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Abstract

During the incipient localized-fault stage, impact signatures in ball bearings are weak.
Accurate degradation labels are difficult to construct. Purely data-driven models often
lack physical consistency. To address these issues, a dynamics-constrained graph neural
network (DC-GNN) was developed for early fault evolution modeling in ball bearings.
Firstly, a bearing dynamic model was established based on nonlinear ball-raceway contact
mechanics. A fault evolution parameter was then introduced. The incipient localized fault
was represented by contact stiffness degradation. It was also described through increased
local additional displacement. This formulation captured the continuous transition from a
healthy condition to slight localized damage. Secondly, the bearing was represented as a
graph structure. The inner ring, outer ring and balls were defined as nodes. Ball-raceway
contacts were treated as edges. Contact deformation, contact stiffness, contact force, and a
fault-region indicator were embedded into node or edge features. A DC-GNN was then
constructed. Finally, dynamic simulations were performed under different fault evolution
levels. Bearing vibration data were also used for validation. The results show that contact-
force fluctuations intensified as the fault evolution parameter increased. The time-domain
impact amplitude also increased. Fault characteristic components became more prominent
in the envelope spectrum. The degradation indicator exhibited a consistent evolution trend.
These variations agreed well with incipient localized fault progression. This study provides
an effective approach for early fault evolution characterization in rolling bearings.

Keywords: data-driven models; bearing dynamic model; DC-GNN; early fault

1. Introduction

Rolling bearings are critical support components in rotating machinery. Their operat-
ing condition directly affects the safety and reliability of equipment systems [1]. During
long-term service, bearing raceways and balls are susceptible to cyclic loads, unstable lubri-
cation, assembly errors, or impact loading. These factors can induce microcracks, pitting,
or localized spalling [2,3]. Compared with advanced faults, incipient localized defects
usually exhibit a small damage size, weak impact energy, low characteristic-frequency
amplitudes, and high sensitivity to noise. Conventional time-domain, frequency-domain,
or time-frequency methods often produce unstable features during weak-fault identifica-
tion [4]. Therefore, accurately characterizing the transition from a healthy state to incipient
localized damage is essential for early warning degradation prediction.

From a mechanistic perspective, incipient localized faults in bearings essentially result
from coupled changes in surface geometry, local load-carrying capacity, and contact state
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at the ball-raceway interface [5]. Under healthy conditions, periodic nonlinear contact
occurs between each ball and the raceway. The resulting contact deformation and force
depend on radial load, radial clearance, and contact angle. They are also strongly governed
by ball position, cage motion, and inner-ring speed [6]. According to Hertzian contact
theory, contact force exhibits a pronounced nonlinear dependence on local elastic defor-
mation [7]. As each ball enters or leaves the load zone, the load distribution among balls
changes periodically with time. The contact state also varies, providing an important
internal excitation for bearing vibration [8]. After a localized defect forms, a ball passing
through the defect zone typically undergoes local unloading, defect entry, edge impact,
recontact, and load recovery. These processes induce transient fluctuations in contact
deformation, equivalent contact stiffness, and contact force. They further excite structural
resonance, periodic impacts, and amplitude-frequency modulation [9]. Previous studies
have developed bearing dynamic models with different degrees of freedom [10]. These
models are based on nonlinear dynamic equations. Localized defects have been represented
in several forms [11]. Common representations include local geometric depressions and
time-varying displacement excitation. Time-varying contact stiffness or equivalent impact
forces have also been used. Defect width and depth strongly affect collision intensity [12].
Edge geometry also plays an important role. The defect position within the load zone
further influences collisions during ball entry or exit. Radial load, speed, and clearance
alter load distribution [13]. They also affect contact duration and the intrinsic properties of
the system. These changes further influence impact amplitude, characteristic frequencies,
and nonlinear response patterns. These studies have provided an important basis for
explaining the vibration mechanism of localized faults. However, most existing models
treat a defect as a fixed geometric structure with prescribed width and depth. In practice,
an incipient fault does not instantly develop from a healthy state into pronounced spalling.
It usually progresses through several continuous stages. These stages include microcrack
initiation, crack propagation, local material removal, reduced contact capacity, and slight
spalling. Therefore, a continuous fault evolution variable with clear physical meaning
is required. This variable can bridge the gap between fixed-defect models and actual
progressive degradation.

In recent years, deep learning methods have been widely applied to bearing fault
diagnosis, health assessment, and remaining useful life prediction. Common methods
include Convolutional Neural Network (CNN) [14], Long Short-Term Memory (LSTM) [15],
Transformer [16], transfer learning [17], and autoencoders [18]. These studies have greatly
improved automatic feature extraction from complex vibration signals. However, most
models still use an end-to-end framework. They directly map input signals to fault classes,
health indicators or remaining useful life. In these frameworks, a bearing is treated as
a single signal source [19]. The contact topology among the inner ring, outer ring, and
balls is rarely modeled explicitly. Local load distribution and fault propagation paths also
receive limited attention. When training samples are limited, degradation labels are often
constructed from empirical indicators. Test conditions may also deviate from the training
distribution. Under these conditions, models tend to rely on statistical correlations in
the data. The extracted features may therefore lack physical consistency with changes in
contact state [20]. For a ball bearing, the inner ring, outer ring, and individual balls can
be represented as graph nodes. Contacts between balls and raceways can be represented
as graph edges. Contact deformation, contact stiffness, contact force, and fault-zone state
can serve as node or edge features. This graph representation explicitly captures internal
structural relations and load-transfer paths [21]. However, a graph structure alone cannot
ensure dynamic equilibrium. It also cannot guarantee compliance with nonlinear contact
constitutive laws. Pure dynamic models rely on idealized parameters and boundary
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assumptions. They cannot fully reproduce assembly errors, structural transmission, or
random noise in real operation. Purely data-driven models lack physical constraints.
Their predictions may therefore conflict with actual contact states. A unified graph neural
network (GNN) is still needed. It should integrate continuous early fault evolution, bearing
contact topology and nonlinear dynamic constraints. This integration is essential for
improving generalization, physical consistency, and interpretability.

Therefore, an early bearing fault evolution method based on a dynamics-constrained
graph neural network (DC-GNN) is proposed. Firstly, a bearing dynamic model is estab-
lished from the nonlinear ball-raceway contact mechanism. Secondly, a fault evolution
variable is introduced. An incipient outer-ring fault is represented by reduced contact
stiffness and increased local additional displacement. This representation describes the
continuous transition from a healthy state to slight localized damage. The bearing system
is then represented as a graph. Its nodes include the inner ring, outer ring, and balls.
Ball-raceway contacts form the graph edges. A DC-GNN is further constructed. The loss
function includes data error and dynamic-equation residuals. It also contains a Hertzian
contact-force constraint and a fault-evolution smoothness constraint. These constraints
allow the model to learn vibration degradation features while obeying bearing contact
dynamics. The proposed method is validated using dynamic simulations and experimental
bearing vibration data. Its effectiveness is evaluated through contact force, time-domain re-
sponses, envelope spectra, phase portraits, and shaft-center orbits. Degradation indicators
and health-indicator predictions are also analyzed.

2. Dynamic Model of Early Failure Bearing
2.1. Dynamic Model of the Healthy Bearing

A ball bearing is mainly composed of the inner ring, outer ring, balls, and cage. Its
structure is shown in Figure 1. During operation, complex nonlinear contact occurs between
the balls and raceways. The bearing vibration response is mainly governed by contact
deformation, radial load, radial clearance, and ball position. To highlight the influence of
an incipient localized fault on the bearing dynamic response, the following assumptions
are made:

(1) The outer ring is fixed, while the inner ring is rotated with the shaft.

(2) Hertzian contact is assumed between each ball and the raceways.

(3) Complex factors are neglected, including temperature rise and severe lubrication
fluctuations. Intense cage impacts are also ignored.

(@) (b)

Figure 1. Bearing structure: (a) three-dimensional structure; (b) radial cross-sectional diagram.
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Let the number of balls in the bearing be denoted by N. The angular position of the
z-th ball at time ¢ can be expressed as [22]

21t(z — 1)

0, = w.t + N

+ 6o )

where 6 denotes the initial angular position of the z-th ball. The cage angular velocity is
denoted by w, and can be expressed as

we = ;[a)i<1—gicosaﬂ 2)

where w; denotes the inner ring angular velocity. The ball diameter and pitch diameter
are denoted by D;, and Dy, respectively. The contact angle is denoted by a. Therefore, the
contact deformation of the z-th ball can be expressed as

bz = (x; — x) cos O, + (y; — yo) Sin 0, — ¢, 3)

where x; and y; denote the inner ring displacements in the x and y directions, respectively.
The outer ring displacements are denoted by x, and y,. The initial bearing clearance is
denoted by c;. According to Hertzian contact theory, the contact force between the z-th ball
and the raceway can be expressed as [23]

Q. = AKSL? (4)

where K denotes the equivalent contact stiffness of the bearing. The contact-state coeffi-
cient A determines whether contact occurs between the ball and the raceway. It can be

1,6,>0
)\: 7 Z
{o,ézgo ©)

expressed as

A nonlinear relationship exists between the bearing contact force and contact defor-
mation. Contact force is generated only when a ball is under compressive contact. This
nonlinear contact behavior is a major source of the vibration response of bearings. Consid-
ering the equivalent mass, damping, radial load, and eccentricity of the system, the bearing
dynamic equations can be written as

N
mx+cx+ Y, Q;cos60, = Fy + F, cos w;t

7! ©)
my +cy + 21 Qzsinb; = F, + Fesinw;t —mg
z=

where m denotes the equivalent mass of the bearing, and c denotes the equivalent damping
coefficient. The external radial load components in the x and y directions are denoted by F,
and Fy, respectively. The system eccentric force is denoted by F,.

2.2. Characterization of Incipient Fault Evolution

To characterize the evolution of incipient localized faults in ball bearings, a fault
evolution variable H is introduced to quantify the progression of a localized fault from
a healthy state to a slight spalling state. The variable satisfies 0 < H < 1, where H =0
indicates a healthy bearing and H = 1 indicates a bearing with slight localized spalling.
During incipient fault evolution, changes in the local contact state are mainly reflected
in two aspects. Firstly, the contact stiffness within the defect zone gradually degrades.
Secondly, an additional local displacement is introduced when a ball passes through the
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defect zone. Accordingly, the fault evolution variable is incorporated into both the contact
stiffness and the additional local displacement induced by the defect.

Considering the gradual reduction in contact stiffness caused by an incipient localized
fault, the equivalent Hertzian contact stiffness is expressed as

Ky = Ko(1—¢H) @)

where K denotes the equivalent Hertzian contact stiffness in the healthy state. Since
bearings of the same type were used in this study, the bearing material was not treated
as an independent variable, and its elastic effect on ball-raceway contact was implicitly
represented by the equivalent Hertzian contact stiffness K. ¢ denotes the contact stiffness
degradation coefficient. Considering the additional displacement generated when a ball
passes through the localized defect zone, the defect-induced additional displacement is
expressed as

hy = ho+ BH (®)

where hy denotes the initial local additional displacement, and B denotes the growth
coefficient of the defect-induced additional displacement. Therefore, the increase in defect
depth is represented by the evolution of hy, which directly modifies the ball-raceway
contact deformation and the resulting Hertzian contact force.

The crack propagation process of the outer ring defect is illustrated in Figure 2. Let 6;
denote the angular position of the center of the defect, ¢y denote the angular span of the
defect zone, and w;, denote the angular velocity of the ball. Accordingly, the time-varying
displacement excitation can be expressed as

hi, 16:— 0| < %
hy(t) = fl=" 9
H(t) { 0, others ©)

(a)

Figure 2. Raceway crack propagation process: (a) healthy raceway; (b) weak crack; (c) minor fault.

The angular span ¢ characterizes the circumferential extent of the localized defect. In
the present model, the detailed edge profile of the defect is simplified and is not indepen-
dently varied. Therefore, the model considers the equivalent defect depth and extent. After
accounting for the defect-induced displacement, the equivalent contact deformation at the
z-th ball can be expressed as

(5{ = xcos0; +ysinb, — ¢, — hy(t) (10)

The local additional displacement affects the contact deformation only when a ball
passes through the fault zone. This effect induces a transient fluctuation in the contact
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force. According to the Hertzian contact relationship, the contact force of the z-th ball, with
incipient fault evolution taken into account, can be expressed as

Qf = aku (&)™ )

3. Dynamics-Constrained Graph Neural Network

GNN s can model systems with explicit topological relationships and are therefore well
suited to describing the internal coupling within a bearing. Accordingly, the bearing system
is represented as a graph. The inner ring, outer ring and balls are treated as nodes. The
ball-raceway contact relationships are defined as edges. Dynamic information, including
contact deformation, contact stiffness, contact force, and the fault evolution variable, is
incorporated into the graph structure. On this basis, a dynamics-constrained loss function
is constructed using the bearing dynamic equations and the Hertzian contact relationship.
The DC-GNN can thus learn data-driven features while satisfying the governing laws of
bearing contact dynamics.

3.1. Construction of the Bearing Graph Structure

Conventional neural networks typically take vibration signals directly as input and
extract signal features using convolution, recurrent, or attention mechanisms. However,
these approaches generally ignore the internal structural relationships within the bearing,
making it difficult to explicitly characterize the contact coupling among the inner ring,
outer ring, and balls. To address this limitation, the bearing system is represented as a
graph, in which the bearing components and their contact relationships are incorporated
into the neural network model. The bearing graph can be expressed as

G = (V,E) (12)

where V and E denote the node set and edge set, respectively. Since the present study
focuses on the contact dynamics between the balls and raceways, the inner ring, outer ring,
and individual balls are defined as graph nodes. Accordingly, the node set is expressed as

V= Vi, Vo,01,02,**+ ,UON (13)

where v; and v, denote the inner ring and outer ring nodes, respectively, while vy, vy, ..., vN
denote the ball nodes. The edge set is used to represent the contact relationships between
the balls and the raceways. The contact edge between the z-th ball and the inner ring is
denoted by e, ;, while the contact edge between the z-th ball and the outer ring is denoted
by e;,. Accordingly, the edge set can be expressed as

E:eZ,ileZ,O |Z:1/2/"'1N (14)

For the inner ring and outer ring nodes, the displacement, velocity, and acceleration
responses of the system are selected as node features. For each ball node, the angular
position, contact deformation, and contact state are used as node features. Accordingly, the
node feature matrix can be expressed as

Xz = [Gz/ 52/ Qz] (15)

Edge features characterize the contact relationships between the balls and raceways.
Based on the bearing dynamic model, contact stiffness, contact deformation, contact force,
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and the fault-zone indicator are selected as edge features. For the contact edge between the
z-th ball and the outer ring, the edge feature vector can be expressed as

Az,o - [521 KHr Qz; Sz] (16)

where S, denotes the fault-zone indicator and can be expressed as

Pf

_ < Yt

S, = 1, |92 9f| =7 (17)
0, others

For the z-th ball node, the state update depends not only on its own motion state but
also on the features of its contact edges with the raceways. The message-passing process
can be simplified as
m; = (Pe(Xz/ Xi, Az,i) + (Pe(Xz/ Xo, Az,o) (18)

Xz,new = ¢y (Xz/ mz)

where m, denotes the contact information aggregated by the z-th ball node; ¢, is imple-
mented as a gated MLP, in which a sigmoid gate adaptively weights the transmitted
contact message; ¢, is implemented using a GRUCell followed by layer normalization.
The hidden feature dimension is 128, and three message-passing layers are employed,
and X; yew denotes the updated feature vector of the z-th ball node. At the output layer, a
readout function is used to aggregate the features of all nodes and edges, yielding a global
representation of the bearing system state. The readout process can be expressed as

8= ¢r(XZ, Az) (19)

where g denotes the graph-level representation. The readout function ¢, combines attention,
mean, and maximum pooling of the updated node features, followed by the MLP to obtain
the final graph representation. The pooling operations are invariant to the ordering of
the nodes.

3.2. Design of the Dynamics-Constrained Loss Function

To improve the physical consistency and interpretability of the model, the bearing
dynamic equations, Hertzian contact relationship, and fault evolution smoothness are
incorporated into the loss function to construct a DC-GNN. The DC-GNN takes the bearing
graph-structured samples as input and outputs the predicted vibration response and fault
evolution variable. Accordingly, the overall loss function consists of the data loss, dynamic
equation residual loss, contact force constraint loss, and fault evolution smoothness loss,
and is expressed as

L =1Ly, +M Ldyn + Az2Lcontact + A3Lsmooth (20)

where Ly, denotes the data error loss, Ly, denotes the dynamic equation residual loss,
Leontact denotes the contact force constraint loss, and Ly, denotes the fault evolution
smoothness loss. The coefficients A1, Ay, and A3 are weighting factors that regulate the
contribution of each constraint term during model training. The data error loss constrains
the discrepancy between the model output and the ground-truth samples. When the model
is used to predict the bearing vibration response, the mean squared error can be adopted as
the data loss

Lag = 7 2l = ol 1)
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where M denotes the number of samples, 4; denotes the predicted vibration response
of the j-th sample, and 4; denotes the corresponding measured or simulated vibration
response. When the model output is the fault evolution variable, its prediction loss can be
expressed as

LA 2
Laeg = 31 1| i = H| (22)
]:

where Hj denotes the predicted fault evolution variable for the j-th sample, and H; denotes
the corresponding degradation level of the sample. Accordingly, the data error loss is
expressed as

Ligta = Lsig + /\HLdeg (23)

where Aj denotes the weighting coefficient associated with the fault evolution variable. To
ensure that the model predictions satisfy the dynamic equilibrium of the bearing system,
the dynamic equation residual loss is introduced. Based on the nonlinear bearing dynamic
model, the predicted displacement, velocity, acceleration, or equivalent state variables
obtained from the network are used to construct the dynamic residual, which is expressed as

~ .~ N
Ry =mx+cx+ Y, Q£COSGZ — Fy — F, cosw;t

. . N (24)
Ry =my+cy +Z;1 of sine. + mg — F, — F,sinw;t

The corresponding dynamic equation residual loss is expressed as

1 M
Lagn = 37 15 (IRnil” + Ry ) (25)
]:

To enforce the contact relationship between the balls and the raceways, the Hertzian
contact force constraint loss is introduced

1 M N . f 2
Leontact = MZ Z Qz,j - Qz,j ‘ (26)
j=1z=1

Because incipient fault evolution is generally continuous and progressive, the fault evo-
lution variable should not exhibit abrupt changes between adjacent samples. Accordingly,
a fault evolution smoothness loss is introduced

1 M-1

Lsyooth = m ];

A

2
Hj1 — Hj| (27)

Because the individual loss terms have different numerical scales, normalization was
performed before constructing the overall loss. The weighting coefficients were determined
using the validation subset of Bearingl_3. A one-factor-at-a-time sensitivity analysis was
conducted by varying each coefficient from 0.25 to 4 times its reference value. Considering
both prediction accuracy and physical consistency, the final coefficients were selected as
Apg =127.633, A1 = 0.252, Ay = 3.297, and A3 = 4000. Representative sensitivity results are
summarized in Table 1, while Table 2 reports the relative magnitudes of the weighted loss
components during training.
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Table 1. Sensitivity analysis of the loss-weighting coefficients.
. Signal Dynamic Contact
Parameter Factor Weight H-RMSE NRMSE Residual Residual Smooth
0.25 7.977 0.386 1.050 1.235 0.471 0.0104
AH 1 31.908 0.274 1.049 1.035 0.317 0.0107
127.633 0.236 1.045 0.963 0.227 0.0098
0.25 0.252 0.268 1.037 0.948 0.200 0.0111
Aq 1 1.008 0.274 1.049 1.035 0.317 0.0107
4.034 0.318 1.042 1.234 0.521 0.0081
0.25 0.206 0.290 1.061 1.311 0.605 0.0075
Ay 1 0.824 0.274 1.049 1.035 0.317 0.0107
3.297 0.271 1.054 0.950 0.208 0.0121
0.25 250 0.278 1.053 1.330 0.773 0.0070
A3 1 1000 0.274 1.049 1.035 0.317 0.0107
4 4000 0.338 1.030 0.949 0.203 0.0122
Table 2. Relative magnitudes of the weighted loss components during training.

Stage Lsig /\HLdeg /\lLdyn A2Lcontact A3Lsimooth
Initial 26.0% 20.9% 6.6% 33.0% 13.6%
Intermediate 53.9% 7.9% 13.3% 8.1% 16.8%
Converged 53.9% 7.6% 13.9% 8.2% 16.4%

The results indicate a trade-off between prediction accuracy and physical consistency.
At convergence, the data-related terms accounted for approximately 61.5% of the total loss,
whereas the three physics-related constraints retained approximately 38.5%, confirming
that the physical constraints remained active during model optimization.

The bearing system is represented as a graph in which the inner ring, outer ring,
and balls are treated as nodes, while the contact relationships between the balls and the
raceways are modeled as edges. Contact deformation, contact stiffness, contact force,
and the fault-zone indicator are incorporated as key graph features. The overall training
procedure is illustrated in Figure 3. This graph representation explicitly characterizes
the internal contact topology and load transmission paths within the bearing. The main
implementation and training settings of the DC-GNN are summarized in Table 3.

Table 3. Main implementation and training settings of the DC-GNN.
Item Setting Item Setting
Physical ball- Directed message-
16 . 32
raceway contacts passing edges
Hidden dimension 128 Message-passing steps 3
Edge update Gated MLP Node update GRUCell + LayerNorm
Graph readout Attention + mean + max pooling Temporal encoder 2-layer bidirectional GRU
Attention heads 4 Dropout 0.12
Optimizer AdamW Gradient clipping 5.0
Fine-tuning epochs 1200 Simulation-pretraining epochs 700
Pretraining 1.0 x 1073 Fine-tuning learning rate 6.0 x 1074
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Figure 3. Training procedure of the DC-GNN.

4. Result Analysis

The detailed computational procedure is illustrated in Figure 4. During model training,
dynamic simulation samples are first generated based on the bearing structural parameters,
loading conditions, and different fault evolution variables. These samples provide the
vibration responses, ball angular positions, contact deformations, contact forces, and other
state information corresponding to different degradation levels. The inner ring, outer ring,
and balls are then represented as graph nodes, while the ball-raceway contact relationships
are modeled as graph edges. Contact stiffness, contact force, contact deformation, and the
fault-zone indicator are incorporated as graph features and fed into the model. During
training, the DC-GNN updates the node and edge features through message passing and
employs a readout function to obtain a graph-level state representation of the bearing
system. This representation is subsequently used to predict either the vibration response or
the fault evolution variable. During backpropagation, the model parameters are updated
not only according to the data error loss but also, under the joint constraints of the dynamic
equation residual, Hertzian contact force relationship and fault evolution smoothness.
Through iterative optimization, the overall loss gradually decreases, enabling the model
to learn the contact coupling relationships among the balls, inner ring, and outer ring
and to predict the evolution state of incipient faults. In practical condition monitoring,
an accelerometer can be installed on the bearing housing to acquire vibration signals at
predefined sampling intervals. For each newly acquired vibration record, wear-sensitive
features are extracted and compared with the healthy-state baseline. These features are
then mapped to the corresponding bearing graph. For a given bearing, the contact topology
among the inner ring, outer ring, and balls remains unchanged. Therefore, only the state-
related node and edge features need to be updated for each new vibration record. The
trained DC-GNN can then directly estimate the current fault evolution variable H. The
resulting H sequence can be used to track the bearing degradation trend. It can also provide
a basis for condition warning and maintenance decisions.

To validate the effectiveness of the proposed dynamic model for incipient localized
faults in ball bearings, numerical simulations of the vibration responses at different fault
evolution levels were conducted based on the established nonlinear dynamic equations.
The LDK UER204 bearing was considered, and its detailed parameters are listed in Table 4.
During the simulations, the fault evolution variable was used to characterize the progres-
sion of an outer ring localized fault from slight degradation to slight spalling.
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Figure 4. Computational flowchart.
Table 4. Parameters of the LDK UER204 bearing.

Parameters Value Unit

Inner raceway diameter 29.30 mm

Outer raceway diameter 39.80 mm

Bearing pitch diameter 34.55 mm
Basic rated dynamic load 12,820 N

Diameter of ball 7.92 mm

Number of balls 8 -
Initial contact angle 0 deg
Basic rated static load 6.65 kN
Speed 2100 r/min
Radial force 12 kN

4.1. Vibration Analysis of Incipient Fault Evolution

To investigate the influence of incipient localized fault evolution on the bearing vi-
bration response, three representative fault evolution states were selected for comparison.
Comparing these states provides a clear illustration of the changes in the dynamic response
as the bearing progresses from slight degradation to slight localized spalling.

Figure 5 presents the contact force between a ball and the outer raceway under three
different fault evolution levels. After the ball enters the load zone, the contact force
exhibits a pronounced periodic loading—unloading pattern. Under the healthy or slightly
degraded condition, the contact force curve remains relatively smooth, indicating that the
ball-raceway interface is dominated by normal Hertzian contact. As the fault evolution
variable increases, the local additional displacement reduces the contact deformation when
the ball passes through the outer ring fault zone, resulting in localized attenuation or a
slight depression near the peak of the pure contact force.
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Figure 5. Contact force under three different fault evolution levels: (a) 0.1; (b) 0.5; (c) 1.

Figure 6 presents the time-domain responses, envelope spectra, phase portraits, and
Poincaré sections under three different fault evolution levels. The time-domain responses
show that the impact amplitude of the vibration acceleration gradually increases with
H. During the slight degradation stage, periodic impact components are already present.
However, the overall amplitude remains low, and the impact intervals are relatively stable.
This indicates that the local defect has not yet strongly disturbed the overall system response.
As the fault progresses, sharp impacts become more pronounced. The waveform amplitude
increases significantly, and the high-frequency oscillatory components become stronger.
This behavior results from the periodic passage of the balls through the outer ring fault
zone. The reduction in local contact stiffness and the increase in additional displacement
cause short-duration fluctuations in the contact force. These fluctuations further excite the
high-frequency vibration response. The envelope spectra show that the outer ring fault
characteristic frequency f, and its harmonics can be observed under all fault evolution states.
As H increases, the amplitudes of the characteristic frequency and its harmonics increase
consistently. This indicates that the periodicity of the fault-induced impacts becomes
more pronounced.

Figure 7 shows the shaft orbits under three different fault evolution levels. As the
fault evolution variable increases, not only does the vibration amplitude increase, but
the spatial motion pattern also changes. At a low fault evolution level, the shaft orbit
remains relatively regular and confined within a small region. This indicates that the
system response is primarily governed by the steady radial load and the periodic passage
of the balls through the load zone. As H increases, the shaft orbit becomes progressively
more complex. Local fluctuations and irregular distortions appear along the orbit boundary.
These results indicate that fault-induced impacts cause the shaft motion to deviate from
simple periodic behavior and exhibit stronger nonlinear modulation characteristics.

Figure 8 presents the degradation indicators under different fault evolution levels.
These indicators further confirm the trends described above. The peak and root mean
square (RMS) values generally increase with H. This indicates a progressive increase in
fault-induced impact energy. The peak value is highly sensitive to localized impacts. It
therefore directly reflects the increase in impact intensity. The RMS value represents the
overall vibration energy level. Its continuous increase with H indicates that fault evolution
enhances both transient impacts and the overall vibration energy. Unlike the peak and
RMS values, kurtosis first increases and then decreases. At the early fault stage, the impacts
are sparse and impulsive, leading to an increase in kurtosis. As the fault progresses, the
impacts become more frequent. The signal energy is then distributed over a broader range,
reducing the prominence of individual peaks and causing kurtosis to decrease.
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Figure 6. Time-domain responses, envelope spectra and phase portraits under three fault evolution
levels: (a—c), 0.1; (d—£), 0.5; (g-i), 1. (a) Time domain. (b) Spectrum envelope. (c) Phase diagram
and Poincare map. (d) Time domain. (e) Spectrum envelope. (f) Phase diagram and Poincare map.
(g) Time domain. (h) Spectrum envelope. (i) Phase diagram and Poincare map.
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Figure 7. Shaft orbits under three fault evolution levels: (a) 0.1; (b) 0.5; (c) 1.
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Figure 8. Degradation indicators under different fault evolution levels.
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4.2. Prediction Results” Analysis

To validate the proposed model using real degradation data, the XJTU-SY bearing
dataset [24] was employed for prediction and comparative analysis. The experimental
test rig is shown in Figure 9. The full-life vibration signals of Bearingl_1 and Bearingl_3
were analyzed in the time domain. The results are presented in Figure 10. For both
bearings, the vibration amplitudes remain low during the initial operating stage. The
signals are dominated by weak random vibration components, indicating that the bearings
are in a healthy or slightly degraded state. As the operating time increases, the vibration
amplitude gradually rises. Pronounced impact responses and sudden amplitude changes
appear during the later stage of operation. Bearingl_1 enters a clear degradation stage at
approximately 78 min, whereas Bearingl_3 does so at approximately 99 min. Therefore,
78 min for Bearingl_1 and 99 min for Bearing1_3 are regarded as the onset of incipient
localized faults. The operating-life information is reflected by the chronologically ordered
vibration sequences during the bearing degradation process. In this study, operating
time was used to characterize the temporal evolution of the fault state rather than as an
independent input for predicting absolute fatigue life or remaining useful life.

Because the XJTU-SY dataset does not provide directly measured defect-size labels,
an equivalent reference health indicator H was constructed from the measured vibration
signals. For each vibration record, six degradation-sensitive features, including RMS,
peak amplitude, kurtosis, envelope RMS, high-frequency energy ratio, and BPFO envelope
amplitude, were extracted. The features were positively standardized relative to the healthy
baseline, and fused using correlation-based weights. The resulting composite degradation
sequence was smoothed using a five-point moving average, denoted by D;. The final
equivalent health indicator was defined as

i ~ ~
Y max(Dk - Dk_l,O)
H; = 2 (28)
Z max (5k - 5](,1,0)
k=2

where M is the total number of vibration records. The constructed H is a relative equivalent
degradation indicator rather than a directly measured physical defect size.

Hydraulic loading

Figure 9. Experimental test rig for the XJTU-SY bearing dataset.
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Figure 10. Selection of data samples: (a) Bearingl_1; (b) Bearing1_3.

The corresponding evolution results are shown in Figure 11. It can be seen that the
value of H generally increases with operating time, indicating that the constructed health
indicator can effectively characterize the gradual evolution of the bearing from the healthy
state to the faulty state. During the initial stage, the value of H remains low and changes
slowly, indicating that the fault characteristics are not yet obvious. During the intermediate
stage, H exhibits a stepwise increase, suggesting that the local contact condition begins
to change and the vibration impact components gradually become stronger. During the
final stage, H rapidly approaches 1, indicating that the bearing has entered a pronounced
degradation state.

—+— Bearingl 1
—e— Bearingl 3

1.0F

0.8

0.6

0.4

0.2

0.0

0 20 40 60 80 100

Time (min)

Figure 11. H-construction diagram.

Figure 12 compares the predicted fault-evolution variable with the constructed refer-
ence health indicator H for the independent Bearing1_1 test sequence. More specifically,
during the initial and gradual degradation stages, the difference between the predicted and
reference H values is generally below 0.01. During the transition stage of approximately
60-70 min, both curves increase from approximately H from 0.5 to 0.65, with only small
local deviations. In the final rapid-degradation stage, the predicted H reproduces the sharp
increase in the reference indicator and approaches 1.0 at the end of the selected sequence.
A slightly larger deviation occurs locally during the rapid rising stage, but the maximum
absolute error remains below approximately 0.005.
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Figure 12. Comparison between the predicted and the constructed H.

Figure 13 further evaluates whether the predicted vibration response preserves the
principal temporal and fault-related spectral characteristics of the measured signal. In the
time domain, both signals exhibit an increasing vibration-amplitude range with operating
time. The predicted signal reproduces the overall increase in vibration energy, although
differences remain in several instantaneous impacts because random impact amplitudes
and background disturbances are not fully represented by the model. In the envelope
spectrum, the calculated outer race fault characteristic frequency f, is 107.9 Hz. The
fo frequency of the measured signal is 108.6 Hz, while that of the predicted signal is
109.2 Hz. The difference between them is only 0.6 Hz. The measured signal contains
stronger broadband components and more local spectral peaks, whereas the predicted
response mainly preserves the dominant fault-related components. Therefore, the model
reproduces the characteristic-frequency locations and their harmonic structure, while
some discrepancies remain in spectral amplitude because of stochastic noise, structural
transmission, and operating disturbances.

Measurement signal Measurement signal
Predicted signal 08 X X o
-fo Predicted signal

15+

e
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T
L
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1 . 1 i i kAl ) L R PP
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Figure 13. Comparison between the predicted and measured vibration signals: (a) time-domain
waveforms; (b) spectrum envelope.

Figure 14 further evaluates whether the DC-GNN predicted vibration responses pre-
serve degradation-sensitive statistical characteristics. The RMS values extracted from both
the measured and predicted signals increase progressively with H, indicating a consistent
evolution of vibration energy. Similarly, the peak amplitudes exhibit an overall increasing
tendency, reflecting the enhancement of fault-induced impacts during degradation. Al-
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though local discrepancies occur because of random impacts and stochastic disturbances
in the measured signals, the predicted responses reproduce the principal degradation
dependent evolution of both features.

Measurement signal Measurement signal
|— Predicted signal L5k Predicted signal

L L L L L L L L
0.0 02 04 0.6 08 1.0 0.0 02 04 0.6 08 1.0
H H

(a) (b)

Figure 14. Comparison of the feature values extracted from the predicted and measured signals:
(a) RMS; (b) peak.

To determine whether the above predictive performance is specifically attributable
to the proposed DC-GNN architecture, rather than to a general data-driven prediction
capability, additional comparisons were conducted with LSTM, Transformer, and GNN
models under the same training and testing conditions. Figure 15 presents the quantitative
comparison of their vibration-response prediction performance. The proposed DC-GNN
exhibits the best and most balanced performance among the four models, with the Mean
Absolute Error (MAE) of 0.155, Root Mean Square Error (RMSE) of 0.183, and Maximum
Absolute Error (MaxAE) of 0.428, while 1 — R?=0.424and 1 — ps = 0.322. In comparison, the
GNN yields the MAE/RMSE/MaxAE of approximately 0.245/0.299/0.574, the LSTM yields
0.309/0.342/0.487, and the Transformer yields 0.195/0.234/0.460. Thus, relative to the GNN,
LSTM, and Transformer, the DC-GNN reduces MAE by approximately 36.7%, 49.8%, and
20.5%, respectively, while simultaneously achieving the highest R? and Spearman correlation.
These results indicate that, although the Transformer can reduce the average prediction error
compared with conventional GNN and LSTVV,, its relatively low rank correlation suggests
insufficient preservation of the degradation evolution trend. In contrast, the DC-GNN achieves
consistently superior performance in both prediction accuracy and temporal trend consistency,
demonstrating that incorporating bearing contact topology together with nonlinear dynamic
constraints provides a more reliable representation of early fault evolution.

0.35,MAE —=s— DC-GNN
—eo— GNN
—A—LSTM
Transformer

1-R? 09 MaxAE

Figure 15. Method comparison.
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5. Conclusions

To address the weak characteristics of incipient localized faults, the difficulty in
characterizing the degradation process, and the limited physical consistency of purely data-
driven models, the DC-GNN was proposed for incipient bearing fault evolution modeling.
The contact dynamics model, fault evolution variable, and GNN were integrated to jointly
model the bearing structural topology, nonlinear contact mechanisms, and measured
degradation information. The main conclusions are summarized as follows:

(1) By introducing the fault evolution variable, the localized fault was represented as
contact stiffness degradation and an increase in the additional local displacement.
This enabled the progressive evolution of contact deformation, contact force, and
impact responses as the balls passed through the defect zone to be characterized.
The simulation results show that increasing H led to stronger local contact force
fluctuations and larger impact amplitudes in the time domain. The outer ring fault
characteristic frequency and its harmonic components also became more pronounced
in the envelope spectrum.

(2) A graph-based representation was constructed for the ball bearing system. The inner
ring, outer ring, and balls were defined as graph nodes, while the ball-raceway contact
relationships were represented as graph edges. Contact deformation, contact stiffness,
contact force, and the fault-zone indicator were incorporated as key graph features.
This representation enabled the model to explicitly capture the contact coupling among
the internal bearing components.

(3) Validation using the XJTU-SY full-life dataset confirmed the performance of the pro-
posed DC-GNN. The measured and predicted outer ring fault frequencies were 108.6
and 109.2 Hz, differing by 0.6 Hz. DC-GNN further reduced MAE by 36.7% 49.8%,
and 20.5% compared with GNN, LSTM, and Transformer, respectively, confirming
superior prediction accuracy and degradation-trend consistency.

From an engineering perspective, excessive loads and impact loading should be
avoided, while appropriate lubrication, radial clearance, and bearing alignment should
be maintained to reduce local contact stress and uneven ball loading. During condition
monitoring, a persistent increase in H, together with increasing RMS, peak amplitude, and
BPFO-related components, should prompt inspection of the lubrication condition, bearing
clearance, and raceway condition to prevent further development of incipient damage.

It should be noted that the present experimental validation was conducted using
bearings of the same type under a fixed operating condition of 2100 r/min and 12 kN.
Therefore, the generalization capability of the proposed method under variable-speed and
variable-load conditions has not yet been fully investigated. Future work will incorporate
rotational speed and load as additional operating variables, update the rotational frequency
and BPFO-related features according to the measured speed, and further validate the
proposed method under multiple operating conditions and long-term practical monitoring.
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