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Abstract: Self-lubricating bearings are widely used in aerospace, marine, and other
fields due to their excellent performance. Accurate wear prediction for self-lubricating
bearings is crucial for ensuring the reliability and safety. However, achieving both
physical interpretability and high accuracy in predictive models remains a challenge, as
these bearings typically operate under varying load conditions and in high-noise
environments. In this paper, a hybrid physical damage neural network is proposed for
wear prediction. First, a "physics neuron operator" based on the Archard wear model is
designed and embedded into the network to directly compute wear depth. Second, a
cumulative damage law is introduced into this operator to quantify the degradation path
of the bearing during operation. Finally, the evolution law of wear stages is encoded as
a physical constraint in the loss function to compel the network's learning process to
follow the true degradation mechanism. To validate the model, a dedicated test platform
was built, and a full life-cycle degradation dataset for self-lubricating bearings was
collected. Experimental results show that the proposed model significantly outperforms
existing methods in prediction accuracy. Furthermore, this paper provides an in-depth
analysis of the model's physical interpretability, revealing its internal working
mechanism and significantly enhancing its credibility and generalization ability.
Key words: Hybrid Physical Damage Neural Network, Self-lubricating bearing,
Physical interpretability, Wear prediction
1.Introduction

Self-lubricating bearings are spherical plain bearings, as shown in Figure 1. Their
structure incorporates self-lubricating materials that maintain a continuous lubricating

film during operation, eliminating the need for external oil supply systems [1,2]. This
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characteristic endows the bearings with maintenance-free operation, compact design,
environmental friendliness, and contamination resistance, making them widely used in

aerospace, heavy marine engineering, and hydraulic engineering applications [3-5].
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Figure 1. Self-lubricating bearing structure diagram
However, wear is the primary failure mode of self-lubricating bearings [6-9].
Once severe wear occurs, it will directly cause the equipment transmission system to
seize up, potentially leading to major safety incidents [10,11]. Severe wear in self-
lubricating bearings is illustrated in Figure 2. Therefore, accurately predicting the wear
depth of self-lubricating bearings is crucial for real-time assessment of their condition

and timely maintenance.

(a) New self-lubricating bearing (b) Severe wear
Figure 2. Comparison of before and after wear
Current research on wear prediction falls into three categories: (i) physics-based
models, (ii) data-driven models, and (iii) hybrid physical mechanism and data models.
The first, physics-based models, are dedicated to predicting wear from first principles
by constructing mathematical models that embody the underlying tribological

mechanisms. These models (such as the classic Archard model) exhibit excellent
2
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physical interpretability. However, their predictive accuracy is highly dependent on the
precise characterization of contact mechanics, material properties, and wear
coefficients. Under actual variable operating conditions (such as load and temperature
fluctuations), these parameters are often difficult to obtain accurately. To address this
challenge, extensive research has focused on developing high-fidelity physics-based
models tailored for specific applications. For instance, Lin et al. [12] developed a
dynamics model based on the equivalent load method and integrated it with the Archard
model for wear prediction. Xing et al. [13] focused on the change rule of wear,
establishing a predictive model for cumulative wear depth and analyzing the influence
of axial load on key parameters. Zhang et al. [14] introduced a discretization strategy
to characterize the spatial non-uniformity of wear distribution. Li et al. [15] performed
more refined modeling of erosion-wear mechanisms. For self-lubricating bearings, Luo
et al. [16] conducted high-accuracy numerical simulations of bearing contact and wear
behavior using the finite element method. While Lu [17]and Zhang [5] proposed a
simplified analytical model based on the “conservation of total wear volume”
assumption to reduce computational cost while maintaining accuracy. Hao et al. [18]
and Li et al. [19] employed statistical models to fit and extrapolate measured wear
degradation data, thereby enhancing the engineering applicability of wear prediction.
Physics-based models rely on precise prior knowledge and idealized assumptions
[20,21], which limits their use and reduces prediction accuracy under variable operating
conditions. As a countermeasure, the data-driven prediction paradigm has emerged [22—
25]. This paradigm treats the physical system as a whole, learning the non-linear
mapping between historical monitoring data and wear states to predict future wear
[26,27]. The powerful representation capabilities of deep learning models have made
them a mainstream technology in this field, such as Multi-layer Perceptrons (MLP),
Long Short-Term Memory (LSTM), Deep Neural Networks (DNN), and Convolutional
Neural Networks (CNN). Scholars have also conducted in-depth explorations targeting
specific engineering problems. For instance, Yau et al. [28] designed an automatic
hyperparameter optimizer for artificial neural networks. Liu et al. [29] explored a
hybrid forecasting approach combining cluster analysis with machine learning models.
Cheng et al. [30] proposed a multi-signal forecasting network integrating Gramian
angular fields and residual transform neural networks. Dong et al. [31] constructed a
multi-model ensemble framework to handle massive signal volumes. Applications in

the field of self-lubricating bearings remain in the early exploratory stages, with a few
3
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representative works including: Pandiyan et al. [32] applied LSTM encoder-decoders
to predict bearing wear time series. Hao et al. conducted specialized studies on bearing
wear under specific operating conditions such as heavy loads [33] and high-frequency
oscillations [34].

Although existing methods have achieved certain progress, developing a wear
prediction model that simultaneously possesses high accuracy, strong generalization,
and physical interpretability remains a significant challenge [35]. On the one hand,
physics-based models are difficult to construct and costly due to their reliance on
extensive prior knowledge and experimental data [36]. On the other hand, data-driven
approaches are “black-box” models that suffer from issues with physical interpretability
[35,37,38]. Furthermore, their performance heavily depends on the quality and quantity
of training data [39], often resulting in poor generalization capabilities and high
computational costs under scenarios with small samples or multiple variable conditions.
Physics-Informed Neural Network (PINN), which combine the advantages of both
approaches, have the potential to address the aforementioned challenges [40].
Consequently, PINN is considered a promising method for wear prediction, and some
scholars have begun to explore its potential. For example, Pashmforoush et al. [41] and
Li et al. [42] enhanced model interpretability by explicitly incorporating physical
equation parameters into data-driven models. Gao et al. [43] utilized physical prior
knowledge to assist data feature extraction and model construction, thereby improving
the consistency between features and actual wear mechanisms. Yuan et al. [44] and
Zeng et al. [45] employed data-driven methods to calibrate and optimize unknown or
difficult-to-measure parameters in physical models, achieving data assimilation and
adaptive correction of physical models. Regarding model fusion strategies, Huang et al.
[46] perform weighted fusion of predictions from physical and data models at the output
layer using particle filtering to balance stability and accuracy. In contrast, Wang et al.
[47] achieve interactive coupling between physical and data-driven features at the
intermediate model layer, constructing a more tightly integrated deep fusion hybrid
prediction framework.

In fact, constraining data-driven models with physical models can largely address
the "black-box" problem and reduce the dependency on data quality. Essentially, this
approach replaces a portion of the data-driven model with physical equations,
compelling it to learn in accordance with real-world physical laws. However, due to

significant challenges in modeling physical behavior under varying operating
4
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conditions and constructing a fusion framework, coupled with the low signal-to-noise
ratio of self-lubricating bearing data throughout its entire lifecycle, few researchers
have employed hybrid methods for wear prediction under such conditions. Nevertheless,
as many recent review papers have pointed out [40,48,49], hybrid methods are a subject
worthy of in-depth investigation and are poised to bring tremendous value to the
application of artificial intelligence in industry.

This paper proposes a PINN for predicting wear in self-lubricating bearings. This
model achieves a true integration of wear laws and neural networks, yielding stable and
accurate wear prediction results. Specifically, first, data subsampling is performed using
compressive sensing techniques. Second, self-lubricating bearing wear is modeled from
the perspectives of degradation patterns and damage. The Archard mechanism and
cumulative damage law are designed as “physics neuron operator” to enable wear
prediction. Finally, the evolution pattern of wear stages is encoded as a physical
constraint within the loss function, compelling the neural network's learning process to
adhere to the actual degradation mechanism and guiding the training of the deep
learning model. Validation on a dedicated experimental platform demonstrates that the
proposed model significantly outperforms existing methods in prediction accuracy.

The main contributions are summarized as follows:

1) A novel “physics neuron operator” was designed. By linking physical damage
with wear, the wear prediction framework is constrained within the Archard model,
enhancing the model's sensitivity to data and prediction accuracy.

2) A novel physical loss function was designed. This enables the model to adhere
to macroscopic degradation patterns without overfitting to local data points, effectively
enhancing its generalization capability.

3) Degradation trajectories were designed based on cumulative damage theory.
Utilizing cumulative damage values to describe the degradation process of bearings
provides theoretical assurance for wear process prediction and enhances the model's
physical interpretability.

The rest of this paper is organized as follows. In Section 2, the foundation is
formally introduced. In Section 3, details of the proposed model are described. After
that, experimental research on the wear degradation of self-lubricating bearings is
conducted and the comparative results are presented in Section 4. Finally, conclusions

are provided in Section 5.
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2. Theoretical background

2.1 Data downsampling of wear degradation

Downsampling, as a preprocessing technique, aims to mitigate the trade-off
between data fidelity and computational efficiency. Its core objective is to compress
raw data to a more manageable scale while preserving as much information as possible
required for condition assessment. This ensures the efficiency and computational
feasibility of subsequent feature extraction and health prediction modeling processes.
Given that signal acquisition frequencies must satisfy the Nyquist-Shannon sampling
theorem [50], this method is particularly well-suited for preprocessing monitoring
signals with inherent high-frequency characteristics, such as acoustic emission (AE)
signals.

The theory of Compressed Sensing, proposed by Candes et al. [51], provides a
fundamental mathematical framework for circumventing the limitations of the Nyquist
sampling theorem. Its core idea is that if a signal X € R" is sparse in some transform
domain, it can be sampled at a rate significantly below the Nyquist rate through non-
adaptive measurements using a sensing matrix @ € R"™ " that is incoherent with the
transform basis. This process linearly projects the high-dimensional signal X onto a
low-dimensional measurement vector Y € R™, where the compression ratio is high
(n>> m). The essence of this process is that each element in the measurement vector Y
contains global information from the original signal X, which theoretically guarantees
that the original high-dimensional signal can be reconstructed exactly or with high
probability from these low-dimensional measurements. This fundamentally avoids the
aliasing distortion caused by conventional downsampling. The measurement model of

compressed sensing can be expressed as follows:

X=) 0,y =76 (1)
2
Y = X = oWo @)

As can be found in [52], the frequency band of AE signals generated during wear
monitoring is sparse. Therefore, the Fourier Transform is used here to convert the signal
from a non-sparse signal to a sparse one. The formula for the Fourier Transform can be

expressed as follows:
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N—-1
2T

e "N™xn] k=01,..,N—1 (3)

n=0
where x is the high-dimensional signal e is the base of the natural logarithm and i is the
imaginary unit. This transformation is usually denoted by the symbol F, i.e.:
X =Fx 4)
Therefore, the sparse matrix W in equation (2) is represented by the Fourier

Transform matrix, F. The overall framework of compressed sensing is illustrated in

Figure 3.
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Figure 3. Compressed sensing framework

2.2 Wear degradation law of self-lubricating bearing

The entire life cycle of self-lubricating bearings is typically divided into three
classic stages: an initial running-in stage, a steady-state wear stage, and a severe wear
stage [53-55], as illustrated in Figure 4. The initial running-in stage exhibits a high
wear rate. This is mainly attributed to initial macro-geometrical errors and micro-
roughness on the surfaces of the tribo-pair, which lead to a small real contact area and
high stress concentration. During this stage, intense interlocking, shearing, and plastic
deformation occur between surface asperities, inducing rapid material removal
[53,56,57]. However, this seemingly destructive process is, in essence, a constructive
surface-flattening mechanism. Under the combined effects of micro-cutting, plastic
flow of material, and diffusion of lubricant to the surface layer, the original surface
topography is gradually modified. Ultimately, this stage fulfills its core mission: to form
a smooth, conformal contact interface, thereby creating the necessary conditions for
establishing an effective self-lubricating film and transitioning to the long and gentle

steady-state wear phase.
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Figure 4. Wear degradation law of self-lubricating bearing

After the running-in period, the bearing enters the steady-state wear stage. At this
stage, a uniform and continuous self-lubricating film has formed on the friction pair
surfaces, fully utilizing the properties of the lubricant. Consequently, the wear rate
decreases significantly and is maintained at a low and relatively constant level, and the
tribological performance reaches its optimal state [56,57]. During this stage, the
dominant wear mechanisms shift to the more moderate adhesive wear and mild abrasive
wear. Due to the extremely low wear rate, the bearing can maintain reliable operation
for a prolonged period, exhibiting excellent service durability [53,55]. Therefore, the
steady-state wear stage is the longest phase in the life cycle of a self-lubricating bearing,
and its duration directly determines the bearing's effective service life and long-term
performance.

Ultimately, self-lubricating bearings inevitably transition from steady-state
degradation to a catastrophic stage of severe wear due to lubricant depletion or material
damage reaching a critical threshold. This stage marks the end of the bearing's
functional life. The fundamental cause lies in the compromised integrity of the self-
lubricating film, which can no longer effectively isolate the surfaces of the friction pair,
leading to direct contact between the metal substrates. Once this stage is entered, the
system will experience a positive-feedback, runaway degradation process: the wear rate
no longer increases linearly but instead surges exponentially [53-55]. The dominant
damage modes shift to highly destructive large-scale spalling, surface delamination,
and secondary damage from wear debris. These damages significantly shorten the
bearing's remaining useful life and jeopardize its operational safety.

2.3 Recurrent neural network (RNN)

A RNN is a class of artificial neural network architecture specifically designed for
8
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processing sequence data or time-series data. Unlike traditional Feedforward Neural
Networks, RNNs introduce recurrent connections into their network structure. This
enables the network to utilize hidden states between time steps, thereby effectively
capturing temporal correlations and dynamic features within the input data [58].
Specifically, the hidden layer unit in an RNN at each time step receives not only the
current input signal but also the output from the previous time step's hidden layer as an
additional input; this mechanism enables the network's "memory" function. Through
this recursive transmission of the hidden state, an RNN can preserve and update
information about the historical sequence within the network. This significantly

enhances its ability to handle problems involving temporal dependencies, enabling the

dynamic modeling and representation of the temporal information in the input sequence.

The mathematical formulation of an RNN is expressed as follows [59]:

hy = o(Wx; + Uhs_, + b) (5)
where x, € RM and h, € RV are respectively the input and the hidden state of the
cellinatimez. W € RV*M and U € R¥*VN are the weight matrices of the input of the
current cell and the weight matrices of the recurrent inputand b € RY denotes the bias
of the neuron. o(-) is the activation function of the neuron (sigmoid function).

In the specific task of wear prediction, the architectural advantages of RNNs are
fully demonstrated. Wear itself is a cumulative damage process with strong path
dependency, meaning the current state is the result of its entire historical evolution. The
unique recurrent structure of an RNN, through its recursively updated hidden state,
naturally aligns with this physical essence. Specifically, an RNN continuously encodes
and compresses historical degradation information and fuses it with new observational
data acquired at the current moment. This mechanism of continuous information flow
and updates enables the RNN to potentially capture both short-term fluctuation
characteristics and long-term evolutionary trends in the wear degradation process.
Therefore, an RNN can construct a non-linear dynamic degradation model that more
closely reflects physical reality, which is crucial for accurately predicting the future
wear trajectory.

3. The Proposed Methodology

The proposed hybrid physical damage neural network framework is illustrated in
Figure 5. This framework primarily consists of three steps, briefly described as follows:

1) Data subsampling based on compressed sensing. Compressed sensing
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techniques are employed to subsample the raw acquired signals, compressing the input
data to a more manageable dimensionality.

2) Wear calculation based on the Archard model. The subsampled data is fed
into a multilayer perceptron to estimate the contact stress at the current time step.
Subsequently, the corresponding instantaneous wear depth is computed through the
“physics neuron operator” embedded in the Archard model, enabling explicit
representation of the wear mechanism.

3) Deterioration trajectory calculation based on the cumulative damage model.
Leveraging the sequential memory capability of RNNs, historical wear data is
temporally coupled with the current instantaneous wear rate to construct the cumulative
damage process. This achieves prediction of the deterioration trajectory throughout the
entire life cycle of the self-lubricating bearing.
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Figure 5. Architecture of the proposed hybrid physical damage neural network
3.1 Self-lubricating bearing wear modeling
The purpose of a PINN is to endow a neural network with strong interpretability
and enable it to learn in accordance with physical laws. To ensure that proposed
prediction model possesses strong interpretability and generalization capabilities, this
paper models the most critical aspect of the wear prediction process: the wear
degradation. First, define the damage caused to bearings by external loads. Its

mathematical formula can be expressed as follows:

1
Dy = — (6)
r
Ny

10
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where Dy is the damage of self-lubricating bearings, Ny is the life of self-lubricating
bearings.
Therefore, the damage to the self-lubricating liner caused by the external load over

a time step At can be expressed as follows:
D; = d (7)
Ny i
where D; is the damage of self-lubricating bearing over a time step At under ith
loading, Ny; is the life of self-lubricating bearings under the corresponding number of
load cycles and applied external load.
After a period of operation, the cumulative damage suffered by the self-lubricating

bearing can be expressed as follows:
D = At ()
N¢ i
where D is the cumulative damage to self-lubricating bearings.
Since the load on the self-lubricating bearing is not a horizontal load and the action

between the loads is discrete, equation (8) can be expressed as follows:

n
p=y ©)
= Nri

where N; is the ith number of cycles loaded.

Next, the wear degradation of self-lubricating bearing is defined. Generally, the
wear degradation trajectory of self-lubricating bearing is related not only to operating
time but also to external load, material hardness, operating speed, and other factors.
Therefore, it is proposed to model it as a multivariate function:

u=f(t,x) (10)
where ¢ represents time and X represents a vector composed of external load, material
hardness, operating speed, and other factors.

Then, the wear degradation rate of self-lubricating bearings can be expressed as

follows:

ou _ o (t,x,u; A) (11)

at
The above equation is an explicit partial differential equation parameterized by A, and
@(-) represents the nonlinear function of ¢, x, and u. The function ¢(-) characterizes
the internal degradation of the self-lubricating bearings, and by altering this nonlinear

function, various forms of degradation can be represented.

11
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For the wear of self-lubricating liner, the wear degradation rate of self-lubricating
bearing can be characterized by Archard model [17]. The expression of wear
degradation rate and time can be expressed as follows:

dh (12)
V=0T KPv

Ah = KPvAt (13)
where y is the wear rate, 4 is the wear depth, K is the wear coefficient, P is the contact
stress, v 1s the running speed, A4 is the cumulative depth of wear over a time step At.

The data collected by sensors are stage jumping, and it is difficult to collect
continuous wear labels. Therefore, the constructed prediction model forecasts wear
under a certain time step.

Ah; = ANKp;v;At; (14)
where AN is the time step, and the rest of the variables are physical meanings
corresponding to the ith load.

Since the main failure mode of self-lubricating liner is wear [6-9], the wear
degradation of self-lubricating bearing can be equated to the damage suffered by the
bearing. Therefore, it is considered that damage to self-lubricating bearing caused by

external loads over a time step At; can be expressed as follows:

At
Di = _N = ANKpiUiAti (15)
i

Based on the cumulative damage rule of equation (9), the cumulative damage of

the bearing at the current moment can be expressed as follows:

D= ZANKpiviAti (16)
3.2 PINN Construction
The contact stress established based on prior knowledge in equations (12) and (13)
is difficult to solve. It is well known that neural networks are powerful function
approximators. Therefore, this paper utilizes the strong approximation capability of
neural networks to approximate the contact stress. Combined with equation (16), a
“physical neuron operator” for recurrent RNN unit is constructed. Its framework

schematic is shown in Figure 6.

12
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Figure 6. Physics neuron operator structure diagram
Based on the bearing wear conditions defined by the cumulative damage law in
Section 3.1 and the time sequence data, this paper defines the wear failure path of the
bearing as follows:

x(t) =x,(t— 1) + g,(6) + &(¢) (17)
where, x;(t) is the cumulative damage state of self-lubricating bearing at the present
time, x;(t — 1) is the cumulative damage state of self-lubricating bearing at last time,
g:(t) is the damage state of the self-lubricating bearing at the present time, &;(t) is
environmental noise. For the damage evolution of self-lubricating bearings, a
degradation model based on RNN to represent it. The expression is as follows:

g:(t) =a(Wh(t) + Ux;(t — 1) + b) (18)
where /(¢) is the output of the "physics neuron operator" operator in the RNN network,
combined with the physical damage operator (16) of section3.1, the physical neural
network can be defined as follows:

h(t) = ANKp(t)vAt (19)
where p(t) is the output of the MLP in the RNN network. So the calculated wear depth
for the RNN network can be represented by A(t).

A(t) = Kp(t)vat (20)
Since the physical equations constructed are discrete, the degradation trajectories

between discrete points are expressed as follows:

13
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x,(t + 4n) = (x,(c + 1) — x,(t))/4n (21)
where An is any point between the current time and the last time.
According to the wear degradation law of self-lubricating bearings introduced in
Section 2.2, this paper constructs a physical penalty term for the model, so that the
model better conforms to physical laws during the learning process. The physical loss

term can be constructed using the following formula:

N
L = Z Re L 0% (22)
PDE = £, eLu 9t2

iz
where Lppg is physical loss function, Re Lu(:) is activation function.

At the same time, the optimization objectives include data loss and monotonicity
loss. In this study, cumulative damage model is introduced into the PINN, constructing
a neuron operator with physical mechanism constraints. The cumulative damage model
itself has the physical property of monotonic increase, which naturally ensures the
physical plausibility of the predictions in the PINN's loss function without the need to
add additional monotonicity constraints. Therefore, the remaining optimization
objectives only need to be constructed for the data term, and its expression can be

represented by the following formula. The total loss function is shown in Figure 7.

1 n

Loa =5 > G =9 (23)
i=1

L = Lyya + aLppg (24)

where L., 1s the data loss function, y; is the true value and J; is the predicted value,

«a is trade-off parameters.
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Figure 7. Physics-based constraint mechanism
4. Experimental case study
4.1 Experiment setup
To investigate the wear degradation behavior of self-lubricating bearings, a full
life-cycle wear test platform was designed and constructed. As illustrated in Figure 8,
the platform is primarily composed of four core parts: a loading system, a driving

system, a control system, and a data acquisition network.

Control system Loading system Data acquisition network] | Driving system

Acoustic ' i{
@ emission sensor Y

ARET

Figure 8. Full life cycle self-lubricating bearing wear experimental platform
To clearly illustrate the various components of the platform, Figure 9 shows the
details of each component. Accurate and controllable loads, along with high-quality
data acquisition, are crucial for predicting wear. So, the following sections will provide

detailed explanation of the design schemes and key components of the subsystems.
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Figure 9. Detailed part of test platform for self-lubricating bearing

The loading system is designed to simulate the loads experienced by self-
lubricating bearings during actual flight profiles. It consists of independent axial and
radial loading modules, with a schematic diagram shown in Figure 10. Loading in both
directions is driven by cylinders to achieve precise force control. Axial loading (Figure
10a): The axial cylinder produces tensile force by pulling the axial loading plate. One
end of the loading rod is bolted to this pulling plate, while the other end passes through
the support bearing housing and connects to the bearing under test. Through this force
transmission path, the axial load is accurately applied to the bearing under test. Radial
loading (Figure 10b): The radial cylinder acts directly on the bearing housing under test
through a loading rod. The loading rod is bolted to the bearing housing, thereby
applying the preset radial load to the bearing under test.

(a) Axial loadin (b) Radial loading

Figure 10. Load system diagram
The drive system is responsible for providing reciprocating oscillation for the test,
and its structure is shown in Figure 11. The power transmission path of this system is
as follows: the servo motor is coupled with a planetary gearbox to generate the set speed

and to reduce speed while increasing torque. Subsequently, the reduced torque is
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transmitted to the torque sensor through a dual-disc coupling. Finally, the torque is
transferred from the sensor to the rotating main shaft via a locking coupling, thereby

driving the self-lubricating bearing specimen to perform reciprocating oscillation.

ITransmission shaft"Support bearing housing |T0rquc sensor " Coupling ” Planctary gearbox and motor |

Figure 11. Drive system diagram
In the data acquisition network, special designs were made to ensure measurement
accuracy. A high-precision displacement sensor is installed in a pre-drilled hole in the
bearing housing, with its probe in contact with the bearing's outer ring for real-time,
direct measurement of the radial displacement caused by wear, i.e., the wear depth.
Simultaneously, an AE sensor is tightly coupled with the bearing's outer ring through a
pre-set channel inside the housing to minimize signal attenuation, thereby acquiring

high-fidelity AE signals. A schematic diagram of the system is shown in Figure 12.

.
& Radial force
Wear sensor y_Sensor

Figure 12. Data acquisition network diagram

The control system of the experimental platform adopts a hierarchical control
architecture, with its system principle illustrated in Figure 13. The lower-level
controller is a programmable logic controller (PLC), responsible for controlling the
operation of the axial and radial cylinders. The upper-level controller is an industrial
computer running a closed-loop feedback control algorithm. This algorithm compares
the feedback signals from the sensors with predefined load/motion profiles in real time.
When the deviation exceeds the threshold, the industrial computer generates

compensation instructions sent to the PLC, which then drives the corresponding
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actuators to make adjustments, ensuring the precise reproduction of test conditions. The

main technical specifications of this test platform are detailed in Table 1.

<« — — —» Industrial computer .
1

Actual load

< Compensation
<

~

.~ “Compensation
/
-~ 14 /

k_,"‘RActual load

Figure 13. Designed test platform and dynamic load control

Table 1 Main technical specifications of test platform

Test platform Specification Main parameters
component
Motor ECMA-J11010RS Power: 1000 W
Epicyclic gearbox PLF-120 Maximum input speed: 4800r/min
Loading cylinder YRJ065-L20-B5E- /
H3K1S3
PLC LY-CS05 /
Wear sensor SN-312-822 /
AE sensor QC-MG500/1 Frequency domain: 100KHZ-
1000KHZ

To rigorously validate the effectiveness and engineering practicality of the
proposed PINN model, the experimental conditions in this study strictly simulated the
actual operating conditions of an aircraft. During the experiment, all key parameters

(such as load, swing frequency, and angle) were precisely controlled through a high-
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precision, closed-loop system integrated with the test platform's servo control system
and PLC, in order to reproduce the actual application environment to the greatest extent
possible. Crucially, to ensure the authenticity and representativeness of the data, full-
life-cycle wear experiments were conducted. No form of accelerated aging was used,
with the aim of obtaining the most genuine and un-manipulated wear evolution data of
self-lubricating bearings under typical aviation operating conditions.

During the experiment, AE and wear data were acquired via a host computer.
Specifically, AE signals were sampled at a high frequency of 2 MHz to finely record
the bearing's state throughout the entire 110000-cycle operational period. Concurrently,
wear data was acquired at a frequency of 20 Hz, covering the same cycle range.

4.2 Dataset preparation

To construct a benchmark dataset capable of effectively training and accurately
evaluating proposed model, a systematic, physics-based data selection and alignment
protocol was designed and executed. In fact, during long-term operation, elevated
temperatures at the bearing contact interface significantly interfere with AE signal
characteristics. To separate the effects of wear from thermal effects in analysis, the
following strategy was adopted: each operational day was treated as an independent
experimental unit, and only data from the after two hours after startup were selected.
This period corresponds to the stage when the bearing reaches thermal stability,
ensuring that all selected data points are obtained under isothermal conditions. Building
on this foundation, precise feature-label pair construction was performed. For each
selected 2-hour data segment, a representative, complete AE signal cycle was extracted
as the input sample. In strict synchronization, wear measurement data within the same
time window was extracted to serve as the corresponding supervised learning label for
that AE sample. This one-to-one, time-synchronized pairing strategy ensures the causal
relationship between input features and output labels, which is the cornerstone of
building a high-quality predictive model. The detailed composition parameters of the
final dataset are summarized in Table 2.

Table 2 Data set composition

Signal type Sample frequency Sampling period Extraction time
AE 2MHZ full life circle two hours later
Wear 20HZ full life circle two hours later

4.3 Results and discussions

In this section, the proposed hybrid framework is employed to predict wear depth
19
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in self-lubricating bearings. Concurrently, the predictive performance of the proposed
model is compared with multiple alternative approaches, and the interpretability of the
mechanism-fused model is further analyzed.
4.3.1 Evaluation index

Two metrics were constructed to evaluate the prediction results, including Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE). These metrics are widely

used in existing prediction methods. The formulas for MAE and RMSE are as follows:

N
1
MAE == Iy; = il (25)
i=1

T 6)
RMS = NZ @ - v
i=

4.3.2 Parameter establishment

Before training the model, it is necessary to provide the model with parameters of
the physical model as well as hyperparameters of the neural network model, including
the wear coefficient of the Archard model, the number of hidden layer neurons in the
MLP model, the learning rate, and the dropout probability.

In the physical model, the K value is not a universal physical constant but a
dimensionless, highly composite parameter that depends heavily on the material system
and surface condition of the friction pair. Physically, it represents the probability of
wear debris generation due to the interaction of asperities in a specific sliding contact.
Therefore, accurately determining the wear coefficient K value is the fundamental
prerequisite for ensuring the predictive accuracy of the Archard model and serves as a
key bridge connecting theoretical models to actual wear behavior. Considering the
material system of the self-lubricating bearing used in this study, the K value is
1.0452x10'" mm?N [5].

In deep learning models, predictive performance heavily depends on the proper
setting of key hyperparameters. These parameters collectively determine the model's
learning capacity, convergence speed, and generalization performance. The number of
hidden layers and the number of neurons in each layer directly determine the model's
complexity and fitting ability. To achieve a balance between model performance and
computational efficiency, this study adopts a structure with 5 hidden layers. The

learning rate is the core hyperparameter that controls the step size of weight updates
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during gradient descent. Considering both convergence efficiency and stability, this
study sets the initial learning rate to 0.001. To further enhance the model's
generalization ability and effectively suppress overfitting, this study introduces dropout
regularization between hidden layers. Specifically, a dropout probability of 0.5 is
applied, meaning that during training, each neuron in the hidden layers has a 50%
chance of being temporarily ignored.

In summary, the selected values of physical parameters and hyperparameters are
shown in Table 3.

Table 3 Hyperparameter settings

Hyperparameter Value Hyperparameter Value
K 1.0452x101° learning rate 0.001
Number of hidden layers 5 dropout probability 0.5

4.3.3 Model results and comparisons

This section systematically validates the superiority of proposed PINN model by
benchmarking it against a multi-level matrix of comparison models. First, the
comparative results of all models are presented collectively. Subsequently, detailed
comparative results for each level are shown in subsequent subsections. The overall
predicted trajectories are illustrated in Figure 14, while the error quantification results
are presented in Figure 15.

0 Proposed Method RNN LSTM -o- CNN Transformer -0- CNN+RNN CNN+LSTM o Transformer+RNN Transformer+LSTM

-0 Without Physical Mechanism -0 True Value

B

0.180

0.090

0.060

0.030

0.0008

Figure 14. Performance comparison of different models
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Figure 15. Comparison of prediction errors for different models
4.3.3.1 Compare with a single model

The wear process of bearings is essentially a time series problem. Therefore,
several representative deep learning models that perform well in the field of time series
prediction were selected as baseline references to evaluate their performance in directly
predicting wear. For the single-model comparison, four highly representative deep
learning models from the field of time series analysis were selected as baselines: RNN,
LSTM, CNN, and Transformer models. The input for all these models was unified as
the AE signal data processed by Compressed Sensing. Their common objective is to
directly learn the complex non-linear mapping from the input signal to the final wear
value of the self-lubricating bearing through end-to-end training.

Figure 16 illustrates the comparison between the predicted trajectories of the single
model and the proposed model. When applied to the full-lifecycle data collected on-
site, the first-category benchmark model exhibits overall poor predictive performance.
As seen in Figure 16, the output of the Transformer model remained almost unchanged,
while the CNN, LSTM, and RNN models, though exhibiting fluctuations, produced
trajectories that were inconsistent with the actual wear trend. This is primarily because,
during the long steady-state wear period, the actual change in wear amount is extremely
slow and subtle, leading to a very low signal-to-noise ratio. Under these conditions,
purely data-driven models struggle to learn the effective degradation law and are instead
prone to interference from noise. In contrast, proposed PINN model, by embedding
physical laws, is guided towards the correct function space, thus exhibiting superior
prediction performance.
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Figure 16. Comparison of prediction results for single model
4.3.3.2 Compare with hybrid models

To combine the strengths of different models, a hybrid model consisting of several
deep learning models was constructed as the second type of comparison. The second
comparison model adopted a “feature extractor-sequence processor” architecture.
Specific combinations included CNN-LSTM, CNN-RNN, Transformer-LSTM, and
Transformer-RNN. In this architecture, CNN or Transformer is first used for its
powerful feature learning capability to extract deeper and more discriminative abstract
features from the compressed sensing processed AE data. Subsequently, these feature
sequences carrying key information are fed into sequence models such as LSTM or
RNN for training, in order to capture the long-term temporal dependencies between
features, ultimately obtaining more accurate predictions of self-lubricating bearings
wear.

Figure 17 illustrates the comparison between the hybrid model and the proposed
model's predicted trajectories. The second baseline model—the hybrid model—also
failed to capture the correct wear pattern. Interestingly, the error comparison in Figure
17 shows that the performance of these hybrid models was even inferior to that of some
single models. We speculate this may be because the feature extractor, when processing
such slowly changing signals, acts as an information bottleneck, inadvertently
discarding the subtle temporal information crucial for sequence modeling during the
feature extraction process. This phenomenon further highlights the inherent limitations

of purely data-driven models when data quality is constrained.
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Figure 17. Comparison of prediction results for hybrid models

4.3.3.3 Compare with proposed model without physical mechanisms

The comparison between the proposed model and the model that does not
incorporate physical mechanisms is shown in Figure 18. This model, which has an
identical network architecture and hyperparameters to proposed PINN except for the
removal of the "physics neuron operator" and physical loss constraints, performed
similarly to the first and second classes of baselines and failed to capture the slow

monotonic trend and yielded substantially larger errors. These results indicate that

performance gains stem from the embedded physics rather than architecture alone.
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Figure 18. Comparison of prediction results for proposed model without physical
mechanisms
4.3.4 Effectiveness of Physical Neural Networks

In this subsection, the role of embedding “physics neuron operator” in deep
learning models is discussed from the perspectives of model interpretability and
accuracy.

A truly interpretable predictive model should not only provide accurate results but
also reveal the 'why' and 'how' behind those results. To this end, a dual-diagnostic
framework is proposed to systematically evaluate the physical interpretability of the
proposed model, transforming it from a “black box” into an analyzable “gray box.”

First, deviation analysis of cumulative wear trajectories is conduct. Thanks to the
24

920z Atenigad Gz uo Jasn Aysienun Buojoelr leybueys Aq jpd-ge9|-Gz-es10/G8EE652/281 L L0V LISL L L 0L/1opApd-joie/Bulissuibusbuindwoo/Bio-swse uonos|joojenbipswse//:dny woy papeojumoq



embedded cumulative damage law in the model, the predicted trajectory can be
compared and evaluated point by point against actual degradation data. This not only
quantifies the overall prediction error, but more importantly, assesses whether the error
sequence itself carries physical meaning. Second, instantaneous wear rates can be
diagnosed. The designed “physics neuron operator” enables the instantaneous wear rate
of computations within the network to be measured. By comparing the model's internal
predicted values with the instantaneous wear rate derived from real data, the
performance of the model at each time step can be accurately evaluated. Since the
instantaneous wear rate is jointly determined by the data-driven component and the
Archard physical model, analyzing the error in the instantaneous wear rate effectively
quantifies the adaptive learning behavior of the data-driven component under physical
constraints. This allows us to clearly identify, at every predicted moment, whether the
data corrects the physical model or the physical model constrains the data, thereby
achieving deep insights into the model's internal decision-making mechanisms.

Figure 19 displays the results for the cumulative wear trajectory deviation and the
internal diagnosis of the instantaneous wear rate, respectively, to systematically
evaluate the physical interpretability of the proposed model. Analysis of cumulative
wear trajectory deviation (Figure 19 a) reveals significant error deviation during the
initial stage, consistent with the inherent high uncertainty in the wear process at this
phase [53,56,57]. Subsequently, the deviation decreases, which is attributable to the
penalty on cumulative error in the loss function, reflecting the model's adaptive
correction capability. Upon entering the steady-state wear period, the error does not
vanish but instead fluctuates slowly within a bounded range. This smooth fluctuation,
rather than sharp oscillations, is precisely because the embedded physical constraint for
the wear stages acts as a regularizer, preventing the model from overfitting to local data
points and compelling it to adhere to the macroscopic degradation law [40]. Crucially,
the point of slope change (i.e., the inflection point) of the deviation curve has a clear
physical meaning. As shown in Figure 19a, this inflection point occurs at the 7th
monitoring point, which perfectly aligns with the critical point of transition from the
running-in to the steady-state phase observed in the experiment. This provides
compelling evidence that the model not only fitted the data but also autonomously
learned and identified the physical phase transition point. In summary, by embedding
“physics neuron operator” the model's prediction process can be “dissected,” thereby

significantly enhancing its reliability and controllability.
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Figure 19. Error of the proposed model. (a) Deviation results for cumulative wear trajectories
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(b) internal diagnostic results for instantaneous wear rates

For the internal diagnosis of the instantaneous wear rate, its visualization is shown
in Figure 19b. In the initial running-in phase, the prediction error of the instantaneous
wear is significantly high. This is mainly because, on a physical level, the running-in
stage involves the fracture and plastic deformation of numerous asperities, causing the
actual Archard wear coefficient to be a highly variable dynamic parameter [55].
However, the built-in Archard formula in proposed model uses a relatively simplified
wear coefficient and thus cannot fully capture the high stochasticity of this stage,
leading to the initial error. However, as the wear enters the stable stage, the prediction
error rapidly converges and is maintained within a minimal range (£0.01), exhibiting
stable fluctuation. This phenomenon reveals the synergistic working mechanism within
the model: on the one hand, the physical laws embedded in the loss function constrain
the MLP's prediction of contact stress, preventing abrupt changes caused by data noise;
on the other hand, the data-driven MLP module performs fine-tuning within the
physical framework to adapt to changes in real operating conditions. This stable, low-
error fluctuation, rather than zero error, also appropriately represents the inherent
random uncertainty in wear prediction. In summary, the diagnostic results of the
instantaneous wear rate indicate that proposed model successfully achieves an effective
balance between adhering to dominant physical laws and adapting to dynamic data
changes, thereby enabling reliable and accurate prediction of the subsequent stable wear
stage.

In summary, the proposed model can effectively improve prediction accuracy.
More importantly, it builds an intelligent prediction model with traceable mechanisms
and understandable decision-making. Firstly, by embedding "physics neuron operator",
it ensures that the logic of wear calculation is confined within the Archard physical
framework. This means the model's output is no longer a number, but a result that can

be verified and derived step by step through physical formulas [40]. Secondly, by
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introducing a physical loss function, a 'guardrail' is set for the model's learning process,
forcing it to discover and fit the invariant physical degradation patterns behind the data,
rather than simply memorizing the noise and randomness of a specific dataset [48]. The
combined effect of these two mechanisms transforms the deep learning model from an
opaque 'black box' into an analyzable 'grey box', clearly revealing its decision-making
process and greatly enhancing its credibility and reliability in practical engineering
applications.

5. Conclusion

Deep learning models face limitations when processing field-collected industrial
data due to their excessive reliance on data quality and “black box™ characteristics. To
address this issue, this paper proposes a hybrid physical damage neural network based
on the wear stages of self-lubricating bearings and establishes a full-lifecycle
experimental platform for validation. The main conclusions are as follows:

1) The proposed model successfully learns the underlying functional relationships
from field data. By embedding physical prior knowledge, it effectively mitigates the
negative impact of data quality on prediction results, achieving accurate wear prediction
for self-lubricating bearings.

2) Unlike purely data-driven models, this model integrates the Archard wear
theory and cumulative damage law, making its internal computational logic adhere to
real physical mechanisms. This opens the "black box" of deep learning and significantly
improves the model's interpretability.

3) By embedding the wear degradation law into the loss function, the model's
learning process is subjected to strong physical constraints. This compels the model to
discover and fit the invariant physical laws behind the data, rather than simply
memorizing the noise of a specific dataset, fundamentally enhancing its generalization
ability.

4) Compared to other models, the experimental results demonstrate that the
proposed model can autonomously identify and accurately pinpoint the physical critical
point of the transition from the running-in to the steady-state phase, and it reasonably
represents the inherent random uncertainty in the wear process.

Future work will primarily focus on two directions: first, exploring the
introduction of an adaptive wear coefficient into the model to further reduce the impact

of non-steady-state factors like the running-in period on prediction accuracy; second,

27

920z Atenigad Gz uo Jasn Aysienun Buojoelr leybueys Aq jpd-ge9|-Gz-es10/G8EE652/281 L L0V LISL L L 0L/1opApd-joie/Bulissuibusbuindwoo/Bio-swse uonos|joojenbipswse//:dny woy papeojumoq



extending the dynamic wear framework constructed in this paper to explore its

application potential in a broader range of industrial scenarios.
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