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Abstract— Wear prediction for train wheels is essential for
evaluating the health status of wheel-rail systems. Existing predic-
tion approaches mainly focus on the physics-based approach or
data-driven approach, which either involve complex mechanisms
or lack interpretability. A data-driven wear prediction method
regarding domain knowledge and multisource signals is devel-
oped herein to improve the difficulties in the two approaches.
The presented method involves three modules. First, axle box
acceleration (ABA) data are investigated via spectral analysis,
and domain knowledge associated with wheel wear degradation
is concluded. Then, data fusion and feature extraction are
performed to modify the vertical ABA signals and extract
effective features. Next, a supervised regression model is built to
predict wheel tread wear using the extracted feature and wear
data. While the model is established, on-board monitoring for
wheel tread wear can be realized by inputting the measured
ABA signals. The performance of our method is evaluated and
tested on real-world data from three service lines. Experimental
results show that the developed method performs satisfactorily
in terms of mean absolute percentage error, root mean square
error, and R2, registering average values of 0.0939, 0.0224, and
0.9457, respectively.

Index Terms— Health monitoring, high-speed rail (HSR), sup-
port vector regression (SVR), vibration data, wheel tread wear.

I. INTRODUCTION

CHINA’S high-speed rail (HSR) networks had extended
over an impressive 45 000 km by the end of 2023, repre-
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senting approximately two-thirds of global HSR networks [1].
As HSR systems have become a crucial aspect of transporta-
tion infrastructure across multiple continents, their safety and
reliability are increasingly prioritized. Wheels are essential
components of high-speed trains for carrying, guiding, and
braking. However, the operation of high-speed trains inevitably
causes wheel wear. This degradation not only directly affects
operational safety and ride comfort, which are two paramount
concerns for railway agencies, but also can lead to more
severe consequences if not properly managed. Thus, routine
monitoring of the wheel wear status has become a focal point
in the operations and maintenance (O&M) activities of HSR
systems [2].

Current practices for monitoring and maintaining wheel
wear predominantly rely on tracking the operating mileage
and conducting regular wheel profile measurements. These
methods significantly increase the workload and consequent
costs associated with routine O&M activities [3], [4]. How-
ever, with the advent of prognostics and health management
(PHM) approaches, there has been a shift toward developing
innovative applications to predict wheel wear based on-board
sensors. Such approaches can significantly reduce the O&M
costs of HSR systems.

Most current research on predicting wheel wear on
high-speed trains is based on physical models. These mod-
els incorporate vehicle dynamics theories, wheel-rail contact,
and wheel-track material interaction to predict wheel wear.
To construct accurate wheel-wear prediction models, detailed
investigations [5], [6], [7], [8] have been conducted into the
dynamic characteristics of high-speed trains and the wheel-rail
contact theory. By leveraging the knowledge gained from these
investigations, various wheel wear prediction models have
been proposed. For example, Zobory [9], along with Szabó
and Zobory [10], employed Hertzian contact theory and the
FASTSIM algorithm to calculate the wheel-rail contact force.
The dynamic response was analyzed using the ELDACW soft-
ware, and a wear model was established to predict the wheel
wear. Archard [11] postulated a correlation among the extent
of wear, material properties, and relative sliding distance,
leading to the formulation of Archard’s material wear model.
The uncertainty inherent in the Archard model was further
analyzed by da Silva and Pintaude [12]. Li et al. [13] combined
vehicle dynamics with Archard’s model to simulate the tread
wear in high-speed trains. Although existing studies affirm the
effectiveness of physics-based methods for predicting wheel
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wear, these approaches may lack broad applicability because
of the complex and unpredictable nature of train operational
statuses. Additionally, the procurement of all necessary param-
eters for the modeling process is challenging, further inhibiting
the comprehensive application of these methods.

The accumulation of on-board data and advancements in
data analytics enable the development of data-driven wheel-
wear prediction models. For example, Huang et al. [14]
constructed effective features from temperature data using
principal component analysis and the wrapper method. These
features were considered to train a nonlinear autoregressive
model to predict the wheel tread wear. Han and Zhang [15]
analyzed the statistical characteristics of wheel wear and
proposed a binary wheel-wear prediction model. Xu et al. [16]
conducted a time–frequency analysis of train vibration data
and selected spectral energy as the feature to build a wear-
prediction model. Deep learning (DL) has become popular
for its powerful representation capabilities and is widely
applied in HSR system condition monitoring. Chen et al. [17]
developed a fault diagnosis algorithm based on a capsule
network for a high-speed train bogie. Huang et al. [18]
combined complete ensemble empirical mode decomposition
with adaptive noise and a 1D-convolutional neural network
for condition monitoring of train bogies. Wang et al. [19]
proposed a novel transformer-based framework with multiplex
local–global temporal fusion that can be used for wheel-wear
prediction based on the collected vibration signals. Apparently,
modeling approaches, whether based on traditional statisti-
cal machine learning (ML) or DL algorithms, significantly
hinge on feature selection, which sets the upper limit of the
model capabilities. Traditional statistical ML-based models,
though widely used, exhibit limitations in feature learning
ability and struggle to extract key features from the copious
operational data available. In contrast, DL-based models boast
superior automatic feature learning capabilities, often leading
to enhanced model performance. However, both traditional
statistical ML and DL approaches share a common drawback:
they yield results that are less interpretable than those obtained
from physics-based models. While these models can compute
indicators of the system health status, they struggle to pro-
vide detailed health information, such as physical degradation
parameters. Despite DL algorithms identifying key wheel
wear features, their limited interpretability constrains utility.
These restrictions manifest as trust issues, model complexity,
generalization assessment challenges, and optimization diffi-
culties. Such limitations affect the broad adoption and effective
application of DL-based approaches in practice.

To bridge the gap between the physics-based and data-
driven approaches, integrating domain knowledge is essential
during the feature design and extraction stages. This approach
proves particularly valuable when analyzing vibration signals
obtained from various components such as bearings, gear-
boxes, and suspension systems. By employing spectral analysis
and examining dynamic characteristics, it becomes feasible to
extract critical, highly interpretable features for wheel wear
prediction models. Building on the work of Zhai et al. [20],
this study presents a knowledge-informed data-driven wheel-
wear prediction method using multisource signal data. First,

we delved deeper into the high-speed train’s vibration charac-
teristics and long-term performance, drawing further domain
knowledge. Based on these insights, we designed a Kalman
filter-based algorithm for extracting high-quality features for
subsequent modeling. Finally, the effectiveness of the proposed
method is verified by real-world datasets.

The primary advantages of the proposed method, rela-
tive to the existing method, are outlined as follows. First,
the domain-knowledge-informed approach has bolstered the
model’s reliability and interpretability, enabling it to be trusted
and more adaptable to real-world applications. Second, the
proposed interpretable feature engineering is straightforward to
implement, ensuring robust adaptability across different wheel
systems. Interpretability can refine the model’s focus, leading
to more relevant feature selection and data representation, thus
improving prediction accuracy. Third, the designed domain
knowledge guide noise reduction method that augments the
model’s resistance to interference, allowing it to achieve
satisfactory results even in the presence of high-intensity
noise.

The remainder of this article is organized as follows.
Section II describes the signal acquisition and wheel wear
measurement details. The proposed method for prediction
modeling is described in Section III. In Section IV, experi-
ments and evaluation of the proposed method are presented.
Finally, Section V provides the conclusion and proposes a
potential direction for future research.

II. OPERATIONAL DATA DESCRIPTION

The real-world operational data considered in this study
were gathered from a CRH1A-type train operating in China
between August 2015 and June 2016. The State Key Labora-
tory of Traction Power’s Test and Control Group at Southwest
Jiaotong University continuously tracked train performance
over ten months across three lines: Changsha–Huaihua (CH)
line, Guangzhou–Zhuhai (GZ) line, and Sanya–Haikou (SH)
line. Thirty trips were recorded, comprising 11 trips on the
CH lines, 3 on the GZ line, and 16 on the SH loop line.
The collected data include multilocation vibration acceleration,
speed, and wheel wear data.

A. Multilocation Vibration Data and Speed Data

The vibration signals were measured using 11 on-board
accelerometers, located as shown in Fig. 1, at three levels:
the car body, bogie frame, and axle box. Vibration data
from each accelerometer were captured in three orthogonal
directions: vertical, lateral, and longitudinal. Consequently,
33 records were collected regarding each train’s operation. The
sensor information is listed in Table I. In this study, axle box
acceleration (ABA) data were utilized to analyze the vibration
behavior, determine the domain knowledge associated with
wheel wear degradation, and build a wear prediction model.
Speed data for the train were collected using a global posi-
tioning system (GPS). An example of the ABA data in three
directions and the corresponding speed signal in one trip are
depicted in Fig. 2. The group collected test data for speeds
of 250 and 200 km/h. On the CH line, the trains operated at
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Fig. 1. Position of 11 vibration sensors on two cars. Car 7 (C7) is the trail
car, and Car 8 (C8) is the motor car.

TABLE I
SENSOR INFORMATION FOR C7 AND C8

Fig. 2. Example of vibration signals from three directions and speed signal
in one trip.

the speed of 250 km/h, while on the GZ and SH lines, the
operational speed was maintained at 200 km/h.

B. Wheel Wear Data

The wheel profile was captured by Optimess Wheel Profile
Sensor, and wear data were calculated accordingly. Fig. 3
shows the process of profile measurement and tread wear
calculation. Within the coordinate diagram, the solid line
delineates the original wheel profile, whereas the dashed line

Fig. 3. Example of profile measurement and tread wear calculation.

represents the profile following tread wear. Data were collected
regarding wheel treads and flange wear. In this study, the
research object is wheel tread wear. According to the Railway
Group Standard [21], [22], wheel tread wear refers to the wear
of the wheel at the nominal rolling circle, which is calculated
by comparing the profile curve between the measured and
original baseline values in the wheel tread. By definition, the
radially measured tread wear exhibits a significant physical
correlation with the wheel radius.

III. METHODOLOGY

In this study, a data-driven framework is proposed for
modeling and predicting wheel tread wear. The framework
inputs are on-board ABA signals. The outputs are the tread
wear of the train wheels. As shown in Fig. 4, there are three
modules in the integral framework: 1) spectrum analysis and
knowledge conclusion; 2) data fusion and feature extraction;
and 3) regression modeling. A detailed description of this
process is presented in Sections III-A–III-C.

A. Spectrum Analysis and Knowledge Conclusion

This section presents spectral analysis and the
mechanism-based domain knowledge conclusion. The
vibrational behavior is analyzed both in the frequency and
time–frequency domains. Fourier-based data-processing
methods are employed to process the original vibration data.
Specifically, the fast Fourier transform (FFT) [23] is utilized
for frequency-domain conversion. The short-time Fourier
transform (STFT) [24] is adopted for time–frequency domain
transformations. STFT is adept at processing nonstationary
data and time-varying systems using a window function [25].
To diminish the amplitude skewness and discern the dominant
frequency more distinctly in the time–frequency domain,
a nonlinear normalization using log10 is executed [26], [27].

Zhai et al. [20] investigated the vertical and lateral vibra-
tional behavior of a CRH train traveling at 350 km/h and
identified the dominant frequency of the train components.
This study adopts the same analytical approach and fur-
ther investigates the vibrational behaviors in the longitudinal
direction. Fig. 5 depicts the vibrational behavior of ABA
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Fig. 4. Integral framework for wheel tread wear prediction.

in the vertical, longitudinal, and lateral directions within the
frequency domain based on data from one trip on the CH line.
The vibration performance is consistent with that reported by
Zhai et al. [20]. As illustrated in Fig. 5(a), the vibrational
characteristics of the vertical ABA predominantly manifest
within two specific frequency ranges. The 10–100 Hz range
represents the vibrations induced by the elasticity of the bogie
frame and the wheel perimeter. Conversely, the 450–600 Hz
range is associated with vibrations stemming from the elas-
ticity in the Hertzian contact between the wheel and rail.
Fig. 5(c) illustrates the vibrational behavior of the lateral ABA.
Although it shares a similar vibration performance with the
vertical ABA, a distinct dominant frequency emerges within
the 20–30 Hz range, which is attributable to the vibrations
stemming from the wheel perimeter. Fig. 5(b) shows the
vibration performance of the longitudinal ABA. A distinct
dominant frequency in the range of 20–30 Hz associated with
the vibrations caused by the wheel perimeter also exists and
demonstrates reduced noise compared with lateral vibrations.
The vibration performance of the longitudinal ABA is consis-
tent with that in the literature. Li et al. [28] determined that
longitudinal ABA exhibits less noise than vertical and lateral
ABAs.

This study focuses on the degradation process of wheel
tread wear. Considering that wheel tread wear is derived from
radial calculations [26], [27], it is strongly correlated with the
wheel’s radius or perimeter. The dominant frequency induced
by wheel perimeter inspires us to explore its relationship with
wheel tread wear. A pervasive challenge in our research and
other HSR health-monitoring studies is the scarcity of data
for direct analysis. The available vibration and wheel tread
wear data in this study are notably limited, which limits the
direct correlation analysis between the dominant frequency
and wheel tread wear. Consequently, time-domain information
is incorporated using STFT to delve into domain knowl-
edge and investigate the correlation between the dominant
frequency and wheel tread wear. Fig. 6 illustrates the ABA
from the trip across three directions in the time–frequency
domain. In Fig. 6(a), the spectrogram for the vertical ABA
shows a dense and uniform distribution of energy across the

time–frequency spectrum, which could indicate a high level
of background noise masking the dominant frequency band.
Conversely, Fig. 6(b), representing the longitudinal direction,
exhibits a distinct and isolated frequency band, suggesting
a clearer signal with less noise interference. Moreover, this
dominant frequency band corresponds to speed fluctuations,
exhibiting a consistent trend. The same dominant frequency
band, with more noise, exists in the lateral ABA data, as shown
in Fig. 6(c).

We used the region maximum function to extract lon-
gitudinal ABA’s dominant frequency and speed vectors for
correlation analysis. Fig. 7 presents a scatter plot illus-
trating the positive correlations between the two variables.
Additionally, Pearson’s correlation coefficient is used to
assess the correlation between them. The calculated Pearson
correlation coefficient is 0.9, indicating a strong linear corre-
lation. Considering these physical phenomena, the dominant
frequency–speed relationship can be represented by

fz = k · v (1)

where fz denotes the dominant frequency induced by the
wheel perimeter. k denotes the proportional coefficient and v

denotes the speed of the train. It is worth mentioning that (1)
lacks a constant term because, in this context, the dominant
frequency directly stems from the wheel’s rotation over the
rail, theoretically equating to zero at a standstill train speed.

As the wheel rotates, the relationship between angular
velocity v and radius R can be expressed as

fω =
v

2π R
(2)

where fω is the wheel rolling frequency and R is the wheel
radius.

As previously described, the wheel tread wear is closely
associated with the wheel radius. Our objective is to investigate
the correlation between fz and R, which would subsequently
illuminate the relationship between fz and wheel tread wear.
Inspired by the (1) and (2), we postulate that fz = fω.
Consequently, the relationship between fz and R can be
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Fig. 5. ABA data of one trip from three directions in the frequency domain. (a) Vertical direction. (b) Longitudinal direction. (c) Lateral direction.

Fig. 6. ABA data of one trip from three directions in the time–frequency domain. (a) Vertical direction. (b) Longitudinal direction. (c) Lateral direction.

Fig. 7. Analysis of the correlation between the dominant frequency and
speed signal.

denoted by the following equation:

fz = fω =
v

2π R
. (3)

With the relationship in (3), fz has a strong physical mean-
ing for wheel tread wear. To prove (3), the following auxiliary
proof is introduced. First-order eccentric wear is prevalent in
HSR wheels [29]. The wheel generates one excitation when
it rolls a circle, which is then transmitted to the ABA. The
consistent rotation of the wheel causes a periodic excitation
in the ABA, which manifests as the dominant frequency fz

[20]. Consequently, the rotational frequency of the wheel
corresponds to the excitation frequency produced by the wheel
rotation, which is equivalent to the dominant frequency fz .
Therefore, Assumption (3) is valid.

Algorithm 1 Sensor Fusion Based on Kalman Filter

Input: vertical ABA sample set V = {Vi }
l
i=1, longitudinal

ABA sample set L = {L i }
l
i=1, the parameter R, Q, and P .

1: for k = 1 . . . l do
2: P = P + Q
3: K = P/(P + Q)

4: Fk = Lk + K ∗ (Vk − Lk)

5: P = (1−k)∗P
6: end for
Output: F = {Fk}

l
k=1: fusion data.

B. Data Fusion and Feature Extraction

In this module, our objective is to incorporate the obtained
domain knowledge into feature design and extraction pro-
cesses. A Kalman filter-based data fusion method was
designed to combine the advantages of ABA signals from
different directions. Subsequently, the knowledge-informed
feature is extracted from the fused ABA data.

Vertical and longitudinal ABA have distinct advantages
in predicting wheel wear. Specifically, the ABA in the lon-
gitudinal direction signifies that the dominant frequency is
prompted by the wheel perimeter, which is closely correlated
with wheel tread wear. However, the literature [28] reports
that the longitudinal ABA can be distorted by additional wheel
defects, namely wheel flats and rail squats, undermining the
accuracy and reliability of wear predictions. Conversely, wheel
tread wear occurs in the radial direction and is acquired
by radial calculations. As a result, the vertical ABA offers
more pronounced physical significance in this context than
the longitudinal ABA. However, the vertical ABA is full of
noise interference, which affects effective feature extraction.
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In contrast, according to our analysis and conclusions drawn
from [20] and [28], the lateral ABA exhibits more noise
compared to the longitudinal ABA in terms of the dominant
frequency and lacks the physical significance associated with
the vertical ABA. Consequently, lateral ABA does not demon-
strate a distinct advantage over vertical and longitudinal ABA.

Based on the preceding analysis, a sensor data fusion
approach is designed to leverage the advantages of vertical and
longitudinal ABA. Inspired by the Kalman filter’s advantage
for time-series fusion in real-time fusion, robustness to noise,
and low computational burden [30], a Kalman filter-based
sensor fusion method is proposed to fuse vertical and longitu-
dinal ABA data. The fundamental concept behind the fusion
algorithm is to employ longitudinal ABA data as a template
to denoise the vertical ABA data in the time domain. This
ensures that the modified vertical ABA data exhibit a dominant
frequency associated with the wheel’s perimeter, which is
essential for subsequent feature extraction. The procedure of
the fusion algorithm is detailed in Algorithm 1, with the
initialization parameters R, Q, and P .

After acquiring the modified vertical ABA data, a domain
knowledge-based feature design is investigated to extract the
interpretable feature. The dominant frequency associated with
the wheel perimeter is extracted from the modified vertical
ABA using the FFT and the band filter method. Fig. 8
illustrates the extraction process of the dominant frequency
band and the feature. The feature design in this study follows
the following domain knowledge. As the wheel undergoes
tread wear degradation and its radius decreases, the dominant
frequency associated with the wheel’s perimeter correspond-
ingly increases, as indicated by (2). Consequently, we utilize
the wheel perimeter-related dominant frequency as the feature
to map wheel tread wear. The abscissa, namely position,
corresponding to the largest peak within the specified area
on the frequency spectrum, identifies the dominant frequency
associated with train components [20]. To measure the position
of the peak, the findpeak algorithm [31], [32] is employed,
which is based on the curve’s localized nature. It utilizes
a Gaussian distribution and least-squares methods for curve
fitting to accurately determine the peak’s amplitude.

C. Regression Modeling

In this module, a support vector regression (SVR)
model [33] is employed to predict the wheel tread wear using
the feature extracted from the wheel perimeter-related domi-
nant frequency. In real-world engineering scenarios, challenges
often arise because of limited data samples and nonlinear
relationships between the features and predicted values. The
rationale for opting for SVR is its proficiency in addressing
these challenges by leveraging the principles of support vectors
and kernel functions. Among various advanced regression
models, SVR is consistently recognized for its superior perfor-
mance and robustness [34]. The core concept of SVR involves
mapping the input vector from a primal space to a higher
dimensional feature space using a nonlinear transformation.

In this study, each input vector is xi = [frequencyi ], which
is the wheel perimeter-related dominant frequency. Besides,

each output vector yi = [weari ] denotes the corresponding
wheel tread wear. For the sample dataset {(xi , yi )}

n
i , linear

regression is performed within the feature space

f (xi ) = ω · φ(xi ) + b (4)

where ω is the weight vectors, b is a set of biases, and φ(x)

is a nonlinear mapping function.
Vapnik [35] proposed the ε-insensitive loss function based

on the support vector machine to improve the model’s gener-
alization ability. The form of the ε-insensitive function is as
follows:

Lε( f (xi ) − yi ) =

{
0, | f (xi ) − yi | ≤ ε

| f (xi ) − yi | − ε, | f (xi ) − yi | > ε

(5)

where ε is the insensitivity loss factor (the maximum error
allowed). Parameters ω and b of the SVR are formulated as
the convex quadratic programming problem. The calculation
formula is as follows:

min
ω,b

L p =
1
2

Q∑
j=1

∥∥ω j
∥∥2

+ C
n∑

i=1

Lω( f (xi ), yi ) (6)

where C denotes the penalty factor. As the degree of slack is
different on both sides of the spacer band, the slack variable
{ξi }

n
i=1 and {ξ ∗

ii
}

n
i=1

is introduced, and the following formula
is obtained:

min
ω,b,ξi ,ξ

∗

i

R(ω, b, ξ) =
1
2

Q∑
j=1

∥∥ω j
∥∥2

+ C
n∑

i=1

(
ξi + ξ ∗

i

)
. (7)

Equation (7) can be converted into a dual problem

max
α∗

i ,αi

R
(
α∗

i , αi
)

= −
1
2

n∑
i, j

(
α∗

i − αi
)(

α∗

j − α j
)
φ(xi )φ

(
x j

)
−

n∑
i

αi (yi + ε) +

n∑
i

α∗

i (yi − ε) (8)

where αi and α∗

i are Lagrange multipliers. Mercer’s theorem
can solve the convex quadratic programming problem. The
SVR function is obtained as follows:

f (x) = ω · φ(x) + b

=

n∑
i

(
αi − α∗

i

)
8(xi )8(x) + b

=

N∑
i=1

(
αi − α∗

i

)
k(xi x) + b (9)

where k(xi , x) is the kernel function.

IV. EXPERIMENTS AND EVALUATION

A. Experimental Setup

The methodology is assessed using real-field multisource
signal data involving the ABA, speed, and wheel wear,
as described in Section II. This study focuses on the data
gathered from Sensor 1 in Car 7 (C7) and Sensor 7 in Car 8
(C8), both in the axle box. The ABA data are selected because
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Fig. 8. Processing of the dominant frequency band and feature extraction.

of their proximity to the wheel, thereby providing a more
precise mapping of the vibrational characteristics associated
with the wheel. While C7 is a trailer car, C8 operates as
a motor car, suggesting a distinct noisy environment for
each. Specifically, C8 exhibits a heightened level of noise
interference compared with C7.

To streamline subsequent experiments, we conduct
comprehensive preprocessing of the field data, including data
cleaning, normalization, and augmentation. As the data pertain
to onsite vibrations between HSR wheels and tracks, certain
complexities and anomalies arise because of factors such
as track irregularities. In constructing the dataset, samples
that exhibited abnormalities owing to interference factors
were excluded to preserve the integrity of the correlation
analysis between the extracted feature and wear. To ensure
uniformity of scale and bolster the stability of the model,
z-score normalization is applied to the ABA data.
We employed a sliding-segmentation-based data augmentation
method to fulfill the model training sample size
requirements [19]. Fig. 9 illustrates the data augmentation
procedure. Specifically, sliding window operations are
performed on the ABA data during periods of stable speed
with a window duration of 5 s. Given the uniform speed
and identical test train used on both the GZ and SH lines,
we have consolidated the data for a more cohesive analysis.
Consequently, our study comprises four distinct datasets:
Datasets 1 and 2 are associated with wheels monitored
by sensors 1 and 7 on the CH line, respectively, whereas
Datasets 3 and 4 pertain to wheels monitored using the same
sensors on the combined GZ and SH lines. The datasets
were each expanded to include 4300 samples, maintaining a
training-to-test set distribution at the ratio of 4:1. Owing to
hardware limitations, wheel wear predictions were conducted
offline.

The models used in this study were executed on an
offline workstation powered by an Intel i7-8700 CPU and an
NVIDIA RTX 2080 GPU. We utilized Python 3.6, with the
Keras framework for the ML-based approach, and MATLAB
2021 b for data processing. The model performance was
assessed using mean absolute percentage error (MAPE), root
mean square error (RMSE), and R2 as evaluation metrics,
addressing various facets of the analysis. In the training
phase of our SVR models, we utilized the Gaussian radial
basis function (RBF) kernel, which is defined as k(m, n) =

exp(−
∥∥mi − n j

∥∥2
/2σ 2), where σ represents the kernel

parameter. The model’s performance is contingent on the
fine-tuning of three hyperparameters: the kernel parameter σ ,
the regularization parameter C , and the epsilon-insensitive
loss parameter ε. To identify the optimal values for these
parameters, we used a fivefold cross-validation strategy within
designated parameter ranges. The optimal parameter set is then
chosen based on its ability to minimize the RMSE.

B. Case Study in Operation Datasets

1) Effectiveness of the Proposed Fusion Method: In this
section, we assess the performance of the designed Kalman
filter-based data fusion method. Specially, the fusion method
is applied to the vertical ABA data using the longitudinal ABA
data as a template for correction.

The verification process comprises two stages. First,
we implement FFT and STFT on the corrected vibration signal
to observe whether the noise is reduced and whether the wheel
perimeter-induced dominant frequency appears. Subsequently,
we extract the frequency vector from the dominant frequency
band and compare it with the speed vector for correlation
assessment. The Pearson correlation coefficient is used as the
evaluation metric. To evaluate the corrective efficacy of the
vertical ABA signal, we employ raw ABA data instead of
the augmented dataset for the analysis because the valida-
tion approach does not involve model construction. Fig. 10
illustrates the spectrum and spectrogram of the original and
corrected vertical ABA signals using vibration measurements
from C8 during one trip as a representative sample.

Fig. 10(a) presents the original vertical vibration data in
the frequency domain from FFT. Fig. 10(c) illustrates the
same data in the time–frequency domain after STFT. Although
two peak regions are evident in the spectrum, the pervasive
noise interference in the time–frequency domain masks the
dominant frequency. Fig. 10(b) and (d) shows the frequency
and time–frequency domain representations of the corrected
vertical ABA signal following FFT and STFT, respectively.
Significant noise reduction can be observed, underscoring the
effectiveness of the designed data fusion method. Fig. 11
shows the average Pearson coefficients for the three lines.
Notably, the coefficients for C7 and C8 exceed 0.85, suggest-
ing a strong linear correlation and proving the effectiveness
of the proposed fusion method. The higher coefficient of C7
compared with C8 can be ascribed to the distinct roles of
the respective vehicles: C7 serves as a trailer, whereas C8
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Fig. 9. Process of data augmentation with sliding window operations.

Fig. 10. Diagram of the fusion effect for the designed fusion algorithm.
(a) Spectrum in original vertical vibration data. (b) Spectrum in corrected
vertical vibration data. (c) Spectrogram in original vertical vibration data.
(d) Spectrogram in corrected vertical vibration data.

Fig. 11. Correlation comparison results.

functions as a power car, with the latter intrinsically exhibiting
more noise.

2) Effectiveness of the Proposed Feature: In this section,
we compare the proposed feature derived from the cor-
rected vertical ABA data to its counterpart obtained from
the original ABA data across three directions. The posi-
tion of the largest peak within the first peak region of the
original vertical ABA data is identified as the feature. For
longitudinal and lateral ABA data, the dominant frequency
induced by the wheel perimeter is selected as the feature. The
feature is extracted using a bandpass filter and the findpeak

algorithm. The models for the corrected vertical ABA, vertical
ABA, longitudinal ABA, and lateral ABA are denoted as
Model-F, Model-V, Model-LO, and Model-LA, respectively.
To ensure a fair evaluation, SVR is uniformly adopted for
modeling.

Table II lists the experimental results for the four datasets.
Notably, when comparing the performance of the original
vertical, longitudinal, and lateral vibration data, the accuracy
of Model-LO distinctly outperforms the other two models.
This demonstrates that the longitudinal ABA experiences less
noise interference and contains more valuable information.
This observation is consistent with the domain knowledge
discussed in Section III. Conversely, the performance of
Model-V is noticeably inferior owing to noise interference.
Additionally, it is evident that Model-F’s accuracy has substan-
tially improved, surpassing those of Model-LO, Model-LA,
and Model-V. For instance, in the experiment conducted with
C7 in Line 1, Model-F achieved the MAPE of 0.0752; whereas
Model-LO, Model-LA, and Model-V registered MAPE values
of 0.0868, 0.1204, and 0.3220, respectively. These results
underscore the effectiveness of the proposed approach.

3) Compared With Manual Feature-Based Approaches: The
proposed wheel tread wear prediction method is compared
with the other manual feature-based methods in the exist-
ing literature. The methodology focuses on manual features
and incorporates elements from the time, frequency, and
time–frequency domains, denoted by Model 1, Model 2, and
Model 3. An in-depth description of the comparative methods
is as follows.

1) Model 1: The time domain manual features, as outlined
in [36], including waveform length (WL), root mean
square (RMS), and kurtosis (KURT).

2) Model 2: The frequency domain manual features, as out-
lined in [37], comprise the grand mean, variance, and
third-order cumulant.

3) Model 3: The time-frequency domain manual features,
as delineated in the literature [15], focus on the energy of
the dominant frequency dependent on the wheel radius.

To ensure consistent evaluation, SVR is uniformly applied
during the modeling stage. Table III presents the experimental
results obtained for the four datasets. Notably, the performance
of the proposed method surpasses that of Models 1, 2, and 3.
For instance, in the experiment conducted on C7 in Line 1,
it can be observed that Model-F obtained the MAPEs of
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TABLE II
PERFORMANCES OF MODEL-F, MODEL-V, MODEL-LO, AND MODEL-LA

TABLE III
PERFORMANCES OF MODEL-F, MODEL 1, MODEL 2, AND MODEL 3

0.0752, while Models 1, 2, and 3 obtained the MAPEs
of 0.1602, 0.1241, and 0.0917, respectively. These results
highlight the effectiveness of the proposed method. Notably,
in Tables II and III, apart from the proposed method, some
indicators show that C8 outperforms C7 under the same con-
ditions. This variation arises because real-world data typically
include varying degrees of noise, and different methods have
different anti-noise capabilities. For the difference in RMSE,
C8’s wheel is newer with an RMSE in the lower range on
Line 1, whereas C7’s wheel, which has been worn longer,
exhibits an RMSE in the higher range. On Lines 2 and 3, the
RMSE values for C8 exceed those of C7, indicating that the
motor car’s wheel is more susceptible to wear.

4) Compared With Deep Learning-Based Approaches: In
this section, the proposed wheel tread wear prediction method
is compared with the deep learning-based approach in the
existing literature. The methodology focuses on automatic
features within the time domain under 1-D vibration data rep-
resentation, denoted by ResNet18, Xception, and LGF-Trans.
An in-depth description of the comparative method is as
follows.

1) ResNet18: 1-D residual modules, of which the total
number of convolutional layers is 18, as described in
the literature [36].

2) Xception: 1D-Xception is a CNN architecture composed
of deep separable convolution. We modified it into
a 1-D version while following its original structure,
as described in the literature [36].

3) LGF-Trans: LGF-Trans comprises eight LTA-Networks
and eight transformer encoder layers, with parameters
k and H both set to 8, and T set to 3072. Following
the transformer layers, two fully connected layers con-
solidate the outputs to predict wheel tread wear values,
as detailed in the literature [36].

The tread wear prediction results of these models are
shown in Table IV. Notably, the proposed method outperforms
ResNet18, Xception, and LGF-Trans. For instance, in the
experiment conducted on Car7 in Line 1, it can be observed
that Model-F obtained MAPE in 0.0752, while ResNet18,
Xception, and LGF-Trans obtained MAPE in 0.1141, 0.1358,
and 0.0821, respectively. These results highlight the efficacy
of our proposed method. Additionally, the performance of the
comparison models is influenced by noise interference, which
may occasionally lead to C8 outperforming C7 in terms of
some indicators.

5) Anti-Interference Performance Analysis: An analysis of
sensitivity is conducted to evaluate the anti-interference ability
of the proposed method when faced with different levels of
noise. As reported in the literature [38], Gaussian noise with
different specific signal-to-noise ratios (SNR) is added to the
test dataset used in experiments 3) and 4). To intuitively
observe the changes in performance, we adopt MAPE as the
evaluation metric. Fig. 12 shows the experiment results. It is
evident that the proposed method delivers relatively stable
outcomes, as demonstrated by the MAPE fluctuation being
less than 5%.
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TABLE IV
PERFORMANCES OF MODEL-F, RESNET18, XCEPTION, AND LGF-TRANS

Fig. 12. Performance of the proposed method across various noise levels.

In summary, the following conclusions can be drawn: 1) the
designed Kalman-based fusion method proves effective in
denoising and correcting the vertical ABA; 2) the quality of the
feature, derived from our domain knowledge, is commendable;
and 3) the knowledge-based feature significantly enhances the
prediction performance, even in the presence of high-intensity
noise.

V. CONCLUSION

In this study, we developed a domain-knowledge-guided
data-driven method to predict wheel tread wear. The devel-
oped method includes three modules: 1) spectral analysis and
knowledge conclusion; 2) data fusion and feature extraction;
and 3) regression modeling. First, the ABA data are inves-
tigated using spectral analysis, and the domain knowledge
associated with wheel tread wear is concluded. Subsequently,
data fusion is performed to denoise and modify the vertical
ABA signals and feature extraction. Finally, a regression
model is built to map the relationship between the wheel
tread wear and the extracted features. In the comparative
experiments against methods utilizing manually extracted
features, our proposed method demonstrated average reduc-
tions in MAPE by 55.27%, 37.81%, and 23.10% relative
to time domain features, frequency domain features, and
time-frequency domain features, respectively. In the exper-
iments comparing deep-learning approaches that leverage

automatic feature extraction, our method achieved average
reductions in MAPE of 34.63%, 35.32%, and 9.26% when
compared with ResNet18, Xception, and LGF-Trans, respec-
tively. By integrating mechanical insights with data-driven
methods, our approach negates the need for intricate physical
modeling and remains interpretable with knowledge-based
features.

The method proposed in this study is specifically designed
for employing vibration acceleration modeling during the
steady-state phase; hence, it has limitations when applied
to scenarios with nonstationary velocities. In future work,
our research will delve deeper into the domain knowledge
associated with deep learning methods. This will follow the
precedent set in the literature [39], which first explored and
explained the confidence and uncertainty in the fault diagnosis
results of deep learning methods, making some progress on
interpretable intelligent fault diagnosis. In addition, we aim
to enhance our prediction methodologies to accommodate a
range of operational conditions, specifically those involving
dynamic speed changes.
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