and transferability beyond the conditions encountered during training [36]. Furthermore, relying solely on purely data-driven models may lead to physically implausible predictions, such as negative lubricant film thickness [19,36].



Building on these two modelling approaches, white box and black box, a third category known as grey box approaches has emerged in recent years [37]. This hybrid approach, often referred to as Scientific Machine Learning (SciML), combines the interpretability of physics-based models with the adaptability of machine learning models [27,36]. Several techniques have been developed in this direction, including physics-guided machine learning, reduced-order models with embedded physics, and Physics-Informed Neural Networks (PINNs) [36,37,38]. Among these, PINNs have emerged as a promising framework capable of overcoming many of these limitations [36,37,38]. Within PINNs, the term framework refers to the combined structure of the neural network, governing the physical equations, loss formulation, and training strategy. The primary advantage of PINNs lies in their ability to integrate the governing Partial Differential Equation (PDE) directly into neural network training [11]. This integration improves data efficiency, ensures physically consistent predictions, and enables generalisation even with limited or noisy data [36]. Unlike white box models, PINNs can efficiently handle complex nonlinear systems once they are trained [36,39]. At the same time, PINNs overcome the main limitation of black-box models by reducing the dependence on large datasets through embedded physical laws and, in some cases, can operate entirely without data [36,40].



The potential of PINNs in tribology was first demonstrated by Almqvist et al. [41], who applied the approach to solve a simplified one-dimensional Reynolds equation for an incompressible and isoviscous fluid in a linear slider bearing. Since then, PINNs have been increasingly applied in tribology, accompanied by a growing number of related publications. An overview of representative studies, particularly those addressing sliding bearings, is provided in Table 1. The reviewed studies indicate the potential of PINNs for solving the computationally intensive Reynolds equation in hydrodynamic radial sliding bearings, with promising results compared to conventional simulations. Most existing studies focus on solving the quasi-static Reynolds equation to estimate the hydrodynamic pressure within the fully hydrodynamic regime, typically at a single operating point. Recently, Ramos et al. [42] and Shutin et al. [43] applied PINNs to the quasi-static Reynolds equation in rotor-dynamic analyses by using internal physical quantities as inputs, including shaft eccentricity, journal centre position, and velocities, to predict the pressure distribution. However, these approaches neglect transient effects, including squeeze-film phenomena, and rely on internal variables such as shaft eccentricity parameters, which are not directly accessible and therefore require additional sensors or estimation models based on predefined assumptions. More recently, Saleh et al. [11] proposed a PINN-based monitoring approach for sliding bearings that predicts lubricant film thickness and hydrodynamic pressure from measurable operating parameters, such as rotational speed and bearing load. However, the model is limited to static operating conditions and neglects bearing deformation as a direct physical constraint, as well as the mixed-friction regime. Building upon the approach proposed by Saleh, Hou [44] extended the methodology to include consideration of the mixed-friction regime based on the Greenwood & Tripp contact model. However, this extension relies on hard constraints and partially decoupled networks, which impose a rigid geometry and prevent full two-way coupling between pressure and film thickness.



In summary, existing studies have demonstrated the potential of PINNs for solving the computationally intensive Reynolds equation, achieving promising agreement with numerical simulations. However, the current state of research on PINN-based applications for sliding bearings remains constrained by several limitations. In particular, existing studies often neglect one or more relevant physical effects and do not consider them simultaneously:




	
Assumption of a rigid bearing model and neglect of elastic deformation effects.



	
Assumption of a prescribed film thickness, requiring the film thickness to be provided in advance.



	
Reliance on the quasi-static Reynolds equation, neglecting the time-dependent film thickness term and potentially failing to capture transient loading behaviour such as squeeze-film effects



	
Neglect of mixed-friction regimes and associated contact models to account for asperity contact pressure, which is essential for bearing force balancing.








This study addresses these limitations simultaneously by extending the framework proposed by Saleh [11]. The proposed extension explicitly accounts for mixed-friction regimes using the Greenwood & Tripp contact model, dynamic operating conditions including transient effects, and bearing surface deformation as physical constraints [48,49,50,51]. Using only the bearing load and shaft rotational speed as inputs, the proposed method replaces time-intensive EHD simulations with a PINN-based surrogate model that predicts local hydrodynamic pressure and film thickness distributions. Using the film thickness and the lubrication regime, the mixed friction can be determined. As an application case study, a validated EHD model of a 30 mm radial sliding bearing test rig is used to generate the training and validation datasets. Beyond addressing these modelling limitations, the proposed framework is not intended to replace conventional EHD solvers for offline analyses. Instead, it enables real-time prediction of the lubrication state for integration into condition monitoring, control, and digital engineering workflows.




2. Materials and Methods


The development of the proposed PINN framework is described in the following sections. First, the EHD model together with the simulation procedure used to produce the training and validation datasets is introduced in Section 2.1. Section 2.2 then describes the PINN architecture and its implementation for rapid prediction of hydrodynamic pressure and lubricant film thickness, providing the foundation for real-time lubrication regime monitoring in radial sliding bearings.



2.1. EHD Simulation


EHD simulations are formulated as coupled hydrodynamic-lubrication and elastic-deformation problems and solved iteratively until convergence. The hydrodynamic behaviour is governed by the Reynolds equation, which describes the pressure distribution within the lubricant film. The Reynolds equation proposed is expressed as follows:


     ∂   ∂ x        ϕ   x     h   3      ∂ p   ∂ x      +    ∂   ∂ y        ϕ   y     h   3      ∂ p   ∂ y      = 6 η   ϕ   s      ∂ U   ∂ h       ∂ h   ∂ x    + 12 η    ∂ h   ∂ t     



(1)







Within Equation (1), the spatial domain is described by the coordinates x and y, corresponding to the length and width directions, respectively, while the lubricant film thickness h depends on both coordinates. The hydrodynamic pressure is represented by p, U denotes the sliding velocity, and η is the lubricant’s dynamic viscosity. The symbols ϕx, ϕy and ϕs refer to the pressure and shear flow factors introduced by Patir and Cheng [52,53]. The Patir and Cheng pressure and shear flow factors assume Gaussian surface roughness. Although non-Gaussian flow factor formulations have been proposed for engineering surfaces (e.g., Leighton et al. [54]; Tang et al. [55]), the classical Gaussian-based formulation remains widely used. Therefore, the Patir and Cheng flow factors are employed in this study to maintain consistency with the validated EHD/MSB model used to generate the training data.



Under high hydrodynamic pressures, elastic surface deformation becomes significant, leading to pronounced variations in film thickness that, in turn, affect the pressure distribution [56,57]. This necessitates considering and coupling hydrodynamic lubrication and elastic deformation, which can be treated either as a quasi-static coupling or as a fully dynamic one [57]. Quasi-static coupling assumes instantaneous elastic equilibrium and can be implemented through direct coupling with FEM or simplified approaches based on semi-infinite elastic body theory, such as the Boussinesq solution [56,58]. In contrast to quasi-static coupling, dynamic coupling explicitly accounts for inertia and transient structural behaviour, as implemented in multibody simulations (MBS), where Newton’s equations of motion are solved [57].



Once the Reynolds equation is solved iteratively, accounting for elastic deformation, the resulting bearing forces are then obtained by integrating the hydrodynamic pressure over the bearing surface, as expressed in Equations (2) and (3) [59,60]. In Equations (2) and (3), F denotes the force components acting in the x and y directions and PTotal(θ, z) denotes the resulting pressure field. In the fully hydrodynamic regime, PTotal(θ, z) corresponds solely to the hydrodynamic pressure, whereas in mixed-lubrication regimes, it is composed of both hydrodynamic and asperity contact pressure contributions [61]. Convergence is evaluated by comparing the computed bearing force with the applied load F.


    F   x   =   ∫  0   2 π      ∫  −    L   2         L   2         P   T o t a l     θ , z   ·     cos   θ   · d θ d z      



(2)






    F   y   =   ∫  0   2 π      ∫  −    L   2         L   2         P   T o t a l     θ , z   ·     sin   θ   · d θ d z      



(3)







Under mixed-lubrication conditions, the asperity contact pressure is evaluated using the stochastic Greenwood–Tripp (GT) contact mode [62]. This formulation assumes contact between nominally flat rough surfaces with random asperity distributions, from which the asperity contact pressure is obtained as follows [61]:


    p   a   = K   E   *     F      5   2          H   s      



(4)







Here, K represents the elastic factor, which can be interpreted as an effective stiffness parameter of the contact model and E* is the composite elastic modulus, defined as [61]:


    E   *   =        1 −   υ   1   2       E   1      +    1 −   υ   2   2       E   2          − 1    



(5)




where υi and Ei denote the Poisson’s ratio and Young’s modulus of the contacting surfaces, respectively. The function F5/2(Hs) is the form function, defined as follows [61]:


    F      5   2          H   s     =       4.4086   ×     10   − 5     ( 4 −   H   s   )   6.804   ,           H   s   < 4       0 ,       H   s   ≥ 4        



(6)







Here, Hs denotes the dimensionless clearance parameter, obtained by normalizing the local film thickness with the combined surface roughness [61].



2.1.1. EHD Model for Radial Sliding Bearing


The reference EHD simulations were performed with the commercial software AVL Excite Power Unit (R2022.1). A validated EHD model of a test rig incorporating a radial sliding bearing with a diameter of 30 mm was adopted as the reference case in this study, as shown in Figure 1. This model corresponds to the test rig configuration presented by König [34,63,64,65]. The EHD model was experimentally validated by König in two independent studies [63,64,65]. Simulation inputs were divided into fixed parameters, including lubricant, geometric, material, and surface-roughness properties, and variable parameters, such as load and sliding speed, as summarised in Table 2.




2.1.2. EHD Simulation Cases


As previously mentioned, one of the objectives of this work is to incorporate the dynamic effects of operating parameters alongside their static influences on lubrication and contact behaviour. Therefore, simulations under both static and dynamic operating conditions were considered in this study. For static operating conditions, 204 simulation cases were conducted to cover a range of operating points. In contrast, for dynamic conditions, 21 scenarios were simulated, each over two revolutions at varying speeds and loads. These simulations cover sliding speeds ranging from 0.1 m/s to 8 m/s and radial loads from 0.45 to 5.45 kN, corresponding to mean specific pressures between 1 and 12 MPa. Dynamic operating phases at zero or near-zero rotational speeds were not simulated due to numerical instabilities and the high computational cost, with single simulations requiring up to one week. Moreover, the initial phase corresponding to the first time step was excluded from the dataset, since transient shaft displacement effects dominate it. These effects result from the MBS initialisation procedure, which is a standard numerical treatment and does not represent the actual physical operating condition, potentially affecting the stability and consistency of the data. The datasets obtained from the EHD simulations were categorised into training, validation, and test cases, as described in Section 2.2.4.





2.2. PINNs Framework


Figure 2 summarizes the workflow used to construct the proposed PINN framework. The radial bearing load (F) and rotational speed (n) are provided as the model inputs and are subsequently converted into the corresponding sliding velocity and specific bearing pressure. In addition, the axial (z), circumferential (θ), and time step (t) coordinates are provided as inputs to the network, enabling the prediction of spatiotemporal fields and the computation of spatial and temporal derivatives within a meshless physics-informed framework. Compared to the framework presented by Saleh [11], the proposed framework introduces only the discrete time-step index as an additional input parameter to account for dynamic effects, while all other input and output parameters remain unchanged. The temporal input to the PINN is therefore represented by a discrete time-step index rather than by the physical time in seconds. The corresponding physical time is computed from the rotational speed, allowing the same time-step sequence to represent different operating speeds. This formulation keeps the network input within the predefined training domain, whereas using continuously increasing physical time as an input would require extrapolation beyond the trained domain and could degrade the prediction accuracy. Based on this input representation, the training of the PINN is performed using two sets of sample points: training points (NT) for supervised learning and collocation points (NC) for enforcing the governing physical equations, as illustrated in Figure 2 and discussed in detail in Section 2.2.4.



As illustrated in Figure 2, the proposed framework comprises three main components that operate sequentially. First, the data-driven model receives the input variables and predicts the target quantities, namely the hydrodynamic pressure and film thickness. Second, the physics-informed component employs automatic differentiation (AD) to evaluate the governing equations and additional physical constraints based on the network predictions. Third, the loss-function component combines the data and physics residuals into a single objective function that guides optimisation during training. The individual components are explained in Section 2.2.1, Section 2.2.2 and Section 2.2.3, respectively. Finally, Section 2.2.4 presents the overall training strategy, including the working domain, the sampling of collocation points, the incorporation of training points, the weighting of the different loss terms, and the reproducibility settings.



2.2.1. Data-Driven Component


The data-driven component of the proposed framework is based on a Feedforward Neural Network architecture, which represents the standard neural network architecture used in most state-of-the-art PINN frameworks. Prior to training, all input variables are scaled to the interval [0,1] using their respective maximum values to reduce differences in magnitude between variables, thereby stabilising and accelerating training. The normalised inputs are fed into a fully connected neural network that employs a common backbone with two independent output heads. The backbone acts as a shared feature extractor and consists of three fully connected layers with 256 neurons each, using Tanh as activation functions. This shared representation captures the underlying relationships relevant to both prediction tasks. After the shared layers, the network splits into two branches. The pressure head includes an additional fully connected layer with Tanh activation followed by a linear output layer, with a sigmoid function applied to constrain the predicted pressure between 0 and 1. The film thickness head has a similar structure but uses a softplus activation at the output to ensure strictly positive predictions, consistent with physical constraints. The two scalar outputs are concatenated into a two-dimensional prediction vector, enabling joint learning of pressure and film thickness and exploiting their shared structure. To mitigate potential overfitting due to the relatively large number of neurons, a dropout rate of 0.1 is applied. Unlike many existing models (see Table 1), which rely on deeper but narrower networks, the proposed framework, similar to the approach presented by Saleh [11], adopts a wider and shallower architecture. This architecture improves training stability in solving the governing PDE constraints and eliminates the need for a pre-training phase [11]. However, the wider network structure increases the computational effort and can still lead to convergence instabilities during training.




2.2.2. Physics-Informed Component


The second component of the PINN framework, as depicted in Figure 2, is the physics-informed component. Based on the pressure and film thickness predictions generated by the neural network, this component evaluates the residuals f of the governing equations used in the framework. This can be conveniently achieved using AD, which forms the fundamental basis of the PINNs framework. Using AD, PINNs eliminate the need for traditional methods such as symbolic or numerical derivation. The neural network outputs are passed through an AD procedure to compute the required higher-order derivatives with respect to the input variables. A detailed explanation of AD can be found in the relevant literature [66,67]. Unlike the method presented by Rom and later applied by Saleh, in which the residual (f) is evaluated at both training points (NT) and collocation points (NC), the present framework evaluates the residual exclusively at the collocation points. This separation allows the data loss to fit the training data, while the physics loss ensures that the governing equation is satisfied throughout the computational domain independently of the data distribution.



The physics component incorporates nearly the same physical effects as the EHD simulation, but it neglects full elastic body deformation and instead employs an approximation of the surface deformation. The physical model describes hydrodynamic behaviour using the Reynolds equation, incorporates transient effects via the time-dependent squeeze-film term and time-step-dependent operating conditions, and represents surface roughness via the Patir and Cheng flow factors. The load balance equation is incorporated to ensure that the predicted pressure distribution satisfies the global force equilibrium condition. The model accounts for bearing surface deformation using a local Poisson-type approximation of the elastic deformation field, motivated by the classical Boussinesq half-space solution. In its original form (see Equation (7)), the Boussinesq formulation is expressed as a nonlocal integral equation, in which the surface displacement at a given point depends on the pressure distribution over the entire contact domain. In Equation (7), uz(x,y) denotes the vertical surface displacement, p(x0,y0) represents the applied pressure, E is Young’s modulus, and ν is Poisson’s ratio. This formulation reflects the inherent nonlocal nature of elastic half-space behaviour, whereby the deformation at any location is influenced by pressure contributions from the entire domain.


    u   z     x , y   =    1 −   ν   2     π E      ∬  A       p     x   0   ,   y   0          ( x −   x   0   )   2   +   ( y −   y   0   )   2       d   x   0   d   y   0      



(7)







To provide a differential formulation compatible with automatic differentiation and to preserve the mesh-free nature of the PINN framework, a local Poisson-type equation (Equation (8)) is introduced as a local approximation of the elastic deformation field, motivated by the classical Boussinesq half-space solution. For the standalone dimensional formulation, a characteristic length (L) is required to provide the necessary dimensional scaling of the governing equation. However, the value of L is not known a priori. Consequently, the absolute deformation magnitude predicted by the local formulation cannot be uniquely validated against the Boussinesq solution. Instead, the accuracy of the proposed local operator was assessed by comparing the normalized spatial deformation field with the classical Boussinesq solution. The detailed validation procedure and results are provided in Appendix A.


      ∇   2   u   z   ( x , y ) = −    2 ( 1 −   ν   2   )   E   ( L )      p ( x , y )  



(8)







This reformulation, as presented in Equation (8), transforms the global integral representation problem into a local PDE, which can be efficiently enforced through AD within the PINNs. To enable AD of the deformation governing equation, the deformation field must be available within the computational graph. However, the elastic deformation is not introduced as an independent neural network output, but is instead computed indirectly from the predicted film thickness by subtracting the rigid geometric gap. The rigid gap is determined from the geometric configuration together with the film thickness predicted by the neural network; consequently, the elastic deformation is obtained implicitly from their relation rather than being introduced as a separate neural network output. In this way, the elastic response is fully embedded within the film thickness representation, allowing its spatial derivatives to be consistently evaluated using AD within the PINNs.



In addition, the GT contact model is incorporated to represent asperity contact under mixed-lubrication conditions and is imposed as a physical constraint within the framework. This constraint is particularly relevant under mixed-friction conditions, where both the hydrodynamic pressure and the asperity contact pressure contribute to balancing the applied bearing load. Neglecting the asperity contact pressure would violate the load-balancing constraint, leading to physically inconsistent predictions of the hydrodynamic pressure and the resulting film thickness. Unlike the Reynolds equation for hydrodynamics and the Poisson-type equation for deformation, which are explicitly incorporated into the loss function, the contact model is treated implicitly through a functional constraint imposed by the load-balance loss. Since the GT contact model is formulated analytically rather than as an additional governing PDE, it was incorporated directly into the PINN framework without requiring a separate loss term, additional network outputs, or dedicated weighting factors. Similar to the elastic deformation, the asperity contact pressure is calculated as an internal quantity and is not treated as an explicit network output, unlike the film thickness and hydrodynamic pressure. Introducing additional outputs and corresponding loss terms would increase the complexity of the optimisation problem, potentially reducing the prediction accuracy of the hydrodynamic pressure and film thickness. The formulation of the corresponding physics-based loss terms is presented in Section 2.2.3.




2.2.3. Loss Formulation


Building upon the data-driven and physics-informed components, seven custom loss functions based on the MSE are defined within the proposed framework. These loss terms quantify deviations from the available reference data as well as violations of the governing equations and physical constraints, thereby guiding the network optimisation during training. The first four loss terms correspond to the data-driven component, representing the supervised component of the model. In particular, Equations (9) and (10) define the losses     l   p     and     l   h    , which measure the prediction errors associated with the hydrodynamic pressure and oil film thickness, weighted by C1 and C2, respectively. Here, NT represents the total number of training points in the θ- and z-directions, with pT and pP the true and predicted pressure values, and hT and hP the true and predicted film thickness values.


    l   p   =   C   1      1     N   T        ∑  i = 1     N   T        (   p   T   (   θ   i   ,   z   i   ) −   p   p   (   θ   i   ,   z   i   ) )   2      



(9)






    l   h   =   C   2      1       N   T        ∑  i = 1     N   T        (   h   T   (   θ   i   ,   z   i   ) −   h   p   (   θ   i   ,   z   i   ) )   2      



(10)







Besides the standard first two supervised loss terms, Equations (11) and (12) introduce two additional loss functions. These loss terms target the discrepancies in the maximum hydrodynamic pressure and the minimum oil film thickness across the computational domain. Their relative contributions are controlled by the weighting coefficients C3 and C4, respectively. In this formulation, ND denotes the total number of domain points, which is 1944 in the present framework. Here, pT,max and pP,max are the true and predicted maximum pressure values, and hT,min and hP,min are the true and predicted minimum film thickness values, respectively. These constraints enforce the predicted global extrema of the pressure and film thickness fields to remain close to the reference values. Since the model does not always reproduce the exact global extrema or minimum values accurately, these additional constraints were introduced to improve the prediction accuracy of the maximum hydrodynamic pressure as well as the minimum film thickness.


    l   p , m a x   =   C   3        N   D       N   T        ∑  i = 1        N   T       N   D           (   p   T , m a x   (   θ   i   ,   z   i   ) −   p   p , m a x   (   θ   i   ,   z   i   ) )   2      



(11)






    l   h , m i n   =   C   4        N   D         N   T        ∑  i = 1        N   T       N   D           (   h   T , m i n   (   θ   i   ,   z   i   ) −   h   p , m i n   (   θ   i   ,   z   i   ) )   2      



(12)







The physics-informed component is represented by the remaining three loss functions. The first physics-informed loss term captures the first PDE residual, which corresponds to the Reynolds equation by Patir and Cheng (see Equation (1)) and is defined in Equation (13). In Equation (13), C5 denotes the weighting factor assigned to the PDE residual. The residual is evaluated at collocation points (NC), which are distributed across the computational domain to enforce the governing physics during network training. A detailed description and discussion of the collocation point strategy is given in Section 2.2.4.


    l   R e y n o l d s   =   C   5      1     N   C        ∑  i = 1     N   C        ( 0 −   ( 3   h   2       ϕ   θ      d h   d θ    ·    d p   d θ    +   ϕ   z      d h   d z    ·    d p   d z      +   h   3       ϕ   θ        d   2   p   d   θ   2      +   ϕ   z        d   2   p   d   z   2        − 6 η   u   1     ϕ   s      d h   d θ    − 12 η    d h   d t    )   i   )   2      



(13)







The second physics-informed loss term, denoted as     l   D e f o r m a t i o n    , captures the PDE residual associated with the deformation of the bearing surface. Unlike the standalone dimensional formulation, the deformation equation is employed as a normalised physics-based residual. Consequently, the loss formulation does not require the introduction of an empirical effective characteristic length (L) whose value is not known a priori. Instead, the normalised form is used directly within the loss function. The corresponding deformation loss is incorporated into the framework as shown in Equation (14).


    l   D e f o r m a t i o n   =   C   6      1     N   C        ∑  i = 1     N   C        ( 0 −      d   2   u   d   θ   2      +      d   2   u   d   z   2      − (    2 (   ν   2   − 1 )   E    p ( θ , z )   )   i   )   2      



(14)







Unlike the first two loss terms in the physics-informed component, which are formulated as local physics-based loss terms, the third physics-informed loss term represents the load balance equation and is formulated as a global physics-based constraint. Since the load balance equation does not operate locally, it requires that the integral of the pressure distribution over the entire domain equals the applied external load (see Equations (2) and (3)). Consequently, it depends on the cumulative contribution of all spatial points rather than on individual pointwise behaviour. For this reason, it is formulated as a global physics-based loss term, as shown in Equation (15). In this formulation, fT represents the externally applied load, while fph+pa denotes the total load contribution resulting from both the hydrodynamic pressure and the asperity contact pressure.


    l   l o a d   b a l a n c i n g   =   C   7        N   D       N   C        ∑  i = 1        N   C       N   D           (   f   T   (   x   i   ,   y   i   ) −   f     p   h   +   p   a     (   x   i   ,   y   i   ) )   2      



(15)








2.2.4. Training Strategy


Based on the loss formulation described above, the training process aims to minimise the combined loss function by reducing the prediction errors, PDE residuals, and constraint violations. As PINN frameworks involve numerous hyperparameters that strongly influence model accuracy, their selection and tuning must be carried out systematically. Since no universal method exists for determining the optimal configuration, multiple experiments were performed with different setups to identify a configuration that yields good performance [42]. However, a comprehensive comparison of different network architectures and hyperparameter optimization strategies is beyond the scope of this study. The training strategy adopted for the proposed framework is organized into three subsections: Section Training, Validation, and Testing Simulation Cases, Section Loss Balancing and Optimization, and Section Model Validity Domain and Reproducibility.



Training, Validation and Testing Simulation Cases


The training strategy for the proposed PINN framework starts with defining the number of training and collocation data points, which are both utilized during the training process. Firstly, the training points (NT) represent the input and corresponding true output obtained from the EHD simulations, as presented in Section 2.1.1. These points provide the ground-truth data for the supervised component of the framework. In contrast to the training points (NT), which are associated with known input–output pairs, the collocation points (NC) do not have corresponding target outputs. Rather, these are specific points within the training domain that are used to enforce the governing physical equations via the physics-informed component of the framework, representing the unsupervised part of the PINN.



As the proposed real-time model is primarily intended for dynamic loading applications, only data obtained from dynamic simulations were used as training points for the supervised training process. The supervised training process utilizes only two randomly selected discrete time steps from each of eight dynamic simulations (see Figure 3), where every time step represents a specific operating condition in terms of speed, load, and temporal sequence during the system evolution. The random selection was performed under the condition that the selected training points represent at least two out of the three varying operating parameters, namely rotational speed, specific pressure, and time sequence. Consequently, the training set consists of 16 randomly chosen time steps. Due to the significantly increased memory requirements and computational cost associated with large independently sampled collocation datasets, the input data from the same eight simulations are additionally employed as collocation points, thereby avoiding the need for a separate collocation sampling process. However, only the selected discrete time steps are used as supervised training points, while the remaining input data are utilized exclusively for enforcing the physics-based constraints. For validation during the training process, one independent dynamic simulation case was used (see Figure 3b). The remaining 12 dynamic cases (see Figure 3c), together with all 204 static cases (see Figure 4), were reserved exclusively for testing. Neither the validation case nor the test cases were included in the training dataset.



The pressure and film thickness distributions are evaluated at 1944 spatial locations distributed throughout the bearing domain in the circumferential (θ) and axial (z) directions, as shown in Figure 5. Although random points could also be used within the meshless PINN framework, the discretized EHD point distribution was retained in this work to satisfy the load-balancing constraint, which requires the integration of the pressure distribution to determine the resulting force. Nevertheless, the proposed PINN remains meshless, since the governing equations are evaluated at discrete points rather than solved on a connected computational mesh.




Loss Balancing and Optimization


Prior to training, all network weights and biases are initialized using the Kaiming uniform (He) initialization to provide initial values for the optimization process. These initial values serve as the starting point for the subsequent optimization process. The trainable parameters are subsequently optimized using the Adam algorithm with a dynamic learning rate starting at η = 10−3. While the Adam optimizer adaptively scales parameter updates, a learning rate scheduler is additionally employed to adjust the global learning rate during training, improving convergence and stability. A major challenge during training PINN frameworks is the effective balancing of the multiple loss terms involved. In this framework, the self-adaptive loss balancing method proposed by Xiang [68] is employed to automatically determine the relative importance of each loss term, eliminating the need for manual weighting. An independent adaptive weighting coefficient is assigned to each of the seven loss terms. These coefficients are initialized equally and updated automatically during training based on the relative convergence of the individual loss terms. Consequently, the relative contribution of each loss term is continuously adjusted throughout the optimization, eliminating the need for manually prescribed weighting coefficients.




Model Validity Domain and Reproducibility


The validity domain of the proposed PINN is defined by the input parameter ranges corresponding to the operating conditions of the experimental test rig. The investigated operating conditions cover sliding speeds ranging from 0.1 to 8 m/s and radial loads from 0.45 to 5.45 kN, corresponding to mean specific pressures between 1 and 12 MPa. Within these bounds, the network is intended for interpolation. Predictions outside this parameter space require extrapolation. Although a limited number of validation and testing cases extend beyond the training range, the extrapolation capability of the proposed PINN has not been systematically evaluated in the present study.



To facilitate the reproduction of the proposed framework and the reported results, the network architecture, training hyperparameters, and Training settings are summarized in Table 3. In addition, a summary of the main PINN training workflow is provided in the Supplementary Materials.







3. Results and Discussion


The predictive performance of the trained PINN model is assessed and discussed in this section. It is divided into two subsections. Section 3.1 comprises three parts: training behavior and loss evolution, prediction accuracy of the film thickness and hydrodynamic pressure, and identification of the onset of mixed lubrication. Section 3.2 presents the post-training evaluation and is divided into two parts. The first part assesses the model’s generalization capability under static operating conditions, while the second part evaluates its performance under dynamic operating conditions. The trained model is validated and tested using numerical EHD simulation data introduced in Section 2.1.



3.1. Model Behaviour and Validation Throughout Training


3.1.1. Training Convergence Analysis


The loss history reflects the convergence of the optimization process, demonstrating how the network progressively satisfies both the supervised data and the governing physical equations while improving its predictive performance on the validation dataset. Stable convergence of the model is achieved after approximately 60,000 training epochs. Beyond this point, the prediction accuracy improves only gradually until around 90,000 epochs, after which the model performance remains nearly constant. The convergence behavior of the total, supervised, and physics-based losses is depicted in Figure 6, whereas Figure 7 presents the evolution of the corresponding individual loss components. The evolution of the total, supervised, and physical losses during training reveals a three-stage learning process. At the beginning of training, the supervised (data) loss decreases rapidly, indicating that the model quickly fits the available data. In this phase, the total loss is primarily dominated by the supervised term, where the pressure loss components dominate, while the film thickness loss components contribute secondarily, as shown in Figure 7a. In contrast to the supervised loss, the physical loss shows transient behavior followed by a rapid increase, indicating that satisfying the governing physical equations is more challenging in the initial phase. As training progresses, dynamic loss weighting decreases the weight of the data loss while increasing the weight of the physical loss. This shift in optimization focus from data dominance toward physics dominance is followed by a significant drop in the physical loss in the later stages, indicating that the model begins to better satisfy the underlying physical constraints. In this stage, the Reynolds equation loss dominates the later stage of training, while the deformation and load-balancing losses contribute as secondary terms, as shown in Figure 7b. In the later stages of training, a pronounced decrease in the physical loss is observed, indicating improved satisfaction of the governing physical constraints. Overall, the observed training history indicates a progressive transition from data-driven learning to physics-informed refinement, reflecting the dynamic rebalancing of the individual loss contributions during optimisation. In the later stages, the model converges toward a balanced compromise between accurately fitting the data and satisfying the governing physical laws.




3.1.2. Validation of Hydrodynamic Pressure and Film Thickness Predictions


Model performance was assessed by comparing the PINN predictions with the numerical EHD reference solution. The evaluation employed the coefficient of determination (R2 score) and the Root Mean Square Error (RMSE) were used. In addition, the relative errors of the maximum hydrodynamic pressure and the minimum oil film thickness were calculated to quantify deviations from the reference solution. The error for the peak hydrodynamic pressure was calculated relative to the maximum peak pressure observed in the entire available dataset (23.363 MPa), while the percentage error for the film thickness was determined with respect to the radial clearance (25 μm). After the training process, the validation results for both the pressure and film thickness distributions achieved R2 scores of 0.9553 and 0.9956, respectively. These values correspond to the validation load case consisting of 18 time steps (see Figure 3b). Table 4 summarizes R2 scores, RMSE values, and the corresponding reference and predicted results. It also reports the errors associated with the maximum hydrodynamic pressure and the minimum oil film thickness.



Overall, the validation results demonstrate good agreement between the predicted and reference solutions for all investigated operating conditions. According to Table 4, no consistent correlation was observed between the operating conditions and the prediction accuracy of either the hydrodynamic pressure or the film thickness. In the case of the hydrodynamic pressure R2 values ranged from 0.9143 to 0.9759, indicating generally good agreement with the true values. Although some time steps exhibited comparatively lower R2 values for hydrodynamic pressure, the corresponding absolute errors and RMSE values remained low, with average values of 1.5% and 0.3 MPa, respectively. These lower R2 values for hydrodynamic pressure are mainly attributed to the relatively small variation range of the pressure distribution in these cases, which makes the R2 metric more sensitive to minor local differences between the predicted and reference values. In the case of the film thickness, all predicted values exhibited consistently high accuracy, with R2 values remaining values vary between 0.9913 and 0.9989 and showing very good agreement with the reference values. Furthermore, the corresponding absolute errors and RMSE values remained low, with average values of 1.45% and 1.1 μm, respectively.



To further evaluate the predictive performance of the proposed model, two representative time steps were selected for detailed comparison: one case with comparatively lower prediction accuracy and another with higher prediction accuracy. The corresponding 2D distributions of the hydrodynamic pressure and film thickness for both the true and predicted solutions are presented in Figure 8, Figure 9, Figure 10 and Figure 11. Figure 8 and Figure 9 correspond to the 18th time step, which exhibits comparatively lower prediction accuracy (see Table 4), with R2 values of 0.9143 for the hydrodynamic pressure and 0.9913 for the film thickness. The lower prediction accuracy observed at the 18th time step can be attributed to the very low sliding speed of 0.06 m/s, which was not represented in the training or collocation datasets. Consequently, the PINN model was required to extrapolate beyond the trained operating range, resulting in reduced prediction accuracy. In contrast, Figure 10 and Figure 11 correspond to the 4th time step, which shows comparatively higher prediction accuracy (see Table 4), with R2 values of 0.9753 for the pressure and 0.9987 for the film thickness. Although the two selected time steps represent low- and high-accuracy cases, the predicted hydrodynamic pressure and film thickness distributions closely match the corresponding EHD reference distributions in both the axial (z) and circumferential (θ) directions.



For both time steps, the spatial distribution of the pressure prediction error remains nearly identical, with only minor differences in magnitude (see Figure 8c and Figure 10c). In contrast, the spatial distribution of the film thickness prediction error differs slightly between the two time steps, although the overall patterns remain similar (see Figure 9 and Figure 11). For the 18th time step (0.06 m/s), the peak film thickness errors are mainly located near circumferential angles of 45° and 150°. In contrast, for the 4th time step (0.54 m/s), they are located near 45° and 330°. This shift in error locations can be explained by changes in the magnitude and distribution of hydrodynamic pressure prediction errors across different operating conditions, particularly at very low sliding speeds outside the trained parameter range. These pressure deviations consequently lead to deviations in the calculated elastic deformation, which in turn affect the predicted film thickness. As illustrated in Figure 8d and Figure 9d, the maximum film thickness deviations occur in the same regions where the largest pressure deviations are observed. Furthermore, the evaluated operating condition (0.06 m/s) lies outside the training velocity range (0.1–8 m/s), representing an unseen operating condition for the PINN.




3.1.3. Validation of Lubrication-Regime Identification


This subsection evaluates the proposed PINN framework’s ability to identify the lubrication regime correctly. As mentioned previously, the GT contact model and the resulting asperity contact pressure are incorporated into the physical component without being treated as explicit network outputs, unlike the film thickness and hydrodynamic pressure. Thus, the lambda ratio (λ) derived from the predicted film thickness is used to determine the onset of mixed-lubrication conditions [69]. A value of (λ = 3) is used as the threshold between hydrodynamic lubrication and mixed lubrication [69]. The results are summarised in Figure 12, which is divided into three subfigures. The first subfigure presents the operating conditions, namely the sliding speed and specific pressure, which were used as input parameters for the real-time model. The second subfigure compares the true and predicted minimum film thickness, which serves as the basis for the lubrication-regime assessment. The third subfigure presents the comparison between the lambda ratio (λ) and the corresponding lubrication-regime assessment based on the critical threshold of λ = 3. Regions highlighted in green indicate correct prediction of the lubrication regime, whereas red regions represent incorrect regime classification. Overall, the predicted λ closely matches the true λ; however, deviations are mainly observed near the transition regions around the critical threshold. These deviations are primarily attributed to a slight temporal delay of approximately 10 ms in the predicted λ evolution, which leads to deviations during the transition between the hydrodynamic and mixed-friction lubrication regimes. This deviation may be attributed to the limited temporal resolution of the employed datasets, as the transient simulation was represented by only 18 time steps over two shaft revolutions (720°). A finer temporal discretisation was not feasible due to hardware memory limitations and the increased computational effort associated with PINN training. Consequently, the network tends to interpolate between neighbouring temporal states, which can result in a slight temporal lag in the predicted response.



In terms of real-time computational performance, the proposed approach achieved an average computation time of approximately 3.4 ms per time step and 61.2 ms per load case, while the corresponding real operating time for two shaft revolutions was approximately 304 ms. In contrast, the equivalent conventional EHD simulation required approximately 35 h for the same operating condition. This demonstrates the strong potential of the proposed model for real-time assessment of lubrication regimes. The real-time model evaluation was performed on a laptop equipped with an AMD Ryzen 7 PRO 5850U processor (8 cores, 16 logical processors) and 32 GB RAM.





3.2. Generalisation Performance Evaluation


In this section, the proposed real-time model is evaluated under static and dynamic loading conditions to assess its ability to generalise across the test rig’s operating range. The testing data used for this evaluation are described in Section Training, Validation and Testing Simulation Cases. Since the film thickness determines the lubrication regime, the evaluation focuses on predicting film thickness and the corresponding transition between lubrication regimes.



3.2.1. Evaluation Under Dynamic Operating Conditions


To evaluate the model under dynamic loading conditions, 12 dynamic load cases were considered. Although each load case was simulated separately, the corresponding operating conditions were sequentially supplied to the real-time model, with the time-step sequence restarting for each new load case. The corresponding results are summarised in Figure 13, which, similar to Figure 12, is divided into three subfigures. The first subfigure presents the operating conditions used as input to the real-time model, while the second and third subfigures show the corresponding film-thickness predictions and lubrication-regime assessment results based on the lambda ratio λ, respectively.



The results presented in Figure 13 show that the predicted λ closely follows the reference values, consistent with the validation cases. The mean model error for film-thickness prediction across the 12 dynamic load cases is 2.3%, while the corresponding error for lubrication-regime classification is 8.2%. The main deviations are observed near the transition regions around the critical threshold λ = 3, where small discrepancies in the predicted film thickness can lead to changes in the identified lubrication regime. Furthermore, it can be observed that the film thickness prediction error tends to increase with increasing magnitude of the true and predicted film thickness values. This behaviour indicates that larger absolute film thicknesses are associated with larger absolute deviations, although the proposed model accurately captures the overall trend and temporal evolution of the lubrication behaviour. Furthermore, the proposed real-time model tends to predict slightly lower film thicknesses in most cases, resulting in a conservative assessment of the lubrication regime compared to the high-fidelity model.




3.2.2. Evaluation Under Static Operating Conditions


For the evaluation of the model under static loading conditions, 204 static load cases were considered, covering the operating range of the 30 mm sliding bearing test rig with sliding speeds from 0.1 to 8 m/s and specific pressures from 1 to 12 MPa. To apply the proposed model under static-loading operating conditions, the time-step input parameter was kept constant at t = 1 for all cases. The results are summarised in Figure 14 and Figure 15. Figure 14 presents the magnitudes of the true and predicted film thicknesses, together with their deviations, across the entire operating range. Figure 15 illustrates the corresponding lubrication regime classification based on the true and predicted film-thickness values, using the critical threshold λ = 3. In addition, the figure presents the associated prediction errors, indicating whether the film thickness is overestimated or underestimated. Although the proposed model was primarily trained on dynamic loading conditions, the results demonstrate that it can also accurately predict the lubrication behaviour under static operating conditions. The mean model error for film-thickness prediction across the 204 cases is 2.34%, while the corresponding error for the lubrication-regime classification is 7.8%. This is consistent with the results observed under dynamic operating conditions. The model exhibits similar behaviour under static loading conditions to that observed under dynamic loading. In particular, the film thickness prediction error tends to increase with increasing magnitude of the true film thickness values, as shown in Figure 14. This behaviour is more pronounced under static loading conditions, where the hydrodynamic lubrication regime dominates over a wider range of sliding speeds. Furthermore, the model exhibits the largest deviations under the lowest load condition, corresponding to a specific pressure of 1 MPa, over almost the entire sliding speed range. A similar behaviour was also observed for the corresponding load range under dynamic loading conditions in dynamic case 11 (see Figure 13), where comparable deviations between the true and predicted film thicknesses were observed, reaching a maximum of approximately 3.5 μm. The larger deviations observed at the lowest load condition are likely related to the strongly hydrodynamic operating regime in this load range. Under these conditions, the pressure gradients become comparatively small, with maximum hydrodynamic pressures ranging from approximately 2 to 4 MPa, while the film thickness increases significantly, making the film thickness more sensitive to small deviations in the predicted hydrodynamic pressure field. Without considering the lowest load condition corresponding to a specific pressure of 1 MPa, the maximum deviation between the true and predicted film thickness values was approximately 1.5 μm under dynamic loading conditions and 2 μm under static loading conditions. In both cases, the maximum deviations occurred at film thickness values greater than 5 μm, which still correspond to hydrodynamic lubrication conditions. Therefore, these deviations have only a minor influence on the overall assessment of the lubrication regime.






4. Conclusions


This work proposes a method that replaces computationally intensive EHD simulations with a PINN-based surrogate model while maintaining comparable accuracy. The proposed PINN-based model enables real-time lubrication-regime monitoring in sliding bearings, making it suitable for online condition monitoring. Using only the bearing load and shaft rotational speed as inputs, the model directly predicts the hydrodynamic pressure and lubricant film thickness. The predictions are guided by the key governing physics of the reference EHD formulation, including the transient Reynolds equation, the Greenwood–Tripp contact model, and bearing surface deformation. The predicted film thickness is subsequently used to calculate the lambda ratio (λ), which is then employed to identify the lubrication regime. The proposed model is developed and evaluated using a validated EHD model of a 30 mm sliding-bearing test rig, with the EHD simulation results serving as the reference data for training, validation, and testing. The main findings of this work are summarized as follows:




	
The proposed PINN model predicts the lubricant film thickness with a mean error of 2.30% for dynamic load cases and 2.34% across the 204 static operating cases.



	
The proposed PINN model assesses the lubrication regime based on the predicted lubricant film thickness through the λ-ratio criterion, achieving mean classification errors of 8.2% for dynamic load cases and 7.8% for static operating cases.



	
The primary limitation of the proposed model is observed near lubrication-regime transitions and under low loading conditions, where small prediction errors have a greater impact on lubrication-regime classification.



	
The proposed PINN model reduces the computation time from several hours required by conventional EHD simulations to approximately 3.4 ms per time step and only a few hundred milliseconds per load case, demonstrating its potential for real-time lubrication-regime monitoring.








Future work will also investigate whether the proposed physics-informed approach can be transferred to new bearing geometries and lubricants with reduced additional training effort, limited supplementary datasets, or through parameterisation-based adaptation strategies. Furthermore, additional physical effects, such as temperature-dependent behaviour and thermo-elastohydrodynamic (TEHD) models, as well as the solution of reduced-order structural equations of motion for more accurate deformation prediction, will be incorporated to further enhance prediction accuracy under complex operating conditions. In addition, the transferability of the framework from the component level to the system level will be investigated to evaluate its robustness and applicability across a broader range of engineering applications, such as stern-tube sliding bearings within propulsion systems.
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Abbreviations




	
AD

	
Automatic differentiation




	
Adam

	
Adaptive moment estimation




	
EALs

	
Environmentally Acceptable Lubricants




	
EHD

	
Elastohydrodynamic Lubrication




	
FEM

	
Finite Element Method




	
GRU

	
Gated Recurrent Unit




	
GT

	
Greenwood and Tripp contact model




	
LSTM

	
Long Short-Term Memory




	
MBS

	
Multibody System




	
ML

	
Machine Learning




	
MSE

	
Mean Squared Error




	
NARX

	
Nonlinear AutoRegressive with eXogenous Inputs




	
PDE

	
Partial Differential Equation




	
PINNs

	
Physics-Informed Neural Networks




	
RMSE

	
Root Mean Squared Error




	
SciML

	
Scientific Machine Learning




	
TEHD

	
Thermo-Elastohydrodynamic Lubrication




	
Nomenclature




	
Symbol

	
Description

	
Unit




	
A

	
Apparent contact area

	
m2




	
B

	
Bearing width

	
m




	
Ci

	
Weighting factor of loss term (i)

	
–




	
D

	
Bearing diameter

	
m




	
E

	
Young’s modulus

	
Pa




	
E*

	
Composite elastic modulus

	
Pa




	
F

	
Radial bearing load

	
N




	
F5/2(Hs)

	
Greenwood–Tripp form function

	
–




	
f

	
Physics residual

	
–




	
FT

	
Applied external load

	
N




	
Fph+pa

	
Load generated by hydrodynamic and asperity contact pressures

	
N




	
h

	
Lubricant film thickness

	
m




	
Hs

	
Dimensionless film thickness (gap parameter)

	
–




	
K

	
Elastic factor

	
–




	
L

	
Characteristic length

	
m




	
l

	
Loss function

	
–




	
NC

	
Number of collocation points

	
–




	
ND

	
Number of domain points

	
–




	
NT

	
Number of training points

	
–




	
n

	
Rotational speed

	
rpm




	
p

	
Hydrodynamic pressure

	
Pa




	
pa

	
Asperity contact pressure

	
Pa




	
PTotal

	
Total pressure

	
Pa




	
t

	
Time

	
s




	
U

	
Sliding velocity

	
m/s




	
x, y

	
Cartesian coordinates

	
m




	
z

	
Axial coordinate

	
m




	
ėX,ėY

	
Time derivatives of eccentricity components

	
1/s




	
ε

	
Relative eccentricity

	
–




	
η

	
Dynamic viscosity

	
Pa·s




	
R2

	
Coefficient of determination

	
–




	
θ

	
Circumferential coordinate

	
rad




	
λ

	
Lambda ratio

	
–




	
ν

	
Poisson’s ratio

	
–




	
φ

	
Attitude angle

	
rad




	
ϕx, ϕy, ϕs

	
Patir–Cheng flow factors

	
–









Appendix A. Validation of the Local Deformation Approximation


The proposed local deformation operator was validated by comparing its predicted deformation field with the classical Boussinesq solution. Since the characteristic length L required by the standalone dimensional formulation is not known a priori, only the normalized spatial deformation behaviour could be assessed, whereas the absolute deformation magnitude could not be uniquely validated. The validation was performed on a two-dimensional square domain of 30 × 30 mm, discretized using a uniform 151 × 151 finite-difference grid and subjected to a centred Gaussian pressure distribution with a maximum pressure of 8 MPa. The resulting normalized Poisson and Boussinesq deformation fields yielded a spatial correlation coefficient of 0.976, indicating good agreement in the principal deformation zone and the overall spatial deformation pattern, as shown in Figure A1. However, despite this strong spatial agreement, the proposed formulation remains a local approximation and is therefore not equivalent to the global Boussinesq solution. While the proposed formulation determines the deformation from the local pressure field, the Boussinesq solution accounts for the elastic influence of the pressure distribution over the entire contact area.
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Figure A1. Comparison of the normalized deformation fields predicted by the local Poisson operator and the classical Boussinesq solution for a Gaussian pressure distribution. (a) Normalised Boussinesq deformation. (b) Normalised Poisson deformation. (c) Normalised deformation along the domain centerline. 






Figure A1. Comparison of the normalized deformation fields predicted by the local Poisson operator and the classical Boussinesq solution for a Gaussian pressure distribution. (a) Normalised Boussinesq deformation. (b) Normalised Poisson deformation. (c) Normalised deformation along the domain centerline.
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Figure 1. Schematic of the sliding bearing test rig and its corresponding EHD model. 
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Figure 2. Structure of the PINN framework for the prediction of hydrodynamic pressure (p) and film thickness (h) distribution in radial sliding bearings. The framework incorporates the axial (z) and circumferential (θ) directions, radial load (F), rotational speed (n) and time (t), training points (NT), collocation points (NC), loss functions (l), and Residuals (f). 
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Figure 3. Dynamic dataset showing the sliding speed and specific pressure distributions for the (a) training, (b) validation, and (c) testing datasets. 
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Figure 4. Distribution of testing dataset under static operating conditions. 
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Figure 5. Spatial distribution of the dataset points. 
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Figure 6. Training history of the total loss, supervised loss, and physics-based loss. 
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Figure 7. Training history of the individual contributions to the data and physics losses: (a) data-loss components and (b) physics-loss components. 
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Figure 8. Evaluation of the hydrodynamic pressure prediction for the 18th time step: (a) the true values, (b) the predicted values, (c) the spatial distribution of the prediction error, and (d) the pressure distribution along the selected axial and circumferential position where the peak pressure occurs. 
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Figure 9. Evaluation of the film thickness prediction for the 18th time step: (a) the true values, (b) the predicted values, (c) the spatial distribution of the prediction error, and (d) the film thickness distribution along the selected axial and circumferential position where the min. film thickness occurs. 
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Figure 10. Evaluation of the hydrodynamic pressure prediction for the 4th time step: (a) the true values, (b) the predicted values, (c) the spatial distribution of the prediction error, and (d) the pressure distribution along the selected axial and circumferential position where the peak pressure occurs. 
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Figure 11. Evaluation of the film thickness prediction for the 4th time step: (a) the true values, (b) the predicted values, (c) the spatial distribution of the prediction error, and (d) the film thickness distribution along the selected axial and circumferential position where the minimum film thickness occurs. 
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Figure 12. Evaluation of lubrication-regime assessment over the time steps as a function of angular position. 
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Figure 13. Evaluation of lubrication-regime assessment under dynamic load conditions. 
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Figure 14. Evaluation of film thickness prediction under static load conditions: (a) the true values, (b) the predicted values, (c) the 2D deviation between true and predicted values. 
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Figure 15. Evaluation of lubrication regime prediction under static load conditions: (a) true lubrication-regime assessment, (b) predicted lubrication-regime assessment, and (c) 2D deviation between the true and predicted results. 
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Table 1. Overview of PINN Applications for Sliding Bearings in the Literature.






Table 1. Overview of PINN Applications for Sliding Bearings in the Literature.





	Year
	Authors
	Activation Functions
	Layers/Neurons Number
	NN

Family
	Inputs
	Output
	Domains
	Operating

Regime





	2021
	Almqvist [41]
	Sigmoid
	1/10
	FF-NN
	x
	p
	1D/

Rigid
	Static



	2023
	Zhao

[45]
	Sigmoid
	3/16
	FF-NN
	x, y
	p
	2D/

Rigid
	Static



	2023
	Rom

[40]
	Tanh
	6/20
	CNN
	x, y and x, y, ε
	p, θ
	2D/

Rigid
	Static



	2023
	Cheng [46]
	ReLU-square, Tanh
	6/20
	FF-NN
	x, y
	p, θ
	2D/

Rigid
	Static



	2023
	Ramos

[42]
	Tanh
	6/15–60
	MLP
	x, y, ε, φ, ėX, ėY
	p
	2D/

Rigid
	Dynamic (excluding transient effects, e.g., squeeze-film effect)



	2024
	Shutin [43]
	Tanh
	10/20
	FF-NN
	x, y, u, v
	p
	2D/

Rigid
	Dynamic (excluding transient effects, e.g., squeeze-film effect)



	2024
	Zhou

[47]
	Tanh
	3/32
	FF-NN
	x, y
	p
	2D/

Rigid
	Static



	2025
	Saleh

[11]
	Sigmoid,

softplus
	4/256
	FF-NN
	z, θ, F, n
	p, h
	2D/

Flexible
	Static



	2026
	Hou

[44]
	ReLU-square, Sigmoid
	6/20
	MLP
	x, y, F, n
	p, ε
	2D/

Rigid
	Static










 





Table 2. Summary of simulation parameters [11].
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Fixed input parameter

	
Lubrication

	
Lubricant

	
FVA2 (additive-free mineral oil)




	
Kinematic viscosity at 40 °C

	
32 mm2/s




	
Temperature

	
40 °C




	
Geometry

	
Diameter

	
30 mm




	
Width

	
15 mm




	
Radial clearance

	
25 μm




	
Bearing

	
Material

	
CuSn12Ni2-C




	
Young’s modulus

	
108 GPa




	
Poisson ratio

	
0.33




	
Roughness Rq

	
0.74 μm




	
Shaft sleeve

	
Material

	
AISI 52100 (100Cr6)




	
Young’s modulus

	
210 GPa




	
Poisson ratio

	
0.3




	
Roughness Rq

	
0.45 μm




	
Variable input parameter

	

	
Radial load

	
0.45–5.40 kN




	

	
Sliding speed

	
0.1–8 m/s











 





Table 3. Framework configuration and training parameters.
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Bearing Geometry

	
Diameter (D)

	
30 mm




	
Width (B)

	
15 mm




	
Radial clearance

	
25 μm




	
Coordinate system

	
Circumferential coordinate

	
θ ∈ [0, πD]




	
Axial coordinate

	
z ∈ [0, B]




	
Computational domain

	
Circumferential sampling points (θ)

	
72




	
Axial sampling points (z)

	
27




	
Neural network

	
Input variables

	
z, θ, t, F, n




	
Output variables

	
P, h




	
Hidden layers

	
4




	
Neurons/layer

	
256




	
Dropout rate

	
0.1




	
Activation functions

	
Tanh, Sigmoid, Softplus




	
Training settings

	
Training domains (time steps)

	
16




	
Total training data points

	
31,104




	
Collocation domains (time steps)

	
128




	
Total Collocation data points

	
248,832




	
Optimizer

	
Adam




	
Initial learning rate

	
10−3




	
Weight decay (network parameters)

	
10−5




	
Learning-rate scheduler

	
StepLR, 5000 epochs, 0.9




	
Convergence criterion

	
Early stopping

(patience = 5000 epochs)











 





Table 4. Results of the model validation.
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Time Step

	
Liner Speed [m/s]

	
Specific Pressure [MPa]

	
Hydrodynamic Pressure

	
Oil Film Thickness




	
R2

[-]

	
RMSE

[MPa]

	
Peak

True

[MPa]

	
Peak

Predicted

[MPa]

	
Abs.

Error

[%]

	
R2

[-]

	
RMSE

[μm]

	
Min.

True

[μm]

	
Min.

Predicted

[μm]

	
Abs.

Error

[%]






	
1

	
0.21

	
0.9

	
0.9504

	
0.2189

	
5.292

	
6.090

	
3.42%

	
0.9965

	
1.1576

	
1.673

	
1.440

	
1.00%




	
2

	
0.32

	
0.9

	
0.9536

	
0.2379

	
5.942

	
6.588

	
2.77%

	
0.9974

	
0.9970

	
1.684

	
1.543

	
0.60%




	
3

	
0.43

	
0.9

	
0.9759

	
0.1976

	
6.718

	
6.925

	
0.89%

	
0.9981

	
0.8307

	
1.737

	
1.646

	
0.39%




	
4

	
0.54

	
0.9

	
0.9753

	
0.2222

	
7.319

	
7.305

	
0.06%

	
0.9987

	
0.6848

	
1.834

	
1.736

	
0.42%




	
5

	
0.65

	
0.9

	
0.9659

	
0.2792

	
7.814

	
7.548

	
1.14%

	
0.9989

	
0.6245

	
1.985

	
1.828

	
0.67%




	
6

	
0.77

	
0.9

	
0.9624

	
0.3004

	
8.006

	
7.769

	
1.01%

	
0.9987

	
0.6708

	
2.146

	
1.928

	
0.93%




	
7

	
0.88

	
0.9

	
0.9561

	
0.3231

	
7.910

	
7.799

	
0.48%

	
0.9980

	
0.8012

	
2.395

	
1.997

	
1.70%




	
8

	
0.99

	
0.9

	
0.9488

	
0.3453

	
7.732

	
7.909

	
0.76%

	
0.9970

	
0.9752

	
2.660

	
2.075

	
2.50%




	
9

	
1.00

	
0.9

	
0.9412

	
0.3637

	
7.496

	
7.816

	
1.37%

	
0.9946

	
1.2869

	
2.931

	
2.042

	
3.81%




	
10

	
0.96

	
0.9

	
0.9422

	
0.3454

	
6.862

	
6.180

	
2.92%

	
0.9936

	
1.3550

	
3.874

	
3.142

	
3.13%




	
11

	
0.84

	
0.9

	
0.9629

	
0.2771

	
6.853

	
6.573

	
1.20%

	
0.9948

	
1.2239

	
3.856

	
3.592

	
1.13%




	
12

	
0.73

	
0.9

	
0.9716

	
0.2431

	
6.865

	
6.825

	
0.17%

	
0.9948

	
1.2247

	
3.778

	
3.871

	
0.40%




	
13

	
0.62

	
0.9

	
0.9737

	
0.2355

	
6.939

	
6.990

	
0.22%

	
0.9945

	
1.2798

	
3.643

	
3.918

	
1.18%




	
14

	
0.51

	
0.9

	
0.9714

	
0.2482

	
7.075

	
7.106

	
0.13%

	
0.9941

	
1.3446

	
3.453

	
3.792

	
1.45%




	
15

	
0.40

	
0.9

	
0.9631

	
0.2859

	
7.252

	
7.112

	
0.60%

	
0.9938

	
1.4064

	
3.187

	
3.554

	
1.57%




	
16

	
0.29

	
0.9

	
0.9468

	
0.3493

	
7.481

	
7.053

	
1.83%

	
0.9934

	
1.4744

	
2.861

	
3.210

	
1.49%




	
17

	
0.17

	
0.9

	
0.9190

	
0.4422

	
7.766

	
6.950

	
3.49%

	
0.9929

	
1.5719

	
2.453

	
2.843

	
1.67%




	
18

	
0.06

	
0.9

	
0.9143

	
0.4384

	
7.802

	
6.749

	
4.51%

	
0.9913

	
1.8033

	
1.955

	
2.441

	
2.08%
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